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Parkinson disease (PD) and essential tremor (ET) are the most common neurological 

movement disorders among adults. Deep brain stimulation (DBS) is an established surgical 

treatment for both conditions that involves implanting electrodes in the brain and then applying 

electrical stimulation. Despite the clinical effectiveness of DBS, its underlying mechanisms 

remain unclear. As DBS advances into a viable treatment for other conditions, it has become 

important to address the fundamental principles behind the procedure, specifically the spatial 

extent of stimulation. Furthermore, as DBS moves toward the adoption of closed-loop 

stimulation paradigms, an increased understanding of how neural recordings are affected by 

different biological factors is also key. Broadly, this work utilizes finite element electrode and 

individual patient modeling in an effort to help improve established procedures within 

Restorative Neuroengineering. 

The first study presents an atlas-independent, n-of-1 tissue activation modeling 

methodology utilizing diffusion tensor imaging to map the optimal location of subthalamic DBS 

for PD. The volume of tissue activated (VTA) was modeled using finite element analysis for 40 

PD patients. High variability in neuroanatomy, stimulation location, and motor improvement was 

observed across patients, highlighting the need for n-of-1 modeling approaches. The optimal 

stimulation location was mapped to the dorsolateral border of the subthalamic nucleus, in the 

posterior half. Therapeutic VTAs spread further in the dorsal direction, providing more evidence 

for caudal zona incerta as an important DBS target. 

Abstract 
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The second study applies the VTA modeling methodology from the previous study to 

thalamic DBS for ET and combines it with atlas-independent, n-of-1 thalamic segmentation to 

evaluate the effects of DBS on individual patients. Twenty-two ET patients were modeled. 

Thalami were segmented into 13 distinct subnuclei using a k-means clustering algorithm. 

Therapeutic and side effect-inducing VTAs were calculated. Results were compared with those 

obtained using an atlas-based segmentation approach. Within the thalamus, the shape and size of 

the VTA was highly variable across patients. Overall, n-of-1 segmentation performed better than 

atlas-based segmentation in explaining DBS side effects. 

The third study investigates the effects of gliosis and interface interactions at the 

electrode recording site on single-unit recording quality using a computational model 

incorporating impedance and neural data from Utah arrays implanted in rhesus macaques. A 

finite element model of a Utah array microelectrode in neural tissue was coupled with a multi-

compartment neuron model to quantify the effects of encapsulation thickness, encapsulation 

resistivity, and interface resistivity on electrode impedance and waveform amplitude. The neural 

recording model was then reconciled with the in vivo data. From week 1-3, mean impedance and 

amplitude increased at rates of 115.8 kΩ/week and 23.1 µV/week, respectively. This initial ramp 

up in impedance and amplitude was consistent with increasing interface resistivity and tissue 

resistivity, respectively, in the model. The modeled gliosis could not match the in vivo data. 

However, a thin interface layer at the recording site could. Despite having a large effect on 

impedance, interface resistivity did not have a noticeable effect on amplitude, suggesting that 

gliosis does not cause an electrical problem with regard to signal quality. 

The significance of this work is in the n-of-1 modeling framework that it provides. As 

insight regarding stimulation spread in the brain increases, the techniques described can be 
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applied to other conditions to inform novel stimulation strategies and help bridge the gap 

between model-based evidence and clinical practice. 
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Background 

Parkinson disease (PD) and essential tremor (ET) are two of the most common 

neurological movement disorders among adults. The prevalence of PD and ET increases with age 

and is estimated to be 1.8% (de Rijk et al., 2000) and 4.6% (Louis and Ferreira, 2010), 

respectively, in individuals aged 65 or older. Parkinson disease is characterized by resting 

tremor, rigidity, bradykinesia, and postural instability, while ET is characterized exclusively by 

action tremor. There is currently no cure for PD or ET. However, a surgical procedure called 

deep brain stimulation (DBS) has emerged as a safe and effective treatment for PD and ET 

(DeLong and Wichmann, 2012). More than 100,000 patients worldwide have received DBS 

(Sugiyama et al., 2015). The procedure involves implanting electrodes in specific regions of the 

brain, such as the subthalamic nucleus (STN) for PD and ventral intermediate (VIM) nucleus of 

the thalamus for ET, and then applying chronic high-frequency electrical stimulation to those 

regions. 

Despite the clinical effectiveness of DBS, the underlying mechanisms by which it 

provides therapeutic benefit remain unclear (Deniau et al., 2010; Florence et al., 2016; Johnson 

et al., 2008; McIntyre et al., 2004c; McIntyre et al., 2004d; McIntyre and Thakor, 2002; 

Montgomery and Gale, 2008; Vitek, 2002; Vitek, 2008). Deep brain stimulation is hypothesized 

to modulate pathological network activity by activating axons and inhibiting cell bodies 

Chapter 1  
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(McIntyre et al., 2004a; McIntyre and Hahn, 2010). However, this hypothesis has yet to be 

proven definitively and alternative hypotheses also exist (Chiken and Nambu, 2014, 2016). This 

lack of understanding translates to the clinic. For example, post-operative DBS programming to 

determine optimal stimulation parameters for a patient (amplitude, frequency, and pulse width) 

often relies on a trial-and-error approach, which makes the process both difficult and time-

consuming (Kuncel and Grill, 2004). Such an approach can result in patients receiving sub-

optimal stimulation and requiring surgical revision (Okun et al., 2005). As DBS advances into a 

viable treatment for other conditions, such as chronic pain and major depression (Perlmutter and 

Mink, 2006), it has become increasingly more important to address the fundamental principles 

behind the procedure, specifically the spatial extent of neural activation. 

The therapeutic benefit of DBS is strongly dependent on the spatial distribution of the 

stimulation-induced electric field relative to the individual neuroanatomy of the patient 

undergoing treatment (Kuncel et al., 2008; Maks et al., 2009; McIntyre et al., 2004b). To 

maximize symptom suppression while minimizing side effects, such as paresthesia, dysarthria, 

and dyskinesia, accurate predictions of the spread of stimulation in the brain are essential. Due to 

the inherent difficulty in measuring the electric field in vivo, computational models of DBS have 

been used to visualize and quantify the spatial extent of neural activation, termed the volume of 

tissue activated (VTA) (Butson, 2012). The VTA is a stimulation parameter-dependent metric 

that can be used to predict clinical outcomes (Butson et al., 2007; Butson and McIntyre, 2006b; 

Chaturvedi et al., 2006; Chaturvedi et al., 2010), optimize stimulation parameters (Cooper et al., 

2008; Frankemolle et al., 2010; McIntyre et al., 2006; McIntyre et al., 2009), identify alternative 

DBS targets (Butson et al., 2011; Cooper et al., 2014; Miocinovic et al., 2006; Zitella et al., 

2013), and design novel electrodes (Buhlmann et al., 2011; Butson and McIntyre, 2006a; Howell 
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et al., 2015; Keane et al., 2012; Martens et al., 2011; van Dijk et al., 2015). The clinical utility of 

these models hinges on their ability to make meaningful and accurate predictions. Significant 

efforts have gone towards validating VTA predictions with experimental data (Miocinovic et al., 

2009; Zitella et al., 2015). 

Tissue activation modeling continues to grow more complex over time. For example, 

models can now incorporate detailed neuroanatomy, heterogeneous and anisotropic tissue 

properties, explicit representation of the DBS lead and electrode-tissue interface, and clinically 

determined stimulation parameters (Butson et al., 2007). Model complexity can be further 

augmented by the addition of biophysical neuron models (McIntyre and Grill, 1999; McIntyre et 

al., 2002). Each of these modeling advancements have been made in an effort to tailor DBS 

models to individual patients. However, there is still room for improvement when it comes to 

creating truly n-of-1 models. For example, deep brain structures are typically derived from a 

brain atlas, translated, rotated, and scaled to best fit the anatomy of the patient (Miocinovic et al., 

2007). Anisotropic tissue properties, derived from diffusion tensor (DT) imaging, are also 

typically atlas-based (Wakana et al., 2004). Since most atlases are based on a single subject, 

there is a limitation in how representative one can be to a patient population, especially one that 

is in a diseased state (Dickie et al., 2017; Nowacki et al., 2018). Individual patients respond 

differently to DBS. For example, the optimal stimulation parameters for one patient may induce 

side effects in another. This is why it is important that DBS is tailored to the individual needs of 

the patient (Okun and Foote, 2010). Tissue activation modeling should follow suit by deriving all 

model components from a single source (the patient being modeled) to accurately characterize 

the VTA. 
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Deep brain stimulation is only one example of brain-machine interface (BMI) 

technology. In general, BMIs are neuroprosthetic devices created to restore motor, sensory, 

and/or cognitive function to patients with neurological disorders (Collinger et al., 2014; 

Hochberg et al., 2006; Taylor et al., 2002). However, the term BMI is typically reserved for 

devices that record electrical signals from the brain to control separate devices, such as robotic 

limbs. These neural signals can come from different sources, such as electroencephalography, 

electrocorticography, and single-unit recordings, that vary in their degree of invasiveness. For 

single-unit recordings, action potentials from individual neurons are measured using electrodes 

implanted in the brain. Notable examples of intracortical microelectrode arrays used to record 

single-unit activity include microwires (Williams et al., 1999), Michigan probes (Vetter et al., 

2004), and Utah arrays (Nordhausen et al., 1996). Recordings from such devices provide high 

spatial resolution. However, it can be difficult to identify and isolate individual units. For BMIs 

to become clinically viable, electrode arrays must be able to acquire stable, high-quality signals 

for years. The ability to reliably record single-unit activity with intracortical microelectrode 

arrays is currently hindered by low signal-to-noise ratio (SNR), which can come from a variety 

of biological, material, or mechanical failure modes (Barrese et al., 2013). 

Alongside experimental studies, computational models have been developed to increase 

the understanding of neural recordings and how they are affected by different factors (Holt and 

Koch, 1999; Lempka et al., 2011; Mainen et al., 1995; Moffitt and McIntyre, 2005; Reimann et 

al., 2013). These models employ many of the same tools used in DBS modeling, such as finite 

element analysis and neuron modeling, and can make interesting predictions, encouraging further 

investigation. For example, Moffitt and McIntyre reported that electrode encapsulation increased 

the amplitude of neural waveforms (Moffitt and McIntyre, 2005), a finding that challenged 
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current assumptions regarding the effect of gliosis on single-unit recordings. As DBS technology 

progresses towards the adoption of closed-loop stimulation paradigms, where brain signals are 

recorded to control how stimulation is delivered in real-time (Ghasemi et al., 2018), an increased 

understanding of how chronic neural recordings are affected by different biological factors is 

important. 

Outline 

The objective of the work in this dissertation is two-fold: (1) to characterize the spatial 

extent of neural activation associated with therapeutic outcome and side effects in STN and VIM 

DBS for PD and ET, respectively, by developing atlas-independent, truly n-of-1 DT-based tissue 

activation models; (2) to investigate the effects of gliosis and the electrode-tissue interface on 

single-unit recording quality by developing a data-driven neural recording model. 

Chapter 2 presents an atlas-independent, truly n-of-1 tissue activation modeling 

methodology utilizing patient DT imaging to map the optimal location of STN DBS for PD and 

evaluate the relationship between VTAs associated with therapeutic outcome and symptom-

specific motor improvement. The stimulation-induced electric field for 40 PD patients treated 

with bilateral STN DBS was modeled using finite element analysis. Tissue activation models 

were tailored to each patient, incorporating their individual STN anatomy, DBS lead position and 

orientation, anisotropic brain tissue conductivity, and clinical stimulation settings. A voxel-based 

analysis of the VTAs was used to map the optimal location of stimulation. High variability in 

neuroanatomy, stimulation location, and motor improvement across patients was observed, 

highlighting the need for n-of-1 modeling approaches. The optimal location of stimulation was 

mapped to the dorsolateral border of the STN, in the posterior half of the nucleus. Therapeutic 
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VTAs spread noticeably more in the dorsal direction, providing further evidence for caudal zona 

incerta as an important DBS target. 

Chapter 3 presents a novel modeling methodology to evaluate the clinical effects of VIM 

DBS for ET on an individual patient basis – one that combines DT-based, atlas-independent 

thalamic segmentation and tissue activation modeling. Twenty-two ET patients treated with 

unilateral VIM DBS were modeled. For each patient, the thalamus was segmented into 13 

distinct subnuclei using a modified, k-means clustering algorithm. Volumes of tissue activation 

associated with therapeutic outcome (tremor suppression) and side effects (sustained paresthesia 

and dysarthria/motor contraction) were calculated by applying the modeling methodology 

presented in Chapter 2. The amount of VTA overlap with the motor and sensory regions of the 

thalamus was then measured to correlate motor and sensory thalamus stimulation with observed 

outcomes. The results obtained using n-of-1 thalamic segmentation were compared with those 

obtained using an atlas-based segmentation approach. Within the thalamus, the shape and size of 

the VTA, even with similar stimulation parameters, was highly variable across patients. Both 

segmentation approaches showed that therapeutic VTAs had significantly more overlap with 

motor than sensory thalamus and that sustained paresthesia VTAs had significantly more overlap 

with sensory thalamus than therapeutic VTAs. Only n-of-1 thalamic segmentation showed that 

dysarthria/motor contraction VTAs had significantly more external stimulation than therapeutic 

VTAs. Overall, n-of-1 thalamic segmentation performed better than atlas-based segmentation in 

terms of explaining DBS side effects, especially when the thalamic anatomy of the patient 

differed considerably in size and shape from the atlas thalamus. 

Chapter 4 investigates the effects of gliosis and interface interactions at the electrode 

recording site on single-unit recording quality using a computational model incorporating 
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impedance and neural data acquired from chronically-implanted Utah arrays in rhesus macaques. 

A finite element model of a Utah array microelectrode in neural tissue was coupled with a multi-

compartment model of a neuron to quantify the effects of encapsulation thickness, encapsulation 

resistivity, and interface resistivity on electrode impedance and waveform amplitude. The neural 

recording model was then reconciled with the in vivo data. From week 1-3, mean impedance and 

amplitude increased at rates of 115.8 kΩ/week and 23.1 µV/week, respectively. This initial ramp 

up in impedance and amplitude was observed across all arrays, and is consistent with biofouling 

(increasing interface resistivity) and edema clearing (increasing tissue resistivity), respectively, 

in the model. Beyond week 3, the trends leveled out. In the model, gliosis could not match the in 

vivo data. However, a thin interface layer at the recording site could. Despite having a large 

effect on impedance, interface resistivity did not have a noticeable effect on amplitude. These 

findings suggest that gliosis does not cause an electrical problem with regard to signal quality 

since it does not appear to be the main contributor to increasing impedance or significantly affect 

amplitude. This, in turn, suggests that neural recordings can be obtained reliably despite gliosis 

as long as the recording site has sufficiently low impedance after accumulating a thin layer of 

biofouling. 

Lastly, Chapter 5 discusses the main results of each study and their implications, and 

expands upon the n-of-1 and data-driven modeling framework that this work provides, 

specifically how it can be used to develop, validate, evaluate, and translate new approaches for 

improving clinical outcome in patients with neurological disorders. 
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Abstract 

Deep brain stimulation (DBS) of the subthalamic nucleus (STN) is an established surgical 

treatment for the motor symptoms of Parkinson disease (PD). Motor outcomes after DBS can 

vary considerably from one patient to another and depend strongly on where stimulation is 

applied in the brain. The objective of this retrospective study was to map the optimal location of 

STN DBS for PD using an atlas-independent, n-of-1 tissue activation modeling approach and to 

assess the relationship between the therapeutic volume of tissue activated (VTA) and motor 

improvement. 

The stimulation-induced electric field for 40 PD patients treated with bilateral STN DBS 

was modeled using finite element analysis. Neurostimulation models were tailored to each 

patient, incorporating their individual STN anatomy, DBS lead position and orientation, 

anisotropic brain tissue conductivity, and clinical stimulation settings. A voxel-based analysis of 

the VTAs was used to map the optimal location of stimulation. The amount of stimulation in 

specific regions relative to the STN was measured and compared between patients with optimal 

and sub-optimal stimulation, as determined by their motor improvement scores and VTA. The 

relationship between VTA location and motor outcome was assessed using correlation analysis. 

Chapter 2  
 
 

Atlas-Independent, N-of-1 Tissue Activation Modeling to Map the Optimal Location of 
Subthalamic Deep Brain Stimulation for Parkinson Disease 
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Patient variability in terms of STN anatomy, active contact position, and VTA location and a 

simplified VTA modeling approach were also evaluated. 

Tissue activation modeling mapped the optimal location of stimulation to a region lateral, 

posterior, and dorsal to the STN centroid. This region overlapped with the STN and extended 

beyond its boundary towards the caudal zona incerta (cZI). VTA location and active contact 

position differed significantly between patients with optimal and sub-optimal stimulation in the 

dorsal-ventral and anterior-posterior directions. There were significant linear relationships 

between the amount of dorsal and posterior stimulation, as measured by the VTA, and motor 

improvement. These relationships were more robust than those between active contact position 

and motor improvement. There was high variability in STN anatomy, active contact position, and 

VTA location across patients. Spherical VTA modeling was unable to reproduce these results 

and tended to overestimate the size of the VTA. 

Accurate characterization of the spread of stimulation in the brain is important for 

optimizing STN DBS for PD. High variability in neuroanatomy, stimulation location, and motor 

improvement across patients highlights the need for n-of-1 modeling techniques. This study 

mapped the optimal location of stimulation to the dorsolateral border of the STN, in the posterior 

half of the nucleus. Therapeutic stimulation spread noticeably more in the dorsal direction, 

providing additional evidence for cZI as an important DBS target. The atlas-independent, n-of-1 

tissue activation modeling approach presented in this study can be used to develop and evaluate 

stimulation strategies to improve clinical outcome on an individual basis. 

Introduction 

Deep brain stimulation (DBS) of the subthalamic nucleus (STN) is an established surgical 

treatment for the motor symptoms of Parkinson disease (PD) in patients who no longer respond 
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well to medication (Benabid et al., 2009; Okun, 2012). The treatment involves implanting 

electrodes in the subthalamic region of the brain and then applying high-frequency electrical 

stimulation to said region (Collins et al., 2010). Despite the proven clinical effectiveness of DBS, 

motor improvement can vary considerably from one patient to another (Deuschl et al., 2006; 

Kleiner-Fisman et al., 2006; Okun et al., 2005). The underlying mechanism by which DBS 

provides its therapeutic effect is still uncertain (Ashkan et al., 2017; Deniau et al., 2010; Florence 

et al., 2016; Johnson et al., 2008; McIntyre and Hahn, 2010; McIntyre et al., 2004c; Montgomery 

and Gale, 2008; Vitek, 2002). However, it is widely accepted that DBS outcomes depend 

strongly on where stimulation is applied (Conrad et al., 2018; Maks et al., 2009; McIntyre et al., 

2004b). Differences in the location of stimulation relative to the STN may, in part, explain the 

variability in motor improvement across patients. 

The location of stimulation is typically defined by measuring the position of the active 

electrode contact relative to an anatomical reference point (Caire et al., 2013). The limitation of 

this approach is that it does not take into account the full spatial extent of stimulation. This could 

explain why there are conflicting findings regarding the relationship between active contact 

position and motor improvement (Bot et al., 2018; Koivu et al., 2018; McClelland et al., 2005; 

Nestor et al., 2014; Paek et al., 2008; Verhagen et al., 2019; Wodarg et al., 2012). When 

stimulation is applied by the active contact, an electric field is induced in the brain tissue that 

spreads outward in all directions. Due to the difficulty in measuring the stimulation field 

experimentally, modeling approaches have been used to characterize the spatial distribution of 

the DBS-induced electric field (Butson, 2012). From this, the theoretical amount of tissue 

directly affected by stimulation, termed the volume of tissue activated (VTA), can be calculated 

(Astrom et al., 2009; Butson et al., 2007). The VTA is a stimulation-dependent metric that can be 
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used to predict clinical outcomes (Avecillas-Chasin et al., 2019; Butson et al., 2006), optimize 

stimulation settings (Frankemolle et al., 2010; McIntyre et al., 2009), explore alternative surgical 

targets (Miocinovic et al., 2006; Zitella et al., 2013), and evaluate novel electrode designs 

(Butson and McIntyre, 2006; Howell et al., 2015; van Dijk et al., 2015). The utility of tissue 

activation modeling hinges on its ability to make accurate and clinically meaningful predictions. 

Substantial efforts have gone towards validating VTA predictions with experimental data 

(Miocinovic et al., 2009; Zitella et al., 2015). 

Tissue activation modeling has become increasingly more complex over time. 

Neurostimulation models can now incorporate detailed anatomical information, heterogeneous 

and anisotropic tissue properties, explicit representation of the DBS lead and electrode-tissue 

interface, clinically determined stimulation settings, and biophysical neuron models (Chaturvedi 

et al., 2010; Gunalan et al., 2017; Gunalan et al., 2018; Howell and McIntyre, 2016). The 

primary motivation for each of these advancements has been a more accurate and patient-specific 

characterization of the spatial extent of stimulation. Previous studies have shown tissue 

anisotropy to be one of the most relevant factors impacting model prediction accuracy (Astrom et 

al., 2012; Howell and McIntyre, 2017; Ineichen et al., 2018; Schmidt and van Rienen, 2012; 

Vargas Cardona et al., 2017). However, tissue properties are typically derived from a brain atlas 

instead of individual patient data when creating tailored neurostimulation models (Butson et al., 

2011). Since most brain atlases are based on a single subject, there is a limitation in how 

representative an atlas is to a patient population, especially one that is in a Parkinsonian state 

(Dickie et al., 2017; Nowacki et al., 2018). 

The objective of this retrospective study was to map the optimal location of STN DBS for 

PD using an atlas-independent, n-of-1 tissue activation modeling approach and to assess the 
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relationship between the therapeutic VTA and motor improvement. The stimulation-induced 

electric field for 40 PD patients treated with bilateral STN DBS was modeled using finite 

element analysis. Neurostimulation models were tailored to each patient, incorporating their 

individual STN anatomy, DBS lead position and orientation, anisotropic brain tissue 

conductivity, and clinical stimulation settings. A voxel-based analysis of the VTAs was used to 

map the optimal location of stimulation. The amount of stimulation in specific regions relative to 

the STN was measured and compared between patients with optimal and sub-optimal 

stimulation, as determined by their motor improvement scores and VTA. The relationship 

between VTA location and motor outcome was assessed using correlation analysis. Patient 

variability in terms of STN anatomy, active contact position, and VTA location and a simplified 

VTA modeling approach were also evaluated to highlight the need for n-of-1 modeling 

approaches. 

Methods 

 
Patient Selection 

For this study, patients were drawn from a clinical database of patients who received 

bilateral STN DBS for PD at the University of Michigan. Selection criteria were an established 

diagnosis of idiopathic PD and the availability of pre-operative MR and DT imaging, post-

operative CT imaging, and clinical follow-up assessments at least six months after surgery (Chou 

et al., 2013). Patients with structural brain abnormalities on MR imaging, non-monopolar 

stimulation, or comorbid neuropsychiatric disorders, such as dementia and depression, were 

excluded. Forty patients were selected (Table 2-1), resulting in a total of 72 brain hemispheres 

for analysis. Informed consent was obtained from all patients in accordance with the policies of 

the Medical Institutional Review Board at the University of Michigan. 
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Table 2-1 Patient demographics and post-operative change in LEDD with DBS 
 n Mean Standard deviation Minimum Maximum 
Age at baseline [yr] 40 63.1 6.7 52.7 74.7 
Age diagnosed [yr] 40 52.9 8.6 33 69 
Disease duration at baseline [yr] 40 10.2 5.4 -0.7 22.8 
Time to follow-up [mo] 40 9.6 5.6 6 24 
LEDD (pre-operative) [mg/d] 40 1370.5 777.6 0 3342 
LEDD (post-operative) [mg/d] 40 579.9 459.3 0 1746 
LEDD reduction [%] 36 55.4 33.4 -50 100 

n: 40 patients total (28 male and 12 female; 36 with medication); LEDD: L-DOPA equivalent 
daily dose. 
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Image Acquisition and Processing 

Pre-operative 3-T MR images were acquired for each patient at their baseline evaluation. 

Post-operative CT images were acquired two to four weeks after surgery to allow intracranial air 

to resolve (Bentley et al., 2017). The MR and CT imaging protocols used have been previously 

reported (Patil et al., 2012). Pre-operative 3-T DT images were also acquired at baseline using a 

single-shot echo-planar imaging sequence combined with dS SENSE, a parallel imaging scheme 

used to decrease image distortion (Jaermann et al., 2004). Diffusion weighting was encoded 

along 15 independent orientations with a b-value of 800 mm2/s. DT imaging parameters included 

a 1 x 1 x 2 mm voxel size, 224 x 224 mm field-of-view, and reduction factor of 2. 

MR and DT images were resampled using linear and cubic spline interpolation, 

respectively, to match the resolution of the CT images (Houshmand, 2015). MR images were 

transformed to Talairach space, where the anterior and posterior commissures lie on a straight 

horizontal line (Talairach and Tournoux, 1988). The midcommissural point (MCP) was defined 

as the origin, with positive x, y, and z coordinates corresponding to right, anterior, and dorsal 

(superior), respectively. CT and DT images were oriented to Talairach space via co-registration 

to the MR images using a normalized mutual information algorithm and manual refinement. All 

image processing was performed by the same individual to minimize co-registration variability 

using Analyze (12.0, AnalyzeDirect, Inc., Overland Park, KS, USA). 

Clinical Evaluation 

Part III of the Movement Disorders Society revision of the Unified Parkinson Disease 

Rating Scale (MDS-UPDRS III) was used to evaluate the severity of motor symptoms (Chou et 

al., 2013). Post-operative scores without medication for rigidity, bradykinesia, and tremor were 

used instead of baseline scores to isolate the stimulation-specific effects of DBS from those 
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associated with surgery or disease progression (Table 2-2). Scores were measured at least six 

months after surgery. Rigidity scores came from item 3.3, bradykinesia scores from items 3.4-

3.8, and tremor scores from items 3.15 and 3.16. Overall motor scores were defined as the sum 

of the rigidity, bradykinesia, and tremor scores. Scores were lateralized to their respective 

hemispheres. Axial symptoms, such as speech and posture, were excluded from analysis. Motor 

improvement was defined as: 

 
improvement [%] =

scoreoff med off⁄  stim − scoreoff med on⁄  stim

scoreoff med off⁄  stim
∗ 100 

 
where scoreoff med off⁄  stim and scoreoff med on⁄  stim were the values of the post-operative 

scores without medication and stimulation and without medication and with stimulation, 

respectively. The stimulation amplitude at the electrode contact that maximized therapeutic 

effect and minimized side effects, as determined by a movement disorders neurologist (K.L.C.) 

during monopolar review, was recorded (Table 2-3). 
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Table 2-2 Post-operative change in lateralized MDS-UPDRS III scores with DBS 
 n Mean Standard 

deviation 
Minimum Maximum 

Rigidity score (off med/off stim) 72 2.4 1.9 0 8 
Rigidity score (off med/on stim) 72 1.2 1.7 0 8 
Rigidity improvement [%] 58 56.2 43.8 -50 100 
Bradykinesia score (off med/off 
stim) 

72 9.2 4.0 1 17 

Bradykinesia score (off med/on 
stim) 

72 6.2 4.2 0 17 

Bradykinesia improvement [%] 72 36.9 41.3 -166.7 100 
Tremor score (off med/off stim) 72 1.3 2.1 0 8 
Tremor score (off med/on stim) 72 0.3 0.9 0 6 
Tremor improvement [%] 29 80.0 37.1 0 100 
Overall motor score (off med/off 
stim) 

72 12.9 5.7 2 26 

Overall motor score (off med/on 
stim) 

72 7.7 5.3 0 25 

Overall motor improvement [%] 72 39.9 44.6 -233.3 100 
n: 72 brain hemispheres total (37 left and 35 right; 58 with rigidity, 72 with bradykinesia, and 29 
with tremor); overall motor score: sum of rigidity, bradykinesia, and tremor scores. 
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Table 2-3 Clinical DBS settings, electrode impedance, and modeled VTA 
 n Mean Standard deviation Minimum Maximum 
Stimulation amplitude [V] 72 2.7 0.6 1.5 4.2 
Electrode impedance [Ω] 71 1225.8 279.4 441 1902 
VTA [mm3] 72 68.6 22.9 30.1 124.7 

Stimulation frequency and pulse width were set to 130 Hz and 60 μs, respectively, for the 
majority of patients. n: 72 brain hemispheres total (37 left and 35 right); VTA: volume of tissue 
activated. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 23 

Atlas-Independent, N-of-1 Tissue Activation Modeling 

Multi-step, electric field modeling techniques using atlas-based anatomical nuclei and 

tissue properties have been previously developed (Astrom et al., 2009; Butson et al., 2007). In 

this study, an atlas-independent, n-of-1 tissue activation modeling approach building from these 

previous works was designed to increase the accuracy of VTA modeling on a patient-by-patient 

basis (Figure 2-1). The n-of-1 modeling approach is described below. 
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Figure 2-1 Atlas-independent, n-of-1 tissue activation modeling approach. (A) STN 
segmentation. Left: coronal MR image from one patient showing the left (outlined in red) and 
right STN. Center: zoomed in version. Right: left STN in MATLAB after STN segmentation. (B) 
Electrode contact localization. Left: sagittal CT image showing the electrode contacts (shown in 
black) of the left DBS lead. Left STN mask is shown in red. Center: zoomed in version. Right: 
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left STN and DBS lead in MATLAB after electrode contact localization. (C) Anisotropic brain 
tissue conductivity estimation. Coronal DT image showing the calculated eigenvector color map. 
Red, green, and blue correspond to the x, y, and z direction, respectively. (D) Finite element 
analysis. Left: bulk brain tissue and left DBS lead geometry in COMSOL. Center: DBS-induced 
potential distribution around the active contact. Colors correspond to different isolevels in V. 
Positive x, y, and z correspond to the right hemisphere, anterior direction, and dorsal direction, 
respectively. Right: left STN, DBS lead, and VTA, defined by the thresholded electric field 
norm, in MATLAB after finite element analysis. The STN is shown in yellow, active contact and 
VTA are shown in red, and inactive contacts are shown in dark gray. Scale bars equal 1 mm. 
 

STN Segmentation 

3D anatomical models of the STNs were created for each patient from their MR imaging 

(72 STNs total). STNs were manually traced from coronal slices using Analyze. Visualization of 

the STN was optimized by maximizing contrast between it and substantia nigra pars reticulata 

(Conrad et al., 2018; Houshmand et al., 2014; Patil et al., 2012). All STNs were traced by the 

same individual (K.A.M.) and validated by the neurosurgeon who performed the DBS surgeries 

(P.G.P.) to minimize segmentation variability. STN traces were then exported to MATLAB 

(R2018b, The MathWorks, Inc., Natick, MA, USA) for analysis. 

Electrode Contact Localization 

All patients were implanted with quadripolar DBS leads (model 3389, Medtronic, Inc., 

Minneapolis, MN, USA). Electrode contacts were localized in the brain of each patient from 

their CT imaging (288 electrodes and 72 active contacts total). Contact coordinates were 

measured from sagittal slices using Analyze. Visualization of the electrode contacts was 

optimized via CT windowing (Conrad et al., 2018; Patil et al., 2012). All electrode contacts were 

measured by the same individual to minimize localization variability. Contact coordinates were 

then exported to MATLAB for analysis. 
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Anisotropic Brain Tissue Conductivity Estimation 

The anisotropic electrical conductivity of the brain tissue was estimated for each patient 

from their DT imaging (40 tensor fields total) (Tuch et al., 2001). Diffusion eigenvalue and 

eigenvector maps were calculated using Analyze and then exported to MATLAB, where they 

were converted into 3D conductivity tensors on a per-voxel basis (Houshmand, 2015). 

Conductivity tensor fields were then exported to COMSOL Multiphysics (5.2, COMSOL, Inc., 

Burlington, MA, USA) for finite element analysis. 

Finite Element Analysis 

3D finite element models (FEMs) incorporating individual brain anatomy, DBS lead 

position and orientation, anisotropic tissue conductivity, and clinical stimulation settings were 

created for each hemisphere of each patient (72 FEMs total) to calculate the spatial distribution 

of the DBS-induced electric field and estimate the therapeutic VTA (Astrom et al., 2009; Butson 

et al., 2007). The bulk brain tissue was modeled as a block surrounding the DBS lead, which was 

modeled as a Medtronic 3389 lead. The block of tissue had a width, length, and depth equal to 

that of the patient’s brain, as measured on MR imaging, and the cylindrical lead had a contact 

length of 1.5 mm, contact spacing of 0.5 mm, and electrode diameter of 1.27 mm. The DBS lead 

was translated and rotated such that the electrode contacts best matched the measured contact 

coordinates. The bulk tissue domain was assigned the DT imaging-based anisotropic electrical 

conductivities by linearly interpolating the conductivity tensors onto the mesh. The remaining 

domains, contact and insulation, were assigned isotropic conductivities of 1.42e7 S/m and 1e-13 

S/m, respectively (Kent and Grill, 2014). Boundary conditions were defined for the electrode 

contacts and bulk tissue. An electric potential equal to the patient’s therapeutic stimulation 

amplitude was applied to the surface of said patient’s therapeutic electrode contact (active 
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contact) and ground was applied to the bottom surface of the bulk tissue (Pelot et al., 2018). The 

remaining electrode contacts were disabled. FEMs were then meshed, with finer meshing applied 

at and around the DBS lead. After testing for model convergence by modifying the mesh density, 

simulations were run to solve for the electric potential throughout the brain using the Poisson 

equation. All FEMs were electrostatic because the impedance of gray matter has been shown to 

be frequency-independent for clinically relevant stimulation frequencies (Logothetis et al., 

2007). The VTA was defined by the electric field norm, thresholded at stimulation-specific 

activation levels derived from biophysical neuron models (Astrom et al., 2015). Simulations and 

VTA predictions were performed using COMSOL. VTAs were then exported to MATLAB, 

where their location relative to the STN was characterized for analysis. 

VTA Mapping 

N-of-1 VTAs were placed into a common coordinate space (single hemisphere) by 

flipping, translating, scaling, and rotating each patient-specific STN to the median STN (based 

on volume) and then applying the associated transformations to each VTA. The number of VTAs 

at each position (voxel) was calculated to identify the region of greatest VTA overlap. A clinical 

score reflecting the motor outcomes of each patient (percent improvement) was then assigned to 

the voxels comprising each VTA (Akram et al., 2017; Butson et al., 2011; Haegelen et al., 2018). 

The mean score was calculated at each voxel to identify the optimal location of stimulation. 

VTAs were mapped for overall motor improvement as well as improvement in rigidity, 

bradykinesia, and tremor. If patients did not have a particular motor symptom, then their VTAs 

were excluded from the symptom-specific analysis. 
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Optimality of Stimulation 

Despite some patients having similar motor outcomes, the size and shape of their n-of-1 

VTAs often varied. Assuming an optimal location of stimulation existed, it was reasoned that 

patients with active contacts near said location would require less stimulation (and in turn have 

smaller VTAs) to gain therapeutic benefit from DBS (Conrad et al., 2018). A measure of how 

optimal stimulation was, termed optimality of stimulation, was defined to differentiate patients 

with similar levels of motor improvement. This measure was the ratio of improvement to the 

VTA size. Patients with greater improvement and smaller VTAs were considered to have more 

optimal stimulation. 

Statistical Analysis 

Paired, two-sided Wilcoxon signed rank tests were used to determine if post-operative 

assessments with DBS ON differed significantly from those with DBS OFF. For VTA mapping, 

a bootstrap analysis was performed in which the clinical scores were randomly assigned to each 

VTA (and its associated voxels) prior to averaging to distinguish statistically significant voxel-

score pairs. This process was repeated 1000 times to create a null distribution of mean scores at 

each voxel. A voxel-score pair was determined significant if the actual mean score at said voxel 

lay within the top five percent of the distribution. Two-sided Wilcoxon rank sum tests 

(equivalent to Mann-Whitney U-tests) were used to determine if stimulation location for patients 

with optimal stimulation differed significantly from that for patients with sub-optimal 

stimulation. Correlation analysis was used to determine if there was a significant linear 

relationship between stimulation location and the optimality of stimulation (ratio of motor 

improvement to the VTA size). Analysis was performed using MATLAB. Significance was 

determined at a p-value of less than 0.05. 
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Results 

 
Patient Motor Outcome 

Lateralized, post-operative overall motor, rigidity, bradykinesia, and tremor scores from 

the MDS-UPDRS III improved significantly with DBS ON; and pre-operative LEDD decreased 

significantly with DBS (p < 0.001, Wilcoxon signed rank test) (Figure 2-2). The overall motor 

score improved by 5.2 points (40.5%), while the rigidity, bradykinesia, and tremor scores 

improved by 1.2 points (51.5%), 3.0 points (32.3%), and 1.0 points (79.3%), respectively. LEDD 

decreased by 790.6 mg/d (57.7%). 

 

  
Figure 2-2 Lateralized, post-operative MDS-UPDRS III scores OFF and ON DBS, and pre- and 
post-operative LEDD. Left: overall motor, rigidity, bradykinesia, and tremor scores. Right: 
LEDD. *** p < 0.001, Wilcoxon signed rank test. 
 

Optimal Location of Stimulation 

For overall motor improvement, all n-of-1 VTAs were analyzed (Figure 2-3). The region 

of greatest VTA overlap was located 0.20 mm medial and 0.80 mm posterior to the STN centroid 

(-0.20, -0.80, 0). In contrast, the optimal location of stimulation was mapped to a region lateral, 
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posterior, and dorsal to the STN centroid. This region overlapped with the STN and extended 

beyond its boundary in each direction. 

For rigidity, bradykinesia, and tremor improvement, 58/72, 72/72, and 29/72 VTAs were 

analyzed, respectively (Figure 2-4, Figure 2-5, and Figure 2-6). The regions of greatest VTA 

overlap were the same as or similar to that identified for overall motor improvement (rigidity: -

0.20, -0.80, 0; bradykinesia: -0.20, -0.80, 0; tremor: -0.33, -0.66, -0.35). Likewise, the optimal 

locations of stimulation were mapped to regions lateral, posterior, and dorsal to the STN centroid 

irrespective of the motor symptom. These regions also overlapped with the STN and extended 

beyond its boundary in each direction. 
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A 

 
B 

 
C 

 
Figure 2-3 VTA mapping for overall motor improvement. (A) Map of the number of overlapping 
VTAs. (B) Map of mean overall motor improvement. Slices are at the STN centroid (origin). The 
median STN (based on volume) is shown as a black outline. (C) 3D map of mean overall motor 
improvement at statistically significant voxels (determined via bootstrap analysis). The mean 
active contact position is shown as a black circle and the median STN is shown as a gray surface. 
Axial, coronal, and sagittal views are shown. 
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A 

 
B 

 
C 

 
Figure 2-4 VTA mapping for rigidity improvement. (A) Map of the number of overlapping 
VTAs. (B) Map of mean rigidity improvement. Slices are at the STN centroid (origin). The 
median STN (based on volume) is shown as a black outline. (C) 3D map of mean rigidity 
improvement at statistically significant voxels (determined via bootstrap analysis). The mean 
active contact position is shown as a black circle and the median STN is shown as a gray surface. 
Axial, coronal, and sagittal views are shown. 
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A 

 
B 

 
C 

 
Figure 2-5 VTA mapping for bradykinesia improvement. (A) Map of the number of overlapping 
VTAs. (B) Map of mean bradykinesia improvement. Slices are at the STN centroid (origin). The 
median STN (based on volume) is shown as a black outline. (C) 3D map of mean bradykinesia 
improvement at statistically significant voxels (determined via bootstrap analysis). The mean 
active contact position is shown as a black circle and the median STN is shown as a gray surface. 
Axial, coronal, and sagittal views are shown. 
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Figure 2-6 VTA mapping for tremor improvement. (A) Map of the number of overlapping 
VTAs. (B) Map of mean tremor improvement. Slices are at the STN centroid (origin). The 
median STN (based on volume) is shown as a black outline. (C) 3D map of mean tremor 
improvement at statistically significant voxels (determined via bootstrap analysis). The mean 
active contact position is shown as a black circle and the median STN is shown as a gray surface. 
Axial, coronal, and sagittal views are shown. 
 

Difference in Stimulation Location between Optimal and Sub-Optimal Stimulation 

Patients were ranked by their optimality of stimulation (ratio of motor improvement to 

the VTA size) to determine if those with optimal and sub-optimal stimulation differed in terms of 

VTA location and active contact position (Figure 2-7). The top and bottom 25% of patients were 

placed into optimal and sub-optimal stimulation groups, respectively. For overall motor and 

bradykinesia, patients with optimal stimulation had significantly more dorsal stimulation and 

significantly more dorsal active contacts (relative to the STN centroid) than those with sub-
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optimal stimulation (p < 0.05, Mann-Whitney U-test). For rigidity, patients with optimal 

stimulation had significantly more posterior stimulation and significantly more posterior active 

contacts than those with sub-optimal stimulation (p < 0.05, Mann-Whitney U-test). These 

findings were consistent with the VTA mapping results above. 
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Figure 2-7 Difference in stimulation location between patients with optimal and sub-optimal 
stimulation. (A) Overall motor. Patients with optimal stimulation (top 25%) had significantly 
more dorsal stimulation and significantly more dorsal active contacts (relative to the STN 
centroid) than those with sub-optimal stimulation (bottom 25%). (B) Rigidity. Patients with 
optimal stimulation had significantly more posterior stimulation and significantly more posterior 
active contacts than those with sub-optimal stimulation. (C) Bradykinesia. Patients with optimal 
stimulation had significantly more dorsal stimulation and significantly more dorsal active 
contacts than those with sub-optimal stimulation. * p < 0.05 and ** p < 0.01, Mann-Whitney U-
test. 
 

Relationship between Stimulation Location and Motor Improvement 

Correlation analysis was used to assess the relationship between stimulation location and 

the optimality of stimulation (ratio of motor improvement to the VTA size) (Figure 2-8). For 

overall motor outcomes, there was a statistically significant linear relationship between the 

amount of dorsal stimulation (as measured by the VTA) and the optimality of stimulation (r = 

0.29, p = 0.02). For rigidity, there were significant relationships between the amounts of 

posterior and dorsal stimulation and the optimality of stimulation (posterior: r = 0.26, p = 0.046; 

dorsal: r = 0.27, p = 0.04). For bradykinesia, there was a significant relationship between active 

contact position in the lateral-medial direction and the optimality of stimulation (r = 0.28, p = 

0.02). These findings were also consistent with the VTA mapping results above. For tremor, 

there was no relationship between stimulation location and the optimality of stimulation. 

Compared to active contact position, VTA location had more robust relationships with motor 

improvement. 
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Figure 2-8 Relationship between stimulation location and motor improvement. (A) Overall 
motor. Linear regression model of the amount of dorsal stimulation (as measured by the VTA) 
and the optimality of stimulation (ratio of motor improvement to the VTA size). (B) Rigidity. 
Linear regression models of the amounts of posterior and dorsal stimulation and the optimality of 
stimulation. (C) Bradykinesia. Linear regression model of active contact position in the lateral-
medial direction and the optimality of stimulation. Legend: blue x = data, solid red line = fit, and 
dashed red line = confidence bounds. p < 0.05, Pearson’s linear correlation coefficient. 
 

Patient Variability in STN Anatomy and Stimulation Location 

High variability in STN anatomy (location and size) and stimulation location (active 

contact position and VTA location) was observed across patients (Figure 2-9). STN location was 

characterized by its centroid position relative to the MCP; and STN size was characterized by its 

width, length, depth, and volume (Figure 2-10). The STN centroid was located 11.13 ± 1.39 mm 

lateral (mean ± standard deviation), 0.92 ± 2.59 mm posterior, and 3.24 ± 1.22 mm ventral to the 

MCP. STN width, length, depth, and volume were 7.91 ± 1.67 mm, 8.56 ± 1.45 mm, 5.19 ± 1.12 

mm, and 80.9 ± 31.3 mm3, respectively. 

 

   
Figure 2-9 Variability in STN anatomy and stimulation location across patients. 3D models of 
the patient-specific STN, DBS lead, and VTA for three patients. The STN is shown in yellow, 
active contact and VTA are shown in red, and inactive contacts are shown in dark gray. Coronal 
views are shown. Scale bars equal 1 mm. 
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Figure 2-10 Variability in STN location and size across patients. (A) Histograms of STN 
centroid position (relative to the MCP) in the lateral-medial, anterior-posterior, and dorsal-
ventral directions. Positive x, y, and z correspond to the lateral, anterior, and dorsal directions, 
respectively. (B) Histograms of STN width, length, depth, and volume. 
 

Active contact location was characterized by its position relative to the STN centroid 

(Figure 2-11). The mean active contact was located 0.21 ± 1.35 mm medial, 0.63 ± 1.93 mm 

posterior, and 0.79 ± 1.99 mm dorsal to the STN centroid. Active contacts were distributed quite 

evenly around the STN centroid in all directions. 
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Figure 2-11 Variability in active contact position across patients. (A) Histograms of active 
contact position (relative to the STN centroid) in the lateral-medial, anterior-posterior, and 
dorsal-ventral directions. Positive x, y, and z correspond to the lateral, anterior, and dorsal 
directions, respectively. (B) Scatter plots of active contact position for 72 implants (open, blue 
circles; normalized by STN dimensions). The mean active contact position is shown as a filled, 
red circle and the median STN (based on volume) is shown in yellow. Axial, coronal, and 
sagittal views are shown. Scale bars equal 1 mm. 
 

VTA location was characterized by the percentage of the VTA lateral, posterior, and 

dorsal to the STN centroid (lateral, posterior, and dorsal stimulation, respectively) and the 

percentage of the VTA outside of the STN (external stimulation) (Figure 2-12). 46.3 ± 28.1% of 

the VTA was lateral, 60.9 ± 33.1% was posterior, and 59.2 ± 33.0% was dorsal to the STN 

centroid. 77.7 ± 16.3% of the VTA was outside of the STN. VTAs were distributed quite evenly 

around the STN centroid in the lateral-medial direction. However, VTAs spread noticeably more 

posterior and dorsal than anterior and ventral, respectively (in contrast to active contact position). 

In all but two cases, over half of the VTA spread beyond the STN boundary. 
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Figure 2-12 Variability in VTA location across patients. Histograms of VTA location (top row: 
relative to the STN centroid, bottom row: relative to the STN boundary) in the lateral-medial, 
anterior-posterior, and dorsal-ventral directions. 
 

Discussion 

STN DBS is an established surgical treatment for the motor symptoms of PD. Despite the 

proven clinical effectiveness of DBS, motor improvement can vary considerably from one 

patient to another. A possible explanation for this variability are differences in where stimulation 

is applied in the subthalamic region. Previous studies have highlighted the need for a more 

detailed identification of stimulation location relative to DBS targets, one that goes beyond 

simple active contact position (Caire et al., 2013; Nestor et al., 2014). In this study, an atlas-

independent, n-of-1 tissue activation modeling approach was used to characterize the spatial 

extent of stimulation, termed the VTA, in 40 patients with PD who received bilateral STN DBS. 

Individual MR, CT, and DT imaging data were used to build each patient-specific 

neurostimulation model, and individual clinical scores from the MDS-UPDRS III were assigned 
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to the VTA predictions to assess the effectiveness of each stimulation zone. To the best of our 

knowledge, this study is the first to use a truly n-of-1, atlas-independent VTA modeling approach 

to identify the optimal location of STN DBS for PD at this large a patient group. 

Optimal Location of Stimulation 

For overall motor improvement, mapping the individual VTAs to a common coordinate 

space revealed the optimal location of stimulation to be in a region lateral, posterior, and dorsal 

to the STN centroid. This finding is consistent with previous studies attempting to identify the 

optimal stimulation site for STN DBS (Akram et al., 2017; Butson et al., 2011; Conrad et al., 

2018; Haegelen et al., 2018; Herzog et al., 2004; Maks et al., 2009; Pollo et al., 2007; Voges et 

al., 2002; Yokoyama et al., 2006). The optimal location of stimulation overlapped with the STN 

and extended outside its borders in each direction. In contrast, the mean active contact position 

lay firmly within the dorsal half of the STN. Therapeutic stimulation consistently spread beyond 

the STN, as confirmed by calculating the percentage of the VTA external to the STN. In 70/72 

cases, over half of the total VTA lay outside the STN. These findings suggest that the optimal 

location of stimulation lies at the dorsolateral border of the STN, in the posterior half of the 

nucleus. This location varied little when motor symptoms were analyzed individually, suggesting 

that optimal stimulation sites for rigidity, bradykinesia, and tremor may not be unique. The 

optimal location of stimulation was largest for rigidity and smallest for bradykinesia. This 

finding is consistent with a previous modeling study (Butson et al., 2011). The optimal 

stimulation site for STN DBS is still under debate (Plaha et al., 2006; Welter et al., 2014). 

Alternative DBS targets have been explored to better tailor treatment to the individual needs of 

PD patients (Anderson et al., 2017). These targets include the globus pallidus internus, ventral 

intermediate nucleus of the thalamus, and caudal zona incerta (cZI). The cZI, in particular, has 
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recently been suggested as an overall superior target (Blomstedt et al., 2012; Plaha et al., 2006). 

The optimal location of stimulation identified in this study includes the region where the cZI is 

located in addition to the motor subregion of the STN (Alkemade, 2013). 

Difference in Stimulation Location between Optimal and Sub-Optimal Stimulation 

As a way to validate the optimal location of stimulation identified from VTA mapping, 

stimulation location was compared between patients with optimal and sub-optimal stimulation. 

Patients were ranked according to how optimal their therapeutic stimulation was, termed the 

optimality of stimulation, and then separated into an optimal and sub-optimal stimulation group. 

The optimality of stimulation measure was defined as the ratio of motor improvement to the 

VTA size, such that patients with larger improvement and smaller VTAs were considered to 

have more optimal stimulation. The logic behind this measure was that patients with active 

contacts closer to some presumed optimal stimulation site would require less stimulation (and in 

turn have smaller VTAs) to gain therapeutic benefit from DBS (Conrad et al., 2018). Unlike for 

VTA mapping, measurements for this analysis were taken in the native space of each patient. 

Once patients were grouped, differences in VTA location and active contact position between the 

two groups were assessed. For overall motor and bradykinesia, patients with optimal stimulation 

had significantly more dorsal stimulation and significantly more dorsal active contacts (relative 

to the STN centroid) than those with sub-optimal stimulation (p < 0.05). For rigidity, patients 

with optimal stimulation had significantly more posterior stimulation and significantly more 

posterior active contacts than those with sub-optimal stimulation (p < 0.05). These findings 

suggest that the optimal location of stimulation lies dorsal and posterior to the STN centroid, 

which is consistent with the VTA mapping results. There were no significant differences in 

stimulation location between the two groups for tremor. This was likely due to the lower number 
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of tremor VTAs available and the fact that tremor improvement was the least sensitive motor 

outcome to stimulation location (tremor was completely alleviated by DBS in most patients 

regardless of the size of their VTA). 

Relationship between Stimulation Location and Motor Improvement 

There is conflicting evidence in the literature regarding the relationship between 

coordinate-based electrode location and DBS motor outcomes. Several studies have reported that 

electrode location can predict motor improvement (Bot et al., 2018; Verhagen et al., 2019), while 

others have reported that there is no significant correlation between the two variables (Koivu et 

al., 2018; McClelland et al., 2005; Nestor et al., 2014; Paek et al., 2008; Wodarg et al., 2012). 

Using individual STNs manually segmented from patient MR imaging (not an atlas STN warped 

to each patient), the position of the active contact relative to the STN centroid was measured in 

each hemisphere (if applicable). The STN centroid was chosen over the typically used MCP as 

the anatomical reference point to account for neuroanatomical variability across patients (Bot et 

al., 2018). A correlation analysis was then performed between active contact position and the 

optimality of stimulation. Bradykinesia was the only motor symptom with a significant 

relationship between the two variables (p < 0.05), where more lateral electrode contacts were 

correlated with more optimal stimulation. A key limitation of using active contact position to 

identify where stimulation is located is that it does not take into account the full spatial extent of 

stimulation (unlike the VTA), which varies based on the DBS settings and electrical properties of 

the brain. Consequently, the correlation analysis was repeated using VTA location instead of 

active contact position. For overall motor outcomes, there was a significant relationship between 

the amount of dorsal stimulation and the optimality of stimulation (p < 0.05). For rigidity, there 

were significant relationships between the amounts of posterior and dorsal stimulation and the 
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optimality of stimulation (p < 0.05). There was no significant relationship between stimulation 

location (VTA location and active contact position) and the optimality of stimulation for tremor, 

likely due to the reasons mentioned above. Again, these findings are consistent with the VTA 

mapping results. Additionally, there was no significant correlation between the amount of STN 

stimulation (VTA inside the STN) or the amount of external stimulation (proxy for ZI 

stimulation) and the optimality of stimulation, suggesting that the optimal location of stimulation 

may lie between the two structures (Falconer et al., 2018). Overall, VTA location had more 

robust relationships with motor improvement and showed greater predictive capability than 

active contact position. Combining these two measures of stimulation location may improve the 

reliability of models attempting to predict DBS clinical outcomes (Nestor et al., 2014). 

Patient Variability in STN Anatomy and Stimulation Location 

High variability in STN anatomy and stimulation location (VTA location and active 

contact position) was observed across patients. Measurements for this analysis were again taken 

in the native space of each patient. STN anatomy was characterized by its location (centroid 

position relative to the MCP) and size (width, length, depth, and volume). The degree of 

neuroanatomical variability was similar to that reported in previous studies (Daniluk et al., 2010; 

Duchin et al., 2018; Massey et al., 2012; Richter et al., 2004; Xiao et al., 2014). To account for 

this variability, the STN centroid was chosen over the typically used MCP as the anatomical 

reference point when measuring active contact position and VTA location. Previous studies have 

proposed alternative reference points for a similar reason (Bot et al., 2018). Despite using a more 

individualized reference point, active contacts were distributed quite evenly around the STN 

centroid in all directions (Figure 2-11), making it difficult to determine an optimal location of 

stimulation based on active contact position alone. In contrast, therapeutic VTAs spread 
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noticeably more into the posterior and dorsal halves of the STN (Figure 2-12). Interestingly, the 

location of therapeutic stimulation, as measured by the VTA, varied considerably across patients. 

This finding highlights the need for n-of-1 modeling approaches when characterizing stimulation 

location to optimize DBS for individual patients (Cubo et al., 2015). 

Limitations and Alternative Modeling Approaches 

In this study, neurostimulation models were tailored to each patient by incorporating their 

individual STN anatomy, DBS lead position and orientation, anisotropic brain tissue 

conductivity, and clinical stimulation settings in an effort to characterize the most accurate 

representation of their therapeutic stimulation field. Despite this, there are several limitations that 

have to be considered when interpreting the results. First, the DBS outcomes evaluated only 

included rigidity, bradykinesia, and tremor, the primary motor symptoms of PD. Side effects and 

non-motor outcomes were not included in the overall analysis due to the unavailability of 

lateralized clinical scores. However, these outcomes can be readily incorporated into the n-of-1 

modeling framework reported here, which future studies will do. Second, only therapeutic 

electrode contacts and VTAs based on the clinically optimized stimulation settings of each 

patient were evaluated (one active contact and VTA per hemisphere per patient). The remaining 

three electrode contacts were not included in the overall analysis. This limited the spatial 

coverage of stimulation in the subthalamic region. However, given that the therapeutic contacts 

were distributed quite evenly around the STN centroid in all directions (Figure 2-11), sufficient 

VTA coverage was still attained. Since a specific aim of this study was to determine how 

variable therapeutic stimulation was across patients, it made sense to focus on the clinically 

optimized stimulation settings of each patient, as determined through clinical DBS programming. 

Stimulation settings (and VTAs) associated with side effects or other DBS outcomes can be 
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analyzed in a similar manner, which again future studies will do. Third, since multiple imaging 

modalities were required to create each neurostimulation model, image co-registration is a 

possible source of error. Image co-registration was performed using commercial software for 

visualizing and analyzing medical imaging (Analyze) to minimize error between pre- and post-

operative imaging data. A normalized mutual information algorithm was used to precisely align 

the CT and DT imaging of each patient with their MR imaging (Studholme et al., 1998). All co-

registrations were done and evaluated by a board certified physician assistant, and verified by a 

functional neurosurgeon. If deemed necessary by visual inspection, manual refinements were 

made to ensure an accurate co-registration. Fourth, the brain was assumed to be purely resistive 

and linear with regard to DBS (Bedard et al., 2004). Consequently, all FEMs built were 

electrostatic. Previous experimental studies have shown that the impedance of gray matter is 

frequency-independent for clinically relevant stimulation frequencies (Logothetis et al., 2007). 

Furthermore, previous modeling studies have shown that it is reasonable to ignore the capacitive 

properties of brain tissue (Grant and Lowery, 2010; Howell and McIntyre, 2016; Schmidt et al., 

2013). Regardless, possible limitations with electrostatic solutions can be addressed by 

frequency-dependent models combined with impedance spectroscopy measurements that account 

for the resistive and capacitive properties of the tissue (Lempka and McIntyre, 2013). Fifth, FEM 

solutions were not coupled to biophysical neuron models to determine the VTA. Instead, the 

VTA was defined by activation field strength thresholds of the electric field (Astrom et al., 

2015). These thresholds were derived for clinically relevant stimulation amplitudes and pulse 

widths using axon cable models. An exponential was fit to the activation field thresholds 

corresponding to an axon diameter of 2.5 μm and a stimulation pulse width of 60 μs to calculate 

the individual thresholds for each patient based on their therapeutic stimulation amplitude. 



 49 

Astrom et al. showed that the VTA can be approximated by a constant electric field threshold 

without the need to couple axon models to the FEM solution (Astrom et al., 2015). This greatly 

reduces computation time, which is highly favorable since an intended application of this work is 

to run simulations to test and optimize stimulation settings for patients in a clinical setting. 

However, it is important to note that their analyses were performed using isotropic tissue 

conductivities. Lastly, tractography was not incorporated into the n-of-1 modeling framework. 

Several studies have used tractography to aid in identifying optimal stimulation sites to treat PD 

with DBS (Akram et al., 2017; Avecillas-Chasin et al., 2019; Garcia-Gomar et al., 2017; 

Gunalan et al., 2017; O'Halloran et al., 2016). This is of interest because DBS is hypothesized to 

elicit its therapeutic effect through a combination of axonal activation and cellular inhibition 

(McIntyre et al., 2004a; McIntyre and Hahn, 2010). The DT imaging data used to estimate the 

anisotropic tissue conductivities for each patient can also be used to perform tractography. Doing 

so would allow direct comparison of gray and white matter stimulation, such as the hyperdirect 

pathway and internal capsule, and their effects on DBS outcomes (Akram et al., 2017; Chen et 

al., 2018; Gunalan et al., 2017). However, the accuracy of the tractography results would be 

limited by the voxel resolution of the DT imaging (Rodrigues et al., 2018). 

Regarding clinical application of the n-of-1 modeling framework reported here, 

alternative methods of modeling the VTA are available (Cubo et al., 2017; Madler and Coenen, 

2012). One such approach uses a sphere centered at the active contact to estimate the VTA, 

where the radius of the sphere is a function of the stimulation amplitude and electrode impedance 

(Madler and Coenen, 2012). To assess the validity of this approximation, spherical VTAs were 

calculated for each patient and the overall analysis was repeated using them in place of the n-of-1 

VTAs. Spherical VTA modeling was unable to reproduce the results presented in this study and 
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tended to overestimate the size of the VTA (data not shown). Previous studies have described 

VTA overestimation as a possible limitation of simplified modeling approaches (Butson and 

McIntyre, 2005; Chaturvedi et al., 2006). While simplified VTA modeling approaches can be 

useful in identifying general regions where stimulation would be therapeutic, they are limited in 

their ability to optimize stimulation at the individual patient level because they typically do not 

take into account tissue anisotropy, one of the most relevant factors impacting VTA prediction 

accuracy. 

Conclusion 

Accurate characterization of the spread of stimulation in the brain is important for 

optimizing STN DBS for PD. High variability in neuroanatomy, stimulation location, and motor 

improvement across patients highlights the need for n-of-1 modeling techniques. Using an atlas-

independent, n-of-1 tissue activation modeling approach, this study mapped the optimal location 

of stimulation to the dorsolateral border of the STN, in the posterior half of the nucleus. This 

location varied little when motor symptoms were analyzed individually, suggesting that optimal 

stimulation sites for rigidity, bradykinesia, and tremor may not be unique. Therapeutic 

stimulation spread noticeably more in the dorsal direction, providing additional evidence for cZI 

as an important DBS target. The n-of-1 modeling approach presented in this study can be used to 

develop and evaluate stimulation strategies to improve clinical outcome on an individual basis. 

Furthermore, these methods can be used to investigate the non-motor and side effects associated 

with STN DBS and be extended to other conditions treated with DBS, such as essential tremor 

and depression, to identify other optimal stimulation sites. 
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Abstract 

Deep brain stimulation (DBS) of the ventral intermediate (VIM) nucleus of the thalamus 

(also known as the ventral part of the ventral lateral posterior (VLpv) nucleus) is the primary 

neurosurgical therapy to treat idiopathic essential tremor (ET). Thalamic segmentation and tissue 

activation modeling have improved the understanding of structure-function relationships 

between DBS lead location, stimulation parameters, and clinical efficacy. Atlas-based 

segmentation and modeling approaches normalize anatomical variability across patients, 

providing clinical explanations that hold for the study population as a whole. However, DBS 

outcomes at the individual patient level may prove difficult to explain using atlas-based 

approaches. 

An atlas-independent, n-of-1 modeling methodology combining diffusion tensor (DT) -

based thalamic segmentation and tissue activation modeling was developed to evaluate the 

clinical effects of thalamic DBS on an individual patient basis. Twenty-two patients with ET 

who received unilateral thalamic DBS participated in this retrospective study. For each patient, 

the thalamus was segmented into 13 distinct subnuclei using a modified k-means clustering 

algorithm. Volumes of tissue activation (VTAs) associated with therapeutic outcome and side 

effects were calculated using finite element analysis. The amount of VTA overlap with the motor 

Chapter 3  
 
 

Clinical Validation of Atlas-Independent, N-of-1 Thalamic Segmentation and Tissue 
Activation Modeling in Thalamic Deep Brain Stimulation for Essential Tremor 
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and sensory regions of the thalamus was then measured to correlate motor and sensory thalamus 

stimulation with the observed outcomes. The results obtained using n-of-1 thalamic segmentation 

were compared with those obtained using an atlas-based segmentation approach to further assess 

the methodology. 

Within the thalamus, the shape and size of the VTA was highly variable across individual 

patients. Using n-of-1 thalamic segmentation, 91% of the VTAs associated with therapeutic 

outcome overlapped with motor thalamus despite only 50% of the therapeutic electrode contacts 

being located in the structure. In contrast, 100% of the VTAs overlapped with motor thalamus 

using atlas-based segmentation. Both segmentation approaches showed that therapeutic VTAs 

had significantly more overlap with motor than sensory thalamus. For sustained paresthesia, 94% 

of the sustained paresthesia VTAs overlapped with sensory thalamus using n-of-1 thalamic 

segmentation, while 74% of the VTAs overlapped with sensory thalamus using atlas-based 

segmentation. Both segmentation approaches showed that sustained paresthesia VTAs had 

significantly more overlap with sensory thalamus than therapeutic VTAs. For dysarthria/motor 

contraction, 68% of the dysarthria/motor contraction VTAs spread outside of the thalamus using 

n-of-1 thalamic segmentation, while 79% of the VTAs spread outside of the thalamus using 

atlas-based segmentation. Only n-of-1 thalamic segmentation showed that dysarthria/motor 

contraction VTAs had significantly more external stimulation than therapeutic VTAs. Overall, n-

of-1 thalamic segmentation performed better than atlas-based segmentation in terms of 

explaining DBS side effects and when the thalamic anatomy of the patient differed considerably 

in size and shape from the atlas thalamus. 

While traditional atlas-based thalamic segmentation and VTA modeling are reliable tools 

for general DBS planning and mechanistic study, enhanced accuracy at the individual patient 
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level may be possible with atlas-independent, n-of-1 modeling approaches utilizing DT imaging 

data. 

Introduction 

Deep brain stimulation (DBS) of the thalamus is the primary neurosurgical therapy to 

treat idiopathic essential tremor (ET) (Benabid et al., 1996; Deuschl et al., 2011; Pahwa et al., 

2006). The DBS target, known as the ventral intermediate (VIM) nucleus (Vaillancourt et al., 

2003) or the ventral part of the ventral lateral posterior (VLpv) nucleus (Macchi and Jones, 

1997), is a terminus of the cerebellothalamic outflow tract (Calabrese, 2016; Kwon et al., 2011). 

While the VIM and other thalamic subnuclei can be identified using histology, they are not 

clearly visualized using conventional magnetic resonance (MR) imaging (Klein et al., 2012; 

Spiegelmann et al., 2006; Zerroug et al., 2016). Consequently, surgical targeting and clinical 

studies for thalamic DBS have relied on the use of stereotactic brain atlases to map the location 

of relevant structures (Forutan et al., 2015; Lemaire et al., 2010; Morel et al., 1997; 

Schaltenbrand et al., 1977). Patient specificity is achieved by fitting a generic spatial model of 

the thalamus and other deep brain structures to individual anatomic imaging data. During DBS 

surgery, neurosurgeons localize the VIM target using atlas-based stereotactic coordinates and 

refine the location of the DBS lead iteratively using intraoperative electrophysiological testing 

(Hemm et al., 2016; Klein et al., 2012). Improved targeting accuracy could be achieved with 

individualized diffusion tensor (DT) -based thalamic segmentation and fiber tractography, which, 

in turn, would simplify surgery, reduce operative risk, and improve patient outcome (Akram et 

al., 2018; Calabrese, 2016; Coenen et al., 2011; Deoni et al., 2007; Lambert et al., 2017). 

Diffusion tensor imaging has already been used to delineate the distinct subnuclei 

comprising the thalamus in individual subjects (Johansen-Berg et al., 2005; Lambert et al., 2017; 
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Wiegell et al., 2003). Several DT-based thalamic segmentation approaches also exist (Battistella 

et al., 2017; Deoni et al., 2007; Duan et al., 2007; Grassi et al., 2008; Jonasson et al., 2007; Mang 

et al., 2012; Rittner et al., 2010; Schultz, 2011; Ziyan and Westin, 2008). Fiber tractography is an 

emerging tool to identify the cerebellothalamic tracts for DBS targeting (Akram et al., 2018; 

Calabrese, 2016). 

In addition to accurately targeting the VIM, the success of thalamic DBS depends on the 

activation of neural tissue surrounding the DBS lead. Finite element computational models of the 

volume of tissue activated (VTA) have been used to study the regional effects of DBS and 

optimize stimulation parameters to treat Parkinson disease (Butson et al., 2007; Butson et al., 

2011; Chaturvedi et al., 2010; Madler and Coenen, 2012; Maks et al., 2009). Such approaches 

have also relied on atlas fitting to achieve patient specificity and make comparisons across 

subjects. Several studies have applied patient-specific, atlas-based VTA modeling to thalamic 

DBS for ET (Dembek et al., 2017; Vassal et al., 2012), while others have modeled thalamic DBS 

in different capacities (Hemm et al., 2016; Keane et al., 2012; Kuncel et al., 2008; Pouratian et 

al., 2011). To date, individual DT imaging data has yet to be used to create atlas-independent, n-

of-1 VTA models for thalamic DBS in a large patient group. 

In this retrospective study, a novel methodology to evaluate the clinical effects of 

thalamic DBS on an individual patient basis is presented. The methodology combined atlas-

independent thalamic segmentation and tissue activation modeling using individual 3 T DT 

imaging data obtained from 22 patients with ET who received unilateral thalamic DBS. For each 

patient, the thalamus was segmented into 13 distinct subnuclei using a modified, DT-based k-

means clustering algorithm. Tissue activation models were created using the same DT imaging 

data and then combined with the thalamic segmentation results. Volumes of tissue activation 
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associated with therapeutic outcome (tremor suppression) and side effects (sustained paresthesia 

and dysarthria/motor contraction) were calculated using an n-of-1 tissue activation modeling 

approach (Chapter 2). The amount of VTA overlap with the motor and sensory regions of the 

thalamus was then measured to correlate motor and sensory thalamus stimulation with observed 

outcomes. The results obtained using n-of-1 thalamic segmentation were compared with those 

obtained using an atlas-based thalamic segmentation approach to further assess the methodology. 

Methods 

 
Patient Selection 

For this study, patients were drawn from a clinical database of patients who had 

undergone unilateral thalamic DBS for idiopathic ET at the University of Michigan. Selection 

criteria were an established diagnosis of medically intractable ET and the availability of pre-

operative MR and DT imaging, post-operative CT imaging, and clinical assessments from the 

monopolar review performed a few weeks after DBS surgery. Patients with structural brain 

abnormalities on MR imaging, non-monopolar stimulation, or comorbid neuropsychiatric 

disorders, such as dementia or depression, were excluded. Twenty-two patients were selected 

(Table 3-1). Informed consent was obtained from all patients in accordance with the policies of 

the Medical Institutional Review Board at the University of Michigan. 
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Table 3-1 Patient demographics 
 n Mean Standard deviation Minimum Maximum 
Age at baseline [yr] 22 66.9 9.1 47.3 79.3 
Age diagnosed [yr] 22 40.0 21.3 9 73 
Disease duration at baseline [yr] 22 26.8 20.7 1.7 65.8 

n: 22 patients total (14 male and 8 female; 19 left implant and 3 right implant). 
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Pre-Operative Image Acquisition and Processing 

MR and DT images were obtained pre-operatively for each patient during their baseline 

evaluation. All imaging was performed on a Philips Ingenia 3.0T scanner (Philips Healthcare, 

Andover, MA, USA). MR images were acquired using a previously reported protocol (Patil et 

al., 2012), while DT images were acquired using a single-shot echo-planar imaging sequence 

combined with dS SENSE, a parallel imaging scheme used to decrease image distortion 

(Jaermann et al., 2004). Diffusion weighting was encoded along 15 independent orientations 

with a b-value of 800 mm2/s. DT imaging parameters included a 1 x 1 x 2 mm voxel size, 224 x 

224 mm field-of-view, and reduction factor of 2. MR images were transformed to Talairach 

space along the intercommissural and midsagittal planes (Talairach and Tournoux, 1988). The 

midcommissural point (MCP) was defined as the origin, with positive x, y, and z coordinates 

corresponding to the right, anterior, and dorsal (superior) directions, respectively. DT images 

were resampled to match the resolution of the MR images using cubic spline interpolation 

(Houshmand, 2015) and then oriented to Talairach space via co-registration to the MR images. 

All image processing was performed by the same individual to minimize registration variability 

using Analyze, a medical imaging visualization and analysis software package (12.0, 

AnalyzeDirect, Inc., Overland Park, KS, USA). 

Surgical Procedure and Initial Programming Session 

Just before surgery, patients were fitted with a Leksell stereotactic frame (Elekta AB, 

Stockholm, Sweden) and had additional pre-operative MR images acquired at 1.5 T (Patil et al., 

2012). The 3.0- and 1.5-T MR images were registered using Analyze and then exported to 

Framelink (Medtronic, Inc., Minneapolis, MN, USA) for frame-based, unilateral surgical 

targeting of the VIM. Indirect targeting was initially set to a point 11.5 mm lateral to the 
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thalamo-ventricular border, 3.5 mm anterior to the posterior commissure, and within the 

intercommissural plane. During surgery, microelectrode recording and macroelectrode 

stimulation were performed to refine targeting. A quadripolar DBS lead (model 3387, Medtronic, 

Inc., Minneapolis, MN, USA) was then precisely placed in the designated location after target 

confirmation. A movement disorders neurologist (K.L.C.) activated the DBS lead and evaluated 

each patient for symptom improvement and side effects at each electrode contact. In some cases 

where patients experienced side effects on all four contacts, the DBS lead was repositioned. 

Approximately 6 weeks after surgery, patients returned for their initial programming session. 

The same movement disorders neurologist performed the monopolar review to optimize the 

stimulation settings of each patient. Stimulation frequency and pulse width were set to 130 Hz 

and 60 μs, respectively, while stimulation amplitude varied from 0.5-5 V. The stimulation 

amplitude at the electrode contact that maximized tremor suppression without inducing side 

effects was recorded for each patient (Table 3-2). Stimulation amplitudes at electrode contacts 

that induced sustained paresthesia, defined as paresthesia persisting beyond one minute, or 

dysarthria/motor contraction were also recorded. 
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Table 3-2 Clinical DBS settings, electrode impedance, and modeled VTA 
 n Mean Standard deviation Minimum Maximum 
Stimulation amplitude [V] 18 1.7 0.5 1.0 2.5 
Stimulation amplitude [mA] 4 1.9 0.5 1.5 2.5 
Electrode impedance [Ω] 18 1181.1 451.6 609 2501 
VTA [mm3] 22 54.0 33.4 2.4 120.3 

Stimulation frequency and pulse width were set to 130 Hz and 60 μs, respectively. n: 22 patients 
total (electrode impedance data was unavailable for 4 patients); VTA: volume of tissue activated. 
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Post-Operative Image Acquisition and Processing and Electrode Contact Localization 

CT images were obtained post-operatively for each patient two-to-four weeks after 

surgery to allow intracranial air to resolve (Bentley et al., 2017). A previously reported protocol 

was used to acquire the CT imaging (Patil et al., 2012). CT images were oriented to Talairach 

space via co-registration to the MR images. Electrode contacts were then localized from the 

registered CT images (88 electrodes and 22 active contacts total). Contact coordinates were 

measured from CT images in the axial, coronal, and sagittal planes. Visualization of the 

electrode contacts was optimized via CT windowing (Conrad et al., 2018; Patil et al., 2012). All 

image processing and contact coordinate measurements were performed by the same individual 

to minimize registration and localization variability, respectively, using Analyze. Contact 

coordinates were then exported to MATLAB (R2018b, The MathWorks, Inc., Natick, MA, USA) 

for analysis. 

Thalamic Tracing and Atlas-Independent, N-of-1 Segmentation 

Three-dimensional anatomical models of the thalamus were created for each patient (22 

thalami total). Thalami were manually traced from MR images in the coronal plane using 

Analyze (Power et al., 2015) (Figure 3-1). The borders of the thalamus were defined in the axial 

plane by the third ventricle and posterior limb of the internal capsule, and in the sagittal plane by 

the lateral ventricle and subthalamic nucleus. All thalami were traced by the same individual 

(J.C.) and validated by the neurosurgeon who performed the DBS surgeries (P.G.P.) to minimize 

tracing variability. Object maps containing the thalamic voxels were then exported to MATLAB 

for segmentation. 
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Figure 3-1 Thalamic tracing for one patient. MR images of the thalamus. The thalamic border is 
indicated by the dashed lines. Axial and coronal views are displayed. 
 

Patient thalami were segmented into 13 distinct subnuclei based on local diffusion tensor 

information using a modified k-means clustering algorithm (Deoni et al., 2007; Wiegell et al., 

2003). Thirteen clusters representing the anterior (A); ventral anterior (VA); ventral lateral 

anterior (VLa); ventral lateral posterior, dorsal part (VLpd); ventral lateral posterior, ventral part 

(VLpv); ventral posterior lateral (VPL), ventral posterior medial (VPM), ventromedial (VM), 

medial dorsal (MD), lateral dorsal (LD), lateral posterior (LP), centromedian (CM), and pulvinar 

(Pul) subnuclei were chosen based on the Morel histological atlas (Morel et al., 1997) and 

previous thalamic segmentation studies (Deoni et al., 2007; Wiegell et al., 2003). The initial 

coordinates of each subnucleus centroid were determined according to the Morel thalamus. A 

digital version of the Morel atlas was obtained from (Jakab et al., 2012; Krauth et al., 2010) and 

exported to MATLAB. The Morel thalamus was then fitted to each patient thalamus via 

transposition, scaling, and rotation to map the atlas subnuclei centroids to the patient thalami for 
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k-means clustering. The anisotropic diffusivity of the brain tissue was estimated for each patient 

from their DT imaging. Diffusion eigenvalue and eigenvector maps were calculated using 

Analyze and then exported to MATLAB, where they were converted into 3D diffusion tensors 

on a per-voxel basis (22 tensor fields total) (Houshmand, 2015). The distance metric chosen for 

k-means clustering took into account the physical location of the thalamic voxels and different 

properties of the diffusion tensors at each voxel. The reasoning for this was that voxels belonging 

to a specific subnucleus should be close in spatial proximity and similar in tensor properties, 

indicating similar histological composition. The position-tensor distance between a voxel j and a 

subnucleus centroid k, djk, was defined as a linear combination of the Mahalanobis voxel 

distance (Wiegell et al., 2003) and the Hybrid tensor distance (de Luis-García et al., 2009; de 

Luis-García et al., 2012): 

 
djk = �𝐱𝐱j − 𝐱𝐱�k�𝐖𝐖k

+ α�𝐊𝐊�𝐃𝐃j� − 𝐊𝐊(𝐃𝐃�k)� + (1 − α)�𝐔𝐔�𝐃𝐃j� − 𝐔𝐔(𝐃𝐃�k)�
F
 

 
where 𝐱𝐱j is the position of voxel j, 𝐱𝐱�k is the centroid position of subnuclei k, 𝐖𝐖k is the 

covariance matrix of the voxels in subnuclei k (recalculated each iteration), α is a weighting 

factor to control the relative importance of tensor shape and orientation  (α = 0.5 (default)), 𝐃𝐃j is 

the diffusion tensor of voxel j, and 𝐃𝐃�k is the mean diffusion tensor of subnuclei k. 𝐊𝐊 is a feature 

vector containing three tensor invariants that describe the shape of the diffusion tensor (size, 

anisotropy, and mode) and 𝐔𝐔 is a tensor that describes the primary orientation of the diffusion 

tensor (de Luis-García et al., 2009; de Luis-García et al., 2012). The Mahalanobis, Euclidean, 

and Frobenius norms were used to calculate the voxel position distance, the difference between 

the diffusion tensor invariants, and the difference between the diffusion tensor orientations, 

respectively. The k-means clustering algorithm calculated the position-tensor distance between 
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the centroid of each subnucleus and all other thalamic voxels. Each voxel was then assigned to a 

specific subnucleus based on minimization of the distance metric. This process was repeated 

until the convergence criterion was satisfied, defined as the point where no subnucleus centroid 

moved more than 0.1 mm from its previous iteration (Wiegell et al., 2003). The stability of the k-

means clustering algorithm was evaluated across three randomly selected patients by performing 

thalamic segmentation 1000 times, each time randomly displacing the initial coordinates of each 

subnucleus centroid within a 2 mm-radius. The similarity between the subnuclei resulting from 

the default and randomized centroid initializations was then measured for each trial using the 

Dice coefficient. 

Atlas-Independent, N-of-1 Tissue Activation Modeling 

Three-dimensional finite element models (FEMs) incorporating individual brain 

anatomy, DBS lead position and orientation, anisotropic tissue conductivity, and clinical 

stimulation settings were created for each patient to calculate the spatial distribution of the DBS-

induced electric field and estimate the VTA (22 FEMs total) (Astrom et al., 2009; Butson et al., 

2007). VTAs associated with therapeutic outcome (tremor suppression) and side effects 

(sustained paresthesia and dysarthria/motor contraction) were calculated using an atlas-

independent, n-of-1 tissue activation modeling approach (Chapter 2). The amount of VTA 

overlap with the motor and sensory regions of the thalamus was then measured to correlate 

motor and sensory thalamus stimulation with observed DBS outcomes. The DBS lead was 

modeled as a Medtronic 3387 lead with a contact length of 1.5 mm, contact spacing of 1.5 mm, 

and electrode diameter of 1.27 mm. An electric potential or current equal to the therapeutic or 

side effect-inducing stimulation amplitudes obtained from DBS programming was applied to the 

surface of the appropriate electrode contact (active contact). The previously calculated diffusion 
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tensors were converted to conductivity tensors via a linear transformation (Tuch et al., 2001) 

using MATLAB and then exported to COMSOL Multiphysics (5.2, COMSOL, Inc., Burlington, 

MA, USA), where they were interpolated onto the finite element mesh. The electric potential 

throughout the brain was solved for using the Poisson equation. The VTA was defined by the 

electric field norm, thresholded at 0.2 V/mm (Alonso et al., 2018; Astrom et al., 2015; Hemm et 

al., 2016). All simulations and VTA predictions were performed using COMSOL. VTAs were 

then exported to MATLAB, where their location relative to the segmented thalami was 

characterized for analysis. 

Atlas-Based Thalamic Segmentation 

Patient thalami were also segmented using an atlas-based approach to enable comparison 

with the n-of-1 thalamic segmentation results. The Morel thalamus was fitted to each patient 

thalamus to map the atlas subnuclei to the patient thalami. It was then determined which voxels 

of the patient thalami lay within each of the 13 subnuclei defined by the Morel thalamus. Said 

voxels were assigned to the appropriate subnucleus. For the dysarthria/motor contraction 

analysis, the Morel thalamus was simply fitted to each patient thalamus. 

Statistical Analysis 

Paired, two-sided (unless otherwise specified) Wilcoxon signed rank tests were used to 

determine if differences between the n-of-1 and atlas-based thalamic segmentation results were 

statistically significant. Wilcoxon signed rank tests were also used to determine if n-of-1 

thalamic segmentation using the Hybrid distance generated results that differed significantly 

from those generated using alternative tensor distance metrics (Frobenius norm, J-divergence, 

and eigenvector angular difference) (Wang and Vemuri, 2004; Wiegell et al., 2003; Ziyan et al., 

2006). Two-sided (unless otherwise specified) Wilcoxon rank sum tests (equivalent to Mann-
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Whitney U-tests) were used to determine if stimulation location corresponding to therapeutic 

VTAs differed significantly from that corresponding to side effect-inducing VTAs. Chi-squared 

tests were used to evaluate the predictive capability of the n-of-1 and atlas-based segmentation 

approaches. All statistical analysis was performed using MATLAB. Significance was determined 

at a p-value of less than 0.05. 

Results 

 
Clinical Outcome 

Twenty-two patients who underwent unilateral thalamic DBS for contralateral upper 

extremity tremor participated in this study (Table 3-1). A movement disorders neurologist 

(K.L.C.), blinded to the thalamic segmentation and tissue activation modeling results, 

independently programmed the stimulation and evaluated the clinical outcome for each patient 

during their postoperative monopolar review visit. Eighty-eight electrode contacts in total were 

tested. Fifty-four out of 88 electrode contacts (61%) were associated with side effects: 35/88 

(40%) with sustained paresthesia, 15/88 (17%) with dysarthria, and 4/88 (5%) with motor 

contraction. The electrode contact that provided the greatest tremor control without side effects 

was selected as the therapeutic contact and recorded (Table 3-2). Therapeutic contacts had a 

mean stimulation amplitude of 1.7 ± 0.5 V for voltage-controlled DBS and 1.9 ± 0.5 mA for 

current-controlled DBS. Stimulation frequency and pulse width were set to 130 Hz and 60 μs, 

respectively. All patients experienced improved tremor control with DBS. 
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Atlas-Independent, N-of-1 Thalamic Segmentation 

 
Tensor Distance Metric 

In addition to the Hybrid distance, three alternative tensor distance metrics were used to 

perform n-of-1 thalamic segmentation: the Frobenius norm, J-divergence, and eigenvector 

angular difference. The four tensor distance metrics were evaluated based on the location of 

therapeutic contacts in the segmented thalami and the amount of motor and sensory thalamus 

stimulation associated with therapeutic VTAs to determine which metric best described the 

clinical data (Figure 3-2). Therapeutic contacts were located in motor thalamus most often (11/22 

patients) and sensory thalamus least often (6/22 patients) using the Hybrid distance. There was 

also significantly less sensory than motor thalamus stimulation for therapeutic VTAs using the 

Hybrid distance (p < 0.05, Wilcoxon signed rank test). Since motor thalamus was the intended 

DBS target and assuming that therapeutic VTAs are associated with minimal sensory thalamus 

stimulation, the Hybrid distance was determined to perform better than the other tensor distance 

metrics in terms of explaining therapeutic outcome. 
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Figure 3-2 Comparison of tensor distance metrics for n-of-1 thalamic segmentation. (A) Location 
of therapeutic contacts in the segmented thalami. (B) Overlap of therapeutic VTAs with motor 
and sensory thalamus. * p < 0.05, Wilcoxon signed rank test. Motor thalamus consists of VLa, 
VLpd, and VLpv; sensory thalamus consists of VPL and VPM; and other consists of the 
remaining eight subnuclei. Hybrid, Frobenius, and Angular diff correspond to the Hybrid 
distance, Frobenius norm, and eigenvector angular difference, respectively. 
 

Stability of K-Means Clustering Algorithm 

Overall, the k-means clustering algorithm was able to produce similar segmentations 

despite random displacement of the initial subnuclei centroid coordinates (Figure 3-3). The 

degree of similarity varied across the three patients and 13 subnuclei. Patient 2 had the most 

stable segmentation with a mean Dice coefficient between 0.68 and 0.98 across the 13 subnuclei. 

By comparison, Patient 3 had a mean Dice coefficient between 0.59 and 0.98, while Patient 1 

had one between 0.48 and 0.89. Pulvinar (Pul) was the most stable subnucleus with a mean Dice 

coefficient between 0.89 and 0.98 across the three patients. In contrast, ventral anterior (VA) was 

the least stable subnucleus with a mean Dice coefficient between 0.52 and 0.81. For the 

subnuclei comprising motor (VLa, VLpd, and VLpv) and sensory (VPL and VPM) thalamus, the 

mean Dice coefficient was between 0.59 and 0.87 across the three patients and five subnuclei. 
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Figure 3-3 Stability analysis for n-of-1 thalamic segmentation. Similarity between subnuclei 
resulting from the default centroid initialization and those resulting from the randomized centroid 
initialization for three patients. 
 

Comparison with Atlas-Based Thalamic Segmentation 

Twenty-two individual thalami were segmented using the DT-based k-means clustering 

algorithm and an atlas-based approach. An example segmentation for one patient is shown in 

Figure 3-4. Thirteen subnuclei in total were identified: anterior (A); ventral anterior (VA); 

ventral lateral anterior (VLa); ventral lateral posterior, dorsal part (VLpd); ventral lateral 

posterior, ventral part (VLpv); ventral posterior lateral (VPL), ventral posterior medial (VPM), 

ventromedial (VM), medial dorsal (MD), lateral dorsal (LD), lateral posterior (LP), 

centromedian (CM), and pulvinar (Pul). All subnuclei correspond to the nomenclature used in 

the Morel atlas. 
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Figure 3-4 Comparison of n-of-1 and atlas-based thalamic segmentation for one patient. Top 
row: N-of-1 thalamic segmentation. Middle row: Atlas-based thalamic segmentation. Bottom 
row: Morel atlas. Motor thalamus, comprised of VLa, VLpd, and VLpv, and sensory thalamus, 
comprised of VPL and VPM, are shown in purple, green, blue, red, and orange, respectively. The 
rest of the thalamus is shown in gray. Axial, coronal, and sagittal views are displayed. The 2D 
slices in each column all correspond to the same level. Scale bar equals 5 mm. 
 

Difference in Thalamic Anatomy 

There were significant anatomical differences between n-of-1 and atlas-based thalamic 

segmentation in terms of subnucleus centroid distance (relative to the MCP) and volume (Figure 

3-5). Ten out of 13 subnuclei (VA, VLa, VLpd, VLpv, VPL, VPM, MD, LP, CM, and Pul) had 

significantly different centroid distances between the two segmentation approaches (p < 0.05, 

Wilcoxon signed rank test). The mean absolute difference between the centroid distances from n-

of-1 thalamic segmentation and those from atlas-based thalamic segmentation ranged from 0.9 to 

2.9 mm across the 13 subnuclei. Along each direction, the mean absolute difference ranged from 
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0.6 to 2.8 mm (lateral-medial), 0.7 to 3.6 mm (anterior-posterior), and 0.5 to 3.0 mm (dorsal-

ventral). For VLpv, the atlas subnucleus that best corresponds to the VIM DBS target, the mean 

absolute difference was 1.7 mm. Ten out of 13 subnuclei (A, VA, VLa, VLpv, VPM, VM, MD, 

LD, CM, and Pul) also had significantly different volumes between the two segmentation 

approaches (p < 0.05, Wilcoxon signed rank test). Four of those 10 subnuclei, including VLpv, 

were significantly smaller using n-of-1 compared to atlas-based thalamic segmentation. 
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Figure 3-5 Difference in subnuclei location and size between n-of-1 and atlas-based thalamic 
segmentation. (A) Centroid distance (relative to the MCP). (B) Volume. * p < 0.05, ** p < 0.01, 
and *** p < 0.001, Wilcoxon signed rank test. (C) Example of n-of-1 (left) and atlas-based 
(right) thalamic segmentation for one patient. VLa, VLpd, and VLpv (motor thalamus) are 
shown in purple, green, and blue, respectively; VPL and VPM (sensory thalamus) are shown in 
red and orange, respectively. A sagittal view is displayed. Scale bars equal 5 mm. 
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Difference in Therapeutic Contact Location 

There were also significant differences in therapeutic contact location between n-of-1 and 

atlas-based thalamic segmentation (Figure 3-6). Using n-of-1 thalamic segmentation, 11/22 

therapeutic contacts (50%) were located in motor thalamus, defined as the union of VLa, VLpd, 

and VLpv. The mean therapeutic contact was located 13.7 ± 1.6 mm lateral, 5.5 ± 2.3 mm 

posterior, and 3.9 ± 2.6 mm dorsal to the MCP, while the mean VLpv centroid was located 11.0 

± 1.4 mm lateral, 4.8 ± 2.4 mm posterior, and 6.3 ± 1.9 mm dorsal. On average, the therapeutic 

contact was located 2.7 ± 1.9 mm lateral, 0.7 ± 2.9 mm posterior, and 2.3 ± 3.0 mm ventral to the 

VLpv centroid, which equated to a Euclidean distance of 5.6 ± 1.7 mm between the two points. 

In contrast, 19/22 therapeutic contacts (86%) were located in motor thalamus using atlas-based 

thalamic segmentation. The mean VLpv centroid was located 13.5 ± 1.0 mm lateral, 5.3 ± 1.6 

mm posterior, and 4.5 ± 1.1 mm dorsal to the MCP. On average, the therapeutic contact was 

located 0.2 ± 1.6 mm lateral, 0.2 ± 2.6 mm posterior, and 0.6 ± 2.7 mm ventral to the VLpv 

centroid, which equated to a Euclidean distance of 3.7 ± 1.6 mm between the two points. The 

distance from the therapeutic contact to the VLpv centroid differed significantly in the lateral-

medial and dorsal-ventral directions between the two segmentation approaches (p < 0.001, 

Wilcoxon signed rank test), but not in the anterior-posterior direction. 
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Figure 3-6 Difference in therapeutic contact location between n-of-1 and atlas-based thalamic 
segmentation. (A) Location of therapeutic contacts in the segmented thalami. Motor thalamus 
consists of VLa, VLpd, and VLpv; sensory thalamus consists of VPL and VPM; and other 
consists of the remaining eight subnuclei. (B) Therapeutic contact distance (relative to the VLpv 
centroid). Positive x, y, and z correspond to the lateral, anterior, and dorsal directions, 
respectively. *** p < 0.001, Wilcoxon signed rank test. 
 

Difference in VTA Location and Predictive Capability 

Using n-of-1 thalamic segmentation, 20/22 VTAs associated with therapeutic outcome 

(91%) overlapped with motor thalamus despite only 50% of the therapeutic contacts being 

located in the subnuclei comprising the structure, while 14/22 therapeutic VTAs (64%) 

overlapped with sensory thalamus, defined as the union of VPL and VPM. Fifteen out of 22 

therapeutic VTAs (68%) overlapped more with motor than sensory thalamus. In contrast, 22/22 

therapeutic VTAs (100%) overlapped with motor thalamus using atlas-based thalamic 

segmentation, while 11/22 therapeutic VTAs (50%) overlapped with sensory thalamus. Twenty 

out of 22 therapeutic VTAs (91%) overlapped more with motor than sensory thalamus. There 

was a significant difference in the amount of therapeutic VTA overlap with motor thalamus 

between n-of-1 and atlas-based thalamic segmentation (p < 0.01, Wilcoxon signed rank test), as 

well as with sensory thalamus (p < 0.05, Wilcoxon signed rank test). However, both 
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segmentation approaches showed that therapeutic VTAs had significantly more overlap with 

motor than sensory thalamus (p < 0.05, Wilcoxon signed rank test) (Figure 3-7). Still, some 

patients had large discrepancies between their n-of-1 and atlas-based thalamic segmentation 

results. Figure 3-7B shows one patient whose n-of-1 thalamic segmentation results more 

accurately reflect their therapeutic outcome based on the location of the VTA than their atlas-

based thalamic segmentation results. The n-of-1 thalamic segmentation results show the 

therapeutic VTA contained within motor thalamus. In contrast, the atlas-based thalamic 

segmentation results show most of the therapeutic VTA spreading to sensory thalamus. 
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Figure 3-7 Difference in the amount of motor and sensory thalamus stimulation associated with 
therapeutic VTAs between n-of-1 and atlas-based thalamic segmentation. (A) Overlap of 
therapeutic VTAs with motor and sensory thalamus. Motor thalamus consists of VLa, VLpd, and 
VLpv; sensory thalamus consists of VPL and VPM. * p < 0.05 and *** p < 0.001, Wilcoxon 
signed rank test. (B) Example of n-of-1 (left) and atlas-based (right) thalamic segmentation for 
one patient. VLa, VLpd, VLpv, VPL, and VPM are shown in purple, green, blue, red, and 
orange, respectively. The therapeutic VTA is shown in dark red, DBS lead is shown in gray, and 
electrode contacts are shown in dark gray. A sagittal view is displayed. Scale bars equal 5 mm. 
 

The VTA analysis was then repeated for VTAs associated with side effects, specifically 

sustained paresthesia and dysarthria/motor contraction. Using n-of-1 thalamic segmentation, 

33/35 sustained paresthesia VTAs (94%) overlapped with sensory thalamus. In contrast, 26/35 
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sustained paresthesia VTAs (74%) overlapped with sensory thalamus using atlas-based thalamic 

segmentation. There was a significant difference in the amount of sensory thalamus stimulation 

between n-of-1 and atlas-based thalamic segmentation for sustained paresthesia VTAs (p < 

0.001, Wilcoxon signed rank test). However, both segmentation approaches showed that 

sustained paresthesia VTAs had significantly more overlap with sensory thalamus than 

therapeutic VTAs (p < 0.05, Mann-Whitney U-test) (Figure 3-8). Again, some patients had large 

discrepancies between their n-of-1 and atlas-based thalamic segmentation results. Figure 3-8B 

shows one patient whose n-of-1 thalamic segmentation results more accurately reflect their 

sustained paresthesia outcome based on the location of the VTA than their atlas-based thalamic 

segmentation results. The n-of-1 thalamic segmentation results show the sustained paresthesia 

VTA contained within sensory thalamus. In contrast, the atlas-based thalamic segmentation 

results show little of the sustained paresthesia VTA spreading to sensory thalamus. When VTA 

overlap with sensory thalamus was treated as a binary variable for therapeutic and sustained 

paresthesia VTAs, there was a statistically significant relationship between sensory thalamus 

stimulation and sustained paresthesia for n-of-1 thalamic segmentation (p < 0.05, chi-squared 

test), but not for atlas-based thalamic segmentation. 

 

 

 

 

 

 



 85 

A 

 
B 

  
Figure 3-8 Difference in the amount of sensory thalamus stimulation associated with therapeutic 
and sustained paresthesia VTAs between n-of-1 and atlas-based thalamic segmentation. (A) 
Overlap of therapeutic and sustained paresthesia VTAs with sensory thalamus. Sensory thalamus 
consists of VPL and VPM. * p < 0.05 and *** p < 0.001, Mann-Whitney U-test. (B) Example of 
n-of-1 (left) and atlas-based (right) thalamic segmentation for one patient. VLa, VLpd, VLpv, 
VPL, and VPM are shown in purple, green, blue, red, and orange, respectively. The sustained 
paresthesia VTA is shown in dark red, DBS lead is shown in gray, and electrode contacts are 
shown in dark gray. A sagittal view is displayed. Scale bars equal 5 mm. 
 

Using n-of-1 thalamic segmentation, 13/19 dysarthria/motor contraction VTAs (68%) 

spread outside of the thalamus. In contrast, 15/19 dysarthria/motor contraction VTAs (79%) 

spread outside of the thalamus using atlas-based thalamic segmentation. There was a significant 
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difference in the amount of external stimulation spreading laterally (a proxy for internal capsule 

stimulation) between n-of-1 and atlas-based thalamic segmentation for dysarthria/motor 

contraction VTAs (p < 0.001, Wilcoxon signed rank test), which may explain why only n-of-1 

thalamic segmentation showed that dysarthria/motor contraction VTAs had significantly more 

external stimulation than therapeutic VTAs (p < 0.05, Mann-Whitney U-test, one-sided) (Figure 

3-9). Again, some patients had large discrepancies between their n-of-1 and atlas-based thalamic 

segmentation results. Figure 3-9B shows one patient whose n-of-1 thalamic segmentation results 

more accurately reflect their dysarthria/motor contraction and therapeutic outcomes based on the 

location of the VTA than their atlas-based thalamic segmentation results. The n-of-1 thalamic 

segmentation results show a clear difference in the amount of external stimulation associated 

with dysarthria/motor contraction and therapeutic VTAs. In contrast, the atlas-based thalamic 

segmentation results show a more subtle difference. When external stimulation was treated as a 

binary variable for therapeutic and dysarthria/motor contraction VTAs, there was a statistically 

significant relationship between external stimulation and dysarthria/motor contraction for n-of-1 

thalamic segmentation (p < 0.05, chi-squared test), but not for atlas-based thalamic segmentation. 
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Figure 3-9 Difference in the amount of external stimulation associated with therapeutic and 
dysarthria/motor contraction VTAs between n-of-1 and atlas-based thalamic segmentation. (A) 
Overlap of therapeutic and dysarthria/motor contraction VTAs with external thalamus. * p < 
0.05, Mann-Whitney U-test, one-sided. (B) Example of n-of-1 (left) and atlas-based (right) 
thalamic segmentation for one patient. VLa, VLpd, VLpv, VPL, and VPM are shown in purple, 
green, blue, red, and orange, respectively. The dysarthria/motor contraction VTA is shown in 
dark red, therapeutic VTA is shown in dark green, DBS lead is shown in gray, and electrode 
contacts are shown in dark gray. A sagittal view is displayed. Scale bars equal 5 mm. 
 

Discussion 

Deep brain stimulation targeting the VIM nucleus of the thalamus (equivalent to the 

VLpv subnucleus from the Morel atlas) is the primary neurosurgical therapy to treat idiopathic 
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ET (Benabid et al., 1996; Deuschl et al., 2011; Pahwa et al., 2006). Despite the effectiveness of 

thalamic DBS, the optimal locus of stimulation and the mechanisms underlying tremor relief 

remain uncertain (Phibbs et al., 2014; Sandvik et al., 2012; Udupa and Chen, 2015). At present, 

thalamic DBS appears to favorably modulate pathological cerebellar outflow signals that 

produce tremor (Gibson et al., 2016). Substantial progress has been made towards improving 

clinical outcomes for patients receiving thalamic DBS. However, multiple factors still hamper 

scientific advances, including highly variable thalamic anatomy across animal and human 

subjects, and neuroimaging limitations for thalamic visualization and DBS targeting. In this 

study, a novel methodology to evaluate the clinical effects of thalamic DBS is presented – one 

that combines atlas-independent thalamic segmentation and tissue activation modeling using 

individual 3 T DT imaging data obtained from 22 patients with ET who received unilateral 

thalamic DBS. To date, DBS-induced tissue activation has been difficult to investigate within the 

context of ET because of the challenges associated with visualizing and differentiating the 

individual subnuclei of the thalamus. To address these challenges, a DT-based k-means 

clustering algorithm was used to segment individual thalamic subnuclei. The thalamic 

segmentation results were then combined with finite element computational models of the VTA 

induced by DBS. Tissue activation volumes associated with therapeutic outcome (tremor 

suppression) and side effects (sustained paresthesia and dysarthria/motor contraction) were 

calculated using a truly n-of-1 VTA modeling approach (Chapter 2). The amount of VTA 

overlap with the motor and sensory regions of the thalamus was then measured to correlate 

motor and sensory thalamus stimulation with observed outcomes. The results obtained using n-

of-1 thalamic segmentation were compared with those obtained using an atlas-based thalamic 

segmentation approach to further assess the methodology. To the best of our knowledge, this 
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study is the first to clinically validate an atlas-independent, n-of-1 thalamic segmentation and 

tissue activation modeling methodology to improve thalamic DBS on an individual patient basis. 

Thalamic Segmentation 

Direct segmentation of the individual patient thalamus offers an attractive strategy to 

improve DBS targeting. If individual thalamic subnuclei were accurately identified, the optimal 

locus of stimulation could be defined and targeted in a straightforward manner. In the past, 

thalamic segmentation was approximated with standardized stereotactic atlases, which assume a 

fixed relative position and shape among thalamic subnuclei (Forutan et al., 2015; Lemaire et al., 

2010; Morel et al., 1997; Schaltenbrand et al., 1977). More recently, thalamic segmentation 

algorithms have included linear and non-linear atlas fitting (Phibbs et al., 2014), manual 

contouring (Zerroug et al., 2016), high-field strength MR imaging (Abosch et al., 2010; Duchin 

et al., 2012; Kanowski et al., 2014; Tourdias et al., 2014; Xiao et al., 2016), and DT imaging 

(Akram et al., 2018; Deoni et al., 2007; Johansen-Berg et al., 2005; Lambert et al., 2017; Wiegell 

et al., 2003). 

A previously published k-means clustering algorithm for semi-automatic thalamic 

segmentation (Wiegell et al., 2003) was refined to evaluate stimulation location and clinical 

outcomes in individual patients. The k-means clustering algorithm used DT imaging data to 

segment the thalamus into a predefined number of subnuclei (clusters). Wiegell et al. obtained 

convincing results using the Frobenius norm as a tensor dissimilarity measure. Building on this 

foundation, the Frobenius norm, along with three alternative tensor distance metrics: Hybrid 

distance (de Luis-García et al., 2009), J-divergence (Wang and Vemuri, 2004), and eigenvector 

angular difference (Ziyan et al., 2006), was assessed based on the location of therapeutic 

electrode contacts in the segmented thalami and the amount of motor and sensory thalamus 
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stimulation associated with therapeutic VTAs (Figure 3-2). The Hybrid distance was ultimately 

chosen over the other tensor distance metrics for n-of-1 thalamic segmentation because it 

performed best in terms of explaining therapeutic outcome. This finding is consistent with results 

obtained by de Luis-García et al., who reported that the Hybrid distance performed better than 

other traditional tensor distance metrics for white matter segmentation (de Luis-García et al., 

2012). The stability of the modified k-means clustering algorithm was evaluated by segmenting 

the thalami of three randomly selected patients 1000 times, each time randomly displacing the 

initial coordinates of each subnucleus centroid within a 2 mm-radius. The similarity between the 

subnuclei resulting from the default and randomized centroid initializations was then measured 

for each trial using the Dice coefficient. Overall, the modified k-means clustering algorithm 

produced similar segmentations despite random displacement of the initial subnuclei centroid 

coordinates (Figure 3-3). For the subnuclei comprising motor (VLa, VLpd, and VLpv) and 

sensory (VPL and VPM) thalamus, the mean Dice coefficient ranged from 0.59 to 0.87 across 

the three patients and five subnuclei. For comparison, the similarity between thalami obtained 

from the widely used Morel (Morel et al., 1997) and Mai (Forutan et al., 2015) atlases was also 

measured. After fitting the atlas thalami to one another via transposition and scaling, the Dice 

coefficient ranged from 0.01 to 0.68 across 10 equivalent subnuclei. The Morel atlas was 

ultimately chosen over the Mai atlas because of its use in previous thalamic segmentation studies 

utilizing k-means clustering (Deoni et al., 2007; Wiegell et al., 2003). 

Thalami from 22 individual patients were segmented using the modified, DT-based k-

means clustering algorithm and an alas-based approach. Thirteen subnuclei in total were 

identified. The subnuclei centroids were initialized by placing them at locations corresponding to 

the Morel atlas (Deoni et al., 2007). Compared to other centroid initialization schemes, doing this 
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dramatically reduced the algorithm run time and improved the segmentation results. There were 

significant anatomical differences between n-of-1 and atlas-based thalamic segmentation in 

terms of subnucleus centroid distance (relative to the MCP) and volume (Figure 3-5). Ten out of 

13 subnuclei had significantly different centroid distances and volumes between the two 

segmentation approaches. The mean absolute difference between the centroid distances from n-

of-1 thalamic segmentation and those from atlas-based thalamic segmentation ranged from 0.9 to 

2.9 mm across the 13 subnuclei. Along each direction, the mean absolute difference ranged from 

0.6 to 2.8 mm (lateral-medial), 0.7 to 3.6 mm (anterior-posterior), and 0.5 to 3.0 mm (dorsal-

ventral). These findings are consistent with results obtained by Deoni et al., who reported an 

absolute difference of 3.3 mm between their final subnuclei centroid locations and those from the 

Morel atlas (after registering their segmentation results to the atlas) (Deoni et al., 2007). Along 

each direction, they reported absolute differences of 2.2 mm (lateral-medial), 1.7 mm (anterior-

posterior), and 1.3 mm (dorsal-ventral). It is important to note that atlas-based subnuclei centroid 

locations, while representative of a general population, are not true comparisons on an individual 

patient basis. High variability in thalamic size/shape and subnuclear boundaries is expected (and 

was observed) across individual patients (Akram et al., 2018; Behrens et al., 2003; Johansen-

Berg et al., 2005; Lambert et al., 2017). Without a ground truth thalamic segmentation to 

measure against, it is difficult to determine which segmentation approach is better based on 

anatomical differences alone. 

Therapeutic Contact Localization 

N-of-1 thalamic segmentation enabled atlas-independent localization of therapeutic 

electrode contacts in patient thalami. Fifty percent of the therapeutic contacts were located in 

motor thalamus, defined as the union of VLa, VLpd, and VLpv. On average, the therapeutic 
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contact was located lateral, posterior, and ventral to the VLpv centroid, 5.6 ± 1.7 mm away 

(Euclidean distance). In contrast, 86% of the therapeutic contacts were located in motor thalamus 

using atlas-based thalamic segmentation. On average, the therapeutic contact was located lateral, 

posterior, and ventral to the VLpv centroid, 3.7 ± 1.6 mm away. The distance from the 

therapeutic contact to the VLpv centroid differed significantly in the lateral-medial and dorsal-

ventral directions between the two segmentation approaches, but not in the anterior-posterior 

direction. Although therapeutic contacts were located in motor thalamus more often using atlas-

based thalamic segmentation, active contact position is not an accurate measure of stimulation 

location. This is because stimulation is not concentrated at a single point in space. Rather, when 

stimulation is applied by the active contact, an electric field is induced in the brain tissue that 

spreads outward in all directions. Previous studies have highlighted the need for a more detailed 

identification of stimulation location relative to DBS targets, one that goes beyond simple active 

contact position (Caire et al., 2013; Nestor et al., 2014). Some therapeutic contacts were also 

located near the border between motor and sensory thalamus, which shows the limitation of 

using a single point to classify its location. 

Tissue Activation Modeling 

The VTA is a more accurate characterization of stimulation location in the brain than 

active contact position and it can provide possible explanations for the regional effects of DBS at 

sites beyond the electrode contact surface. Tissue activation volume analysis has been useful in 

explaining the therapeutic and side effects of DBS (Astrom et al., 2010; Chaturvedi et al., 2010; 

Dembek et al., 2017). Conductive and dielectrical isotropy is a common assumption in VTA 

modeling studies, as computationally manageable spherical regions of activation result from this 

approximation (Dembek et al., 2017; Kuncel et al., 2008). However, the electrical complexity 
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introduced by incorporating anisotropy into computational models of DBS likely has one of the 

most prominent impacts on the accuracy of VTA predictions (Haueisen et al., 2002; Howell and 

McIntyre, 2016). 

Thalamic segmentation results were combined with VTAs modeled using an atlas-

independent, n-of-1 approach (Chapter 2). Within the thalamus, the shape and size of the VTA 

was highly variable across individual patients, likely due to differences in active contact position 

and local anisotropic tissue properties. VTAs ranged in appearance from spherical to elongate. 

They also varied considerably in size, even for patients with similar stimulation parameters. 

Using n-of-1 thalamic segmentation, 91% of the VTAs associated with therapeutic outcome 

overlapped with motor thalamus despite only 50% of the therapeutic contacts being located in 

the subnuclei comprising the structure. Also, 68% of the therapeutic VTAs overlapped more with 

motor than sensory thalamus, defined as the union of VPL and VPM. In contrast, 100% of the 

therapeutic VTAs overlapped with motor thalamus using atlas-based thalamic segmentation, 

while 91% overlapped more with motor than sensory thalamus. Although atlas-based thalamic 

segmentation performed better overall in explaining therapeutic outcome, both segmentation 

approaches showed that therapeutic VTAs had significantly more overlap with motor than 

sensory thalamus (Figure 3-7A). These findings are consistent with results obtained by Kuncel et 

al., who reported that placement of the active contact in the posterior part of the VIM can cause 

stimulation of the VPL (Kuncel et al., 2008). It is important to note that for some patients, their 

n-of-1 thalamic segmentation results more accurately reflected their therapeutic outcome based 

on the location of the VTA (Figure 3-7B). The strength of n-of-1 thalamic segmentation is most 

apparent in these specific cases, where the thalamic anatomy of the patient differs considerably 

in size and shape from the atlas thalamus. 
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Tissue activation volume analysis was repeated for VTAs associated with side effects, 

specifically sustained paresthesia and dysarthria/motor contraction. The border between motor 

and sensory thalamus is commonly assumed to modulate the incidence of sustained paresthesia 

from stimulation (Keane et al., 2012; Kuncel et al., 2008; Pouratian et al., 2011). Using n-of-1 

thalamic segmentation, 94% of the sustained paresthesia VTAs overlapped with sensory 

thalamus. In contrast, 74% of the sustained paresthesia VTAs overlapped with sensory thalamus 

using atlas-based thalamic segmentation. N-of-1 thalamic segmentation performed better overall 

in explaining sustained paresthesia. For example, Figure 3-8B shows a sustained paresthesia 

VTA contained within sensory thalamus using n-of-1 thalamic segmentation. In contrast, atlas-

based thalamic segmentation shows little of the sustained paresthesia VTA spreading to sensory 

thalamus. Still, both segmentation approaches showed that sustained paresthesia VTAs had 

significantly more overlap with sensory thalamus than therapeutic VTAs (Figure 3-8A). 

However, when VTA overlap with sensory thalamus was treated as a binary variable for 

therapeutic and sustained paresthesia VTAs, there was a statistically significant relationship 

between sensory thalamus stimulation and sustained paresthesia for n-of-1 thalamic 

segmentation, but not for atlas-based thalamic segmentation. Using n-of-1 thalamic 

segmentation, 68% of the dysarthria/motor contraction VTAs spread outside of the thalamus. In 

contrast, 79% of the dysarthria/motor contraction VTAs spread outside of the thalamus using 

atlas-based thalamic segmentation. There was a significant difference in the amount of external 

stimulation spreading laterally (a proxy for internal capsule stimulation) between the two 

segmentation approaches for dysarthria/motor contraction VTAs, which may explain why only 

n-of-1 thalamic segmentation showed that dysarthria/motor contraction VTAs had significantly 

more external stimulation than therapeutic VTAs (Figure 3-9A). For example, Figure 3-9B 
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shows a clear difference in the amount of external stimulation associated with dysarthria/motor 

contraction and therapeutic VTAs using n-of-1 thalamic segmentation. In contrast, atlas-based 

thalamic segmentation shows a more subtle difference. When external stimulation was treated as 

a binary variable for therapeutic and dysarthria/motor contraction VTAs, there was a statistically 

significant relationship between external stimulation and dysarthria/motor contraction for n-of-1 

thalamic segmentation, but not for atlas-based thalamic segmentation. These findings for 

paresthesia and dysarthria/motor contraction VTAs suggest that n-of-1 thalamic segmentation 

performs better than atlas-based thalamic segmentation in explaining DBS side effects (has 

greater predictive capability). 

Limitations, Alternative Approaches, and Future Directions 

The primary limitation of this study comes from the unavailability of histological data to 

evaluate the thalamic segmentations generated by the modified, DT-based k-means clustering 

algorithm. Historically, the identification and naming of thalamic subnuclei have been a subject 

of active study and debate (Macchi and Jones, 1997; Percheron et al., 1996). Stereotactic atlases 

were produced to provide a generalized template for thalamic and other subcortical targeting 

(Hamani et al., 2006). With the recognition that individual anatomic variability can be substantial 

across specimens used for axial, coronal, and sagittal sections (Niemann and van Nieuwenhofen, 

1999), efforts were made to produce internally consistent atlases, such as the Morel atlas used in 

this study. Another limitation is the resolution of the DT imaging, which is lower than that of the 

MR and CT imaging. Acquiring higher resolution DT imaging by modifying the imaging 

protocol would address this limitation, but would likely require patients to undergo longer scan 

times. Lastly, since multiple imaging modalities were required to create the models for each 

patient, image registration error is another limitation to consider. Image registration was 



 96 

performed using commercial software for visualizing and analyzing medical imaging to 

minimize error between the pre- and post-operative imaging data. All registrations were carefully 

done and evaluated by the same individual. If deemed necessary by visual inspection, manual 

refinements were made to ensure an accurate registration. The presented methodology utilized k-

means clustering as a proxy for local histological analysis. Individual patient thalami were 

segmented based on voxel geometric proximity and diffusion tensor similarity. Each voxel was 

assigned to its respective subnucleus independent of adjacent voxel properties. As an alternative 

approach, 7 T field strength MR imaging has been used to identify thalamic subnuclei and other 

subcortical structures (Abosch et al., 2010; Xiao et al., 2016). Other strategies have used 

measures of diffusivity, such as functional connectivity and tractography, to segment the 

thalamus (Akram et al., 2018; Behrens et al., 2003; Elias et al., 2012; Lambert et al., 2017). Such 

approaches have also been applied to DBS targeting (Akram et al., 2018; Coenen et al., 2014; 

Kim et al., 2016). The combination of atlas-independent thalamic segmentation and tissue 

activation modeling presented here, assessed by therapeutic outcome and DBS programming, 

provides a detailed explanation of clinical outcome on an individual patient basis. Future work 

incorporating alternative strategies for segmenting the thalamus or examining the therapeutic and 

side effects of thalamic DBS in a larger population of patients may further improve the n-of-1 

thalamic segmentation algorithm. 

Conclusion 

This study presents a novel modeling methodology that combines atlas-independent 

thalamic segmentation and tissue activation modeling to evaluate the clinical effects of thalamic 

DBS on an individual patient basis. While traditional atlas-based thalamic segmentation and 

VTA modeling are reliable tools for general DBS planning and mechanistic study, enhanced 
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accuracy at the individual patient level may be possible with atlas-independent, truly n-of-1 

modeling approaches utilizing DT imaging data. 
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Abstract 

We characterized electrode stability over 12 weeks of impedance and neural recording 

data from four chronically-implanted Utah arrays in two rhesus macaques, and investigated the 

effects of glial scarring and interface interactions at the electrode recording site on signal quality 

using a computational model. 

A finite element model of a Utah array microelectrode in neural tissue was coupled with 

a multi-compartmental model of a neuron to quantify the effects of encapsulation thickness, 

encapsulation resistivity, and interface resistivity on electrode impedance and waveform 

amplitude. The coupled model was then reconciled with the in vivo data. Histology was obtained 

17 weeks post-implantation to measure gliosis. 

From week 1-3, mean impedance and amplitude increased at rates of 115.8 kΩ/week and 

23.1 µV/week, respectively. This initial ramp up in impedance and amplitude was observed 

across all arrays, and is consistent with biofouling (increasing interface resistivity) and edema 

clearing (increasing tissue resistivity), respectively, in the model. Beyond week 3, the trends 

leveled out. Histology showed that thin scars formed around the electrodes. In the model, 
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scarring could not match the in vivo data. However, a thin interface layer at the electrode tip 

could. Despite having a large effect on impedance, interface resistivity did not have a noticeable 

effect on amplitude. 

This study suggests that scarring does not cause an electrical problem with regard to 

signal quality since it does not appear to be the main contributor to increasing impedance or 

significantly affect amplitude unless it displaces neurons. This, in turn, suggests that neural 

signals can be obtained reliably despite scarring as long as the recording site has sufficiently low 

impedance after accumulating a thin layer of biofouling. Therefore, advancements in 

microelectrode technology may be expedited by focusing on improvements to the recording site-

tissue interface rather than elimination of the glial scar. 

Introduction 

A brain-machine interface (BMI) is a type of neuroprosthetic device aimed towards 

restoring lost motor, sensory, and/or cognitive function to patients with neurological disorders 

(Collinger et al., 2014; Hochberg et al., 2006; Taylor et al., 2002). BMIs use electrical signals 

from the brain to control external devices such as computer cursors, robotic limbs, and 

exoskeletons. These neural signals can come from various sources such as 

electroencephalography (EEG), electrocorticography (ECoG), and single-unit recordings, which 

differ in their degree of invasiveness, amplitude, and bandwidth. For single-unit recordings, 

action potentials from individual neurons are measured using electrodes implanted in the brain. 

Notable examples of intracortical microelectrode arrays used to record single-unit activity 

include microwires (Williams et al., 1999), Michigan probes (Vetter et al., 2004), and Utah 

arrays (Nordhausen et al., 1996). Recordings from such devices provide high spatial resolution. 

However, it can be difficult to identify and isolate individual units. For BMIs to become 
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clinically viable, electrode arrays must be able to acquire stable, high-quality signals for years. 

Currently, the ability to reliably record single-unit activity with intracortical microelectrode 

arrays is hindered by low signal-to-noise ratio (SNR). A low SNR can come from a variety of 

biological, material, or mechanical failure modes (Barrese et al., 2013). 

Over time, signal quality can be affected by many different factors. One factor is the 

brain tissue response (Polikov et al., 2005; Stensaas and Stensaas, 1976; Szarowski et al., 2003; 

Turner et al., 1999), which occurs when electrodes are implanted in the brain. This response is 

divided into two phases: (1) an acute inflammatory response and (2) a chronic foreign body 

reaction. The acute phase starts upon electrode insertion, is characterized by edema and activated 

microglia, and usually lasts 1-3 weeks. The chronic phase starts after the acute tissue reaction 

subsides and is characterized by the formation of a fibrous encapsulation layer around the 

electrodes, termed glial scarring/encapsulation and/or gliosis, by reactive astrocytes. This 

accumulation of cells surrounds the surface of the electrodes and is usually complete within 6-8 

weeks. The glial scar is hypothesized to decrease signal quality (Biran et al., 2005; Edell et al., 

1992; Johnson et al., 2005; Otto et al., 2006). However, there is no accepted electrical 

explanation for how this occurs. Possible explanations include increased impedance due to the 

scar insulating the electrode (Johnson et al., 2005; Otto et al., 2006; Prasad and Sanchez, 2012; 

Williams et al., 2007) and isolation of the electrode from nearby neurons in the surrounding 

tissue due to growth of the encapsulation layer (i.e., decreased neuronal density) (Biran et al., 

2005; Edell et al., 1992). The mechanisms underlying glial scar formation have been studied 

extensively. However, a consensus regarding its effect on chronic neural recordings has yet to be 

determined. Some studies have reported conflicting results, showing variable signal quality 

during the scar formation period followed by still-identifiable neural signals over subsequent 



 108 

months (Barrese et al., 2013; Chestek et al., 2011; Fraser et al., 2009; Kruger et al., 2010; 

Simeral et al., 2011; Suner et al., 2005). Furthermore, it is unclear if the glial scar is responsible 

for device failure multiple years after implantation. 

Although less studied, material degradation is another major failure mechanism of 

implantable electrode arrays (Barrese et al., 2013). To enhance biocompatibility and facilitate 

recording, electrodes are coated with an insulating material (e.g., polyimide, Parylene C) and 

metal (e.g., platinum, iridium oxide) is applied to the recording site, respectively. Over time, 

these materials may start to degrade (Prasad et al., 2014; Takmakov et al., 2015; Xie et al., 

2014). For example, the electrode insulation could develop cracks (Prasad et al., 2014; 

Takmakov et al., 2015) or the tip metallization could be lost (Xie et al., 2014). Therefore, many 

groups have started investigating alternative coating techniques and materials to extend device 

longevity (Cui et al., 2003; Green et al., 2012; Selvakumaran et al., 2008; Sommakia et al., 2014; 

Sommakia et al., 2009). Material failures have become more of a concern with regard to signal 

stability over time since the glial scar may stabilize within a few months (Barrese et al., 2013). 

Another factor that is hypothesized to impact signal quality is the adsorption of proteins 

on the recording site, termed biofouling. Since biofouling may increase electrode impedance, 

efforts have been made to reduce the extent of it (Sommakia et al., 2014; Sommakia et al., 2009). 

One approach is to coat the electrode with anti-fouling materials before implantation. For 

example, coating with polyethylene glycol (PEG) has been found to reduce protein adsorption 

and prevent impedance increases (Sommakia et al., 2014; Sommakia et al., 2009). 

Alongside experimental studies, there have been a number of computational models 

developed to better understand neural recordings and how they are affected by different factors 

(Holt and Koch, 1999; Lempka et al., 2011; Mainen et al., 1995; Moffitt and McIntyre, 2005; 
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Reimann et al., 2013). Such models are useful for performing analyses that would be difficult to 

implement experimentally and continue to grow in complexity. For example, they have included 

explicit representation of a microelectrode implanted in the brain, populated the surrounding 

tissue with hundreds of individual neuron models, and incorporated sources of thermal and 

biological noise (Lempka et al., 2011; Moffitt and McIntyre, 2005). Results from these models 

have been consistent with and validated by experimental findings (Henze et al., 2000). They can 

also make interesting predictions that can influence and encourage further investigation. For 

example, one modeling study predicted that electrode encapsulation results in increased 

waveform amplitude (Moffitt and McIntyre, 2005), which conflicts with current assumptions 

regarding the effect of the glial scar on single-unit recordings. 

In this study, we characterized electrode stability over 12 weeks of impedance (1 kHz) 

and broadband (fs = 30 kHz) neural recording data from four chronically-implanted Utah arrays 

in two rhesus macaques (two arrays/monkey). We then investigated the effect of the glial scar, 

also known as glial encapsulation and/or gliosis, and interface between the recording site and 

surrounding neural tissue on signal quality using a data-driven neural recording model. A 

previously-described computational model (Lempka et al., 2011; Moffitt and McIntyre, 2005) 

was modified with the specific geometry and material properties of a Utah array microelectrode 

to quantify the effect of encapsulation thickness, encapsulation resistivity, and interface 

resistivity on electrode impedance and waveform amplitude. The model was then reconciled with 

the in vivo data. Histology, stained for microglia, was obtained from one monkey 17 weeks post-

implantation to measure gliosis around the electrodes. 
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Methods 

 
Experimental Methods 

 
Data Acquisition 

All procedures were carried out in accordance with protocols approved by the University 

Committee on Use and Care of Animals at the University of Michigan. Two rhesus macaques 

were each implanted with two Utah arrays (Blackrock Microsystems, Salt Lake City, UT, USA) 

in finger and hand areas of primary motor cortex (M1) using standard neurosurgical techniques 

(Hatsopoulos et al., 2004). The arrays had 96 active electrode channels, platinum (~400 kΩ at 1 

kHz) electrode site metal, and parylene C insulation. The target region was located by identifying 

the point where the spur of the arcuate sulcus would intersect the central sulcus. The arrays were 

then placed at this location, just anterior to the central sulcus. 

The two monkeys were trained to sit quietly in a chair (Crist Instrument Co., Inc., 

Hagerstown, MD, USA) during recording sessions, which consisted of two minutes of calm 

sitting. Broadband neural data were sampled at 30 kHz and recorded using a Cerebus neural 

signal processor (NSP) (Blackrock Microsystems). Multi-unit recordings were obtained by 

thresholding at -4.5x the RMS noise on each electrode. After each session, 1 kHz impedance 

measurements were obtained from each electrode using the same Cerebus system starting one 

week post-implantation. Complex impedance measurements were also obtained from seven 

electrodes from one array using a precision LCR meter (LCR-8110G) (GW Instek, New Taipei 

City, Taiwan). Measurements were taken 2.5 weeks post-implantation at 14 equally spaced (150 

Hz) frequencies between 100 and 2050 Hz using a two-electrode setup, with one electrode on the 

measured pin and the other on the ground pin. Histology was obtained from one monkey after it 
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was euthanized due to an unrelated health concern. This occurred after the conclusion of this 

study. 

Data Analysis 

From four arrays in two monkeys (two arrays/monkey), in vivo data from the first 12 

weeks post-implantation were analyzed offline. The first 12 weeks were chosen since this is the 

critical period of scar formation (Polikov et al., 2005). Electrodes were excluded from further 

analyses if any of their weekly impedance measurements (12 measurements/electrode) exceeded 

2.5 MΩ. This was done since such high impedances often come from damaged electrodes (Xie et 

al., 2014). Of the 384 total electrodes (4 arrays x 96 electrodes/array), 96 were excluded across 

all four arrays. Specifically, 1, 26, 46, and 23 electrode(s) had a least one impedance 

measurement greater than 2.5 MΩ from array S-1, S-2, K-1, and K-2, respectively 

(supplementary data). In addition to looking at all viable (Z < 2.5 MΩ) electrodes (n = 288), the 

top 20 electrodes (n = 80) with the largest single-units from each array were analyzed separately. 

Multiple comparisons for one-way analysis of variance (ANOVA) were used to compare mean 

electrode impedance (1 kHz) and waveform amplitude (peak-to-peak) between different weeks. 

False discovery rate control and bootstrapping were used to identify significant trends for 

individual electrodes. All analyses were performed in MATLAB (The MathWorks, Inc., Natick, 

MA, USA). 

Histology 

Histology, stained for microglia, was obtained from one monkey 17 weeks post-

implantation to measure gliosis around the electrodes. Tissue sections were taken from one array 

along the shanks, where the glial scar is likely larger compared to at the tips (Thelin et al., 2011). 

The section was first soaked in 4% (w/v) paraformaldehyde (P6148) (Sigma-Aldrich, St. Louis, 
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MO, USA) in 1x phosphate buffered saline (PBS) (BP3994) (Fisher Scientific, Waltham, MA, 

USA) for 24 hours. Once fixed, the tissue was cryoprotected by successive 24 hour-long soaks in 

10%, 20%, and 30% (w/v) D-Sucrose (BP220) (Fisher Scientific) in 1x PBS. The tissue was then 

embedded in Tissue-Tek O.C.T. Compound (4583) (Sakura Finetek Europe B.V., Alphen aan 

den Rijn, The Netherlands) and frozen at -20°C. The frozen sample was sectioned into 20 µm-

thick slices using a Microm HM550 cryostat (Fisher Scientific) and mounted directly onto slides. 

A hydrophobic barrier was then drawn around each slice using an ImmEdge pen (22312) (Ted 

Pella, Inc., Redding, CA, USA) and allowed to dry. 

Before staining, the slices were rinsed with 1x PBS for 10 minutes. They were then 

blocked with 10% normal goat serum blocking solution (S-1000) (Vector Laboratories, Inc., 

Burlingame, CA, USA) in 1x PBS for one hour at room temperature and incubated in a solution 

of Anti Iba1, Rabbit (1:1,000 dilution) (019-19741) (Wako Chemicals USA, Inc., Richmond, 

VA, USA), 0.3% Triton X-100 (T8787) (Sigma-Aldrich), and 3% normal goat serum blocking 

solution in 1x PBS overnight in a covered chamber. The following day, the slices were triple 

rinsed with 1x PBS, with each rinse sitting for 10 minutes. They were then incubated in a 

solution of Goat anti-Rabbit IgG (H+L) Secondary Antibody, Alexa Fluor 546 conjugate (1:200 

dilution) (A-11035) (Life Technologies, Grand Island, NY, USA), 0.2% Triton X-100, and 5% 

normal goat serum blocking solution in 1x PBS for two hours at room temperature. Next, the 

slices were double rinsed with 1x PBS, with each rinse lasting 10 minutes. Slides were then 

coverslipped using ProLong Gold Antifade Mountant (P36930) (Life Technologies) and allowed 

to dry overnight before imaging. A LSM 510 META Laser Scanning Confocal Microscope 

(Zeiss, Oberkochen, Germany) was used to image the stained slices. Encapsulation thickness was 
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estimated by taking clockwise (3, 6, 9, and 12 o’clock) measurements of the glial scar around the 

electrodes and averaging the values. 

Computational Methods 

 
Finite Element Model 

The neural recording model used in this study was similar to previously-described 

computational models (Lempka et al., 2011; Mainen et al., 1995; Moffitt and McIntyre, 2005). 

The model consisted of two main components: (1) a three-dimensional finite element model 

(FEM) of a microelectrode implanted in neural tissue and (2) a multi-compartmental model of a 

neuron. The FEM was assumed to be electrostatic since the impedance of gray matter is 

relatively frequency-independent (Logothetis et al., 2007). The FEM was generated and solved 

in COMSOL Multiphysics 4.4 (COMSOL, Inc., Burlington, MA, USA), as shown in Figure 

4-1(a, b). The surrounding tissue was modeled as a cylinder with a height of 16,000 µm and 

radius of 8,000 µm, while the electrode was modeled as a Utah array microelectrode 

(Nordhausen et al., 1996). The electrode consisted of: (1) a conical shank with a height of 1,450 

µm, top radius of 45 µm, and bottom radius of 14 µm, (2) a conical tip with a height of 50 µm, 

top radius of 14 µm, and bottom radius of 1.5 µm (exposed surface area = 2,517 µm2), and (3) an 

insulation layer around the shank with a uniform thickness of 10 µm. The microelectrode was 

placed at the center of the neural tissue, such that the center of the bottom of the shank/top of the 

tip was at the origin. The tip was surrounded by a thin layer with a uniform thickness of 0.5 µm 

to incorporate the interface between the recording site and surrounding tissue into the FEM 

(Cantrell et al., 2008; Hoyum et al., 2010; McIntyre and Grill, 2001). In reality, this interface 

layer has a thickness on the order of nanometers (Hoyum et al., 2010), and, ideally, it would be 

represented to scale in the FEM. However, meshing such a thin layer of finite thickness requires 
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a large computational cost. To work around this constraint, the interface layer was made thicker 

and its electrical properties were adapted to account for the increase in thickness (Hoyum et al., 

2010). This was the trade-off between having a realistic model and one that was computationally 

efficient without reducing accuracy. To complete the FEM, the electrode, including the interface, 

was surrounded by a layer with a uniform thickness of 20 µm to incorporate the glial scar. The 

default thickness of the scar was estimated from histology (described below) and was 

comparable to other observed encapsulation thicknesses (Szarowski et al., 2003; Turner et al., 

1999). 

 

  
 

Figure 4-1 Neural recording model. (a) FEM geometry and domains. The glial 
scar/encapsulation, gliosis domain corresponds to the layer surrounding the entire electrode. The 
interface layer (biofouling, metallization loss) domain corresponds to the thin layer surrounding 
the electrode tip. (b) FEM solution. (c) Compartmental model. The axon is parallel to the 
electrode and the soma is 50 µm away from the bottom of the tip. 
 

The material and electrical resistivity of the FEM domains are shown in Table 4-1. Each 

domain had a uniform resistivity, which was either acquired or derived from the literature. The 

interface layer resistivity was estimated with complex impedance data from seven viable 

electrodes from one array (described above). A previously-described equivalent circuit model for 

the electrode-tissue interface was used to isolate the interface component (Johnson et al., 2005; 

Lempka et al., 2011; Otto et al., 2006; Williams et al., 2007). Briefly, the interface can be 
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modeled as a constant phase element (CPE). CPE impedance (ZCPE) was calculated using the 

following equation: 

 

( )αωj
CPE

KZ =  

 
where K is an electrode impedance scaling factor, j is the imaginary number, ω is the 

angular frequency, and α is a phase term defined over 0 ≤ α ≤ 1. K (1.9e7 Ω-s-α at 1 kHz) and α 

(0.5) were estimated by fitting the impedance data to the equivalent circuit model and used to 

calculate ZCPE. The magnitude of ZCPE (|ZCPE|) was taken to account for the resistive and 

capacitive components of the impedance. Since the FEM was assumed to be electrostatic and 

recording electrodes are typically characterized with impedance measurements at 1 kHz, |ZCPE| 

was only calculated at that frequency (353.7 kΩ at 1 kHz) (Hoyum et al., 2010). In the FEM, the 

interface layer resistivity (1.8e5 Ω-cm) that yielded an interface impedance (369.3 kΩ) closest to 

the calculated |ZCPE| was chosen as the default parameter value. 
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Table 4-1 Material and electrical resistivity of FEM domains 
Domain Material Electrical resistivity (Ω-cm) 
Shank Doped 

silicon 
3.3 

Recording site (tip) Platinum 1.1e-5 
Insulation Parylene C 1e15 (Xie et al., 2014) 
Glial scar/encapsulation, gliosis n/a 600 (Grill and Mortimer, 

1994) 
Interface layer (biofouling, metallization 
loss) 

n/a 1.8e5 

Neural tissue (gray matter) n/a 300 (Haueisen et al., 2002) 
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The FEM was meshed, with finer meshing applied at the electrode and its layers, and 

consisted of 685,049 elements. To test for model convergence, the mesh density of the FEM was 

increased. Increasing the number of elements by 3.5x resulted in a 0.01% change (+0.04 kΩ) in 

the value of the total system impedance. Therefore, the initial mesh density used was sufficient 

to confirm model convergence and ensure solution accuracy. The default mesh was used for all 

simulations involving changes in encapsulation and interface resistivity. Only the resistivity 

parameter values were adjusted (one at a time) before solving the FEM again (i.e., the FEM was 

not remeshed). For simulations involving changes in encapsulation thickness, the FEM had to be 

remeshed for each condition before a solution could be obtained. However, the mesh settings 

were not changed between simulations. To solve for the electric potential distribution, a load and 

boundary condition was defined. The load condition was a 1 A point current source placed at the 

bottom of the tip (described below). This current source was applied at a single element located 

in the center of the tip domain boundary. The boundary condition required that the surface of the 

surrounding neural tissue be set to ground. Electrode impedance was calculated by measuring the 

voltage drop from the bottom of the tip to ground after solving the FEM and dividing by the 

current source (1 A). 

Multi-Compartmental Model 

The compartmental model, as shown in Figure 4-1(c), was a layer V pyramidal cell from 

cat visual cortex that generated action potentials via excitatory synaptic inputs at the apical 

dendrites (Lempka et al., 2011; Mainen et al., 1995; Moffitt and McIntyre, 2005). Simulations 

were performed in NEURON 7.3 (Carnevale and Hines, 2006) to solve for the transmembrane 

currents generated in each compartment (n = 531) of the neuron during an action potential. 
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Model Coupling 

The FEM and compartmental model were coupled in MATLAB to complete the 

computational model. This was accomplished by loading the electric potential distribution solved 

in COMSOL and the compartment coordinates and currents calculated in NEURON into 

MATLAB. In the coupled FEM-compartmental model, each neuron compartment was 

represented as a point current source and was placed accordingly within the FEM. The neuron 

model was rotated such that the axon was parallel to the electrode and translated such that the 

soma was 50 µm away from the bottom of the tip (Figure 4-1(c)). Unless otherwise noted, the 

simulated action potential recorded at the tip was calculated using previously-described methods 

(Lempka et al., 2011; Moffitt and McIntyre, 2005). Briefly, the potential (Φ) was calculated 

using the following equation: 

 
KJ=Φ  

 
where K is a (1 x n) vector of the potentials that would be generated at the tip due to each 

of the n compartment currents and J is a (n x t) matrix of the compartment currents at each of the 

t time steps. The J matrix was calculated in NEURON and the K vector was derived from the 

FEM using a reciprocal solution. This involved applying a unit point current source (1 A) at a 

single element located in the center of the bottom boundary of the tip domain and then solving 

for the electric potential distribution in COMSOL. By the theorem of reciprocity, the potential 

induced at any given element within the FEM by the unit point current source applied at the 

electrode tip can be considered to be the potential that would be induced at the tip by a unit point 

current source applied at the same element (Lempka et al., 2011; Moffitt and McIntyre, 2005). 

For example, if a 1 V potential at element n is induced by the 1 A current source applied at the 

electrode tip, then the theorem of reciprocity stipulates that a 1 A current source applied at 
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element n will induce a 1 V potential at the tip. Therefore, the potential recorded at the electrode 

tip can be calculated by summing the individual contributions from each compartment current of 

the neuron model. Since the spatial location of the compartments within the FEM did not 

necessarily correspond to an element of the mesh, the potentials induced by each point current 

source had to be interpolated from the elements nearest each compartment in MATLAB. 

Results 

 
Electrode Impedance 

Many existing hypotheses regarding device failure in chronic neural recordings involve 

increasing amounts of reactive tissue around the electrodes over time, which may increase 

electrode impedance (Johnson et al., 2005; Otto et al., 2006; Prasad and Sanchez, 2012; Williams 

et al., 2007). Therefore, impedance was examined over the first 12 weeks post-implantation to 

determine if it increased. Impedance measurements at 1 kHz were collected from the four arrays. 

One array was later excluded from the pooled array analyses since it pulled out of the brain due 

to tension on the wire. However, its individual analyses are included in the supplementary data. 

Of the 288 viable electrodes, 50 were excluded from this array. Figure 4-2(a) shows mean 

impedance (821.8 kΩ overall) for all viable electrodes from three arrays (n = 238). An overall 

linear increase of 12.2 kΩ/week was observed, but it was not significant at the 0.05 level (p = 

0.09). Characteristic of Utah arrays, a subset of electrodes had large, well-defined single-units, 

while most of the others had smaller single- or multi-units. Therefore, impedance (785.3 kΩ 

overall) was also examined for the top 20 electrodes with the largest single-units from three 

arrays (n = 60). An overall linear increase of 12.8 kΩ/week was observed, but it also was not 

significant at the 0.05 level (p = 0.06). 
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Lack of a significant overall linear increase does not preclude a more resistive medium 

developing around the electrodes. The initial ramp in impedance during the first three weeks 

post-implantation (all viable: 115.8 kΩ/week, p = 0.04; top 20: 99.9 kΩ/week, p = 0.21) stands 

out and is nominally consistent with scarring onset (Polikov et al., 2005; Stensaas and Stensaas, 

1976; Szarowski et al., 2003; Turner et al., 1999) and biofouling (Sommakia et al., 2014; 

Sommakia et al., 2009). Beyond week 3, the trend leveled out (all viable: -0.7 kΩ/week, p = 

0.91; top 20: 4.2 kΩ/week, p = 0.60). Figure 4-2(b) shows mean impedance at week 1, 2, 3, and 

12. Week 3 was significantly different from week 1 (p < 0.001, multiple comparisons). However, 

there was no significant difference between week 3 and week 2 and 12 (p > 0.05, multiple 

comparisons). 

 

  
Figure 4-2 Mean impedance (at 1 kHz) over time (3/4 pooled arrays, all viable electrodes). (a) 
Week 1-12. Red lines are the linear regression fits. Arrow denotes week 3. Solid circle denotes 
the mean pre-implantation impedance. Error bars denote the standard error of the mean. (b) 
Week 1, 2, 3, and 12. Bars denote the comparison intervals. Color denotes the test group (blue) 
and significantly different groups (red). 
 

To determine if this impedance trend was consistent with a previously-described tissue 

encapsulation model (Lempka et al., 2011; Moffitt and McIntyre, 2005), a sensitivity analysis of 
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encapsulation thickness was performed in a modified version of said model, which included the 

specific geometry and material properties of a Utah array microelectrode. With a default 

encapsulation and interface resistivity of 600 and 1.8e5 Ω-cm, respectively, encapsulation 

thickness had a small effect on impedance, as shown in Figure 4-3. For example, a 10x increase 

in encapsulation thickness (20 to 200 µm) resulted in a mere 1.0% increase (+4.1 kΩ) in 

impedance. This makes sense since impedance is inversely proportional to the cross-sectional 

area of the electrode plus the encapsulation layer. As the encapsulation layer thickens, the total 

cross-sectional area increases. Therefore, any increase in impedance due to the scar thickening is 

offset by the accompanying increase in total cross-sectional area. Furthermore, there were no 

significant differences in impedance between simulations with and without an encapsulation 

layer (i.e., encapsulation resistivity = neural tissue resistivity = 300 Ω-cm). For example, 

increasing encapsulation thickness from 0 to 5 µm resulted in only a 3.0% increase (+12.3 kΩ) in 

impedance and increasing it further had diminishing returns due to increasing cross-sectional 

area, as previously stated. Therefore, the model was unable to adequately match the observed 

changes in impedance when it only considered the glial scar. This suggests that scarring is not 

the main contributor to increasing impedance, assuming that the scar is not dramatically more 

resistive than the surrounding neural tissue (described below). 
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Figure 4-3 Effect of encapsulation thickness on impedance. Arrow denotes the default 
encapsulation thickness (20 µm). Inset expands the first half of the data. 
 

Histology also confirmed that the contiguous scars did not thicken significantly. Instead, 

relatively thin scars formed around the electrodes. Figure 4-4 shows histology, stained for 

microglia, obtained from one monkey 17 weeks post-implantation. Mean microglial 

encapsulation thickness was 16.1 µm with a standard deviation of 10.0 µm, comparable to other 

observed encapsulation thicknesses (Szarowski et al., 2003; Turner et al., 1999). Therefore, a 

default encapsulation thickness of 20 µm was chosen for subsequent simulations. 

 

 



 123 

  
Figure 4-4 Gliosis around the electrodes obtained from one monkey 17 weeks post-implantation. 
(a, b) Tissue sections were taken from one array along the shanks. Microglia are stained red with 
Anti Iba1, Rabbit. 
 

Since impedance was largely unaffected by encapsulation thickness, a sensitivity analysis 

of encapsulation resistivity was performed in the model. With a default encapsulation thickness 

and interface resistivity of 20 µm and 1.8e5 Ω-cm, respectively, the default encapsulation 

resistivity would have to increase by 17.8x to reach the mean impedance at week 12, as shown in 

Figure 4-5. Therefore, the model was unable to adequately match the observed changes in 

impedance when it only considered the glial scar. This resulted in focus shifting to the interface 

between the recording site and surrounding neural tissue. The resistivity of the interface layer 

can be affected by many different factors such as biofouling (Sommakia et al., 2014; Sommakia 

et al., 2009) and metallization loss (Xie et al., 2014). Therefore, a sensitivity analysis of interface 

resistivity was performed in the model. With a default encapsulation thickness and resistivity of 

20 µm and 600 Ω-cm, respectively, the default interface resistivity would have to increase by 

only 2.2x to reach the mean impedance at week 12 (Figure 4-5). Therefore, the model was better 

able to match the observed changes in impedance when it considered the thin interface around 
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the electrode tip. Such a layer is meant to be representative of biofouling or metallization loss. 

However, the model does not differentiate between these two conditions. 

 

 
Figure 4-5 Effect of encapsulation and interface resistivity on impedance. Solid arrows denote 
the default encapsulation (600 Ω-cm) and interface (1.8e5 Ω-cm) resistivity. Dashed arrows 
denote the encapsulation (1.1e4 Ω-cm) and interface (4.1e5 Ω-cm) resistivity necessary to match 
the measured mean impedance at week 12. 
 

Consistent with the population data, impedance trends for individual electrodes tended to 

increase during the first three weeks post-implantation, showing considerable variation, and 

leveled out beyond week 3. Figure 4-6(a, b) shows regression slope for all viable electrodes from 

three arrays at week 1-3 and 3-12, and Table 4-2 summarizes the distributions (mean ± standard 

deviation). Similar distributions were observed for the top 20 electrodes. Individual electrodes 

had significant (p < 0.05) positive and negative trends for week 3-12, although most were 

negative. A bootstrap analysis also yielded similar distributions, although week 1-3 showed more 

variation. Surprisingly, individual electrodes also had large and transient impedance differences 

from week-to-week in the positive and negative directions. Figure 4-6(c) shows week-to-week 

difference for all viable electrodes from three arrays at week 1-12. The distribution had a mean 

and standard deviation of 21.9 and 394.6 kΩ, respectively. Again, a similar distribution was 
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observed for the top 20 electrodes (n = 660, 20.6 ± 364.2 kΩ). A small amount of this variability 

comes from the measurement system (Figure 4-6(c)). Therefore, to test the accuracy of the 

Cerebus system, repeated impedance measurements were taken after removing and reattaching 

the connector between measurements, and without removing the connector between 

measurements (Figure 4-6(c)). Measurement-to-measurement difference showed considerably 

less variation than week-to-week difference for removal/reattachment (n = 504, 1.0 ± 143.5 kΩ) 

and without removal (n = 752, -1.9 ± 17.3 kΩ). The week-to-week difference in impedance from 

higher-impedance electrodes measured with an Autolab in another study that we performed in a 

rodent model was also examined (Patel, 2015). Surprisingly, the differences showed even more 

variation (n = 480, 6.7 ± 1.1e3 kΩ) compared to those observed in this study. While the 

computational model is able to capture a large range of impedances (Figure 4-5), there currently 

is no aspect of the model that can explain the large week-to-week differences in impedance 

observed for the individual electrodes. The source of this impedance variability remains to be 

identified. However, it may be difficult to pinpoint due to the dynamic nature of the neural 

environment. 

 

   
Figure 4-6 Distribution of regression slope and measurement-to-measurement difference in 
impedance (all viable electrodes, 238/288). (a) Week 1-3. (b) Week 3-12. (c) Week 1-12. 
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Table 4-2 Distribution of regression slope in impedance (kΩ/week) 
All viable electrodes  Top 20 electrodes  Bootstrap 

Week 1-3 Week 3-12  Week 1-3 Week 3-12  Week 1-3 Week 3-12 
115.8 ± 239.3 -0.7 ± 47.4  99.9 ± 226.1 4.2 ± 44.6  116.4 ± 332.9 -1.1 ± 58.5 
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Waveform Amplitude 

The amplitude of the action potential, rather than the impedance of the electrode, is the 

most important measure for assessing signal quality. Therefore, in addition to impedance, 

electrode stability was characterized by the peak-to-peak amplitude of the largest single-unit on 

each electrode. As an electrode is encapsulated by reactive tissue over time, it is hypothesized 

that impedance increases and amplitude decreases (Biran et al., 2005; Edell et al., 1992; Johnson 

et al., 2005; Otto et al., 2006). However, multiple studies have reported being able to acquire 

neural signals over extended periods of time after scar formation (Barrese et al., 2013; Chestek et 

al., 2011; Fraser et al., 2009; Kruger et al., 2010; Simeral et al., 2011; Suner et al., 2005). 

Therefore, amplitude was examined over the first 12 weeks post-implantation to determine if it 

was stable. Amplitude measurements were collected from the four arrays. As previously stated, 

one array was later excluded since it pulled out of the brain. However, its individual analyses are 

included in the supplementary data. Figure 4-7(a) shows mean amplitude (145.6 µV overall) for 

all viable electrodes from three arrays (n = 238). An overall linear decrease of 0.2 µV/week was 

observed, but it was not significant at the 0.05 level (p = 0.90). Amplitude (191.7 µV overall) 

was also examined for the top 20 electrodes with the largest single-units from three arrays (n = 

60). An overall linear increase of 2.2 µV/week was observed, but it also was not significant at 

the 0.05 level (p = 0.36). Furthermore, the amplitude trends had small regression slopes 

compared to impedance. 

Like impedance, the initial ramp in amplitude during the first two weeks post-

implantation (all viable: 69.6 µV/week; top 20: 99.8 µV/week) stands out and is nominally 

consistent with a more resistive medium developing around the electrodes due to edema clearing 

as the injury stabilizes (Moffitt and McIntyre, 2005). However, the time points do not match 

since amplitude increases from week 1-2 and impedance increases from week 1-3, similar to 
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another study that we performed in a rodent model. Beyond week 2, the trend leveled out (all 

viable: -2.3 µV/week, p = 0.07; top 20: -1.2 µV/week, p = 0.42). Figure 4-7(b) shows mean 

amplitude at week 1, 2, 3, and 12. Week 2 was significantly different from week 1 and 12 (p < 

0.001, multiple comparisons). However, there was no significant difference between week 2 and 

week 3 (p > 0.05, multiple comparisons). 

 

  
Figure 4-7 Mean amplitude over time (3/4 pooled arrays, all viable electrodes). (a) Week 1-12. 
Red lines are the linear regression fits. Arrow denotes week 2. Error bars denote the standard 
error of the mean. (b) Week 1, 2, 3, and 12. Bars denote the comparison intervals. Color denotes 
the test group (blue) and significantly different groups (red). 
 

To determine if this weak amplitude trend was consistent with the computational model, 

a sensitivity analysis of encapsulation thickness, encapsulation resistivity, and interface 

resistivity was performed. With a default encapsulation and interface resistivity of 600 and 1.8e5 

Ω-cm, respectively, encapsulation thickness had a small effect on amplitude for thin (t < 20 µm) 

scars not touching the neuron, as shown in Figure 4-8(a) (untouched). For example, a 2x increase 

in encapsulation thickness (10 to 20 µm) resulted in a mere 1.6% decrease (-1.4 µV) in 

amplitude. Therefore, the model is consistent with the in vivo data. Between 20 and 50 µm, 

amplitude increased as encapsulation thickness increased (Figure 4-8(a), untouched). 
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Theoretically, if the neuron was to become embedded in the glial scar as it grew beyond 50 µm, 

then amplitude would continue increasing, eventually leveling out around 180 µV (Figure 4-8(a), 

embedded). This makes sense, per Ohm’s law (V = IR), since the neuron now resides in a more 

resistive medium. However, if the scar was to displace the neuron as it grew beyond 50 µm, then 

amplitude would start decreasing (Figure 4-8(a), displaced). For example, a 4x increase in 

encapsulation thickness (20 to 80 µm, 30 µm displacement) resulted in a 26.8% decrease (-23.7 

µV) in amplitude. This suggests that neuron displacement has more of a negative effect on 

waveform amplitude than the electrical properties of the glial scar and offers a possible 

explanation of how amplitude may increase despite scarring, as observed in the neural data. 

With a default encapsulation thickness, interface resistivity, and soma position of 20 µm, 

1.8e5 Ω-cm, and 50 µm away from the bottom of the electrode tip, respectively, encapsulation 

resistivity had a moderate effect on amplitude, as shown in Figure 4-8(b). For example, a 2x 

increase in encapsulation resistivity (600 to 1,200 Ω-cm) resulted in a 13.2% decrease (-11.7 µV) 

in amplitude. Furthermore, a 4x decrease (600 to 150 Ω-cm, acute edema) resulted in an 8.2% 

increase (+7.3 µV). The increase in amplitude due to acute edema appears to contradict the 

increase observed during the first two weeks post-implantation that was attributed to a more 

resistive medium developing around the electrodes due to edema clearing as the injury stabilizes. 

However, this assumes that the neuron is untouched (Figure 4-8(a)) by the edematous 

encapsulation layer. It is more likely that the neuron becomes embedded in an edematous 

encapsulation upon electrode insertion, which later clears out. Alternatively, the neuron could be 

displaced by edema at first and then, as the swelling subsides, be moved closer to the recording 

site. 
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Interestingly, with a default encapsulation thickness, encapsulation resistivity, and soma 

position of 20 µm, 600 Ω-cm, and 50 µm away from the bottom of the electrode tip, respectively, 

interface resistivity had a small effect on amplitude (Figure 4-8(b)), consistent with previous 

studies (Moulin et al., 2008; Nelson et al., 2008). For example, a 6x increase in interface 

resistivity (1.8e5 to 1.1e6 Ω-cm) resulted in a mere 0.1% decrease (-0.1 µV) in amplitude. 

Despite impedance increasing by a few hundreds of kilohms due to increasing interface 

resistivity, the same recording characteristic was observed. As previously stated, interface 

resistivity was better able to match the changes in impedance, and it did so while maintaining 

signal stability. Therefore, this aspect of the model is consistent with the in vivo data. However, 

each of these model predictions require validation by future experiments. 

 

  
Figure 4-8 Effect of encapsulation and interface on amplitude. (a) Encapsulation thickness. In the 
untouched condition, the scar (red) does not contact the neuron (black) as it thickens (i.e., 
encapsulation thickness < 50 µm). In the embedded condition, the scar contacts and encapsulates 
the neuron (fixed in space) as it thickens beyond 50 µm. In the displaced condition, the scar 
contacts and moves the neuron (unfixed in space) as it thickens beyond 50 µm. Solid arrow 
denotes the default encapsulation thickness (20 µm). Dashed arrow denotes the default soma 
position (50 µm) relative to the electrode tip. (b) Encapsulation and interface resistivity. 
Simulation results are for the untouched condition in (a) (encapsulation thickness = 20 µm). 
Solid arrows denote the default encapsulation (600 Ω-cm) and interface (1.8e5 Ω-cm) resistivity. 
Dashed arrow denotes the default encapsulation resistivity (150 Ω-cm) for acute edema. 
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Consistent with the population data, amplitude trends for individual electrodes tended to 

increase during the first two weeks post-implantation, showing less variation than those of 

impedance, and leveled out beyond week 2. Figure 4-9 shows regression slope for all viable 

electrodes from three arrays at week 1-2 and 2-12, and Table 2-1 summarizes the distributions 

(mean ± standard deviation). Similar distributions were observed for the top 20 electrodes. 

Individual electrodes had positive and negative trends. None were significant. A bootstrap 

analysis also yielded similar distributions. Individual electrodes also had smaller amplitude 

differences from week-to-week in the positive and negative directions compared to those of 

impedance. The distribution of week-to-week difference for all viable electrodes from three 

arrays at week 1-12 had a mean and standard deviation of 2.9 and 105.6 µV, respectively. Again, 

a similar distribution was observed for the top 20 electrodes (n = 660, 7.2 ± 165.8 µV). 

 

  
Figure 4-9 Distribution of regression slope in amplitude (all viable electrodes, 238/288). (a) 
Week 1-2. (b) Week 2-12. 
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Table 4-3 Distribution of regression slope in amplitude (µV/week) 
All viable electrodes  Top 20 electrodes  Bootstrap 

Week 1-2 Week 2-12  Week 1-2 Week 2-12  Week 1-2 Week 2-12 
69.6 ± 108.4 -2.3 ± 11.3  100.0 ± 150.6 -1.2 ± 18.2  70.0 ± 108.4 -2.2 ± 14.0 
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Relationship between Impedance and Signal Quality 

Electrode impedance is often used as a predictor of signal quality. However, the 

computational model predicted interface resistivity to have a large effect on impedance and a 

small effect on amplitude. To determine if there was a relationship between impedance and 

amplitude in the in vivo data, amplitude was plotted as a function of impedance for all viable 

electrodes from three arrays (n = 238) at week 1-3 and 3-12, as shown in Figure 4-10(a, b). There 

was a small, positive correlation for week 1-3 (r = 0.06, p = 0.10) and 3-12 (r = 0.03, p = 0.17), 

suggesting that increases in impedance result in increases in amplitude. However, the correlation 

was not significant for either period. This weak relationship between impedance and amplitude is 

consistent with the model predictions regarding interface resistivity. 

To determine if changes in impedance corresponded to similar changes in amplitude, 

week-to-week difference in amplitude was plotted as a function of week-to-week difference in 

impedance, as shown in Figure 4-10(c, d). There was a significant, negative correlation for week 

1-3 (r = -0.11, p = 0.01) and 3-12 (r = -0.32, p = 2.59e-51), suggesting that increases in impedance 

result in decreases in amplitude. However, the correlation was small despite its significance for 

both periods. This reversal in the relationship between impedance and amplitude suggests that 

impedance is not the best predictor of signal quality, especially since it can be manipulated 

independently (Purcell et al., 2009). 
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Figure 4-10 Correlation between impedance and amplitude (all viable electrodes, 238/288). (a, b) 
Measured amplitude versus impedance (week 1-3, 3-12). Line is the linear regression fit. (c, d) 
Week-to-week difference in amplitude versus week-to-week difference in impedance (week 1-3, 
3-12). 9 data points were clipped from plot (d). 
 

Increasing noise due to increasing impedance could lead to difficulty detecting action 

potentials even in the absence of changes in waveform amplitude. Therefore, RMS noise and 

SNR were examined over the first 12 weeks post-implantation to determine their trends. RMS 

noise and SNR measurements were collected from the four arrays. As previously stated, one 

array was later excluded since it pulled out of the brain. However, its individual analyses are 

included in the supplementary data. For the top 20 electrodes with the largest single-units from 
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three arrays (n = 60), an overall linear increase of 0.4 µV/week and decrease of 2.2e-4/week was 

observed for mean RMS noise and SNR, respectively, but neither was significant at the 0.05 

level (p = 0.39 and 0.997, respectively). The RMS noise and SNR trends had small regression 

slopes. Therefore, signal quality was deemed stable despite increasing impedance over time, 

suggesting that noise was more biological than thermal. 

Discussion 

Past literature highlights glial scarring as one of the main factors affecting signal quality 

(Biran et al., 2005; Edell et al., 1992; Johnson et al., 2005; Otto et al., 2006; Polikov et al., 2005; 

Prasad and Sanchez, 2012; Stensaas and Stensaas, 1976; Szarowski et al., 2003; Turner et al., 

1999; Williams et al., 2007). The scar is hypothesized to act as a high-impedance layer that 

electrically isolates the electrode from nearby neurons in the surrounding tissue (Johnson et al., 

2005; Otto et al., 2006; Prasad and Sanchez, 2012; Williams et al., 2007). Because of this, 

electrode impedance is often used as a predictor of signal quality. Previous studies have reported 

direct correlations between scarring, impedance, and signal quality (Johnson et al., 2005; Otto et 

al., 2006; Prasad and Sanchez, 2012; Williams et al., 2007). However, others have reported the 

opposite, stating that no apparent correlation exists between impedance and signal quality 

(Barrese et al., 2013; Cui et al., 2003; Suner et al., 2005). Previous studies have also reported 

being able to acquire neural signals over extended periods of time after scar formation (Barrese 

et al., 2013; Chestek et al., 2011; Fraser et al., 2009; Kruger et al., 2010; Simeral et al., 2011; 

Suner et al., 2005). In this study, we show that the glial scar cannot adequately match in vivo 

impedance and neural recording data from chronically-implanted Utah arrays in rhesus macaques 

using a data-driven neural recording model. We then show how the interface between the 

recording site and surrounding neural tissue can better match the in vivo data. 
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Increases in electrode impedance and waveform amplitude were steep during the first 

three weeks post-implantation. Specifically, mean impedance and amplitude increased at a rate 

of 115.8 kΩ/week (Figure 4-2(a)) and 23.1 µV/week (Figure 4-7(a)), respectively. This initial 

ramp in impedance and amplitude was observed across all four arrays (supplementary data), and 

is nominally consistent with proteins adhering to the recording site (increasing interface 

resistivity) and edema clearing as the injury stabilizes (increasing tissue resistivity around the 

electrode and neuron), respectively, in the computational model. Figure 4-7(a) shows that the 

time points do not match since waveform amplitude mainly ramps up from week 1-2, which is 

consistent with there being two separate processes that affect impedance and amplitude. A 

similar result was observed in another study that we performed in a rodent model (Patel, 2015). 

In the model, the interface layer was better able to match the observed changes in 

impedance than the glial scar (Figure 4-5). A possible explanation for this is that the interface is 

likely much more resistive than the encapsulation layer. Therefore, scarring does not appear to be 

the main contributor to increasing impedance, assuming that the encapsulation layer is not 

dramatically more resistive than the surrounding neural tissue. Based off experimental 

measurements, this assumption appears to be valid (Grill and Mortimer, 1994; Haueisen et al., 

2002). Furthermore, there is no significant difference in impedance between simulations with 

and without a scar (Figure 4-3). 

The increase in amplitude observed during the first two weeks post-implantation (Figure 

4-7(a)) is nominally consistent with the development of a more resistive medium around the 

electrode and neuron in the model (Figure 4-8(a), embedded), which can be attributed to edema 

clearing as the injury stabilizes (Moffitt and McIntyre, 2005). However, glial scarring can 

decrease amplitude by moving neurons away from the recording site (Figure 4-8(a), displaced) 
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(Biran et al., 2005; Edell et al., 1992). Beyond week 2, amplitude decreased at a rate of 2.3 

µV/week for a loss of 37.2 µV over the following ten weeks. This decrease is consistent with 

neuron displacement due to scarring, assuming a constant rate of scar growth. For example, a 10 

µm displacement in the model resulted in a 21.2% decrease (-30.4 µV) in amplitude, which is 

consistent with the neural data. Despite the negative trend, amplitude at week 12 was not 

significantly different from week 3 (p > 0.05, multiple comparisons) (Figure 4-7(b)). By 

combining the electrophysiological and histological (Figure 4-4) data, it can be concluded that 

the tissue responses were not severe enough to isolate the electrodes from nearby neurons. 

Therefore, scarring does not appear to significantly affect amplitude once the scar has stabilized. 

While interface resistivity had a large effect on impedance, the model did not predict it to 

have a large effect on amplitude (Figure 4-8(b)). For example, a 6x increase in interface 

resistivity (1.8e5 to 1.1e6 Ω-cm) resulted in a mere 0.1% decrease (-0.1 µV) in amplitude. A 

possible explanation for this is that a thin interface at the recording site does not increase the 

resistivity of the medium that the neurons reside in, unlike glial scarring around the electrode. 

This is consistent with the standard assumption that the effect of the double layer at the interface 

on voltage measurements is negligible (Moulin et al., 2008; Nelson et al., 2008). However, this 

model prediction requires validation by future experiments. 

Computational models are useful for performing analyses that would be difficult to 

implement experimentally. Since they cannot completely capture experimental conditions, 

assumptions have to be made when developing them and limitations have to be considered when 

interpreting their results. In this study, first, the brain and interface layer were assumed to be 

purely resistive and linear with regard to neural recordings (Bedard et al., 2004). Potential 

limitations with electrostatic solutions could be addressed by frequency-dependent models 
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coupled with electrode impedance spectroscopy measurements that account for both the resistive 

and capacitive properties of the interface layer and neural tissue (Lempka and McIntyre, 2013). 

Second, the glial scar and interface layer were modeled as individual layers of uniform thickness 

in the FEM. This is a large simplification since, in reality, the scar and interface consist of cells 

around and proteins adhered to the electrode, respectively. This limitation could be addressed by 

incorporating more detailed and realistic encapsulation and interface layers into the model. 

Third, compartments of the neuron model within the encapsulation layer (6/531 compartments 

within the default 20 µm-thick scar) were kept in all simulations (Moffitt and McIntyre, 2005). 

The physiological accuracy of this remains uncertain. However, this was done to maintain 

consistency between the embedded and untouched/displaced conditions examined in Figure 

4-8(a). Fourth, while the model is able to capture a large range of impedances (Figure 4-5), there 

currently is no aspect of it that can explain the large week-to-week differences in impedance 

observed for individual electrodes (Figure 4-6). These differences are likely not a product of 

biofouling or metallization loss, which are relatively linear processes. This suggests that there is 

another factor crucial to the dynamics of the electrode-tissue interface and impedance 

measurements in vivo that remains to be revealed. However, it may be difficult to pinpoint due to 

the dynamic nature of the neural environment. 

Another limitation of this study is that only a single antibody (Anti Iba1, Rabbit) was 

used to estimate encapsulation thickness (Figure 4-4). Iba1 is specifically expressed in resident 

microglia and non-resident macrophages. However, the fibrous encapsulation layer around the 

electrodes is mostly comprised of reactive astrocytes, which usually form a thicker and more 

robust encapsulation than microglia (Biran et al., 2005). While it is possible that the 

encapsulation thickness reported in this study is underestimated, the estimate was found to be 
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comparable to other observed encapsulation thicknesses (Szarowski et al., 2003; Turner et al., 

1999). Furthermore, a range of encapsulation thicknesses (0-200 µm) were examined in the 

model with regard to impedance and amplitude, so thicker scars were accounted for. This 

limitation could be addressed by using additional stains (e.g., glial fibrillary acidic protein 

(GFAP), vimentin) and obtaining histology from more than one animal and one array. 

Conclusion 

Overall, the results of this study challenge current hypotheses regarding the glial scar and 

its effect on chronic neural recordings by suggesting that the scar does not cause an electrical 

problem with regard to signal quality. In the computational model, molecular elements (e.g., 

proteins) that adhere to the surface of the recording site (i.e., biofouling) are treated distinctly 

from cellular elements (e.g., microglia, astrocytes) that encapsulate the electrode (i.e., scarring). 

By doing so, we were able to identify interesting observations regarding the implication of the 

interface layer and electrode impedance. While this layer could increase impedance by hundreds 

of kilohms in the model, the lack of correlation between interface resistivity and waveform 

amplitude suggests a divergence between the effect of scarring on impedance and amplitude, 

which may help to explain the lack of correlation between impedance and amplitude observed by 

others (Barrese et al., 2013; Cui et al., 2003; Suner et al., 2005). Furthermore, glial scarring does 

not appear to insulate the electrodes from neural signals (Johnson et al., 2005; Otto et al., 2006; 

Prasad and Sanchez, 2012; Williams et al., 2007), as has been commonly thought. Rather, neuron 

displacement due to scar growth may be a more likely explanation for signal loss at the 

electrode-tissue interface over time (Biran et al., 2005; Edell et al., 1992). Previous studies have 

shown that it is possible to record action potentials over extended periods of time after scar 

formation (Barrese et al., 2013; Chestek et al., 2011; Fraser et al., 2009; Kruger et al., 2010; 
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Simeral et al., 2011; Suner et al., 2005). This suggests that neural signals can be obtained reliably 

despite scarring as long as the recording site has sufficiently low impedance after accumulating a 

thin layer of biofouling. Since the scar may only need a few months to stabilize, material failures 

may be more of a concern when dealing with longer time scales (Barrese et al., 2013; Prasad et 

al., 2014; Takmakov et al., 2015; Xie et al., 2014). Therefore, advancements in microelectrode 

technology may be expedited by focusing on improvements to the interface between the 

recording site and surrounding neural tissue (e.g., reduction of biofouling, preservation of 

metallization) rather than elimination of the glial scar. 
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The nervous system exists as over 100 billion neurons organized into networks of 

increasing size and complexity. These neural networks, comprising the brain, spinal cord, and 

peripheral nervous system, give rise to the complex, emergent phenomena that make us human, 

including sensation, memory, and behavior. Network dysfunction results in major neurological 

diseases, such as Parkinson disease, Alzheimer’s, epilepsy, and central pain. Focal structural 

insults, including amputation, stroke, and spinal cord injury, cause negligible to long-term 

network disruption with diverse and widespread impact. Understanding and restoring neural 

circuits, through circuit repair to cure disease or through network signal modulation to ameliorate 

symptoms, will lead to exciting new and impactful treatment possibilities. Quantitative and 

computational modeling to understand nervous system function, together with cellular and 

electronic biointerface strategies to functionally and structurally repair damaged networks, define 

Restorative Neuroengineering. This novel, cutting-edge field of scientific discovery, 

technological development, and therapeutic innovation demands synergy and cohesion among 

neuroscience, engineering, kinesiology, medicine, and a broad array of other disciplines. 

Accurate characterization of the spread of stimulation in the brain is important for 

optimizing deep brain stimulation (DBS) to treat neurological disorders (Conrad et al., 2018; 

Maks et al., 2009; McIntyre et al., 2004b). As DBS technology progresses towards the adoption 

of closed-loop stimulation paradigms, where brain signals are recorded to control how 

Chapter 5  
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stimulation is delivered in real-time (Ghasemi et al., 2018), an increased understanding of how 

neural recordings are affected by different biological factors is also key. Broadly, this 

dissertation utilizes finite element electrode and individual patient modeling in an effort to help 

improve established procedures in the field of Restorative Neuroengineering. This is shown 

across three studies – two of which are within the context of neural stimulation and one within 

neural recording. 

Chapter 2 described the development of an atlas-independent, truly n-of-1 tissue 

activation modeling methodology for DBS and its use in mapping the optimal location of 

subthalamic nucleus (STN) DBS for Parkinson disease (PD). The optimal location of stimulation 

was mapped to the dorsolateral border of the STN, in the posterior half of the nucleus. This 

location varied little when motor symptoms were analyzed individually, suggesting that optimal 

stimulation sites for rigidity, bradykinesia, and tremor may not be unique. Therapeutic 

stimulation spread noticeably more in the dorsal direction, providing additional evidence for 

caudal zona incerta as an important DBS target (Blomstedt et al., 2012; Plaha et al., 2006). High 

variability in neuroanatomy, stimulation location, and motor improvement across patients 

highlighted the need for n-of-1 modeling approaches. 

Chapter 3 applied the tissue activation modeling methodology from Chapter 2 to thalamic 

DBS for essential tremor and combined it with atlas-independent, n-of-1 thalamic segmentation 

(k-means clustering-based) to evaluate the clinical effects of DBS on an individual patient basis. 

Within the thalamus, the shape and size of the volume of tissue activated (VTA) was highly 

variable across patients. Both n-of-1 and atlas-based thalamic segmentation showed that 

therapeutic VTAs had significantly more overlap with motor than sensory thalamus and that 

sustained paresthesia VTAs had significantly more overlap with sensory thalamus than 
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therapeutic VTAs. However, only the n-of-1 approach showed that dysarthria/motor contraction 

VTAs had significantly more external stimulation than therapeutic VTAs. Overall, n-of-1 

thalamic segmentation performed better than atlas-based segmentation in terms of explaining 

DBS side effects, especially when the thalamic anatomy of the patient differed considerably in 

size and shape from the atlas thalamus. Although traditional atlas-based thalamic segmentation 

and VTA modeling are reliable tools for general DBS planning and mechanistic study, increased 

accuracy at the individual patient level may be possible with atlas-independent, truly n-of-1 

modeling approaches utilizing diffusion tensor imaging data. 

Chapter 4 investigated the effects of gliosis and interface interactions at the electrode 

recording site on single-unit recording quality using a computational model incorporating 

impedance and neural data acquired from chronically-implanted Utah arrays in rhesus macaques 

(Malaga et al., 2016). Although the interface layer could increase impedance by hundreds of 

kilohms in the model, the lack of correlation between interface resistivity and waveform 

amplitude suggested a divergence between the effect of gliosis on impedance and amplitude, 

which may help to explain the lack of correlation between impedance and amplitude observed by 

other investigators (Barrese et al., 2013; Cui et al., 2003; Suner et al., 2005). Furthermore, gliosis 

did not appear to insulate the electrodes from neural signals (Johnson et al., 2005; Otto et al., 

2006; Prasad and Sanchez, 2012; Williams et al., 2007), as has been commonly thought. Overall, 

this study challenged current hypotheses regarding gliosis and its effect on chronic neural 

recordings by suggesting that gliosis does not cause an electrical problem with regard to signal 

quality. 
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Future Directions 

The significance of the work presented in this dissertation is in the n-of-1 and data-driven 

modeling framework that it provides – one that can be used to develop, validate, evaluate, and 

translate new approaches for improving clinical outcome in patients with neurological disorders 

on an individual basis. While computational models are useful for performing experiments that 

would be difficult to implement empirically, it is important to note that they cannot completely 

capture experimental conditions. Consequently, assumptions have to be made when developing 

them and limitations have to be considered when interpreting their predictions. 

In the first study (Chapter 2), the evaluated DBS outcomes were limited to only the 

primary motor symptoms of PD: rigidity, bradykinesia, and tremor. Side effects and non-motor 

outcomes were not evaluated. Such outcomes can be readily incorporated into the n-of-1 

modeling framework, which future studies will do. Second, only therapeutic electrode contacts 

and VTAs calculated from clinically optimized stimulation settings were evaluated (one active 

contact and VTA per hemisphere per patient). The remaining three electrode contacts were not 

evaluated. Tissue activation volumes associated with sub-optimal stimulation or side effects at 

different electrode contacts can be analyzed in the same manner, which again future studies will 

do. Third, the brain was assumed to be purely resistive and linear with regard to DBS (Bedard et 

al., 2004). Consequently, all of the VTA models built were electrostatic. While a reasonable 

assumption (Grant and Lowery, 2010; Howell and McIntyre, 2016; Logothetis et al., 2007; 

Schmidt et al., 2013), possible limitations with electrostatic solutions could be addressed by 

frequency-dependent models combined with impedance spectroscopy measurements that account 

for the resistive and capacitive properties of the tissue (Lempka and McIntyre, 2013). Lastly, 

tractography was not incorporated into the n-of-1 modeling framework. Several studies have 

used tractography to aid in identifying optimal stimulation sites to treat PD with DBS (Akram et 
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al., 2017; Avecillas-Chasin et al., 2019; Garcia-Gomar et al., 2017; Gunalan et al., 2017; 

O'Halloran et al., 2016). This is of interest because DBS is hypothesized to elicit its therapeutic 

effect through a combination of axonal activation and cellular inhibition (McIntyre et al., 2004a; 

McIntyre and Hahn, 2010). The diffusion tensor (DT) imaging data used to estimate the 

anisotropic tissue conductivities for each patient can also be used to perform tractography. Doing 

so would allow direct comparison of gray and white matter stimulation, such as the hyperdirect 

pathway and internal capsule, and their effects on DBS outcomes (Akram et al., 2017; Chen et 

al., 2018; Gunalan et al., 2017). 

In the second study (Chapter 3), the primary limitation came from the unavailability of 

histological data to evaluate the thalamic segmentations generated by the DT-based k-means 

clustering algorithm. Another limitation was the resolution of the DT imaging, which was lower 

than that of the magnetic resonance and computed tomography imaging. Acquiring higher 

resolution DT imaging by modifying the imaging protocol would address this limitation, but 

would likely require patients to undergo longer scan times. k-means clustering was used as a 

proxy for local histological analysis. As an alternative approach, 7 T field strength MR imaging 

has been used to identify thalamic subnuclei and other subcortical structures (Abosch et al., 

2010; Xiao et al., 2016). Other strategies have used measures of diffusivity, such as functional 

connectivity and tractography, to segment the thalamus (Akram et al., 2018; Behrens et al., 2003; 

Elias et al., 2012; Lambert et al., 2017). Such approaches have also been applied to DBS 

targeting (Akram et al., 2018; Coenen et al., 2011; Kim et al., 2016). Future studies incorporating 

alternative strategies for segmenting the thalamus may further improve the n-of-1 thalamic 

segmentation algorithm. 



 150 

In the third (and final) study (Chapter 4), the brain and interface layer were assumed to be 

purely resistive and linear with regard to neural recordings (Bedard et al., 2004) (similar to the 

first study). Again, possible limitations with electrostatic solutions could be addressed by 

frequency-dependent models combined with electrode impedance spectroscopy measurements 

that account for the resistive and capacitive properties of the interface layer and tissue (Lempka 

and McIntyre, 2013). Second, gliosis and the interface layer were modeled as separate layers of 

uniform thickness. This was a large simplification since, in reality, gliosis and the interface 

consist of cells surrounding and proteins adhered to the electrode, respectively. This limitation 

could be addressed by incorporating more detailed and realistic encapsulation and interface 

layers into the model. Lastly, while the model was able to capture a large range of impedances, 

there currently is no aspect of it that can explain the large week-to-week differences in 

impedance observed for individual electrodes. Those differences were likely not a product of 

biofouling or metallization loss, which are relatively linear processes. This finding suggests that 

there is another factor crucial to the dynamics of the electrode-tissue interface and impedance 

measurements in vivo that remains to be revealed. However, it may be difficult to pinpoint due to 

the dynamic nature of the neural environment. Future studies in closed-loop DBS could use a 

similar modeling approach to investigate the effect of gliosis on recordings from multiple 

neurons (local field potentials). Due to the greater quantity of neurons available to record from at 

this larger electrode scale (millimeters versus micrometers), glial scarring may have even less of 

an effect on the stability of DBS recordings. However, this would depend on the extent of tissue 

damage, which is much greater when implanting a DBS lead compared to a microelectrode. 

To conclude, as insight regarding stimulation spread in the brain increases, the n-of-1 and 

data-driven modeling approaches described in this dissertation can be applied to other conditions 
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to inform novel brain stimulation strategies and help bridge the gap between model-based 

evidence and clinical practice. 
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