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Abstract

Deep brain stimulation (DBS) of the subthalamic nucleus (STN) has become the surgical therapy of choice
for medically intractable Parkinson’s disease. However, quantitative understanding of the interaction
between the electric field generated by DBS and the underlying neural tissue is limited. Recently,
computational models of varying levels of complexity have been used to study the neural response to DBS.
The goal of this study was to evaluate the quantitative impact of incrementally incorporating increasing
levels of complexity into computer models of STN DBS. Our analysis focused on the direct activation of
experimentally measureable fiber pathways within the internal capsule (IC). Our model system was
customized to an STN DBS patient and stimulation thresholds for activation of IC axons were calculated
with electric field models that ranged from an electrostatic, homogenous, isotropic model to one that
explicitly incorporated the voltage-drop and capacitance of the electrode-electrolyte interface, tissue
encapsulation of the electrode, and diffusion-tensor based 3D tissue anisotropy and inhomogeneity. The
model predictions were compared to experimental IC activation defined from electromyographic (EMG)
recordings from eight different muscle groups in the contralateral arm and leg of the STN DBS patient.
Coupled evaluation of the model and experimental data showed that the most realistic predictions of axonal
thresholds were achieved with the most detailed model. Furthermore, the more simplistic neurostimulation
models substantially overestimated the spatial extent of neural activation.
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the STN and its surrounding structures has become an es-
tablished therapy for the treatment of PD.>* However,
scientific understanding of the cellular effects and physio-
logical mechanisms of DBS remains largely incomplete.™®

The fundamental purpose of DBS is to modulate neural
activity with applied electric fields. Unfortunately, quantitative
understanding of the effects of manipulating various stimula-
tion parameters (frequency, pulse-width, and amplitude) on the
neural response to DBS is lacking. In turn, numerous
investigators have worked to develop a wide range of
computational models to predict the electric field and stimu-
lating influence generated by DBS.”” Recently, these DBS
modeling efforts have focused on the integration of patient
imaging data and finite element models of the DBS electric
field.”® However, an important issue that has not been explicitly
addressed is the degree of model complexity that is needed to
make accurate predictions on the neural response to DBS.

‘When building a model of a complex system such as DBS,
it is important to know the impact of various simplifications
and assumptions on the predictive capabilities of the model.
Neurostimulation electric field models have traditionally
assumed electrostatic conditions with perfect voltage coupling
between the electrode and tissue medium, as well as
simplifying the conductivity of the surrounding tissue to be
homogeneous and isotropic. However, clinical DBS elec-
trodes are placed in an anisotropic and inhomogenous tissue
medium,'*'®?! capacitive components of the electrode-tissue
interface limit the applicability of the electrostatic assump-
tion,"*?° and a substantial voltage drop occurs at the electrode
interface during charge transduction from the electrode
surface to the ionic medium.'®?° Therefore, the focus of this
study was to evaluate the quantitative role of these factors on
stimulation predictions in DBS models.

This study concentrated on DBS of the corticospinal
tract (CST) with electrodes implanted within the subthala-
mic region. The CST is a major fiber pathway within the
internal capsule, which defines the lateral border of the
STN. Consequently, motor evoked responses from activa-
tion of larger-diameter CST fibers can be elicited with
relatively low thresholds during STN DBS.**** Clinically,
CST activation is an unwanted side effect of DBS.**
However, the generation of muscle contractions via stimu-
lation of the CST represents a direct link between DBS,
known neural substrates, and clinically measurable behav-
iors. In turn, we used experimental measurements of CST
activation during DBS to address the level of model
complexity required to accurately predict stimulation
induced neural activation. Preliminary portions of this
study were previously presented as a conference paper.>

Materials and methods

This study used a series of DBS computational models,
customized to an individual human patient, following and
expanding upon methodology previously described in

Butson et al.'> Our fundamental goal was to evaluate the
quantitative importance of four components of voltage-
controlled DBS electric field models: 1) electrode interface
voltage drop, 2) electrode interface capacitance, 3) tissue
encapsulation of the electrode, and 4) tissue anisotropy/inho-
mogeneity. The modeling system combined both anatomical
and diffusion tensor magnetic resonance imaging (MRI)
data. Pre- and post-operative T1 images were used to position
and align 3D surfaces representing anatomical nuclei of
interest (i.e. thalamus and STN), as well as to determine
the position of the DBS electrode within the patient’s brain.
Diffusion tensor imaging (DTI) data®® was used to both
define axonal trajectories of the internal capsule (IC), and
to estimate 3D tissue anisotropy and inhomogeneity in the
tissue region surrounding the DBS electrode.'?

The electric field generated by DBS was calculated with
finite element models (FEMs). We created five variants of the
DBS FEM to address differences associated with the degree
of model complexity. Model I was the most simplistic, an
electrostatic model that ignored the interface voltage drop,
electrode capacitance, encapsulation, and tissues anisotropy/
inhomogeneity. Models II-V incrementally added explicit
representations of the electrode interface with the brain, and
the tissue anisotropy/inhomogeneity (Table 1).

The electric field generated by each DBS FEM was applied
to detailed multi-compartment cable models of myelinated
axons which had trajectories defined by DTI tractography
(Fig. 1). Stimulation thresholds were calculated for each IC
axon by applying the extracellular voltage distribution gener-
ated along the axon trajectory for each of the five variants of
the FEM. These model results were then compared to experi-
mentally defined CST thresholds acquired using electromyo-
gram (EMG) recordings from the patient.

Clinical data

The study received prior approval from the Cleveland Clinic
Institutional Review Board, and the patient provided
informed written consent. The subject was a 63-year old
male patient with Parkinson’s disease, previously implanted
with a Soletra pulse generator and 3387 DBS electrode
(Medtronic Inc, Minneapolis, MN) in the STN region, who
exhibited good therapeutic benefit from the device based on
the Unified Parkinson’s Disease Rating Scale. Our models
used the patient’s pre-operative and post-operative high-
resolution T1-weighted MRIs, acquired on a Siemens
Symphony 1.5 T scanner and on a Siemens 1.5 T Magnetom
Vision, respectively. Both images were acquired with
a 256 mm x 256 mm field of view and were interpolated to
have a 1 mm® isotropic voxel resolution. The post-operative
MRI was performed with imaging parameters previously
defined as being safe by extensive phantom testing in the
specific scanner used to acquire the images.>’

The clinical experiments were conducted at a time point
greater than one year post-surgery. Differential EMG
recordings were made with electrode pairs placed over
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Table 1  Characteristics of the DBS electric field models

Model I Model II Model III Model IV Model V
Electrostatic waveform X X
Electrode interface voltage drop X X X X
Electrode capacitance X X X
Electrode encapsulation X X
Homogeneous/isotropic bulk tissue X X X
DTI-based bulk tissue X

the biceps, triceps, flexor carpi ulnaris, extensor carpi
radialis, quadriceps, tibialis anterior, and lateral gastrocne-
mius. During these experiments, 20-second recording
epochs were gathered while the patient experienced
unilateral low frequency, monopolar stimulation (5 Hz, 60
psec pulse width, 0 to -10 V in -1 V increments). These
recordings were individually performed with stimulation
applied through each of the four DBS electrode contacts.
The results reported in this paper are for the right-side DBS
electrode (measurements and recordings were made on the
left arm and leg).

EMG activity was recorded with a Biotop 6R12 amplifier
with the following settings: low frequency filter at 5 Hz and
a high frequency filter at 1500 Hz, with a 1 mV/full-scale,
where the full-scale was 6 V. Signals were subsequently
filtered with a ninth-order Butterworth high-pass filter with
a cutoff frequency of 50 Hz to remove any low frequency
baseline drift. The stimulus artifact was recorded using
a surface electrode from the connecting lead on the patient’s
neck. Using this as the trigger event, time-triggered average
EMG signals were computed from the other channels. These
signals were analyzed for a threshold response indicating
a muscle twitch, which we interpreted as stimulation
spillover into the IC and activation of CST fibers. To simplify
the data presentation, EMG thresholds are reported with
muscles divided into two distinct groups: arm (bicep, tricep,
flexor carpi ulnaris, extensor carpi radialis) and leg (quadri-
ceps, tibialis anterior, lateral gastrocnemius).

Image registration and anatomical nuclei

MRI data formed the basis for the patient-specific DBS
computer models. The patient’s pre- and post-operative
MRI datasets were co-registered with the Wakana et al.*®
diffusion tensor atlas brain using Analyze 6.0 (Lenexa,
KS). The 3D co-registration algorithm was used within
the Insight Toolkit feature of Analyze, and it implemented
an intensity-based stochastic approach.”® The DTI atlas
brain was acquired with a 2-mm’ isotropic voxel size
with a diffusion gradient weighting of 700 mm?/s.*°

The general structure of the patient-specific DBS
computer model was created following the methodology
of Butson et al'? (Fig. 1). Graphical representations of rele-
vant anatomical nuclei (STN and thalamus) were defined
by warping 3D surfaces to fit the patient’s pre-operative
MRI data using a non-linear algorithm,” originally

developed by Surgical Navigation Technologies (now Med-
tronic Navigation, Louisville, CO). The electrode tip loca-
tion and insertion trajectory were determined by
segmenting the electrode from the post-operative MRI.
This procedure used an image thresholding method to
extract out the dark, hollowed cavity artifact created in
the MR by the electrode. A virtual replica of the Medtronic
3387 DBS electrode, linked to a multi-resolution finite
element mesh, was then placed at that location within the
image volume. The anatomical and diffusion tensor MRI
data, along with the anatomical nuclei and patient-
specific electrode position were all loaded into a common
3D visualization and simulation environment SCIRun/Bio-
PSE (Scientific Computing and Imaging Institute, Univer-
sity of Utah, Salt Lake City, UT). (Fig. 1).

Internal capsule tractography

Individual tensors from the DTI atlas brain, along with
a fiber tractography algorithm within SCIRun/BioPSE,*’
were used to extract individual model axon trajectories
within the internal capsule. Two hundred forty seed
points were placed equidistantly from one another within
a6 x 0.5 x 1 mm rectangular region just lateral to the
STN. The resulting 240 trajectories were used to represent
a population of IC axons in the patient-specific DBS model
(Fig. 1E).

Multi-compartment cable models of myelinated axons
were created for each of the 240 IC fiber trajectories. These
cable models, 10 um in diameter, included detailed
representations of the nodes of Ranvier, paranodal, and
internodal sections of the individual axons.*' Each axon
had 51 nodes of Ranvier and 551 total compartments along
its 50 mm path length.

Electrical model

A multi-resolution finite element mesh of the DBS electrode
and surrounding tissue medium was constructed using
FEMLAB 3.1 (Comsol Inc., Burlington, MA). This 3D
mesh consisted of over 4.2 million nodes, most of which
were located circumferentially around the electrode to
provide for greater resolution near the stimulating contacts.
The same mesh was used for all variants of the DBS FEM
(Table 1). The Poisson equation was solved in 3D to deter-
mine the voltage distribution generated in the tissue medium
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Figure 1  Patient-specific DBS model. (A) Sagittal view of the post-operative patient MRI with the patient-specific electrode location and
trajectory determined by image-thresholding segmentation. Also shown is a white bounding box depicting the region of interest for panels
B-F. (B) 3D nuclei placed within the same patient-specific modeling environment (thalamus — yellow volume; STN — green volume). (C)
DTI tensors displayed as ellipsoids. The colors depict the individual fractional anisotropy values of the tensors (blue-0; red-1), while the
shape describes both the magnitude and direction of water diffusion (spherical — isotropic; cylindrical — anisotropic). (D) Isolines depicting
the potential distribution near the active contact 3 (blue — low voltage; red — high voltage). (E) 240 fiber trajectories within the IC (white
lines), created using DTI tractography. (F) FEM voltage solutions impressed upon the 240 fibers after being stimulated with a —5 V
cathodic stimulus at contact 3.



Patient-specific models of DBS

6

o

by the DBS electrode (Fig. 1D). The FEM solutions were per-
formed on an 8-processor 32 GB shared-memory SGI Prism
(Silicon Graphics Inc., Mountain View, CA).

The voltage solutions from each variant of the DBS
FEM were linearly interpolated onto the center of every
compartment of each axon trajectory (Fig. 1F). Simulations
of the neural response to the applied field were preformed
in NEURON 6.1.2.*% The stimulus waveform (60 psec
pulse width) applied to the axon models mimicked the
output of the Soletra pulse generator implanted in the
patient.** Each of the 240 model axons had an activation
threshold for each model variant that was defined as the
minimum stimulus voltage necessary to generate a propa-
gating action potential.

Model evaluations

Internal capsule axon activation during monopolar DBS
was evaluated at the patient’s clinically defined therapeutic
electrode contact (contact 3), as well as each of the other
three contacts. Five models with increasing levels of
complexity were examined for each of the four contacts
(Table 1). The simplest model (Model I) consisted of
a homogeneous and isotropic tissue medium (0.3 S/m)
with no electrode encapsulation, and stimulation was
applied under electrostatic conditions with no voltage
drop at the electrode interface (Fig. 2A). Model II was iden-
tical to Model I, but included the 42% voltage drop at the
electrode interface (see Appendix) (Fig. Al) (Fig. 2B). A
slightly more complex model (Model III) integrated elec-
trode capacitance (3.3 pF), producing a more realistic simu-
lation waveform in the tissue medium'* (Fig. 2C). The
fourth model (Model IV) incorporated a 0.5 mm tissue
encapsulation layer (0.18 S/m) around the electrode, to
account for the chronic electrode impedance (~900 Q)
estimated by the patient’s implanted pulse generator'?
(Fig. 2D). Finally, the most complex model (Model V)
added the diffusion tensor based tissue conductivities to
represent the anisotropic and inhomogenous bulk tissue
medium'>'*'%4 (Fig. 2E). A simple linear transform
(0.8 (S-s)/mm2 scaling factor) was used to convert the
diffusion tensors into conductivity tensors.'”**

Results

Voltage distribution generated by DBS

Figure 2 describes how the various model characteristics
affected the voltage distribution in the tissue medium
when a -1 V stimulus (as programmed into the pulse gener-
ator) was applied. Incorporation of the 42% voltage drop at
the electrode-tissue interface produced the greatest attenu-
ation of stimulus spread (Model II), while adding the elec-
trode encapsulation had the next largest effect (Model IV).
Including electrode capacitance modified the shape of the
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Figure 2 DBS FEM comparison. The left column depicts voltage
isolines generated at the peak of a —1 V cathodic stimulus pulse for
each model variant. The isolines represent voltage values of —0.1 V
to —0.01 Vin 0.01 V increments. The right column depicts the cor-
responding simulated stimulus waveform for each model.

stimulus pulse. Finally, representing the tissue medium
with DTI-based conductivity tensors produced an asym-
metric, non-spherical voltage spread (Model V).
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Action potential initiation

Extracellular electrical stimulation of myelinated axons with
a monopolar cathode generates both depolarization and
hyperpolarization along the axon. Depolarization occurs in
the nodes of Ranvier closest to the active electrode contact;
whereas, hyperpolarization occurs in flanking regions of the
axon.*’ Action potential initiation occurs in the node of
Ranvier with the greatest stimulation induced depolarization,
and then propagates in both directions (antidromically and
orthodromically). For each model variant and each of the
four electrode contacts, we determined the threshold stimula-
tion voltage required for action potential initiation and
propagation in each of the 240 modeled IC axons. We also
calculated the shortest distances from the respective axon
to the center of the stimulating contact on the DBS electrode.
The voltage-distance relationships for each variant of the
FEM are illustrated in Figure 3. These results show that
axonal threshold stimulation voltages were nonlinearly
related to electrode-to-axon distance. In addition, the
different FEMs generated very different activation predic-
tions, with the more simple models predicting lower
thresholds than the more detailed models.

Voltage-distance relationship

The results presented in Figure 3 provide the opportunity to
evaluate the potential utility of analytical equations to
predict the spread of stimulation. The voltage-distance
equation:

Vi = Vo + ki,

where Vy, is the estimated threshold voltage necessary to
activate an IC axon, Iy is an offset from baseline,r is the
distance from the center of the stimulating contact to the
axon, and the constant k is the slope, has been used in
many applications to predict the radius of activation from
extracellular stimulation. Therefore, we performed least-
squares fits of the voltage-distance equation to the
voltage-distance relationships of the models (i.e. axon
thresholds from each contact for each FEM variant)
(Table 2). These fits were completed using MATLAB,
and V) was forced to be >0, while k was left unconstrained.
Given those parameter bounds, the best fits for all models
were achieved with /,=0. We noted substantial variability
in the slope (k) of the voltage-distance equation when
comparing models of different complexity. Further, when
using the most detailed model (Model V), the fitted param-
eters were not consistent across the different electrode
contacts in the same patient, due to the complex electrical
properties of the 3D tissue medium. These results bring
into question the accuracy of using the voltage-distance
equation, especially with an arbitrarily defined k value, to
quantify stimulation spread on a patient-specific basis.

Clinical thresholds and model comparison

EMG defined threshold voltages for stimulation-induced
muscle twitches were calculated for each recorded muscle.
To simplify the data presentation, the clinical thresholds
were combined into one of two generalized muscle groups
(arm or leg). The clinical activation thresholds for the arm
and leg muscle groups were then compared to the model
predictions of IC axonal activation (Table 3).

Physiologically it may be possible for activation of a single
cortico-motoneuronal fiber to generate a muscle twitch.*®
However, it is likely that the muscle responses we recorded
were the result of simultaneous activation of multiple axons,
especially given the resolution of the experimental testing
(1 V increments). Therefore, our expectation was that the
DBS model should predict ~5-15% IC activation at
the experimentally defined threshold voltage. For example,
the EMG threshold for the triceps muscle for contact 3 in
this patient was at —5 V. Model V predicted no IC activation
at —4 'V (sub-threshold), 15% activation at —5 V (threshold),
and 36% activation at —6 V (super-threshold) (Fig. 4). As the
stimulation voltage increased, additional fibers were
recruited in a non-linear fashion (Fig. 3).

The more simplistic models (Models I, II, and III) all
generated predictions of excessive axonal activation at the
experimentally defined thresholds. These models excluded
some or all of the major components defining the electrode
interface with the brain. All three models also lacked a sheath
of resistive tissue that typically encompasses the electrode
after chronic implantation.'>*” Consequently, these models
suffered from an underestimation the electrode impedance.
For example, at the clinically defined therapeutic contact
(contact 3) the impedance measured by the Medtronic IPG
was 956 Q. Models I-V exhibited a corresponding impedance
of 409, 636, 636, 1129, and 960 Q, respectively.

Model IV exhibited reduced axonal activation when
compared to Models I-III, which was attributed to the
inclusion of electrode encapsulation. However, Model IV
also showed substantial variability in the percentage of
axons activated through the range of experimental thresh-
olds measured at the various electrode contacts. This
variability was credited to failure to account for the 3D
tissue conductivity differences surrounding the different
contacts. Model V represented the most detailed model and
generated predictions that most consistently corresponded
to the level of axonal activation expected at the experi-
mental thresholds defined for each electrode contact.

Sensitivity analysis of model
activation predictions

Based on our history of developing patient-specific compu-
tational models for DBS applications, we believe that
given an appropriately parameterized electrical model,
limitations in defining the actual electrode position in the
brain represent the next most important source of error.



Patient-specific models of DBS

71

Contact 3
-10r A
| AModel |
= Model Il
O oModel Il
| #Model IV

r vModel V

o1 2 3 4 5 6 7

Threshold Voltage (V)

0 1 2 3 4 5 6 17
Electrode-to—Axon Distance (mm)

Figure 3 Voltage-distance relationship. Model IC activation
thresholds for each DBS FEM at each of the four contacts of

Post-operative imaging artifacts limit certainty in defining
the actual electrode location,48 and the potential for brain
shift during surgery*®-* limits confidence in using frame-
based stereotactic coordinates relative to a pre-operative
image. Therefore, we performed a sensitivity analysis on
electrode position using the two most relevant DBS FEMs
(Models IV and V). We calculated the axonal activation
induced by —5 V stimulation through contact 3 (correspond-
ing to Figure 4) after moving the electrode a total of = 1.0 mm
in 0.25 mm increments within the transverse (axial) xy-plane
(Figure 5). Not surprisingly, Model IV showed that as the
electrode placement got closer to the fiber pathway the
percentage of activated axons increased (i.e. electrode move-
ment in the anteriolateral direction). However, incorporation
of DTI-based tissue conductivities (Model V) minimized the
impact of electrode placement uncertainty on the activation
predictions. Over the evaluated space, the activation ranges
for Model IV and Model V were 16-44% and 7-17%, respec-
tively. These results further reinforce the role of 3D tissue
electrical properties in DBS FEMSs, as stimulation induced
activation is dictated by the second spatial derivative of the
voltage distribution along the axon. Voltage spread is
enhanced parallel to (hindered perpendicular to) the
preferred direction of anisotropy (i.e. the IC axon trajectory)
(Fig. 1C,D,E). Hence, axons within highly anisotropic fiber
pathways are somewhat shielded from activation, relative
to axons within more isotropic brain regions.

Discussion

The clinical success of DBS has prompted substantial
scientific interest in characterizing its underlying effects on
the nervous system. However, experimental analyses of DBS
often encounter substantial difficulties in controlling all of
the relevant variables, and interpretation of the results can be
ambiguous. In turn, computational analyses have been
employed to provide quantitative guidance on the response
of neurons to DBS electric fields.® Recently, numerous DBS
models have been developed, spanning a wide spectrum of
detail and complexity. The goal of this study was to quantita-
tively address the impact of DBS electric field model
complexity on the spread of stimulation in a clinically rele-
vant context. The results show that each of the four features
examined in this study (electrode interface voltage drop,
electrode capacitance, electrode encapsulation, and bulk
tissue anisotropy/inhomogeneity) impacted the model
predictions, and should be considered when creating and/or
using DBS models. Future computational studies intending
to draw correlations between patient-specific DBS parameter
settings and clinical outcomes should make every effort to

the DBS electrode are plotted as a function of the closest distance
from a given axon to the center of that specific stimulating elec-
trode contact. Least-square fits of the voltage distance equation
to the model data are overlaid on the plots.
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Table 2 Regression fit parameters for the slope k (V/mm?) of the voltage-distance equation for all five models and four contacts
Model I Model II Model III Model IV Model V

Stimulating contact Vo k Vo k Vo k Vo k Vo k

0 0.00 0.11 0.00 0.18 0.00 0.23 0.00 0.38 0.00 0.68
1 0.00 0.11 0.00 0.20 0.00 0.24 0.00 0.37 0.00 0.53
2 0.00 0.11 0.00 0.19 0.00 0.23 0.00 0.38 0.00 0.48
3 0.00 0.10 0.00 0.17 0.00 0.21 0.00 0.33 0.00 0.42

use the most accurate model possible, and at a minimum
avoid the gross simplifications of Models I-II or the
voltage-distance equation. However, it should also be noted
that while Model V was the most detailed, it still has substan-
tial room for improvement assuming parallel advances in
medical imaging technology.

Data integration and study limitations

The methodology implemented in this study required the
integration of multiple forms of both computational and
clinical data. Although several different software tools and
computer algorithms were used in various phases of the
project, SCIRun enabled us to place everything into
a common coordinate system and visualization platform.
Nevertheless, an inherent issue of such a study is the
accuracy in which different data sets are co-registered. Our
MRI data and 3D nuclei were co-registered with state-of-
the-art algorithms, but such registrations still have associ-
ated errors on the order of 1 mm.3** Further, DTI tractog-
raphy only provides a rough estimate of the fiber tract and/
or individual axon trajectories.”’ It should also be noted
that estimation of the voltage drop at the electrode-
electrolyte interface as a simple linear percentage fails to
account for the complex interactions of charge transduction
between metal electrodes and the ionic medium.'® Given
these caveats, we were able to integrate detailed anatomical
information on DBS electrode location, relative to a known
fiber tract, and simulate direct activation of that fiber tract.
This allowed for quantitative comparisons between model
predictions of axonal activation and clinically measured
EMG responses in a DBS patient. Our results show that
when an appropriate model is used, accurate stimulation

predictions can be made, but inappropriate models (i.e.
Models I-III) provide very poor predictions.

The methodology presented in this study concentrated
on direct stimulation of the IC near the STN. We chose this
neural population as the focus of our analysis because
measurements of the activation of these axons could be
performed using simple EMG recordings in awake, perma-
nently implanted human patients. While other neural
populations may be more relevant to the desired clinical
effects of DBS (e.g. STN projection neurons, GPi fibers of
passage, SNc fibers of passage, cortical afferent
inputs),?**? none of them represent a neural entity which
can be easily reconstructed via DTI tractography, or have
a simple and direct behavioral effect from stimulation
that can be measured non-invasively. It should also be noted
that the basic neural response to extracellular electrical
stimulation is dictated by the axon,> and the basic
biophysics of how axonal activation occurs is independent
of neuron type or fiber diameter.*> In turn, the IC repre-
sents the largest and most easily accessible population of
axons near DBS electrodes; thereby representing an excel-
lent medium for studying the neural response to DBS.

Our simulated IC fiber bundle was comprised of 240
uniformly distributed fibers, each 10 um in diameter. The
real IC actually contains a wide range of fiber diameters
and other associated axonal properties which affect the
threshold for action potential generation.*’” In general,
larger diameter fibers have lower thresholds than smaller
diameter fibers in response to extracellular stimulation.
While most fibers within the human IC have diameters
less than 4 pm, a substantial number of fibers have diame-
ters of ~10 um.’® These large diameter fibers represent
some of the most excitable neural elements in the STN

Table 3 EMG threshold results for the arm and leg muscle groups, and their respective model predictions for the recruitment of IC axons
IC axons activated (%)

Muscle groups Stimulating contact EMG thresholds Model I Model II Model IIT Model IV Model V
Arm 0 -2V e =3V 87-99 58-81 42-73 20-36 12-17

1 -4V o —6V 98-100 69-95 55-84 19-47 2-15

2 -5V e —6V 100 79-92 64-75 5-19 0-1

3 5V e =7V 100 77-94 65-84 31-50 15-31
Leg 0 -5V 100 99 95 71 29

1 -6V 100 95 84 47 15

2 -5V < =6V 100 79-92 64-75 5-19 0-1

3 -5V 100 77 65 31 15
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Figure 4 Comparison of model and experimental results. The top row depicts the anatomical model representation (thalamus — yellow
volume; STN — green volume; activated IC axons — red). The bottom row displays the EMG time-triggered average signal for the triceps
muscle (upper 95% confidence interval-red; average—green; lower 95% confidence interval-blue). (A) With stimuli delivered through
contact 3, there were no fibers activated in Model V at —4 V, and the clinical EMG was also sub-threshold for activation. (B) At the clinical
EMG threshold (—5 V) for the triceps muscle, 15% of the IC fibers were activated in Model V. (C) At a super-threshold EMG voltage of

—6 YV, 36% of the fibers were recruited in Model V.

region. The compound action potential and subsequent
motor responses commonly measured from IC stimulation
with STN DBS electrodes are associated with activation
of these larger diameter fibers,>*>* and consequently
were the focus of our analysis.

The fundamental goal of this study was to demonstrate the
relative impact of each DBS electric field model character-
istic (i.e. tissue encapsulation, electrode capacitance,
voltage-drop at the interface, and tissue inhomogeneities)
on a functionally relevant outcome, specifically IC axonal
activation. For simplicity sake, we intentionally avoided
detailed parameter sensitivity analyses of each parameter of
each model variant, relying on the fact that the parameter
values we used were good estimates based on the available
experimental data in the literature. However, it should be
noted that given a priori knowledge of the desired axonal
activation thresholds, it would be possible to optimally fit
each model variant to the experimental data, albeit with
model parameter values that are perhaps outside of realistic
experimental ranges. Unfortunately, this circular exercise
does not validate the model, and such a practice could lead to
extraneous and/or inaccurate predictions when the model is
used to interpret new experimental/clinical data.

Clinical significance

We examined stimulation of the internal capsule in this
study for two basic reasons. First, the generation of muscle
contractions via stimulation of the IC represents a direct
link between STN DBS, known neural substrates, and
clinically measurable behaviors. In turn, we were able to
make a connection between our patient-specific DBS
models and experimental data recorded from that patient.
Second, because IC activation is a relatively common
unwanted side effect of STN DBS it is important to
understand the stimulation conditions that control it. In
turn, one possible application of the modeling techniques
presented in this study would be to provide visual feedback
to the clinician and help them identify techniques to avoid
IC activation with DBS.'**’ Software technology employ-
ing such models could be used intra-operatively to assist in
optimizing DBS electrode placement,”® and post-
operatively to assist in the definition of therapeutic stimula-
tion parameter settings.>

Our simulation results suggest that DBS induced axonal
activation depends on a long list of factors, many of which
can be accounted for with an appropriate model. We have
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Figure 5 Sensitivity analysis. Contour maps depict the percentage of IC axons activated using Model IV (A) or Model V (B), while per-
turbating the location of contact 3 of the DBS electrode = 1 mm (0.25 mm increments) in the mediolateral (x-axis) and anteroposterior
(y-axis) directions. The black dot in the center of the image depicts the default electrode location.

previously come to similar conclusions using a range of
coupled simulations and experiments in both humans and
monkeys, but DBS models still have numerous limitations.
Nonetheless, the DBS modeling community is beginning to
develop the computational infrastructure and scientific
methodology required to account for most of the relevant
factors impacting model prediction accuracy. In turn, we
foresee many new opportunities to utilize the coupled
analysis of clinical data and computational models to
evaluate the effects of DBS.®° However, the results of this
study show that when performing such analysis it is impor-
tant to use the right model for the task at hand. Our results
indicate that many of the commonly employed simplifying
assumptions in neurostimulation modeling generate
a substantial overestimation of stimulation spread. In turn,
the standard for scientific studies attempting to relate
DBS FEMs to clinical data should be to use models at
the level of at least Model IV or V, and new efforts are
warranted to further improve the predictive capabilities of
these models.
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Appendix

In vitro characterization of the DBS voltage
distribution

Following and expanding upon methodology described in
Miocinovic et al.,'® we characterized the voltage drop at the
electrode-electrolyte interface with in vitro experiments on
a Medtronic (Minneapolis, MN) 3387 human DBS elec-
trode (Fig. Al). The lead was suspended inside a glass
beaker filled with saline and placed on an electric hot plate
within an electrically shielded Faraday cage. The Faraday
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cage allowed for recording at a higher signal-to-noise ratio,
and prevented additional noise potentially caused by
external electric fields. The 600 mL glass beaker was 8
cm in diameter and was filled with a solution of 0.9%
NaCl, heated to 37°C. A stainless steel coil was used for
the return electrode, and was loosely wound around the
inner wall of the beaker. Both, an Ag|AgCl wire and a tung-
sten microelectrode (FHC, Bowdoin, ME) were suspended
within the saline solution to serve as the reference and
recording electrodes, respectively.

Stimulus pulses were delivered through the DBS electrode
witha 0.7 V, 5 Hz, 60 pus pulse-width waveform, generated by
a Medtronic Itrel II implantable pulse generator (IPG). The
low stimulation voltage was used to prevent saturation in the
recording amplifier. Voltages were recorded at specific points
along seven different microelectrode recording tracks
parallel to the DBS electrode (Fig. A1-A). Each point in
each track was acquired sequentially by moving the
recording microelectrode relative to the DBS electrode using
a micromanipulator (World Precision Instruments, Sarasota,
FL). High-resolution photographs were taken to verify the
microelectrode location relative to the DBS electrode. The
recorded signals were band-pass filtered between 1 Hz and
20 kHz using a differential amplifier (A-M Systems, Model
3000, Sequim, WA), digitized at a sampling rate of 100
kHz, and stored for offline analysis (Cambridge Electronic
Design, Power 1401 and Spike2 software, Cambridge,
UK). The analysis involved averaging the peak voltages
during each 20-second acquisition.

An FEM was created to mimic the in vitro experiments.
The in vitro FEM relied on a mesh consisting of nearly 3.7
million elements. The mesh density was highest at the
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Characterizing the electrode-electrolyte interface voltage drop. (A) In vitro experimental setup showing the recording locations
(red points) while stimulating with the Medtronic 3387 human DBS electrode. (B, C) Point-by-point comparison of the voltages
recorded experimentally with the voltages predicted by the in vitro DBS FEM with a 42% voltage-drop at the electrode-

electrolyte interface.
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electrode contact and element size increased further away
from the electrode. A cylindrical boundary was defined 8
cm from the DBS electrode, mimicking the dimensions of
the glass beaker, and it was set to ground. Nodes on the
active electrode surface (contact 1) were used as voltage
sources, which was consistent with the voltage-controlled
stimulation employed by the Itrel II pulse generator. The
Poisson equation was solved to determine voltage as

a function of space within the saline medium which was
assumed to be homogenous and isotropic (2 S/m). The
FEM was iteratively solved to identify the voltage drop at
the electrode-electrolyte interface that minimized the error
between the experimentally recorded voltages and the
model solutions, as previously described'® (Fig. Al). The
model predicted a 42% voltage drop at the electrode inter-
face for the Medtronic 3387 human DBS electrode at 37°C.
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