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Abstract 
 

Optimization algorithms hold significant promise for precision medicine.  This dissertation 

focuses on the application of optimization algorithms to 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 implantation 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 been the development of DBS leads with 

multiple electrodes positioned around and along the lead implant. However, with the 

additional number of electrodes, brute-force determination of stimulation settings that can 

most selectively modulate the brain pathways of interest becomes a time-consuming 

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 dissertation, I will show how convex and particle swarm optimization 

techniques using multi-objective contexts can be applied to subject-specific computational 

models of DBS to address this challenge.  These optimization algorithms leverage complex 

bioelectric tissue models as well as detailed anatomical and biophysical computational 

models of the motor thalamus for treating Essential Tremor and the subthalamic nucleus 

region for treating Parkinsonôs disease. Both convex and particle swarm optimization 

demonstrated robust and efficient performance in generating spatially targeted solutions 

consisting of non-trivial combinations of active electrodes and stimulation amplitudes.  

These optimization algorithms have important applications for both targeting specific brain 

pathways to understand 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 

1.1 Essential Tremor and Parkinsonôs Disease 

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 older [1], and can be either hereditary or of 

unknown, sporadic origin [2]. While the neuropathology of ET has not been definitively 

identified [3], putative pathological features include the degeneration of Purkinje cells in 

the cerebellum [4] as well as involvement of the cerebello-thalamo-cortical loop overall 

[5,6].  The motor signs associated with ET include tremor of the hand, head, and voice, at 

a range of 4-10 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 pyrimidone, have been shown to provide 

significant reduction of tremor amplitude, albeit in a subset of patients [8]. 

The second most common movement disorder is Parkinsonôs disease (PD). PD 

affects about 1 million people in the U.S., with 60,000 new cases diagnosed each year.  

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 development of the cardinal motor signs of 

PD [9].  These motor signs can include rest tremor, rigidity, bradykinesia, akinesia, and 

gait problems [10], and the motor signs worsen over time due to the neurodegenerative 

nature of PD.  In addition, a number of non-motor features of PD can occur as well, such 

as depression and cognitive decline [11,12].  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 medication [13].   
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1.2 Deep Brain Stimulation (DBS) for Essential Tremor and 

Parkinsonôs Disease 

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 electrodes into a target brain structure.  The array is connected 

subcutaneously via an extension cable to an implantable pulse generator, which sends high 

frequency (100-185 Hz), low-amplitude electrical pulses (< 5 mA) to the electrodes.  

Chronic DBS was first shown to be effective for tremor by Benabid and colleagues, being 

explored as an alternative to the then-prevalent practice of thalamotomy [14].  In 1997 and 

2002, DBS became FDA-approved for ET and PD [15], respectively, and since then about 

120,000 leads have been implanted worldwide.  While the mechanisms of 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 information [16,17]. Common DBS targets include the ventral intermediate 

nucleus (VIM) of thalamus for ET, and the subthalamic nucleus (STN) and the internal 

segment of the globus pallidus (GPi) [18] for PD.  

 

1.3 Sources of Variability in DBS 

While DBS is an effective treatment for many patients, one of the major challenges with 

DBS therapy for movement disorders is the variability in therapeutic response. Indeed, in 

a meta-analysis of 36 STN DBS studies for PD, there was a broad distribution of reported 

therapeutic improvement percentages due to DBS [19], and this can also be seen in terms 

of variability within a single study [20] (Fig. 1.1).  Beyond inter-patient response 

variability, intra-patient response can differ across motor signs as well [21] (Fig. 1.2).   One 

source of variability is disease heterogeneity, which can not only lead to different responses 

but to different presentations and prognoses for the disease.  For instance, one empirical 

classification of PD phenotypes classifies patients as being either tremor-dominant or 

having postural instability and gait disorder (PIGD) [22], with a more benign observed 

prognosis in the former.  
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Figure 1.1: Variable DBS responses across subjects. Left: Adapted from [19]. Right: 

Adapted from [20]. 

 

 

 

 

Figure 1.2: Variable efficacy of STN-DBS with different motor signs. Adapted from [21] 

 

Another source of variability involves targeting of stimulation, which involves successfully 

delivering stimulation to the desired structures through accurate placement of the DBS lead 

in the desired location and through selection of stimulation settings (i.e. programming) 
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such that the extent of stimulation reaches the structures of interest. Among these, proper 

lead placement is widely accepted as being essential to achieve effective therapy [23].  

Surgical placement often involves pre-surgical planning based on atlas coordinates as well 

as subsequent intra-operative microelectrode recordings to ensure proper lead location 

[24].  Such atlas-based techniques, however, are limited by the inter-patient variability in 

size and position of target structures [24]. In addition to surgical placement, DBS 

programming is also important to achieving the desired therapy.  During 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 effects [25].  However, low-threshold stimulation-induced side effects can be 

barriers to providing therapy, with side effects including muscle pulling, dysarthria, and 

paresthesia, among others [26]. 

 

1.4 Addressing Variability: Innovations in Temporal Patterns 

of DBS 

One class of approaches underway to address the variability of DBS response across 

subjects involves delivering stimulation at non-periodic intervals in order to better leverage 

neural dynamics and evoke enhanced clinical effects.  Coordinated reset aims to achieve 

this by delivering high-frequency bursts of pulses across different electrodes in a 

coordinated fashion in order to desynchronize neural populations [27,28], and has been 

shown to produce therapeutic benefit outlasting the presence of stimulation in both initial 

human studies [29] and in non-human models of PD [30].  Non-periodic pulse patterns 

have also been developed through the use of systems-level neural models that estimate an 

optimal timing of pulses [31,32], and Grill and colleagues reported comparable efficacy to 

traditional, high-frequency stimulation with a net reduction in energy both in rodents and 

human patients [31].  Finally, as progress and ongoing efforts towards robust 

electrophysiological biomarkers continue, closed-loop stimulation techniques have also 

become of clinical relevance.  In PD, for instance, a number of studies have demonstrated 

that subjects exhibit elevated levels of beta activity (13-35 Hz) in the subthalamic nucleus, 

and that these elevated beta levels are associated with motor impairment and with 
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therapeutic benefit [33ï35].  As a result, Brown and colleagues have leveraged these 

findings to test multiple closed-loop approaches for DBS in PD [36,37], with a similar 

approach based on tremor phase in ET [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 pulses, a host of 

advancements have been initiated to enhance spatial targeting of stimulation.  With respect 

to surgical targeting, advancements in ultra-high field MRI have enabled subject-specific 

imaging of common DBS targets, including the STN [39] and VIM [40], with limited 

geometric distortion [41].  These imaging techniques have enabled pre-surgical planning 

that is based on direct, subject-specific imaging, rather than atlas-based targeting that is 

limited by subject variability [24].  Developments in intraoperative imaging techniques are 

also contributing to enhanced surgical precision [42].  In addition to enhanced surgical 

targeting, the coupling of neuroimaging and computational modeling have enabled the 

development of models for visualization of stimulation extent, which hold promise for 

improving therapy as well as knowledge of therapeutic mechanisms by providing feedback 

to clinicians during programming [43].  Such developments have manifested in commercial 

systems such as GUIDE DBS [44] and SureTune [45], as well as newer experimental 

systems with more realistic pathway models [46].  A third recent innovation relevant to 

spatial targeting is the commercial deployment of DBS leads with directional stimulation 

and multiple independent current-controlled capabilities [47].  Such technology has already 

been shown to increase therapeutic windows [48ï50], in part due to avoidance of side 

effects from pyramidal tract stimulation [51].   
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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 addressed. One of the 

major components of this problem involves the large parameter space that a clinician can 

traverse in search for a clinically-optimal stimulation setting.  Testing and clinically 

evaluating stimulation settings can be a burdensome and time-consuming process [52], and 

this process is only further complicated with direct efforts to leverage the capabilities of 

directional DBS systems with higher electrode counts and multiple independent current 

sources [47].  Evaluating settings can also be difficult when effects of DBS require hours 

or even months to manifest [53], or in the occurrence of subtle side effects (e.g. changes in 

mood [54]).  An alternative approach to programming that may enable circumventing these 

issues is to target specific neural pathways associated with therapy.  While such 

associations are still under debate, putative pathways for PD include the hyperdirect [55], 

subthalamo-pallidal, and pallido-thalamic pathways [16], and putative pathways for ET 

include the cerebello-thalamic pathway [56,57] and caudal zona incerta [58]. This approach 

has potential value in providing a principled guide for programming, though the use of 

such pathways as DBS targets would require the incorporation of potentially complex, 

subject-specific pathway trajectories. Given the complexity of subject anatomy, and the 

range of possible stimulation parameters for DBS, 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. 
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1.7 Objectives and Research Goals 

This thesis addresses the problems of DBS programming, both directly through the 

development of convex and non-convex algorithms for finding optimal electrode 

configurations (Chapters 2-4), as well indirectly through the analysis of 

magnetoencephalographic recordings of cortical dynamics involved in Parkinsonôs disease 

heterogeneity (Appendix) to inform the development of simultaneous MEG and DBS 

approaches for programming. 

Chapter 2 describes a convex optimization approach for DBS programming in a 

computational model of the ventral posteriolateral nucleus pars oralis (VPLo) and pars 

caudalis (VPLc) of the non-human primate, which is homologous to the VIM in humans.   

Chapter 3 describes a particle swarm optimization technique in the same 

computational model of VPLo and VPLc, facilitating simultaneous maximization of VPLo 

activation and minimization of VPLc activation. 

Chapter 4 describes an extended multi-objective particle swarm optimization 

technique in subject-specific human models of STN DBS, applying the technique to eight 

retrospective human datasets to evaluate the performance of the algorithm in the presence 

of seven clinically relevant pathways. 
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Chapter 2 Theoretical Optimization 

of Stimulation Strategies for a 

Directionally Segmented Deep 

Brain Stimulation Electrode Array 
 

(Published) 

Y. Xiao*, E. Pe¶a*, and M. D. Johnson, ñTheoretical Optimization of Stimulation 

Strategies for a Directionally Segmented Deep Brain Stimulation Electrode Array,ò IEEE 

Trans Biomed Eng, vol. 63, no. 2, pp. 359ï371, Feb. 2016. [*co-first authors] 

 

2.1 Introduction  

Deep brain stimulation (DBS) is an effective surgical procedure for the treatment of a 

number of neurological and neuropsychiatric disorders, including medication-refractory 

Parkinsonôs disease (PD), essential tremor (ET), dystonia, and severe obsessive 

compulsive disorder [59]. The procedure involves the placement of a lead of electrodes 

into a precise brain region to modulate abnormal neuronal activity with various forms of 

pulsatile electrical stimulation. Successful treatment is characterized by both symptom 

suppression and lack of side-effects. Such success requires accurate lead placement as well 

as spatially targeted stimulation settings to avoid activating regions that elicit, for example, 

adverse motor [60], sensory [61], and cognitive [62] side-effects for the patient. Traditional 

designs of the DBS lead implant (for example, the Medtronic model 3387/3389) use four 

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 be especially useful in cases of 

off-target DBS implants [63,64] and for small or complex-shaped brain targets, such as the 

pedunculopontine nucleus [65,66] for treating freezing of gait in patients with PD. 

Several designs for high-density DBS arrays (DBSAs) with circumferentially-

segmented electrodes have been advanced in recent years through computational studies 

[64,66,67] and in-vivo studies in non-human primates (NHPs) [63] and humans [48,68,69]. 
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Here, we modeled DBS leads with 32 oval shaped electrodes arranged in 8 rows of 4 

electrodes each, radially separated by 90° [63,64,66]. The surface areas of 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 safety and efficacy of current shaping technology has recently been 

investigated clinically using leads with annular [68] and circumferentially-segmented [48], 

[69] designs. In the latter case, therapeutic current thresholds were 43% lower with a 

radially directed stimulation scheme compared to the omnidirectional scheme [48]. 

Further, the ótherapeutic windowô (difference in current thresholds to produce a meaningful 

symptom suppression and to sustain a side-effect) was the widest when using radially 

directed stimulation [48], [69]. Current shaping along the length of the DBS lead in patients 

with ET has also been shown to better alleviate stimulation-induced dysarthria while 

preserving tremor control [68]. 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 

space [64]. 
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Figure 2.1: Three-dimensional thalamic nuclei reconstructions. Reconstructions were 

generated from (A) NHP susceptibility-weighted 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 treatment 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 frequencies and pulse 

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 adverse side-effects 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 consuming [52], especially in cases when low-

threshold side-effects appear. Furthermore, relying on direct patient feedback for 

programming may not be feasible for disorders in which the therapeutic benefits may not 

emerge for weeks to months after starting stimulation [72,73]. 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 allotted to each patient [74]. To 

explore the vast parameter space of the DBSA using this manual method of programming 

would not be feasible, since each additional electrode would prolong programming time in 

a nonlinear fashion and also pose a steeper learning curve. In addition, this method of 

programming four-electrode leads may underutilize the full potential of the DBSA to 

deliver optimal stimulation through a combination of active electrodes [75,76].  

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 microstimulation response data [77]. The atlas is nonlinearly warped 

onto the pre-operative magnetic resonance imaging (MRI) data (co-registered to post-

operative CT) to guide programming. This approach requires substantial accumulation of 

intraoperative patient data which is not readily accessible to the larger neuromodulation 
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community. In addition, individual brain anatomy can vary substantially [78] and an 

entirely empirical approach may not be adequate.  

Another proposed method estimates the volume of tissue activated (VTA) 

[43,79,80] from a particular DBS setting by simulating an activating function [81] derived 

from a finite element model solution of the tissue voltages along the neuron membrane 

compartments during DBS. In this case, DBS lead positions within the nucleus or fiber 

tract are dictated by the co-registration of a patientôs pre-operative magnetic resonance 

(MR) brain imaging with post-operative 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 setting [82]. 

The second spatial derivative of the extracellular voltage potential, or activating 

function (AF), generated through the DBS lead is the driving force behind action potential 

initiation in neuronal processes [81] and can be used to predict the VTAs [83]. However, 

AF thresholds for neuronal activation depend on axon orientation and distance from the 

stimulation source [84]. 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 amplitudes to initiate an action potential  [83]. Such 

biophysical models, usually performed in the NEURON programming environment [86], 

can  provide additional information about neuronal activation that AF alone may not 

describe, but this process can be time consuming and computationally intensive. In order 

to obtain the patient-specific stimulation strategy solutions, thousands of such simulations 

using different electrode configurations, axon orientations and locations must be run ahead 

of time, and the VTA solutions must be precompiled and stored [82]. Due to the resource-

intensive and time consuming nature of this approach, it may not be readily accessible to 

the broader research and clinical community. 
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Figure 2.2: Procedural flowchart for convex optimization approach. Three different 

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

 

In this study, we propose an algorithm that leverages the superposition of the 

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 values in the volume 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, computationally efficient 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 current-controlled 

stimulation using non-human primate MRI data (Fig. 2.1). High frequency stimulation of 

the ventral intermediate 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/VPL) [14]. In the non-human 

primate, the equivalent nuclei to Vim and VPL are the oral (VPLo) and caudal (VPLc) 

ventral posterior lateral nuclei of thalamus, respectively [87]. We reconstructed both VPLo 

and VPLc and modeled independent current-controlled 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, which forms 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 algorithms (Fig. 2.2). 

 

2.2.1 Reconstruction of Thalamic Nuclei and DBSA 
 

High field magnetic resonance imaging (7T, Magnex Scientific) was performed on a 

female rhesus macaque monkey (macaca mulatta) under isoflurane anesthesia at the 

University of Minnesotaôs Center for Magnetic Resonance Research using a Siemens 

console. All procedures were approved by the University of Minnesotaôs Institutional 

Animal Care and Use Committee and complied with United States Public Health Service 

policy on the humane care and use of laboratory animals. A customized head coil was 

developed with 16-channel transmit and 16+6 receive channels, in which 4 coils mounted 

on top of the subjectôs head and 2 ear-loop coils were added to enhance signal detection 

from subcortical structures [88]. Susceptibility-weighed imaging (SWI) data was acquired 

with a 3D flow-compensated gradient echo sequence. SWI data was aligned to the anterior 

commissure (AC)-posterior commissure (PC) plane (Analyze 11.0, AnalyzeDirect) and 

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

Matching plates from a rhesus macaque brain atlas [89] were nonlinearly deformed [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 a B-spline modeling program (Rhinoceros) and 

arranged serially at an interval of 0.4 mm (voxel size) along the anterior-posterior 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 

electrodes (semi-major axis: 0.265 mm; semi-minor 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 lead [92ï94]. The DBSA electrodes and insulation were assigned 

conductance values of 106 S/m and 10-12 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 resulting from electrical stimulus perturbations were 

calculated via the finite element method solving Poissonôs equation in COMSOL 

Multiphysics (v4.3b). Simulations of monopolar cathodic (-1 mA) stimulation were 

performed with each of the electrodes acting as the cathode (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 trajectory of the lead was 77° above the horizontal plane and 10° from 

the sagittal plane [95] (Fig. 2.1). The electrodes were assigned indices from 1 to 32, such 

that the contacts facing posterior, medial, anterior, and lateral were labeled 1, 2, 3 and 4, 

respectively. This order of labeling was maintained 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 (TAF) was stored for this change in a coordinate system from AC-PC to 

FEM model coordinates. 
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Figure 2.3: Discretization of thalamic volumes. The top row (A,B) shows the discretization 

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 shows only 

those grid points that fall within the volume (overlaid 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 45° from the 

intercommissural line in the coronal plane and 60° in the sagittal plane [96]. The efferent 

fiber orientation from VPLo and VPLc to cortex follows a ventral-medial to dorsal-lateral 

direction approximately 45° from the intercommissural plane in the coronal direction 

[97,98]. At the scale of the grid spacing used in this study, the thalamus is generally 
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considered to be an isotropic structure [94]. The surfaces of the DBSA, VPLo, and VPLc 

were generated in Rhinoceros and the vertices of these surfaces were imported into the 

Matlab programming environment (v2013b, MathWorks) using the AC-PC coordinate 

system. The vertices of thalamic volumes were rotated (rotation matrix Ὕ) such that either 

the afferent or efferent fiber directions were oriented in the z-direction. A 3D rectangular 

grid consisting of multiple layers spanning the z-direction was constructed for each 

volume. Each layer spanned the maximal extent of the volume 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 compartments. 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 studies [75]. The coordinates of these grid points were 

transformed into AC-PC space by multiplying  Ὕ  (Fig. 2.3) and then were transformed 

into the FEM model space by multiplying TAF. Data regarding the discretization process 

are listed in Table 2.1. 

 

Efferent Data 

 Total Grid Points Number of Grid Points in C matrix 

VPLo 17 ρπ 27173 

VPLc 17 ρπ 34059 

Afferent Data 

 Total Grid Points Number of Grid Points in C matrix 

VPLo 11 ρπ 20836 

VPLc 14 ρπ 25010 

 

Table 2.1: Volume discretization data for 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: 

 

 

 
 Ў  Ў

Ў
 (2.1) 

 

 

where ὼ is a position along the direction of fibers, ὠ is the voltage value as a function of 

position, and Ўὼ is the internodal distance. The AF values for grid points within the layers 

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 ὲ 

points can be stored in a 32n matrix ὅ:  

 

ὅ  
ᶯȟ Ễ ᶯȟ
ể Ệ ể
ᶯ ȟ Ễ ᶯ ȟ

 (2.2) 

 

 

where the Ὥ row contains the AF values resulting from stimulation through the Ὥ  

electrode alone, delivering -1mA monopolar cathodic current. Poissonôs equation in 

electrostatics dictates that the tissue voltage distribution is related to the current by: 

 

 

            ɳ Ͻ„ɳὠ Ὅ (2.3) 

 

 

where „ is the tissue conductance, and I is the current.  From (2.3) it is possible to derive 

that  θ Ὅ. Along with (2.1), it can be shown that the AF values 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 experiment: suppose there are ὲ 

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 profitable item. Likewise, 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 column (j) of the ὅ matrix is the theoretical 

maximum AF value possible for grid point j. 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 for directly depolarizing 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 each grid point within VPLo. 

This corresponds to maximizing proximity to the Max Curve. 

 

2.2.5 Convex Optimization 
 

The volume activation problem can thus be framed conceptually as follows: ñHow do we 

bring as many of the grid points as close as possible to their corresponding maximum AF 

values on the Max Curve?ò To formulate this problem mathematically, we applied the 

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

 

 

                ὃὊ  ὅὍ (2.4) 

 

 

where Ὅ is the 32 1 vector of currents through each electrode, and ὃὊ and ὅ are the AF 

value and column of ὅ corresponding to grid point j. Together, the AF values resulting 

from stimulation at each grid point can form another curve called the Actual Curve. At 

each grid point j, the difference between the maximum AF value and the actual AF value 

from stimulation with Ὅ is given by the following: 

 

               ὃὊȟ ὃὊ  ὅȟ  ὅὍ (2.5) 

 

 



 

 

19 

 

Using (2.5) as a measure of discrepancy 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 

stimulation-evoked side effects.     Using only the difference between the Max Curve and 

Actual Curve as a measure, the problem can be solved by linear programming (LP) as 

follows: 

 

minimize: Вὅȟ  ὅὍ 

subject to: ВὍ ρ and Ὅ  π, for all Ὧ 
 

 

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

quadratic programming (QP): 

 

 

minimize: Вὅȟ  ὅὍ  

subject to: ВὍ ρ and Ὅ  π, for all Ὧ 
 

 

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

is given by: 

 

 

minimize: άὥὼὅȟ  ὅὍ 

subject to: ВὍ ρ and Ὅ  π, for all Ὧ 
 

 

For linear programming, quadratic programming, and maximum deviation minimization 

via convex optimization, the problem is well-posed 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 problems [99]. All computations and performance assessments were 
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run on a PC with eight cores, 64-bit 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 corresponding discrepancy 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 of grid points to assess (1) the algorithmôs 

runtime with respect to number of grid points 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 sampling 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 on 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 afferent 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 1 ‘A or more current were considered active). The distribution 

of current amongst the active contacts was 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 (mean  std) for the MD solution and 0.0910.104 mA 

per electrode for the QP solution. In the afferent case, the mean current output was 

0.072 0.043 mA per electrode for the MD solution and 0.20.147 mA per electrode for 

the QP solution. In the efferent case, the active electrode contacts faced the anterior or 

posterior directions primarily. 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 thought experiment. 

 

Efferent VPLo 

 Mean 

(V/mm2) 

Std (V/mm2) Max (V/mm2) Min 

(V/mm2) 

MD 7.763 ρπ  0.022 0.445 -0.287 

QP 15 ρπ 0.04 1.362 -1.172 

LP 22 ρπ 0.091 3.573 -2.953 

Efferent VPLc 

 Mean 

(V/mm2) 

Std (V/mm2) Max (V/mm2) Min 

(V/mm2) 

MD -9.31 ρπ 0.002 0.009 -0.046 

QP -8.867 ρπ 0.007 0.049 -0.186 

LP -8.605 ρπ 0.012 0.119 -0.381 

Afferent VPLo 

 Mean 

(V/mm2) 

Std (V/mm2) Max (V/mm2) Min 

(V/mm2) 

MD -15 ρπ  0.027 0.576 -0.342 

QP 14 ρπ 0.045 1.599 -0.809 

LP 39 ρπ 0.069 3.912 -0.785 

Afferent VPLc 

 Mean 

(V/mm2) 

Std (V/mm2) Max (V/mm2) Min 

(V/mm2) 

MD -8.835 ρπ 0.003 0.043 -0.022 

QP 2.174 ρπ  0.001 0.012 -0.004 

LP 4.975 ρπ  0.001 0.009 -0.003 

 

Table 2.2: Activating function values resulting from convex optimization approaches. 

 

2.3.2 Activating Function Values 
 

The algorithm AF solutions were based on 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 in Table 2.2 and shown graphically in Fig. 2.6 & 2.7. Not 

surprisingly, higher AF values were concentrated near 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 amount of spread 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 VPLo. Fig. 2.7 

illustrates the proximity of the actual AF values to the Max Curve for VPLo 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 MD 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 MD, QP, and 

LP solutions to one million random (chance) electrode configurations. Stimulating 

electrode configurations I (three separate criteria solutions and 1 million random solutions) 

were used to calculate the model predicted actual AF values using (2.4). The results 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 deviation, the QP 

solution achieved lowest sum of square of deviations, and LP solution achieved the lowest 

sum of deviations. Furthermore, within each of these categories, the best-performing 

solution performed significantly better than chance. While no single optimization solution 

yielded better-than-chance results across all three measures, MD tended to perform better 

relative to chance in all categories. QP and LP showed better-than-chance performance for 

all except the maximum deviation category. The p-values for each category are listed in 

Table 2.3. 
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Figure 2.4: Convex optimization-generated electrode configurations for the thalamic 

efferent pathway approximations. The left, middle, and right columns show outcomes from 

the MD, QP and LP optimization criteria, respectively. Active contacts (> 1 ‘ὃ) in each 

case are shown (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 shown in the context of the DBSA with active contacts shown. 
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Figure 2.5: Convex optimization-generated electrode configurations for the thalamic 

afferent pathway approximations. Labeling is identical to that described for Figure 2.4. 
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Figure 2.6: Comparison of convex optimization results against Max Curve. Max Curve 

(upper bounding line) compared to 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 values. For 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 performance. (A-C) and (G-

I): AF values at all grid points are presented in units of V/mm2. (D-F) and (J-L): Grid 

points with AF values less than -0.01 V/mm2 were 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 computed. 

 

Efferent Data 

 Max Deviation Sum of Square of 

Differences 

Sum of 

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 

Differences 

Sum of 

Differences 

MD < 0.001 <0.001 0.0583 

QP 0.2758 < 0.001 < 0.001 

LP 0.2758 < 0.001 < 0.001 

 

Table 2.3: P-values of each convex optimization approach compared to random chance. 

 

 
 

Figure 2.7: AF values resulting from DBSA stimulation using algorithm-generated 

electrode configurations. (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 in (a-c). (G-I): Afferent data, axial view of the 

AF values resulting from stimulation configurations generated using the MD, QP, and LP 

criteria, respectively. (J-L): Coronal view of the AF values shown in (j-l). For visualization 

purposes, all AF values greater than -0.01V/mm2 were made positive by adding 0.01 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 from -6 to -3 in logarithm values. 

Points with values outside of this range were directly assigned the values of -6 or -3. Points 

with AF values less than -0.01V/mm2 were assigned logarithm values of -6. Refer to Figure 

2.1(D) for borders between VPLo and VPLc in the coronal view. Refer to Figure 2.4 or 2.5 

for the border in the axial view.    

 

 

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, and LP.  The 

original number of grid points for efferent data was 27,173. For each level of sampling (½, 

¼, 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 points are used.  (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 Robustness 

In terms of runtime (Fig. 2.9: C,F,I), 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 number of grid points, 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 (Fig. 

2.9: A, D, G) and mean angular direction (Fig. 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 implants [100], retinal prostheses [101], spinal cord 

stimulation [102], and nerve cuff electrodes [103]. With the introduction of higher density 

DBS arrays, current steering technology has the potential to significantly improve DBS 

therapy by shaping the electric field toward a target volume while avoiding regions that 

could induce adverse side effects [59]. In this study, we presented a computationally 

efficient, mathematically flexible optimization formulation to optimize and shape current 

delivery through a 32-channel 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 predict neuronal activation. The first 

spatial derivative along the neuronal process has been shown to be appropriate for 

modeling activation near the vicinity of the soma [104]. However, computational studies 

have also shown that the waveforms used in DBS applications are likely to elicit action 

potentials first in the axons [105,106] based upon the second spatial derivative of the 

extracellular voltage along the axonal processes [81,107]. Such calculations can be 
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performed using spatially distributed multi-compartment neuron models [108] to obtain a 

VTA. However, this process is computationally intensive. A more efficient approach, as 

described in this study, is to use the AF values along the estimated direction of neuronal 

processes to predict the VTA. This method is widely used [63,83,109,110], but still 

requires large amounts of simulations to be 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 approach [111] 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 

determining the exact activation profile using VTA prediction. We do this by maximizing 

AF values, taking advantage of well-established theories associating higher AF values with 

neuronal activation [81,107]. It is not straightforward to set an exact threshold AF value 

due to the variation in reported values[63], [67], and the dependence on factors such as 

fiber orientation and distance of compartments to the active electrode(s) [84].. 

Nevertheless, the method presented here circumvents such limitations by determining a 

theoretical maximum AF value at each grid point (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 optimization-based framework is to 

achieve proximity between the stimulation-induced AF values and the Max Curve.  This 

ultimately aims to increase the probability for action potential initiation or other forms of 

sub-threshold 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 studies [63], [67,83] or a 

nonlinear AF threshold fall-off 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 weighting the 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 on the axons. These points can be omitted from the ὅ matrix 

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 high-density electrode arrays 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 gradients [113], and ultimately the VTA [114]. 

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. 

Studies have proposed using psychophysical measurements to find the optimal electrode 

configuration in order to selectively activate a particular neural site [115,116]. In DBS, the 

goal has been viewed as one to maximize modulation of neuronal spike activity within a 

target brain region, while avoiding activation of pathways implicated in the manifestation 

of side effects. In terms 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 VTA and 

the target volume [117]. For DBS arrays, this approach would require massively large 

computational resources to calculate this solution. The computational efficiency of our 

approach arises from circumventing 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). 

From Table 2.2, the mean AF values differed depending on the orientation of the 

fibers. However, this difference was not significant. Within VPLo (Fig. 2.6/Table 2.2), the 

LP solution achieved the highest mean AF values, but also resulted in the largest spread of 

data (about 2.5-4 times larger than the MD solution, and 1.5-2.3 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 AF mean value. 

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 shown in Fig. 2.6) since all the current is applied to 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 MD criteria would 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 robust 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 electrode configurations in their respective measures of proximity to the 

Max Curve (Fig. 2.8). However, no single criterion solution yielded better-than-chance 

performance for all three measures. Indeed, while the LP solution clearly achieved the best 

performance 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 desired criteria for 

the resulting AF values. These criteria may depend on patient-specific parameters (e.g. 

modulating a target uniformly or leveraging activation of a pathway that can have broad 

synaptic influence over the entire region [64].  

The algorithm runtime for each of the MD, QP, and LP criteria was on the order of 

several seconds for the number of grid points used here, making it feasible for on-site 

patient-specific 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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this nonlinear 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 (corresponding 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 computation of multiple stimulating electrode 

configurations using the same DBSA to target different neuronal subpopulations within a 

target region, as in the case of coordinated reset stimulation [27,118] 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 volumes of VPLo 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 realistic [64,98,106,119,120]. 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 tissue medium. This approximation is 

reasonable at the grid point spacing considered here [94], though a more realistic model 

would incorporate conductance inhomogeneity as well as anisotropy through diffusion 

tensor imaging [57]. The changes would take place in the initial construction of the FEM 

(e.g. extracting anisotropic and inhomogeneous tissue conductivities from diffusion 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. encapsulation in chronic implants). Third, we 

did not model the voltage drop or capacitance of the electrode-electrolyte interface. Such 

considerations are important [121], and the optimization algorithms developed in this study 

are amenable to the inclusion of such complexities 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 VPLc [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 these 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 current steering can create óvirtual electrodesô by differential distribution 

of current between physical electrodes to elicit percepts intermediate to those produced 

using monopolar configurations [100,124]. In DBS, clinical validation studies have shown 

that stimulation strategies based on computational models can be superior to clinically 

derived strategies to limit cognitive deficiencies [43] and improve therapeutic outcomes 

[80]. Electrophysiological studies to validate the model predictions are important and have 

been limited to date. For one, it is important to consider the spatial distribution of the 

modulated neuronal firing patterns around the DBS lead [125,126] and how this varies 

amongst algorithm-generated stimulus settings and the setting derived from a clinical 

exam. It is also important to validate the models at a circuit level [127] 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 

capsule side effects [117] and symptom reduction [48] [69], in a clinical setting to 

determine if the algorithm generated 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 prediction by solely aiming to achieve higher probabilities of neuronal 

activation within a target volume. The FEM-based nature of this approach allows it to 

readily accommodate any patient-specific, anisotropic / inhomogeneous data. A limited 

number of simulations (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 

optimization-based framework for electrode configuration selection presents a novel 

approach for on-site patient-specific clinical application. 
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3.1 Introduction  

Deep brain stimulation (DBS) therapy has shown tremendous promise and growth over the 

past decades as an invasive neurosurgical technique 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 symptoms 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 lead [48,63,64,69,129]. With this 

increase in number and distribution of electrode sites, these so-called 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 non-uniform target morphology [66], or when DBS 

leads are implanted in close proximity to nuclei or fiber pathways that, when stimulated, 

evoke adverse side effects [63,64,131]. 

However, increasing the number of independent electrodes creates the logistical 

challenge of identifying (or programming) the stimulation settings that optimize therapy 

for a patient. DBS leads with four cylindrical electrode contacts are known to require hours 

of meticulous and tedious trial-and-error programming in some cases [132], and the 

increase to eight [48] or thirty-two electrodes [69] is likely to create an intractable problem 

to optimize electrode configurations and stimulation parameters within a clinical setting. 

One solution to decrease the high-dimensionality of this programming problem is to 
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construct computational neuron models of DBS that are fit to patient imaging data 

[121,133ï135] and then apply efficient algorithms to identify stimulation parameters on a 

subject-specific basis [112,136]. 

One previously developed algorithmic approach is based upon machine learning 

and training a classifier on thousands of computational neuron model simulations [112] 

that are based on biophysically realistic axon models [137]. 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 range of electrode configurations and 

stimulation settings [75,138]. Geometrical 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 volume 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 programming 

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 stimulus-induced currents applied to each neuronal membrane compartment 

through an activating function [81], driving function [139], or weighted driving function 

[111] that is calculated from extracellular voltages obtained 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 arrays [136]. Similarly, genetic algorithms have been developed for 

programming stimulation settings through peripheral nerve cuff electrodes [140]. The 

challenge, however, with this overall approach is knowing how well the less complex 

model simulations actually compare with the more detailed multi-compartment neuron 

models that incorporate more biophysically realistic elements and parameters. 

In this study, we formulate the problem of predicting neural activation within 

regions of interest and regions of avoidance as a non-convex, discrete-valued 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 amplitude parameter space. The PSO approach has been 

successfully applied in a number of optimization problems [141], which range from 

permutations [142], inversion of ocean color observations [143], training multi-layer neural 

networks [144], predicting tremor onset [145], and tracking human motion without markers 

[146]. In addition to implementing the PSO approach to solve the non-convex, 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 Modeling 

A three-dimensional finite element model (COMSOL Multiphysics v5.2) was developed 

for a DBS array [131], which consisted of 32 elliptical electrodes (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 lead (0.5 mm diameter). Conductance values for lead insulation (ů = 1Ĭ10-12 

S/m) and electrodes (ů = 1Ĭ106 S/m) were set according to a previous model from our 

group [136], approximating the conductance of silicon carbide and polyimide insulation 

and conductive platinum electrodes, respectively. Though more complex tissue 

conductance models of DBS have been developed [94,147ï149], for the purposes of 

demonstrating the PSO algorithm, we assigned simple isotropic conductance values to the 

encapsulation layer (0.1 mm thick; ů = 0.18 S/m) [150] and to the bulk tissue (100 mm 

diameter; ů = 0.3 S/m) [92]. Quadratic tetrahedral 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 function measure. 

The resulting mesh consisted of 4,104,421 domain elements, 204,990 boundary elements, 

and 12,708 edge elements [136,151]. 

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 tissue voltage map 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 8.63×103 A/m2) 

and the outer surface of the bulk tissue was set to 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 sources. 

 

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 cerebellar-receiving 

area of motor thalamus (VPLo: ventral posterolateral pars oralis) [136], which is the 

homologue of the ventral intermediate nucleus (Vim) in humans and primary DBS target 

for treating essential tremor. Of note, clinical DBS implants targeting this nucleus can be 

difficult to program because of low-threshold side effects such as paresthesia, which are 

thought to result from the spread of stimulation into the somatosensory thalamus (VPLc: 

ventral posterolateral pars caudalis) [64,152]. 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 brain [136,153]. A DBSA was placed 

within the VPLo volume at 77° above the horizontal plane and at 10° from the sagittal 

plane in an anterior to posterior trajectory (Fig. 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) with simplified 

linear trajectories running from ventromedial to dorsolateral at 45° from the axial 

intercommissural plane (Fig. 3.1B). The linear trajectory and 45° angle were approximated 

from a previous investigation of efferent thalamic fibers in non-human primates [154]. 

Axon models that overlapped the DBSA were removed from subsequent analysis. 
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Figure 3.1: Models of thalamic DBSA stimulation with fibers. (A) Reconstructions of the 

cerebellar-receiving area of motor thalamus (VPLo, upper left region) and somatosensory 

thalamus (VPLc, lower 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 axons (axons through VPLo and 

through VPLc) extending from both thalamic nuclei. 

 

3.2.2.2 Modeling Myelinated Axon Activation 

One way to estimate axonal activation resulting from extracellular stimulation is to solve 

the inhomogeneous cable model equation of a myelinated axon [107,155,156]: 

 

‗ † ὠ ‗  (3.1) 

 

where ɚ is the axon space constant that is dependent on the axon dimensions and geometry, 

Vm is the membrane voltage, Ű is the time constant of the axonal membrane, and Ve is the 

interpolated extracellular potential calculated from the finite element model solution. For 

simplicity, the source term can be approximated with the difference approximation: 

 

 

ȟ ȟ ȟ

Ў
                    (3.2) 

 

where Ve,n corresponds to the extracellular voltage at node n, and ȹx is the distance 

between adjacent nodes of Ranvier. This source term or ñactivating functionò has been 
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shown to provide a reasonable approximation of the non-faradaic transmembrane currents 

that result from the initial onset of an extracellular stimulation pulse [81,107]. 

Here, we use a modified activating function (MAF) to predict axonal activation. 

We compute the second spatial difference using extracellular potentials from non-adjacent 

nodes of Ranvier: 

 

ὓὃὊ ὠȟ ςὠȟ ὠȟ         (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 spatial 

difference is a linear function of the extracellular potentials, the superposition principle can 

be used to efficiently predict MAF values for an arbitrary electrode configuration [136]. 

For each axon, we constructed an N-by-32 matrix (denoted as the ñC matrixò) containing 

the MAF value for all N nodes of Ranvier when stimulating through each electrode 

individually. This enabled computing the MAF value at every node for arbitrary electrode 

configurations by multiplying the C matrix with the 32-by-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 activated if, for 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 accuracy for our thalamic fiber geometry. We simulated the 

axonal fiber geometries as multi-compartment myelinated axon models in NEURON 

(v7.4). Axon models consisted of 2 µm diameter fibers with compartments representing 

nodes of Ranvier, myelin attachment segments, paranode main segments, and internode 

segments connected through an axial resistance [137]. Axonal membrane compartments 

were each driven using the extracellular mechanism in NEURON (e_extracellular) 

[64,66,157]. We applied a waveform with a 90 µs cathode-leading phase, 400 µs interphase 

delay, 3 ms charge-balanced anodic phase, and 135 Hz pulse rate [158]. The specific 

extracellular potential localized to each axonal node from current-controlled DBS inputs 

(0 to -1 mA per electrode) was estimated with the FEM and superposition. After running 
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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 used for all 

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 ROI, R(x), and the number of axons activated in ROA, S(x). These threshold-

based functions were described as follows: 

 

Ὑ●ᴆ  В ὌÍÁØὅ ȟ●ᴆ ‌ (3.4) 

 

Ὓ●ᴆ  В ὌÍÁØὅ ȟ●ᴆ ‌ (3.5) 

 

where x is a vector of size 32 corresponding to the current through each electrode; CROI,i 

and CROA,j are the C matrices for ROI axon i and ROA axon j, respectively; H(Å) is the 

Heaviside function; and Ŭ is the MAFT value. Using a MAFT value of 0.0023 (obtained 

as described in Section 2.2.3), the discrepancy between MAFT-based predictions and 

NEURON model predictions was less than 1% of the total axons in either ROI or ROA 

(Fig. 3.2). Given this low discrepancy, the MAFT value and the functions R(x) 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 (o) 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 modeled, the optimization algorithmôs 

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 reflect the 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 cathode-leading phase (between 0 to -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 Ὑ●ᴆ (3.6) 

 

minimize Ὓ●ᴆ (3.7) 

 

minimize ὖ●ᴆ В ὼ  (3.8) 

 

subject to πȢυ ὼ π, Ὧ ρȟȣȟσς (3.9) 

 

where P(x) is the power in mA2 (not scaled by impedance).  

To solve this multi-objective optimization problem, we employed a 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 Ὑ●ᴆ ςὛ●ᴆ πȢυὖ●ᴆ (3.10) 

 

subject to πȢυ ὼ π, Ὧ ρȟȣȟσς (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 range of weighting 

combinations, we mixed the aggregation-based method with elements of a Pareto 

dominance-based method. Specifically, we leveraged the fact that exploratory optimization 

algorithms like particle swarm optimization evaluate many intermediate solutions in search 

of the ñbestò solution. We collected these intermediate solutions, and labeled as óPareto 

dominatedô any candidate solution for which there was at least one óbetterô solution (i.e. 

better in all three objectives). By collecting these intermediate solutions and getting rid of 

solutions that were Pareto dominated, we were able to construct a set of solutions known 

as the Pareto front (Fig. 3.3). Solutions on that Pareto front are considered Pareto optimal 

because they were not Pareto dominated by any 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 multiple Pareto-optimal electrode configurations without  



 

 

45 

 

 
 

Figure 3.3: Typical output from a PSO run. (A) A three-dimensional Pareto front showing 

five unique points on the Pareto front, where each point corresponds to a different 

predicted ROI and ROA activation (i.e. number of axons activated) and power consumption 

(in mA2 without the impedance). Among them, point number 1 achieved the lowest objective 

function value (Equation 3.9). (B) Electrode configurations for each of the five highlighted 

points. Depending on a userôs desired prioritization between ROI, ROA, and Power, a 

different point along the Pareto front can be selected for stimulation. The table shows the 

PSO-predicted axonal activation (bold, in number of axons) in relation to the total number 

of axons in ROI and ROA, as well as the PSO-predicted power consumption (in mA2 

without the impedance) for each electrode configuration. 

 

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

flow of this approach is illustrated in Figure 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 individuals [159]. Each individual (particle) exhibits three simple behaviors 

that enable it to search through the solution space, and to communicate its findings to 

neighboring individuals (swarm). The most fundamental of these behaviors is the particleôs 

persistent and somewhat random movement through solution space, which enables it to 

explore different potential solutions over time (i.e. inertia). The second behavior is the 
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particleôs tendency to move toward a point that the swarm considers to be the best so far 

(i.e. the ñsocialò or ñglobalò best). The third behavior is the particleôs tendency to move 

towards the best point the particle itself has found (i.e. the ñcognitiveò best). 

Mathematically, a particleôs position in the solution space at a given time can be 

described as follows: 

 

ὼὸ ρ ὼὸ ὺὸ ρ (12) 

 

where ὼπ Ὗͯὢ ȟὢ  (13) 

 

where x is the position (i.e. electrode current) bounded between Xmin and Xmax, i is the 

particle number, t is iteration, and v is the ñvelocityò term (i.e. change in current). The three 

simple behaviors of the particle are included in this velocity term by three components: 

inertial, social, and cognitive [160]. Hence, velocity is defined as: 

 

ὺ ὸ ρ ύϽὺ ὸ ὧϽὶ ὸϽώ ὸ ὼ ὸ ὧϽὶ ὸϽώὸ ὼ ὸ  

 

  (14) 

 

where j is the electrode number, w is the inertial component, c1 is the cognitive component, 

c2 is the social component, y is the particle-specific best as of iteration t, and Ȓ is the global 

best as of iteration t. Meanwhile, r1ij and r2ij are additional weighting factors that allow for 

randomness, which promotes exploration. In our implementation, we set r1ij to be randomly 

distributed between 0 and 1 (inclusive), while r2ij was set to 1 for all i and j. As such, the 

random component of motion was solely due to the cognitive component. Finally, we 

defined w as follows: 

 

 

ύὸ ὸ ύπ  (15) 

 

where n is the maximum number of generations. We set w such that it decreased linearly 

from 0.9 to 0.4 in order to promote initial exploration followed by a tendency to converge 

toward the end [160] (Table 3.1). 
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3.2.4.2 Cognitive vs. Social Velocity Components 

PSO exploration is driven by social and cognitive components, such that the choice of c1 

(cognitive) and c2 (social) significantly influences the effectiveness of exploration in a 

problem-specific way. To determine appropriate c1 and c2 values for our thalamic 

geometry, we performed a parameter sweep by running the PSO algorithm five times for 

every possible combination of c1 and c2 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 each combination 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 of Particles 

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 particles for the modeled 

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 objective function 

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 32-dimensional space (corresponding to the 32 electrodes). 

Each dimension was bounded between 0 mA to -0.5 mA, corresponding to current 

constraints below typical current density limits (Table 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 remaining particles were initialized to have exactly -0.25 mA going through 

only a single electrode. This so-called ñmulti-start initializationò approach promoted 

exploration of the search space [159]. Constraints were enforced by checking for any out-

of-bounds particles at each iteration. Particles that exceeded the current constraints at any 

given electrode were stripped of their velocity (i.e. v=0) in that electrodeôs dimension, and 

that electrodeôs max stimulus waveform current was set to either 0 mA or -0.5 mA, 
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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 involves the exploration of a 

state space over the course of multiple ñgenerationsò in order to find optimal solutions. We 

established three termination criteria: (1) convergence, (2) stalling, and (3) reaching the 

generation limit. The criteria for convergence, stalling, and generation limits were tuned 

by trial and error. Specifically, we considered particles to be converged if the particlesô 

currents were close to each other in at least 30 out of 32 electrodes, as measured by a given 

electrode having a the standard deviation 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 generations (Table 3.1). Meanwhile, we set the generation 

limit to be 200 generations (Table 3.1) since we found this enabled enough iterations for 

convergent runs to terminate while also enabling non-convergent runs to explore the space 

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

algorithm terminated and returned the estimated Pareto front (Fig. 3.4).  

 

 
 

Figure 3.4: Flowchart for the PSO-based DBS programming approach 
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3.3 Results 

3.3.1 PSO Variable Parameter Sweeps 

Consistently low objective function values were obtained when c1 was 3.6, 4.5, or 5.4 and 

when c2 was 0.1, 0.2, or 0.4 (white outlined boxes in Fig. 3.5A-B and black outlined box 

in Fig. 3.5C). We used low objective function values as a measure of accuracy because 

such values were obtained by having either (1) increased ROI activation, (2) decreased 

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 lowest possible objective 

function value on any given run, we took a lower objective function value to mean that the 

algorithm had more closely approached this ñtrueò best. Thus, from the set of c1 and c2 

combinations that had low objective function values, we selected center values for c1 as 

4.5 and c2 as 0.2 for all subsequent PSO runs (Table 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 accuracy (Fig. 3.5D). We chose a balanced 

tradeoff by selecting 100 particles for the remaining simulations (Table 3.1). 
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Figure 3.5: PSO algorithm parameter sweeps across cognitive and social velocities. Plots 

show (A) mean objective function values across 5 runs, (B) standard deviation of objective 

function values across 5 runs, and (C) termination behavior. The boxes highlight a range 

of c1 and c2 values that consistently yielded low objective function values with little stalling. 

(D) Effects of number of particles 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, c1 4.5 

Social Attraction Weight, c2 0.2 

Upper Inertia 0.9 

Lower Inertia 0.4 

Velocity Limit Infinite 

Additional Cognitive Weighting, r1ij [0,1] 

(random) 

Additional Social Weighting, r2ij 1 

Lower Bound Current per Contact -0.5 mA 

Upper Bound Current per Contact 0 mA 

Total Bounded Current none 

 

Table 3.1: PSO Algorithm Parameter Values 

 

3.3.2 Consistency of PSO Solutions 

We measured the PSO algorithmôs consistency by quantifying the variation in Pareto fronts 

across 30 independent runs (Fig. 3.6). In addition, we compared each estimate to a 

ñcombinedò Pareto front that was constructed from all 30 Pareto front estimates. For each 

point Y on each of the 30 Pareto fronts, we computed the discrepancy between Y and the 

closest ñcombinedò Pareto front point. As shown in Figure 3.6A for five sample Pareto 

fronts, the fronts exhibited considerable overlap, and their respective ñbestò electrode 

configurations had in common 8 out of 11-13 active electrodes (Fig. 3.6B). Furthermore, 

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

ñcombinedò Pareto front (Fig. 3.6C) 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 activation (-20 axons), and median power (-4.11 mA2) (Fig. 3.6D).  

 

 



 

 

52 

 

 
 

Figure 3.6: Pareto fronts from multiple PSO algorithm runs. The 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 table shows the PSO-

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

ROA, as well as the PSO-predicted power consumption for each electrode configuration. 

Pareto fronts and electrode configurations exhibited consistent topographies across runs. 

The ñcombinedò Pareto front (C) was obtained from all points from 30 independent Pareto 

fronts. (D) Comparing the distribution of ROI, ROA, and Power across all runs to the 

distribution across the combined Pareto front in (C), there was a relatively small difference 

in axons activated and power. ROI and ROA are in units of ñnumber of axonsò and power 

is in unit of ñmA2ò without the impedance. 

 

 

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. The PSO was able to 

accommodate for disabling 3 or 12 active electrodes, with ROI activation reduced by only 

1.8% and 14%, respectively (Fig. 3.7A). Reducing the maximum per-electrode current by 

50% and 80% reduced ROI activation by 5.6% and 16%, respectively (Fig. 3.7B). 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 (<1% change in any direction) (Fig. 

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 electrodes were similar between the 1 mm and 

3 mm shifts. 
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Figure 3.7: Three tests for PSO algorithm robustness. (A) When three select electrodes 

near the ROI were disabled, the algorithm maintained relatively stable activation of ROI. 

Disabling additional electrodes resulted in ineffective targeting. (B) The algorithm 

exhibited similar robustness when reducing the upper bound current. (C-D) When shifting 

the DBSA lead from original center position ñCò to 1 mm posterior ñPò, anterior ñAò, 

lateral ñLò, and medial ñMò relative to the DBSA trajectory, the algorithm adjusted 

stimulation to reflect the new location of the spatial target. The tables show the PSO-

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

ROA, as well as the PSO-predicted power consumption for each electrode configuration. 

ROI and ROA are in units of ñnumber of axonsò and power is in unit of ñmA2ò without the 

impedance. 

 

 

3.3.4 Efficiency 

Efficiency was measured as the average runtime for constructing a Pareto front and 

obtaining a best electrode configuration. We assessed this by running the PSO algorithm 

five times on a PC with eight cores, 64-bit operating system, 24.0 GB RAM, and an Intel 

Core i7 processor at 3.40 GHz. The algorithm took 3.19 seconds per generation, resulting 

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 identification of 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 region of interest around a DBS array. This multi-objective 

problem incorporated a Pareto front, which offers a range of optimal electrode 

configurations from which a user can choose based on patient-specific programming goals. 

For example, a programmer may decide that 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 Pareto 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 social components that adapt 

across multiple iterations, much like genetic algorithms and other evolutionary algorithms 

[140,161]. In the case of the PSO algorithms, the individuals (or particles) survive 

throughout all iterations and continue to refine the solution to the overall problem [159]. 

This iterative refining process enables PSO to efficiently and effectively search the solution 

space. For multi-objective PSO, there are a number of approaches for selecting best 

solutions and subsequently updating particle positions. We used a mix between the linear 

aggregation-based approach and a Pareto dominance-based 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 Pareto-optimal points from all 

explored candidate solutions.  

The linear aggregation-based approach combines all the objectives of a multi-

objective problem into a single objective function with fixed weights. This is the simplest 

approach to multi-objective PSO [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 dominance-based method 

to keep track of all the Pareto-optimal points at every intermediate iteration [162]. Notably, 

the Pareto front estimate was fundamentally independent of the final solution obtained 

from the aggregate-based approach, which yielded Pareto front estimates that were robust 

to choice of weighting for ROI, ROA, and power consumption. In other words, assigning 

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 aggregation-based approaches, there are also a number of more 

complex Pareto dominance-based methods [163] 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 non-dominated ñleaderò solutions to guide the 

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 maintenance [141]. 

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 fully connected 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.g. ring, tree, wheel, von Neumann networks), since a locally connected network 

is slower to propagate the information of the global best solution. The global networkôs 

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 estimates [164,165]. 

To avoid premature convergence and facilitate exploration, we employed three 

strategies: (1) we implemented a multi-start initialization approach (see Section 2.4.4); (2) 

we chose low social 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 current) in 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 non-converging runs that reached the generation limit. This finding 

enabled us to specify a generation limit (see 2.4.5) such that non-converging runs continued 

to make small improvements before terminating. Such a strategy produced more 

exploration at the cost of additional generations of the PSO. Future 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 deviations of the best 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 mA2 (13.5%) for Power. Furthermore, visual inspection of five sample 

Pareto fronts indicated a significant overlap between the fronts. 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 between the ñcombinedò Pareto front and the 30 individual fronts 

were 19 axons for median ROI activation, -20 axons for median ROA activation, and -4.11 

mA2 for median power. The signs reflect the fact that the ñcombinedò Pareto front had 

higher ROI activation, lower ROA activation, and lower power, 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 

mA2), these discrepancies corresponded to <1% for ROI and 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 on the individual Pareto fronts that reached 

high discrepancies (e.g. up to ~300 axons, or ~7% of maximum ROI activated). Future 

implementations involving purely dominance-based Pareto front estimation (section 4.1) 

may help reduce the incidence of such deviations. 

 

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 ROI. As a result, shifting the lead 

1 mm in the posterior direction positioned the lateral 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 shape of the 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 result aligned with our objective function weightings in which low ROA 

activation was more highly prioritized (Equation 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 

the ROA. 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 lateral shift still 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 opposite effect 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. However, since 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 directions, as well as positioning it deeper in the ROI. This 

resulted in more active ventral electrodes (sites 17-20), which increased Power (though not 

as much as in the anterior shift) and increased ROI activation. Notably, ROA activation 

was also increased, reflecting 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 to disabling óbadô electrodes on the lead 

as well as modifying maximum current amplitudes 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 rows of electrodes (21-32) 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 constraints, 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 ROI 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 electrodes, 

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 modified version of the activating function (MAFT-predicted 

activation) to demonstrate the PSO approach. This MAFT-predicted activation tracked the 

multi-compartment NEURON models well (Fig. 3.2). While one could solve the nonlinear 

differential equations governing a multi-compartment 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 more computationally efficient axonal excitability prediction models. 

These models have ranged from a discrete difference approximation of transmembrane 

current induced by extracellular stimulation (i.e. the so-called óactivating functionô) 

[81,107], to variations in the activating function that account for redistribution of current 

via space constants [166], to inclusion of additional source terms at other points along an 

axon that can affect a given node through intracellular ohmic conductance [139], to a 

weighted distribution of source terms [111]. It is important to note that the PSO algorithm 

as described here can utilize other computational approaches for modeling axonal 

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 between nodes of Ranvier, ion channel 

density at the nodes and surrounding compartments, current waveforms, and geometry of 

the axons relative to the induced electric field [85]. In terms of latter, the MAFT value was 

found to vary slightly amongst axonal orientations, which means that one would need to 

identify an activating function 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 non-linear axonal trajectories, while keeping intact the 

fundamental framework of PSO for programming DBSAôs (equations 3.10 & 3.11). 
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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, non-linear geometries. Future developments in 

activation predictions 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 constructed and 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 for a small-scope 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 a single axonal 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 the dynamic 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 steering algorithms. While the simulations in Figure 3.7C-

D suggest that current steering is able to compensate for off-target 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 off-target lead placement, depending on the size of target. For 

the VPL example demonstrated in this paper, applications of the PSO to lead displacements 

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 proof-of-concept and consistency with other ongoing work in our group, the 

PSO approach presented here was implemented for a 32-electrode 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 and 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 be non-uniformly 

distributed across the electrodes [151]. 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, 

subject-specific DBS programming. 

The PSO approach was observed 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 subject-specific 

anatomical images, as well as specifying the trajectory of the axonal pathways. Ultimately, 

the PSO approach for DBS programming is intended for use in subject-specific contexts. 

As such, widespread use of the algorithm will require that DBS systems become 

streamlined for anatomically-informed, subject-specific 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 already have the technical expertise to implement prospective subject-specific 

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 thought to be involved in 

DBS therapy for treating Essential Tremor [64,167]. However, it could readily be applied 

to other known DBS targets. A number 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 

instance, in Parkinsonôs disease, STN-DBS therapy is thought to stem from a combination 

of modulating pathways in and adjacent to the STN [121,133,168], and a similar 

combination of therapeutic pathways is thought to occur with GPi-DBS [169,170]. There 

is also ongoing 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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mechanisms [135]. It is important to note that the PSO approach presented here can be 

readily extended to cases in which there are multiple ROIôs. In this case, the PSO algorithm 

could provide the user with a set of electrode configurations that intuitively demonstrate 

the tradeoff between stimulating one target vs. another target (i.e. via the Pareto 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 additional parameters 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 axonal nodes of 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 conductance values 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 pre-surgical planning of DBS lead placement. 

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 the end-user 

flexibility to select among alternative configurations and objective function specification 

along the Pareto front to accommodate subject-specific needs.  
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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 patient-specific basis. A major area of 

development has focused on improving the spatial precision of targeting stimulation within 

the brain, which is especially relevant given the likelihood of surgical targeting errors [23] 

and the association of targeting errors with variability in responses to DBS within and 

across clinical centers [19]. Toward this end, there have been notable improvements in 

imaging to guide surgical targeting [41,42]. Computational modeling studies have also 

demonstrated that one can increase targeting specificity of stimulation using current 

steering [75,76] and directional DBS lead technology [51,64]. With the growing 

availability of directional DBS systems which incorporate such capabilities, experimental 

[48] and recent clinical [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 systems to optimize 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 terms of amplitudes, pulse width, and 

waveform shape, among other parameters.  Programming for conventional four-channel 
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DBS lead systems involves traversing this parameter space through an iterative trial-and-

error process [25] across multiple visits [52,74], which can be both time-consuming and 

result in potentially suboptimal therapy. By adding more contacts and the capability to 

simultaneously activate multiple independent electrodes, directional DBS systems 

exacerbate the problem of identifying optimal stimulation settings amidst an even larger 

parameter space [47].  

Another challenge is the complexity of effects that stimulation can have (both 

therapeutic and side effects), and the lack of definitive clarity regarding how those effects 

relate to specific neural targets.  Not only do the therapeutic effects of DBS vary across 

signs and symptoms [21], but in some cases improvement in one sign may co-occur with 

worsening of another [174].  Overt side effects can also be diverse, being comprised of 

muscle pulling, dysarthria, and transient paresthesia, among others [26,175].  Furthermore, 

effects with long wash-in times (e.g. tonic components of dystonia [72], tics in Touretteôs 

syndrome [176]) and less overt side effects (e.g. mood [54], dual-task performance [43]) 

further complicate conventional programming approaches.  Results from previous studies 

in Parkinsonôs disease [43,174], Essential Tremor [177], and depression [135] suggest that 

incorporating subject-specific anatomy of pathways and target regions may have value in 

addressing the range of possible DBS effects and optimizing therapy.  Directional DBS 

systems provide an opportune platform for targeting such pathways and for facilitating 

further investigations into the role of these pathways in DBS mechanisms.  However, 

incorporating subject-specific regions and pathways further complicates the programming 

process, such that identifying the optimal stimulation settings becomes non-intuitive.  

Computational methods are needed to simplify this problem.  

In order to reduce the complexity of the programming problem and make it 

clinically feasible, computational methods must be able to (1) predict the effects of DBS 

in terms of subject-specific neural activation, and (2) efficiently traverse the parameter 

space to identify optimal stimulation settings. Over the past decade, models of DBS-

induced neural activation have been used to provide insights into DBS mechanism 

[106,133,168,169] and to evaluate new stimulation paradigms [75,76].  Many of the models 

implemented in studies to date have used the paradigm of ñvolume of tissue activatedò 

(VTA) [45,51,63,112,117,178ï180], which estimates the effects of stimulation in terms of 
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its spatial extent.  As subject-specific imaging, and particularly diffusion tractography, 

have become more prevalent, the use of pathway activation models (PAM) has come to 

replace VTAs as a more precise way to predict the effects of DBS on specific neural 

pathways [46,76,149,171].   

To identify DBS settings, it is essential to couple such neural activation models 

with efficient optimization algorithms. Previously, we developed a convex optimization 

approach for programming an experimental DBS lead with 32 electrodes and tested the 

algorithm in an anatomical model of DBS for treating Essential Tremor [136].  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 spatially disparate nodes.  Within the same 

anatomical framework, we subsequently developed a programming approach based on 

particle swarm optimization [181], which is well suited to solving such non-convex 

problems.  By weighting the different pathways modeled to specify regions to activate and 

to avoid, this programming algorithm identified optimal, non-intuitive 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 

subject-specific human models of DBS for subthalamic nucleus (STN), particularly in the 

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 

compared the optimized results to simulated monopolar review activation profiles, 

highlighting key differences. Furthermore, we have adapted the optimization technique 

developed [181] to handle a higher number of pathways than previously modeled, using 

dominance-based 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 study included retrospective analysis of imaging data (Fig. 4.1A) from seven subjects 

(six male and one female), who had a clinical diagnosis of Parkinsonôs disease and who 

had received a DBS lead implant in the subthalamic nucleus (STN). Pre-operative 

anatomical imaging data included T1-weighted imaging at 1.5T and T2-weighted, 

diffusion-weighted, and susceptibility-weighted (SWI) imaging at 7T. A Medtronic (MDT) 

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

one subject and unilaterally for six subjects. Stimulation settings were programmed for 

each DBS lead during a one-month post-surgical follow-up visit, at which time subjects 

also received a post-operative 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 0V to a voltage 

that elicited one or more side effects, including involuntary muscle contractions, 

paresthesia, and dysarthria among others.  Final DBS settings for each lead were identified 

as those stimulation parameters and electrode configurations that delivered therapy on 

bradykinesia, rigidity, and tremor, while staying below the threshold for inducing side 

effects. 
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Figure 4.1: Subject-specific modeling overview for STN-DBS. (A) For each subject, the 

pre-operative imaging acquired included T1 (at 1.5 T or 3 T) and ultra-high field (7T) 

T2, susceptibility-weighted imaging, and diffusion-weighted imaging. Post-operative CT 

was also obtained. (B) Pre-operative imaging data were used to construct a head and 

brain geometry, to build an inhomogeneous anisotropic conductivity model, to segment 

the subthalamic nucleus (STN), and to create fiber tractography models of axonal 

pathways into and around the STN. Implanted DBS lead positions and orientations with 

respect to the STN were determined through co-registration of pre-operative T1 with post-

operative CT imaging. The finite element model was then built to estimate DBS-induced 

electric potentials in neural tissue. Meanwhile, six clinically relevant pathways were 

constructed and simulated in the context of the 3389 and 2202 DBS leads.  These 

pathways included STN, superior cerebellar peduncle (SCP), hyperdirect pathway (HDP) 

thalamic fasciculus (ThF), medial lemniscus (ML), and internal capsule corresponding to 

the corticospinal tract from all of motor cortex (IC). 
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4.2.2 Modeling the DBS Lead 

The trajectories of the implanted MDT 3389 leads were extracted from post-operative CT 

and co-registered to the T1-weighted images (Fig. 4.1B). While the imaging for this study 

was obtained from subjects who were implanted with a MDT 3389 DBS lead, we also 

incorporated a virtual model of the Boston Scientific (BSC) 2202 (Marlborough, MA, 

USA) lead for modeling purposes in place of each subjectôs preexisting DBS lead position. 

As a directional DBS system with eight contacts and multiple independent current-

controlled stimulation capabilities, the BSC 2202 has sufficiently complex electrode 

configuration options to benefit from model-driven spatial optimization. The modeled BSC 

2202 leads were positioned within the same extracted trajectory as the MDT 3389 leads, 

such that the proximal cylindrical contacts of the BSC 2202 leads were aligned with the 

proximal contacts of their corresponding MDT 3389 leads.  Geometric models were built 

on COMSOL Multiphysics v5.3a. The geometric model for the MDT 3389 lead comprised 

of a 1.27 mm diameter, and insulating tip of length 1.5 mm, four cylindrical contacts of 

length 1.5 mm, and inter-row spacing of 0.5 mm. The BSC 2202 lead was modeled with a 

diameter of 1.3 mm, a tip contact of length 1.5 mm (including a spherical tip of radius 

0.635 mm), two rows of directional contacts of length 1.5 mm and 0.34 mm circumferential 

inter-contact spacing, a proximal cylindrical contact of length 1.5 mm, and 0.5 mm inter-

row spacing. An encapsulation layer of 0.15 mm was modeled on all DBS leads. 

 

4.2.3 Finite Element Modeling 

We constructed an inhomogeneous, anisotropic conductivity model (Fig. 4.1B) to estimate 

DBS-induced electric potentials in neural tissue. Subject-specific imaging was used to 

model four different tissue types: white matter, gray matter, cerebrospinal fluid (CSF), and 

lumped head tissue.  To classify the tissue as either white matter, gray matter, or CSF, the 

brain was manually segmented out from T1-weighted anatomical images.  The T1-

weighted images were then automatically classified by FSLôs FAST tool. Lumped head 

tissue was defined as all tissue within the head residing outside the brain. Conductivity 

tensors were then estimated for gray and white matter using diffusion tensor imaging, as 

described by [182] and [183].  The isotropic electrical properties used to calculate the 

conductivity tensors were derived at the median frequency of the applied stimulus 
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waveform (4.294 kHz) (white matter: ů = 0.066184 S/m, ὑr = 23361; gray matter: ů = 

0.10836 S/m, ὑr = 48617) [184ï186]. All other tissue types were modeled using isotropic 

electrical properties (CSF: ů = 2.00 S/m, ὑr = 109; encapsulation layer [187]: ů = 0.066184 

S/m, ὑr = 23361; lumped tissue: ů = 0.23 S/m [188], ὑr = 1)).  

To define the boundaries of our model, the geometry of the head and brain were 

manually extracted from T1-weighted imaging (Fig. 4.1B).  The head surface and brain 

surface were imported into COMSOL models of the DBS leads, and Delaunay triangulation 

was used to generate a multi-resolution mesh, such that tetrahedral element spatial 

resolution was 0.07-0.2 mm near the DBS lead, and up to 20 mm at the surface of the scalp. 

The resulting volumes were meshed using 686,600 ± 26,655 quadratic tetrahedral elements 

with 125,431 ± 4,778 vertices. A normal current density (BSC) or electric potential (MDT) 

was then applied on the electrode surfaces such that each simulation comprised of a single 

contact with 1 mA (BSC) or 1 V (MDT) of stimulation, enabling the subsequent use of 

superposition to estimate the voltage distribution of arbitrary combinations of contacts and 

stimulation amplitudes.  The caudal base of the head model was assigned as ground (i.e. 0 

V, Dirichlet boundary condition), while rest of the scalp surface and the DBS lead shaft 

were assigned zero current density (i.e. Neumann boundary condition). To estimate the 

spatial distribution of electrical potential, simulations were run at a single AC frequency 

corresponding to the median frequency (4.294 kHz) of the stimulus waveform applied on 

our axon models, at which conductivity properties were also estimated. The finite element 

analysis was performed within the electric currents physics of COMSOLôs AC/DC module, 

and the solution was obtained with the BiCGStab iterative solver.  

 

4.2.4 Modeling Fiber Tracts and STN Projection Neurons 

We leveraged diffusion-weighted imaging and probabilistic tractography (Fig. 4.1B) to 

extract subject-specific trajectories of the internal capsule (IC) (i.e. corticospinal tracts 

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

and axons coursing through the lenticular fasciculus and joining the thalamic fasciculus 

(ThF) [96]. The tractography termination mask for IC was derived from FreeSurferôs 

cortical parcellation of precentral gyrus using the Destrieux atlas, while the seedpoint mask 

was set to be the ipsilateral crus cerebri. For SCP, the seedpoint mask 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 the decussation 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 thalamus.  Finally, the pallido-thalamic tract was obtained by 

joining tractography streamlines for the lenticular fasciculus with streamlines for the 

thalamic fasciculus. The joining was defined to occur at the region medial to the substantia 

nigra and lateral to the anterior portions of red nucleus. This region was used as a seedpoint 

mask for tractography for both the lenticular fasciculus and for the thalamic fasciculus, 

with the globus pallidus and the thalamus used as termination masks, respectively.  After 

generating the fiber tract trajectories, the tracts were populated with myelinated axons 

(fiber diameter: 2 ɛm; inter-nodal spacing: 0.2 mm; passive first and last nodes) using the 

threshold-contour mapping procedure described in [171]. Also, axons that overlapped with 

the lead were removed.  

We also modeled projection neurons of the STN.  The STN was manually 

segmented from ultra-high field T2-weighted or SWI coronal images (Fig. 4.1B), as 

performed in previous ultra-high field studies imaging the basal ganglia [41]. The STN was 

subsequently populated with neurons consisting of realistic morphologies of dendrites, 

somas, and axons derived from staining experiments in non-human primates [169]. The 

axons of these STN neurons were oriented such that the main axis of the STN neuron 

axonal projections 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, ThF, and STN, we also constructed the 

hyperdirect pathway (HDP) given its potential relevance to DBS therapy for Parkinsonôs 

disease [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 superior-inferior level of STN were selected as seed points 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 predominantly superior-to-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 the DBS lead were removed from further 

simulations.  The simulated fibers were subsequently modeled as myelinated axons with 1 

ɛm diameter, 0.2 mm internodal spacing, and with passive nodes at first and last nodes to 

prevent low-threshold terminal activation.  

 

4.2.5 Activation Prediction 

Membrane activity of the axon models were simulated in the programming 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 

multicompartment axons and multicompartment neuron models, which included cell 

bodies, dendrites, and axons [137]. DBS was modeled using NEURONôs e_extracellular 

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 current-controlled (BSC) or voltage-controlled (MDT) 

waveform consisting of a 60 ɛs cathodic pulse, a 400 ɛs interphase delay, and a 2 ms anodic 

phase.  Waveforms were filtered as described previously to generate voltage waveforms 

consistent with those found in tissue [189].  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 algorithm 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 in [181], a modified activating function (MAF) value at 

threshold was computed by scaling the FEM-derived distribution of electric potentials 

using the threshold current value. The maximum MAF value along each axon at activation 

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 activation of any axon 

in that pathway. This MAFT value was supplied to the particle swarm optimization 

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 problems by modeling the social behavior of 

swarms of simple organisms [159].  Through cooperation over many iterations, the 

members of a swarm explore their problem space to identify the best (i.e. optimal) solutions 

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

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

and others [190]. In this study, we implemented the PSO algorithm to identify the set of 

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

DBS using the BSC 2202 DBS lead in the presence of multiple neighboring tracts.  As 

performed previously [181], we defined 100 ñparticlesò, where each particle was an 

instance of a DBS lead (Fig. 4.2A).  Eight of the particles were initialized with a single-

electrode configuration, and the rest of the particles were initialized with random electrode 

configurations, each representing an initial position in eight-dimensional ñelectrode 

spaceò.  Particles were then allowed to move stochastically within this electrode space.  At 

each iteration, each particle gained a new electrode configuration corresponding to its 

location in electrode space, and the ñsuccessò of each electrode configuration was 

evaluated and stored.  The particlesô movement through electrode space was guided by 

three components (Fig. 4.2B): (1) a ñsocialò component attracting the particles toward a 

point that the swarm has collectively deemed as most ñsuccessfulò (i.e. global best), (2) a 

ñcognitiveò component, attracting each individual particle toward a point deemed most 

ñsuccessfulò based on its own history (i.e. personal best), and (3) ñinertiaò, based on the 

actual velocity of each particle at any given iteration.  Mathematically, particle positions 

and movement were represented as follows: 
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ὶ ὸͯ Ὗπȟρ 

 

where i is the index of the particle, t is iteration number, x is particle position, v is velocity, 

j is electrode index, y is a personal best as of the given iteration, ώ is a global best as of the 

given iteration, c1 is weighting of the cognitive component, c2 is the weighting of the social 

component, w is the weighting of the inertial component, n is the total number of iterations, 

and r1 and r2 are uniform random variables that help promote exploration.  The inertial 

weighting w was set to be highest at initial iterations to promote initial exploration. In 

accordance with our previous work [181], we defined the parameters as follows: c1 = 4.5, 

c2 = 0.2, n = 200, w(0) = 0.9, w(n) = 0.4. 

 

 
 

Figure 4.2: Overview of multi-objective particle swarm optimization algorithm. (A) 

ñParticlesò were defined as N instances of DBS leads, each with a different electrode 

configuration, corresponding to an eight-dimensional point in electrode space (schematic 

projection into 2D shown).  (B) Each particle explored the electrode space with stochastic 

movement that was guided by location designated as local leaders (cognitive), locations 

designated as global leaders (social), and inertia.  (C) Each particle was mapped onto 

objective space, and non-dominated particles were tracked to generate a Pareto front.  (D) 
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The Pareto Front improved over the course of the iterative exploration.  (E) The final 

output Pareto front was set after reaching the pre-defined iteration limit.  Each point on 

the Pareto front represented a distinct Pareto optimal electrode configuration, given 

tradeoff objectives in the multi-objective space.  

 

4.2.7 Dominance-based 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, particles can be evaluated based on their 

objective function value.  However, in the present work, we defined a multi-objective 

problem consisting of six objectives. We designed the following optimization problem: 

Given a certain power budget, find the best ways to distribute current across the electrodes 

(i.e. the best electrode configurations) to maximize activation in target pathways (SCP, 

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

ML).  Mathematically, this was represented as follows: 

 

maximize Ὣ ●ᴆ 

  

 Ὣ ●ᴆ  

  

 Ὣ ●ᴆ  

  

 Ὣ ●ᴆ  

  

minimize Ὣ ●ᴆ  

  

 Ὣ ●ᴆ 

  

 

subject to ●ᴆ Ṍπ 
 

 ●ᴆὙ ●ᴆ ὖ 
  

 

where Ὣ●ᴆ  В ὌÍÁØὅȟ●ᴆ ‌ 

 



 

 

75 

 

where x is electrode configuration constrained to be cathodal stimulation only,  Ὣto Ὣ 

functions that predict number of axons activated in SCP, ThF, STN HDP, IC, and ML, 

respectively, H is the Heaviside function,  l is the tract index, k is the axon index within the 

tract, U is the total number of axons in a tract, C is the matrix that maps electrode 

configurations to activating function values, Ŭ is the MAFT value, R is an eight-by-eight 

diagonal matrix in which diagonals represent the impedance of the electrodes, P is the 

power budget. Based on an in vivo prospective study [50] and on our finite element 

modeling, we heuristically assigned an impedance of 1 kÝ to the tip contact and cylindrical 

contact of the BSC DBS lead, and assigned an impedance of 2 kÝ to the directional 

contacts.  Furthermore, in the data presented here, we set a power budget of 6.25 mW 

across. 

Evaluating electrode configurations for multi-objective problems poses a unique 

challenge compared to single-objective problems in that there is no clear objective 

function.  In our previous implementation of PSO for DBS programming [181], we 

addressed this issue by forming a linear aggregate objective function through a weighted 

sum of each of the objectives: 

 

minimize ὃὫ ●ᴆ ὃὫ ●ᴆ ὃὫ ●ᴆ  Ễ ὃὫ ●ᴆ 

 

subject to ὓ ὼ π, Ὧ ρȟȣȟὑ  

 

where A 1, A2, A3, and An are weightings applied to each objective, M is the cathodal current 

bound, ●ᴆ is the vector of amplitudes applied to each contact, and K is the number of 

contacts.  This objective function enabled the selection of local best and global best points 

to guide exploration of the particles.  We furthermore tracked the evaluated solutions in 

terms of their dominance (Fig. 4.2C), removing any candidate solutions for which another 

solution existed that was better in all objectives.  This collection of non-dominated 

solutions, referred to as the Pareto Front, enabled us to track multi-objective information 

in spite of having a single aggregate objective function to guide the search. While such a 

hybrid approach to multi-objective optimization can be expanded to a higher number of 

objectives, selecting the weightings can be subject to arbitrary criteria.  To accommodate 

multiple pathways of interest and avoidance, we extended our original PSO technique using 

a purely Pareto dominance-based approach [163].  The dominance-based method contrasts 



 

 

76 

 

with the previously described approach in that its aim is solely to enhance the Pareto front, 

rather than trying to optimize for a single aggregate objective function.  The dominance-

based method bypasses the linear aggregate function by constructing an objective vector 

from the objectives: 

 

▌ᴆ  ộὄὫ ●ᴆȟὄὫ ●ᴆȟὄὫ ●ᴆȟỄȟὄὫ ●ᴆỚ 
 

where B1, B2, B3, and Bn are not weights, but simply set to -1 or +1 depending on whether 

the region or pathway is one to target (-1) or avoid (+1).  At each iteration, objective vectors 

are compared in terms of their dominance, and those that are not dominated are appended 

to the Pareto front. The goal of the optimization, then, is to continually find objective 

vectors that dominate the previously identified objective vectors: 

 

▌ᴆṊ▌ᴆ ȟ      ᶅὲ ɴ Ὀ 

 

where D is the set of all points on the Pareto front. Pareto fronts were calculated for each 

particle, which provided the seeds to generate a population-based Pareto front using an 

adapted version of the Moore Chapman approach [163].  In this approach, the Pareto Front 

represents the best solutions obtained so far, based on Pareto-dominance.  A random point 

on the Pareto Front is selected as the global best, and 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 and global 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 this can lead to a slower exploration process, the dominance-based PSO technique 

avoids the use of arbitrary objective function weights associated with each pathway.  In 

this manner, the dominance-based PSO enables multiple pathways to be added for 

optimization without prior knowledge of how to weight each pathway.   

 We ran the multi-objective PSO (MOPSO) for each of the eight STN DBS implants, 

obtaining a Pareto Front for each (Fig 4.2D) in which each point represents an activation 

profile, and has a corresponding electrode configuration. We then compared the MOPSO 

output to single-electrode configurations. 
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4.3 Results 

4.3.1 Relationship between Pathway 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 process (Fig. 4.3B).  These included 

SCP, ThF, HDP, and STN. ML activation occurred infrequently and in small amounts.  

Across all subjects (Fig. 4.3C), the final therapeutic setting used primarily activated both 

the STN and the HDP.  In some implants, minor activation in ThF and IC occurred as well.  

 
 

Figure 4.3: Percentage of pathways modulated by DBS for the clinically optimized DBS 

setting in each subject. (A) Sample monopolar review for a subject whose motor sign 

assessments included 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 setting (circled) was used as the 
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clinically-optimized DBS setting.  (B) The models indicated 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 were most activated 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 pathways within 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 patient.  In the single-

electrode simulation of the BSC 2202 DBS lead, applying currents between 0.5 to 5 mA 

on each contact yielded a range of activation profiles (Fig. 4.4), 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 the strongest correlations 

occurring between ThF & SCP and STN & HDP. Significant correlation coefficients (p < 

0.01) via non-parametric Spearman correlation were as follows: SCP/ThF, 0.77; SCP/STN, 

0.34; SCP/HDP, 0.26; ThF/STN, 0.41; ThF/HDP, 0.27; STN/HDP, 0.66; STN/IC, 0.24; 

HDP/IC, 0.42. 
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Figure 4.4: Correlation between activation of different pathways.  ML pathways not shown 

due to low occurrence of activation.  

 

Across all subjects, the activation profiles were direction-dependent (Fig. 4.5).  Tip 

electrodes (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, resulting in activation 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 medial contacts, which were more likely 

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

HDP to the exclusion of other pathways.  



 

 

80 

 

 

Figure 4.5: Single-electrode results for BSC DBS lead across all subjects.  Activation 

profiles exhibited directional dependence, such that medial contacts (middle bars within 

each region for S1 to S6 and S8, leftmost bars within each region for S7) activated STN, 

HDP, ThF, SCP, and only minor amounts of IC; lateral contacts (rightmost bars within 

each region for S1 to S7, leftmost bars within each region for S8) activated STN, HDP, IC, 

some ThF, and minor amounts of SCP; anterior contacts (leftmost bars within each region 

for S1 to S6) activated STN, HDP, and in some cases IC; and posterior contacts (middle 

bars within each region for S7, rightmost bars within each region for S8) activated STN, 

HDP, and IC. 
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4.3.3 MOPSO Output 

The result of running the MOPSO algorithm was a six-dimensional Pareto Front. In most 

cases, ML activation was limited, so only five of the six objectives required visualization.  

As such, visualization of those five objectives required at least two Pareto Fronts. Each 

point on any of the Pareto Fronts corresponded to an electrode configuration (Fig. 4.3C) 

and an activation profile (Fig. 4.3D).   

 

 

 
Figure 4.6: MOPSO results for an STN DBS lead in Subject 6. (A & B) Two different 

projections of the six-dimensional Pareto front showing five of the six objectives (no ML 

activation occurred in this subject). Each point on the Pareto Front, corresponded to an 

eight-dimensional electrode configuration (C) and a six-dimensional objective vector (D).  

(E) The electrode configuration from (C) is shown in the insets, consisting of multiple 

electrodes oriented along the medial-facing column of the BSC DBS lead. 

 

Optimal electrode configurations often consisted of either a single dominant 

electrode or a dominant electrode surrounded by multiple other electrodes delivering 

smaller though still appreciable amounts of current (Fig. 4.6).  For example, at a threshold 



 

 

82 

 

of 50% of the peak electrode current, about 30% of points on the Pareto Front had multiple 

electrodes active, compared to 40% that had a single electrode active (Fig. 4.7A).  These 

multi-electrode solutions tended to ñbridgeò the objective space in between single-

electrode solutions (Fig. 4.7B).   

MOPSO solutions were evaluated compared to the best single-electrode results 

possible 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 the best for 

comparison.  The weightings selected for SCP, ThF, STN, HDP, IC, and ML were 0, 0, -

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 limit selected 

(6.25 mW), the MOPSO Pareto Front consistently contained a point that surpassed the 

single-electrode configurations in all subjects (Fig. 4.8A), achieving a lower weighted sum 

as well as a corresponding higher activation in both STN and HDP. In one instance (Subject 

2), the MOPSO solution had minor IC activation.  The MOPSO solutions contrasted with 

the single-electrode solutions in that multiple electrodes were activated simultaneously 

with distributed currents (Fig. 4.8B). In all but one case (Subject 4), the MOPSO-derived 

electrode configuration had its highest current on the same electrode as the single-electrode 

case. The total sum of current in the MOPSO-derived method was larger than the single-

electrode method, while still yielding the same amount of power based on the impedance 

of the electrodes.  

 
Figure 4.7: Number of electrodes active for MOPSO-derived electrode configurations. (A) 

Across the eight implants, at a power limit of 6.25 mW, the Pareto front with six objectives 

yielded configurations 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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Pareto Front from a sample implant, for Subject 3, illustrating the points that consist of 

one (darkest bold points), two (midsize dark points), or three or more (brighter points) 

active electrodes (at 50% threshold).  

 

 

 
Figure 4.8: Comparison of MOPSO to single-contact and clinically-optimized 

configurations. Objective vectors (A) and electrode configurations (B) of a select Pareto 

optimal solution for each of the eight implants (S1 to S8) and a single-electrode 

configuration of the BSC 2202 DBS lead, along with the clinically optimized setting of the 

MDT 3389 DBS lead. The points selected for comparison for the single-contact 2202 and 

MOPSO approaches were chosen on their ability to prioritize STN and HPD, neglecting 

SCP and ThF, and avoiding IC and ML.  (A) The objective vector from the Pareto Front 

exhibited higher STN and HPD activation compared to both the monopolar MDT and 

single-electrode BSC case in all subjects. (B) The MOPSO-derived configurations 

consisted of non-intuitive combinations of multiple electrodes, although geometric 

consistency was observed between the MOPSO-derived solutions and the single-electrode 

cases. Maximum power was set as 6.25 mW. Clinically-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 the six-objective model (Fig. 4.9).  
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Figure 4.9: Efficiency of MOPSO with increasing objectives.  Across eight implants, the 

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 understand the neural 

pathways involved in both therapy and side effects of stimulation.  In our models of the 

MDT 3389 DBS lead, we found that a number of pathways were engaged and elicited 

therapy during the programming process.  Therapy during the monopolar review occurred 

along with activation of pathways that could include STN, HDP, ThF, SCP, and to some 

extent IC (Fig 4.3A & 4.3B). However, the final therapeutic setting selected by the 

clinician was 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 necessarily indicate that STN and HDP were better at providing therapy than other 

pathways, since selection of final settings often reflects a combination of delivering therapy 

with a large therapeutic window [25].  Indeed, the implication of the engagement seen 

across pathways during the monopolar review is that multiple pathways may have relevant 

clinical effects, as suggested by previous retrospective modeling work using VTA [133].  

Along these lines, previous work by others has suggested the potential role of cerebello-

thalamic pathways (SCP & ThF) in tremor and gait [177,191], and even to some degree 

the role of IC in rigidity [174]. Finally, ML activation was relatively infrequent and low in 
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amplitude due to its distant posterior location relative to the implanted DBS leads, 

suggesting a limited role in STN DBS programming settings.  

 

4.4.2 Single-electrode Biophysical Simulations in BSC DBS Lead 

Another important consideration in designing and evaluating programming algorithms is 

the capability of the DBS system to target pathways in the absence of such algorithms.  Our 

single-electrode biophysical models of the BSC 2202 DBS lead showed that pathways were 

often inter-related in their activation (i.e. a correlation was found between strength of 

activation in one pathway and strength of activation in another), and the degree of 

correlation varied across pathways.  In particular, for the placement of the DBS leads 

considered in the present study, the most highly correlated pathways were the anatomically 

adjacent SCP and ThF [96], and the STN and HDP. This correlation poses a limitation to 

separately targeting those pathways individually with current DBS lead designs and 

implant trajectories.  In spite of these correlations, the specific activation profiles depended 

on the direction of stimulation (Fig. 4.5), such that lateral contacts tended to activate IC 

more readily than other contacts, and medial contacts tended to activate ThF and some SCP 

more than other contacts.  This directional dependence of activation profiles is consistent 

with a previous simulation study using VTAs [51].  However, we observed that the 

differences across such activation profiles could be subtle (e.g. Fig. 4.5, Subject 4, row 1, 

lateral vs. anterior contacts), making it difficult to design an optimal activation profile 

based solely on knowledge of electrode placement. Similarly, a recent prospective study 

with directional DBS systems reported that the posteromedial electrodes were most 

frequently chosen clinically for therapy, but variation was found in the chosen orientation 

[50].  We additionally observed that the proximal cylindrical contact activated multiple 

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 direction-dependent targeting among these three activated pathways, which could 

be of additional clinical value given the proximity of this row to the regions dorsal to STN 

[133].  
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4.4.3 MOPSO Output 

In this study, we ran the MOPSO programming algorithm on all eight simulated STN DBS 

implants using a fixed power constraint (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 regions (SCP, ThF, STN, HDP), and minimize activation of regions associated 

with side effects (IC, ML).  The result for each run was a six-dimensional Pareto Front 

(Fig. 4.6A & 4.6B), consisting of a range of candidate solutions that exhibited trade-offs 

in pathway activation.  Visualization of the multi-objective Pareto Front required two 

separate Pareto Fronts each with three dimensions.  Each point on the Pareto Front 

corresponded to an electrode configuration (Fig. 4.6C) and a resulting activation profile 

(Fig. 4.6D).  Choosing alternate candidate points 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 would enable the clinician to prioritize pathways based on the goals 

for a patientôs therapeutic outcome or for a research study.  The sample solution highlighted 

in (Fig. 4.6B) prioritized high STN & HDP activation, which was achieved through the use 

of multiple posteromedial and one superior contact.  

 One important outcome of MOPSO programming method was the simultaneous 

stimulation through multiple distributed contacts.  Such multi-contact configurations were 

frequently found on the Pareto 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.  These multi-electrode configurations tended to occur ñin 

betweenò the single electrode solutions on the Pareto Front (Fig. 4.7B), indicating their 

role in simultaneous engagement of multiple pathways.   

Notably, these multi-electrode configurations had a total sum of current that 

exceeded that of their single-electrode counterparts, due principally to the sum of power 

constraint rather than constraining the sum of current.  Taking into account the impedance 

differences between the directional and cylindrical contacts, and the fact that a constraint 

on the power allows more current than a constraint on the sum of current (i.e. as a 
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consequence of the sum of squares inequality, a2+b2 Ò (a+b)2), the optimal configurations 

were found to be non-intuitive distributions of current across multiple electrodes. 

To compare the performance of targeting by the MOPSO approach to the 

performance from the single-contact cases, electrode configurations were chosen such that 

the activation profiles minimized a quantitative weighting that 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 activation in the MOPSO solutions than the 

single-contact 2202 cases for the same amount of power (Fig. 4.8A). Activation profiles 

for both cases also exhibited some SCP and ThF activation in 7 of 8 STN implants. In terms 

of electrode configurations, the best single-contact configuration was consistent with the 

most active contact in the MOPSO solutions for six of eight simulated implants, with the 

contacts being adjacent to each other in the remaining two implants. That said, the MOPSO 

solutions consistently had multiple active centrodes, with the dominance of a 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 done purely to make quantitative comparisons that could be standardized 

across subjects.  The MOPSO itself did 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 clinically optimized setting to the 2202 single-contacts 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, and minor IC activation in 

Subjects 2, 6, and 8.  For all subjects, the activation of STN and HDP was less for the 

clinically optimized MDT 3389 lead implants than for the single-contact 2202 and MOPSO 

settings. This difference in magnitude was due in large part to the relatively lower 

stimulation level that could applied clinically, given the emergence of side effects. This 

corresponded to a total average current of 2.16 mA, corresponding to a power of about 4.7 

mW, compared to 6.25 mW for the simulations with the BSC lead.  Interestingly, the 

clinically chosen contact through the MDT 3389 lead was in the same row as the 

simulation-derived contacts for the BSC 2202 lead in only 2 subjects (Subjects 2 & 6). For 
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other subjects, the clinically chosen contact was on an adjacent row to the algorithm-

derived primary active contacts. 

As a note on efficiency, the MOPSO runtime for the six objectives discussed here 

was about 5 minutes (Fig. 4.9).  This runtime changed at a linear rate with respect to the 

number of objectives.  Such a short runtime is not restrictive, and is therefore amenable to 

implementation as part of a larger framework of subject-specific modeling for DBS 

programming.  It is important to consider, however, that while the algorithm was designed 

to run efficiently, the process of building the subject-specific finite element models and 

generating the axonal pathway models remains a largely manual process.  Additional 

advances in automating the co-registration of imaging data sets, segmentation of nuclei and 

fiber pathways, and reconstruction of axonal trajectories based on diffusion weighted 

imaging will be needed to make the full clinical implementation of the particle swarm 

optimization algorithm feasible at high volume DBS implant centers. 

 

4.4.4 Limitation s 

This study was limited in its retrospective approach, which prevented evaluating the 

clinical effects of the optimal configurations derived from the MOPSO algorithm.  As 

directional DBS systems become more clinically widespread, clinical and research centers 

with sufficient pre-operative imaging will be able to apply this MOPSO platform. Such an 

implementation would have relevance for both targeted programming and for 

investigations into the clinical role of modulating particular pathways within the brain. 

Another limitation was the use of a single STN region in the objective function.  

Studies have shown that STN exhibits a topographic substructure [39], with 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 subdivisions, and future efforts will focus on how these subdivisions 

influence optimal programming settings.  

A third limitation was our use of the ñactivating functionò paradigm to predict 

activation for the MOPSO approach.  The activating function has been shown to be 

sensitive to a range of parameters, including axonal geometry, distance from the lead, and 

temporal parameters like frequency and pulse width [111,192].  The MDT 3389 
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simulations and the BSC 2202 single-contact simulations were all based on multi-

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 activating function thresholds 

using the BSC 2202 single-contact 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 Conclusions 
 

With recent advancement in spatial and temporal precision of DBS [47], there is potential 

to further tailor DBS therapy at the individual level. However, advancements in DBS lead 

designs and multi-channel independent current-controlled technology have also created 

new challenges in managing higher system complexity in the clinical environment. This 

dissertation addressed these challenges using two different computational approaches. We 

addressed the need for spatial targeting techniques by developing convex (Chapter 2) and 

then non-convex (Chapter 3) methods to select optimal electrode configuration in DBS for 

Essential Tremor.  Furthermore, we adapted the non-convex approach to handle multiple 

clinically relevant pathways, and demonstrated its utility in a retrospective study of STN 

DBS subjects. The outcomes of these investigations provide platforms to enhance 

programming through efficient navigation through large DBS parameter spaces and 

through more efficient identification of pathways underlying therapy and side effects of 

DBS. Future application of these algorithms will require careful behavioral and electro-

physiological assessments. Toward this goal, this dissertation also developed the 

computational pipeline to investigate the relationships between spectral features in non-

invasive magnetoencephalography (MEG) recordings in the context of Parkinsonôs disease 

and medication therapy (Appendix). 

 

5.1 Summary of Findings 

In Chapter 2, we developed a computationally efficient, model-based algorithm to identify 

an electrode configuration that most strongly activated tissue within a volume of interest. 

The cerebellar-receiving area of motor thalamus, the target for treating essential tremor 

with DBS, was rendered from MR imaging data and discretized into grid points aligned in 

approximate afferent and efferent axonal pathway orientations. A finite-element model 

(FEM) was constructed to simulate the volumetric tissue voltage during DBS. We then 

leveraged the principle of voltage superposition to formulate a convex optimization-based 

approach to maximize activating function (AF) values at each grid point (via three different 

criteria), hence increasing 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 seconds. The resulting optimal electrode 

configurations and resulting AF values differed across each optimization criteria, and 

showed dependence on fiber orientation.  

In Chapter 3, we leveraged swarm intelligence techniques to develop a non-convex, 

particle swarm optimization (PSO) based approach to program DBS arrays using a swarm 

of individual particles representing electrode configurations and stimulation amplitudes. 

Using a finite element model of motor thalamic DBS (as done in Chapter 2), our objective 

was to evaluate the efficiency of the PSO algorithm in optimizing a three-objective function 

that maximized axonal activation in one pathway of interest (ROI, cerebellar-receiving area 

of motor thalamus), minimized axonal activation in one pathway of avoidance (ROA, 

somatosensory thalamus), and minimized power consumption. The algorithm solved the 

multi-objective problem by producing a Pareto front consisting of a collection of Pareto-

optimal (i.e. tradeoff) solutions. ROI and ROA activation predictions were consistent 

across swarms (<1% median discrepancy in axon activation). The algorithm was able to 

accommodate for (1) lead displacement (1 mm) with relatively small ROI (Ò9.2%) and 

ROA (Ò1%) activation changes, irrespective of shift direction; (2) reduction in maximum 

per-electrode current (by 50% and 80%) with ROI activation decreasing by 5.6% and 16%, 

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 <1% between 

approaches.  

In Chapter 4, we developed detailed subject-specific models of human Parkinsonôs 

disease subjects in order to present and evaluate a multi-objective particle swarm 

optimization (MOPSO) algorithm. In this retrospective modeling study of seven human 

subjects who had undergone DBS of the subthalamic nucleus (STN), we modeled a four-

contact Medtronic 3389 lead and an eight-contact Boston Scientific 2202 lead, each with 

the same position and orientation according to the patient-specific imaging data. We also 

modeled neighboring pathways, including the 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 constraint, the MOPSO approach 

efficiently constructed a range of optimal electrode and current combinations in less than 
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five minutes that maximized activation in STN, SCP, ThF, and HDP while minimizing ML 

and IC, as defined by Pareto-optimality. In addition, the MOPSO-derived predictions for 

programming the Boston Scientific 2202 lead achieved higher activation in the STN and 

HDP compared to any single contact using the same lead, and these solutions exhibited 

non-intuitive, multi-electrode configurations across all subjects. Finally, our retrospective 

modeling also indicated the engagement of SCP, ThF, STN, HDP, and IC during the 

programming process, and that clinically-optimized therapeutic settings achieved primarily 

activation of STN and HDP suggesting these two pathways are critical for achieving high 

levels of therapy on parkinsonian motor signs. 

 

5.2 Experimental Assessment of Algorithm Performance 

In the short-term, the next step in developing the programming approaches presented here 

is to expand their capabilities.  In particular, the temporal parameters of the waveform (e.g. 

pulse width, waveform shape) have been shown to influence fiber recruitment [111], in 

some cases having more subtle but relevant dynamic effects beyond what can be 

determined by the spatial characteristics of the 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 ñactivating functionò calculation [107], which predicts activation using 

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 will need to either train efficient predictors that emulate the ñgold 

standardò multi-compartment axon approach [112], or develop robust model fits that relate 

specific stimulus parameters (e.g. electric potential distribution, waveform shape) to 

specific spatial parameters of interests (e.g. stimulation extent [194], fiber orientation 

[195]).   

Another important future direction 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 programming approaches presented in this dissertation are well-

suited to facilitating this investigational probing of pathway involvement by helping to 
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control the ñinputò to the system. On the other hand, methods leveraging electro-

physiology also present a major opportunity for developing objective metrics to evaluate 

programming outcomes, providing a clear ñoutputò for analysis. Previous work in 

subcortical (acute [196] and chronic [197]) and cortical (acute [198]) recordings show 

promise in this domain. For example, in the context of VPLo-DBS, one could record 

neuronal spike activity in both primary motor cortex (M1) and primary somatosensory 

cortex (S1) to assess the degree to which the algorithms developed in this dissertation can 

successfully predict stimulation settings that more selectively activate the corticothalamic 

and thalamocortical pathways between VPLo-M1 and between VPLc-S1. Similarly, 

assessment of the algorithms for STN DBS targeting could compare neuronal spike 

recordings within GPi to 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 target one pathway over another, it will also 

be important to validate how well the subject-specific models can predict the percent 

activation within a given pathway. While recording from individual, let alone populations 

of axons, is extremely difficult, there are electrophysiological techniques to assess 

antidromic and orthodromic modulation of neuron cell bodies with axons coursing near the 

active electrodes as well as neuron cell bodies and dendritic processes innervated by axonal 

processes that may be modulated by DBS.  Such validation experiments will no doubt 

require sampling from a large population of neurons, especially when considering that 

many model predictions found 10% or fewer of the axons within a pathway activated for 

any given stimulation setting. More broadly, however, validation of subject-specific DBS 

models is still a need and a limitation in the application of subject-specific models in 

general for clinical and research purposes.  While inhomogeneity [188], anisotropy [121], 

and electrode-tissue interface [199] have been found to relate to metrics of model accuracy, 

it remains unclear how critical any given layer of complexity is to true predictive accuracy, 

or whether there is a missing layer of complexity needed to fully capture the critical factors.  

In the context of assessing the algorithm performance in human DBS patients, non-

invasive functional imaging approaches ï such as MEG, fMRI, and PET ï will be useful. 
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Toward this end, a preliminary study in Parkinsonôs disease patients undergoing MEG was 

performed to first assess the variability in cortical spectral features amongst a cohort of 

individuals diagnosed with Parkinsonôs disease (Appendix). Applying MEG techniques to 

DBS programming, however, faces a number of technical hurdles in terms of the 

complexity of the data [200] and removal of stimulation artifacts that can interfere with 

interpretation of the data [201]. However, more fundamentally, the use of MEG to inform 

DBS programing requires that cortical MEG-detectable biomarkers of disease be 

established for the various DBS indications.  This dissertation demonstrated the relevance 

of motor subtypes to the cortical signature of Parkinsonôs disease, and other work has 

shown the occurrence of disease-related coherence [202] and network connectivity [203]. 

However, more work in larger cohort sizes, and new techniques in large data analysis [200] 

are needed to establish robust cortical markers that correlate with clinical phenotypes and 

individual parkinsonian motor signs.  Ultimately, a MEG-detectable cortical biomarker 

would have strong implications not only for DBS programming, but for patient selection 

and for probing disease development over time.  

 

5.3 Clinical Translation  

To translate the programming algorithms developed in this dissertation to clinical settings, 

the major hurdle to overcome is the development of streamlined and automated processes 

for building subject-specific models.  Currently, the steps of image segmentation, image 

registration, lead localization, and finite element modeling can be time-consuming and 

require trained individuals to perform.  While a number of software resources currently 

exist to facilitate some of these processes (e.g. FSL, FreeSurfer), a more integrated 

approach is needed to promote widespread use in centers with high patient volume.  Such 

development of automated techniques will be essential not only to apply these models to 

inform programming, but also to 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 leverage 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 ï including addiction [204], treatment-resistant depression [172], and 

traumatic brain injury [205] ï 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 patient-specific DBS parameters to test thus enabling more rigorous within-

subject experimental designs. Such programming algorithms may be especially useful for 

treating patients in which DBS is known to have long wash-in periods, such as dystonia 

and treatment-resistant depression, and not conducive to rigorous monopolar review 

programming approaches. 
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APP.1  Introduction  

Eletrophysiological studies of Parkinsonôs disease provide strong evidence for the presence 

of clinically relevant hypersynchrony underlying disease pathophysiology, particularly in 

the beta band (13-35 Hz) [33ï35]. Non-invasive magnetoencephalography (MEG) studies, 

for example, have pointed to the occurrence of disease-related cortical hypersynchrony. 

These include correlations between beta power and contralateral motor impairment [206], 

reduced dynamic changes in beta during movement tasks [207], sensorimotor beta power 

differences compared to healthy controls [208,209], as well as disease-related links 

between motor cortical activity and basal ganglia activity [210], muscular activity [202], 

and other cortical activity [203].  

One neurophysiological measure of network dynamics that may have relevance to 

Parkinsonôs disease pathophysiology is phase-amplitude coupling (PACb-HFO) in which the 

amplitudes of high frequency oscillations (HFOs) are phase-locked to the low-frequency 

oscillations in the beta band. In Parkinsonôs disease, elevated levels of PACb-HFO have been 

reported to occur in the basal ganglia [196,211ï213], where the degree of coupling was 

found to depend on disease severity [129], deep brain stimulation therapy [212], and 

therapeutic dopamine replacement [196]. Elevated levels of PACb-HFO have also been 
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reported in focal recordings of the sensorimotor cortex [198,214,215], with a reduction in 

coupling in response to therapy.  Such elevated PACb-HFO has been proposed to represent 

a pathological hypersynchrony between local neuronal spiking and low frequency signals 

that facilitate neuronal communication across brain regions [216]. While PACb-HFO shows 

promise as a potential diagnostic and therapeutic biomarker for Parkinsonôs disease, there 

is limited evidence for how PACb-HFO manifests across the cortex and such signals relate 

to clinical features of Parkinsonôs disease.  

In this study, we leveraged MEG and source-space imaging to non-invasively probe 

resting-state PACb-HFO across multiple cortical regions in Parkinsonôs disease subjects. We 

also examined Parkinsonôs disease subjects on and off dopaminergic therapy. The specific 

questions we studied were the following: (1) How are cortical PACb-HFO patterns 

distributed across Parkinsonôs disease subjects? (2) How do these patterns correlate with 

clinical motor factor scores derived from Movement Disorders Society Unified Parkinsonôs 

Disease Rating Scale (MDS-UPDRS) Part III? (3) What electrophysiological changes are 

consequent to parkinsonian motor sign improvements after dopaminergic medication?  

 

APP.2  Materials and Methods 

APP.2.1 Human Subjects and Clinical Ratings 

We recruited 18 subjects with an established diagnosis of Parkinsonôs disease. Clinical 

ratings and MEG recordings were obtained from each subject after 12+ hour medication 

withdrawal (ñmed offò) as well as 45-60 minutes following administration of a 

standardized dose of medication (two tablets of carbidopa/levodopa 25/100 mg) (ñmed 

onò). This standardized dose was set to be at or higher than each subjectôs usual dose, but 

not so high as to induce dyskinesias. The med on state was subjectively confirmed by each 

Parkinsonôs disease subject. In both the med off and med on conditions, Parkinsonôs 

disease subjects were rated immediately before entering the MEG scanner by a movement 

disorders neurologist using the MDS-UPDRS Part III (motor examination) rating scale.  

Subpart scores were then summed into the following seven factor scores according to [10] 

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

Parkinsonôs disease: midline function (eight items), rest tremor (six items), rigidity (five 
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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 bradykinesia (four items). We 

also collected additional clinical features, including sex, age, disease duration, predominant 

motor sign at disease onset (based on subject interview and clinical history), Hoehn-Yahr 

stage, and Mini-Mental cognitive score (Table 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 described in the 

Declaration of Helsinki. 
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Subject 

Axial  

off      on 

Rest 

Tremor 

off    on 

Rigidity  

off     on 

Arm  

(right)  

off    on 

Arm  

(left) 

off    on 

P/K 

Tremor  

off    on 

Leg 

off    on 

 
MDS-

UPDRS III  

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 15.5 11.5 4.5 6 8.5 9 5.5 4.5 5 4 0 0 5 5  44 40 

4 1.5 0.5 4.5 3 5.5 4 3 2 2.5 0.5 1 1 1 0.5  19 11.5 

5 6 5 5 5 6.5 4.5 1.5 0.5 1.5 0.5 0 0 3.5 1  24 16.5 

6 7.5 5 0 0 9 8 1.5 0.5 2.5 1.5 1.5 1 4 2.5  26 18.5 

7 12 8 7 3.5 9.5 6.5 4.5 2 5 3.5 2 1 2.5 1.5  42.5 26 

8 15 13.5 6 5 6 5.5 10 7.5 8 6.5 1 0 8 8  54 46 

9 12 11 4 1 7 6 5 6 3.5 3 0.5 0.5 12 13  44 40.5 

10 16 20 9 7 4 2 9 6 6 4 4 4 14 9  62 52 

11 8.5 6 0 0 9.5 9.5 5 3 4 2 4 4 6 3  37 27.5 

12 18 18 0 0 6 3.5 6 3 4 1.5 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 8.5 8 9 9 0 0 12 9  45.5 37 

15 17 17 2 0 6 4 8 3 9 4 0 0 12 7  54 35 

16 5 3 1.5 0 5 4 4 3 4 3 1.5 0.5 0 0  21 13.5 

17 11 6 2.5 0 7 3 4 3 6 3 0 0 2 0.5  32.5 15.5 

18 8 3 0 0 2 2 8.5 4.5 8 4.5 0 0 7 5  33.5 19 

                  

 

Table APP.1: Parkinsonôs disease subject factor scores and response to dopamine replacement therapy. The seven parkinsonian factor 

scores correspond to categorized MDS-UPDRS Part III ratings based on [10] . The sum of all seven factor scores corresponds to the 

total MDS-UPDRS Part III score.  P/K: postural and kinetic tremor
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APP.2.2 MEG Recordings 

MEG recordings were performed in Parkinsonôs disease subjects both on and off 

medication at the MEG Unit of the King Fahad Medical City, Riyadh, using a 306-channel 

(102 magnetometers and 204 planar gradiometers) whole-head system (Vectorview; Elekta 

Neuromag Oy, Helsinki, Finland), at a sampling rate of 1000 Hz and band-pass of 0.03-

330 Hz (Fig. APP.1A). In conjunction with the MEG recordings, electrocardiogram (ECG) 

and electrooculogram (EOG) were also recorded. 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 sensitivity to noise compared to magnetometers. 

 

APP.2.3 MEG Data Preprocessing 

Temporally-extended signal space separation (tSSS) and movement correction algorithms, 

implemented in Maxfilter software (Elekta Neuromag Oy, Helsinki, Finland), were used 

to suppress external and internal noise, and compensate for a subjectôs head movement 

during the recording [217,218]. The Fieldtrip toolbox 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 high-frequency power was more than 1.5 standard deviations above the mean. The 

signal was subsequently imported into the Brainstorm software package [219] 

(http://neuroimage.usc.edu/brainstorm), where we employed signal space projection to 

remove cardiac artifacts and blinks associated with ECG and EOG events [220]. 

  

http://neuroimage.usc.edu/brainstorm
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Subject Sex 

Age 

(years) 

Disease 

Duration  

(years) 

Hoehn-

Yahr 

Stage 

Mini -

Mental 

Score 

Predominant 

Motor Sign at 

Onset 

       

1 F 68 5 2 20/25 tremor 

2 M 56 1 2 26/30 bradykinesia 

3d M 71 5 2 19/21 tremor 

4 F 57 2 2 30/30 tremor 

5 d F 62 9 2 28/28 tremor 

6 M 55 6 2 29/30 bradykinesia 

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 d,m F 53 7 2 28/30 bradykinesia 

14 d,m M 53 10 2 26/30 bradykinesia 

15 m M 70 4 3 25/30 bradykinesia 

16 M 69 1 2 30/30 bradykinesia 

17 d M 69 5 2 30/30 tremor 

18 d M 52 6 2 30/30 bradykinesia 

       

 

Table APP.2: Parkinsonôs disease subject demographic information and response to 

dopamine replacement therapy. History of dyskinesia and motor fluctuations are indicated 

by superscripts (ódô and ómô, respectively).  
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Figure APP.1: Calculation of source-space phase-amplitude coupling. (A) MEG sensor 

localization. (B) Source localization onto each subjectôs cortical surface, with a sample 

point (vertex) highlighted in white. (C) Source signals were band-pass filtered into high 

frequencies and low frequencies. Coupling was then measured between high frequency 

amplitude (solid upper line) and low frequency phase (calculated from the solid black line). 

(D) Coupling for each pair of high and low frequencies was summarized on 

comodulograms showing the phase-amplitude coupling strength across frequency bands. 

Coupling in the frequency range of interest (denoted by the white dashed box) was 

averaged and mapped onto its corresponding point on the cortex. (E) Surface rendering of 

phase-amplitude coupling strength across the cortical surface. 
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APP.2.4 Mapping MEG Signals onto the Cortical Surface 

Each subject underwent T1-weighted magnetic resonance imaging. These anatomical 

images were then processed with FreeSurfer (http://surfer.nmr.mgh.harvard.edu) 

[221,222], generating subject-specific cortical surfaces. Preprocessed sensor signals were 

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 refine registration. We 

then performed distributed source reconstruction by applying the whitened minimum norm 

estimate with depth weighting [223], an overlapping spheres head model [224], and no 

noise modeling (Fig. APP.1B).  The sources were constrained to be normal to the cortical 

surface, with other parameters having default Brainstorm values (signal-to-noise ratio: 3; 

noise covariance regularization: 0.1; depth weighting order: 0.5; maximal depth weighting: 

10). The output was a kernel that mapped the non-rejected gradiometer sensor timeseries 

to the 15,000 cortical vertices. 

 

 

APP.2.5 Cortical Phase Amplitude Coupling 

We applied the DirectPAC measure [225] 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 frequency oscillatory 

amplitudes (Fig. APP.1C). For the source signal at each point on the cortical surface, we 

generated a comodulogram (Fig. APP.1D), which shows the phase-amplitude coupling 

across a range of individual frequencies. The phase was extracted from low frequency 

components of the source signal (2-35 Hz), with each component bandpass filtered 

individually at 1 Hz bandwidth. The amplitude was extracted from high frequency 

components of the source signal (40-280 Hz), each bandpass filtered at higher bandwidths 

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 filter-related distortion 

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

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

comodulogram values within the 10-30 Hz (phase) and 50-250 Hz (amplitude) range, 

http://surfer.nmr.mgh.harvard.edu/
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providing a measure of overall PACb-HFO for every point on the cortical surface (Fig. 

APP.1E). As a feature of the DirectPAC calculation, the PACb-HFO values obtained were 

linearly biased by the duration of the signal used to compute the PACb-HFO. We corrected 

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

 

APP.2.6 Cluster Identification  

The spatial distribution of PACb-HFO
 was investigated by localizing clusters (Fig. APP.2), 

where values were in the upper 97th percentile of PACb-HFO across all subjects, 

corresponding to 0.0045 DirectPAC units. 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 centroid of the clusters (Fig. APP.2B). The cutoff thresholds for 

clusters were specified to create distinct, large clusters. Clusters that contained fewer than 

100 vertices were excluded. The 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.  

 

 
 

 

Figure APP.2: Cluster identification example. (A) The original data containing a 

continuum of PACɓ-HFO values. (B) All values above the 97th percentile (across all subjects) 
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were clustered by their Euclidean distance using a hierarchical clustering tree. Each 

cluster was assigned to the cortical region from which its centroid originated (frontal, 

sensorimotor, temporal, parietal, and occipital). 

 

 

APP.2.7 Generalized Linear Modeling Relating PACɓ-HFO Clusters 

to Clinical Factors 

In order to assess the relationship between motor factor scores and the occurrence of PACɓ-

HFO clusters, we constructed generalized linear models (GLM) that mapped each of the 

seven motor factor scores listed in Table APP.1 to the probability of cluster emergence in 

each brain region. This was performed separately for the med off and med on conditions. 

The emergence of PACɓ-HFO 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 and the clinical factors. Therefore, for each 

GLM, the following log-likelihood was iteratively maximized using the fitglm functions in 

MATLAB R2016b: 

 

ÌÏÇὒ ‌ȟ‍ȠὈὥὸὥ ‌ ‍ὢὣ  ÌÏÇρ Ὡ  

 

where L was the likelihood of observing the data given the fit parameters, Ŭ was the 

intercept, ɓ was the predictor coefficient, n was the number of observations (i.e. 18 

subjects), Y was a binary value indicating the presence or absence of a cluster in either the 

left or the right hemisphere, and ὢ was 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 factor considered. We subsequently 

investigated the influence of the other sources of clinical heterogeneity in our cohort by 

constructing a second set of GLMôs incorporating six additional clinical factors that 

included the following data from Table APP.2: gender, age, disease duration, predominant 

motor sign at disease onset, Hoehn-Yahr stage, and mini-mental score. Therefore, this 

second set of GLMôs consisted of 13 factors in total.  In both sets of GLMôs the single-

predictor models with the best fits were obtained. 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 chi-squared statistic for the change in deviance using one degree of freedom. 

 

APP.2.8 Changes in PACɓ-HFO Due to Dopaminergic Therapy and 

Motor Improvement  

We used McNemarôs test with exact p-values to determine changes in clusters of PACb-HFO 

with respect to medication. In addition, we performed a point-by-point subtraction of the 

ómed offô andómed onô values to assess the change in PACb-HFO strength at each of the five 

cortical regions. Finally, correlations between PACb-HFO changes and motor sign 

improvements (as measured by changes in MDS-UPDRS Part III and by motor factor 

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

multiple comparisons. 

 

APP.3  Results 

APP.3.1 Spatial Distribution of PACb-HFO Clusters 

PACb-HFO 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 clusters across 5 

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 in any region.  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 subjects.  In 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 PACb-HFO 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). 

 

 
 

Figure APP.3: Axial view of PACb-HFO clusters across all subjects (off medication).  

Subject numbers are the same as those listed in Tables APP.1 & APP.2. Subjects were 

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

block distance between cluster tables for each subject.  The centroid of each cluster was 

projected outward and labeled with a letter corresponding to its region of origin: óFô 

(frontal), óSô (sensorimotor), óTô (temporal), óPô (parietal), óOô (occipital). 
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Figure APP.4: Axial view of PACb-HFO clusters across all subjects (on medication).  

Subject numbers are the same as those listed in Tables APP.1 & APP.2. Subjects were 

arranged as based on city block distance from the óoff medicationô condition to facilitate 

visual comparisons across the two medication conditions. The centroid of each cluster was 

projected outward and labeled with a letter corresponding to its region of origin: óFô 

(frontal), óSô (sensorimotor), óTô (temporal), óPô (parietal), óOô (occipital). 

 

 

APP.3.2 Generalized Linear Models to Map Clinical Features to 

Cluster Occurrence 

The significant GLM results are illustrated in Figure APP.5. In the med off condition, the 

GLMs that only incorporated motor factor scores had two single-predictor models with 

significantly lower deviance than a predictor-independent constant model: rest tremor with 

frontal clusters (p-value: 0.0227; coefficient (SE): -0.388 (0.204); intercept (SE):  1.294 

(0.836); Fig. APP.5A) and leg bradykinesia with temporal clusters (p-value: 0.0223; 

coefficient (SE): -0.507 (0.336); intercept (SE):  0.817 (1.187); Fig. APP.5B).  In the med 
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on condition, there were three models with significantly lower deviance: rest tremor with 

frontal clusters (p-value: 0.00967; coefficient (SE): -0.634 (0.332); intercept (SE):  0.798 

(0.664); Fig. APP.5C), rigidity with temporal clusters (p-value: 0.0133; coefficient (SE): 

0.639 (0.323); intercept (SE):  -3.528 (1.645); Fig. APP.5D), and postural/kinetic tremor 

with occipital clusters (p-value: 0.0135; coefficient (SE): -1.073 (0.682); intercept (SE):  

1.375 (0.696); Fig. APP.5E).   

In GLMôs that incorporated the data from Table APP.2, we found that only the 

motor sign at disease onset provided a significantly better single-predictor fit relative to 

predictor-independent constant models. Specifically, subjects 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 (p-value: 0.00283) and med on conditions (p-value: 0.0109) 

(Fig. APP.5F). Performing a chi-square proportions test for both med off and med on 

conditions confirmed that subjects with predominant bradykinesia at onset had a 

significantly higher incidence of PACb-HFO clusters in the frontal regions compared to 

subjects with predominant tremor at onset (med off p-value: 0.0044; med on p-value: 

0.0147). 
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Figure APP.5: Associations with significant GLMôs mapping clinical features to the 

probability of cluster occurrence.  For visualization, random jitter was added in the y-

direction (A-F) and in the x-direction (F). Factors shown provided significantly better fits 

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

tremor negatively correlated to the occurrence 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 (respectively) to the occurrence of temporal clusters. (E) 

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

 

 

APP.3.3 Changes in PACb-HFO with Medication 

In considering PACb-HFO cluster changes due to medication, we maintained a separation 

between subjects with different predominant motor sign at onset.  As shown in (Fig. 

APP.6), medication had no significant effect on the PACb-HFO clusters in any brain region 

for either of the two modes of onset (McNemarôs test with exact p-values, p > 0.05).  

Meanwhile, dopamine replacement therapy had a range of effects on cortical PACb-HFO 

intensity that were heterogeneous across the cohort of subjects (Fig. APP.7A). 

Furthermore, these changes in PACb-HFO generally did not correlate with changes the MDS-

UPDRS Part III scores (Fig. 7B) or with changes in the corresponding factor scores 

(Supplementary Figure APP.2) (Spearman rho tests: p > 0.05 for all comparisons). 
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Figure APP.6: Incidence of PACb-HFO cluster centroids in five different brain regions. 

Values of colors are shown in percentages. Regions: (1) frontal, (2) sensorimotor, (3) 

temporal, (4) parietal, and (5) occipital. Centroids were defined for each PACb-HFO cluster. 

Percentages reflect the total number of subjects with predominant tremor 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 source-space signal processing methods to 

investigate cortical PACb-HFO across a range of clinical features in Parkinsonôs disease. 

Building off of other groupsô work in healthy subjects [226], our study highlights the 

capabilities of magnetoencephalographic imaging to reveal distinct cortical PACb-HFO 

spatial profiles in neurological disorders. We found that cortical PACb-HFO was present 

across the cortex, that clusters of cortical PACb-HFO were negatively correlated with clinical 

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

and that medication had no consistent effect on cluster occurrence or cortical PACb-HFO 

strength. 
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Figure APP.7: Change in PACb-HFO due to medication. (A) Change in PACb-HFO for 

each subject across all points (vertices), sorted by median change (increasing from bottom 

to top). (B) Median PACb-HFO change with respect to change in MDS-UPDRS Part III 

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 PAC b-HFO Clusters in Parkinsonôs 

disease Subjects 

Our study builds on previous studies that have recorded PACb-HFO from subdural electrodes 

placed over the sensorimotor cortex in Parkinsonôs disease patients undergoing deep brain 

stimulation (DBS) surgery [198] and from EEG electrodes placed in the vicinity of the 

motor cortex [214]. Those studies reported elevated levels of PACb-HFO in Parkinsonôs 
















