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Abstract

Deep brain stimulation (DBS) is a targeted manipulation of brain circuitry to treat
neurological and neuropsychiatric conditions. Optimal DBS lead placement is essential
for treatment efficacy. Current targeting practice is based on preoperative and
intraoperative brain imaging, intraoperative electrophysiology, and stimulation mapping.
Electrophysiological mapping using extracellular microelectrode recordings aids in
identifying functional subdomains, anatomical boundaries, and disease-correlated
physiology. The shape of single-unit action potentials may differ due to different
biophysical properties between cell-types and brain regions. Here, we describe a
technique to parameterize the structure and duration of sorted spike units using a novel
algorithmic approach based on canonical response parameterization, and illustrate how
it may be used on DBS microelectrode recordings. Isolated spike shapes are
parameterized then compared using a spike similarity metric and grouped by
hierarchical clustering. When spike morphology is associated with anatomy, we find
regional clustering in the human globus pallidus. This method is widely applicable for
spike removal and single-unit characterization and could be integrated into
intraoperative array-based technologies to enhance targeting and clinical outcomes in
DBS lead placement.
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Author summary

We developed a new algorithmic approach to capture the structure of single neuron
electrophysiology from microelectrode recordings during deep brain stimulation surgery.
This method has broad applications for spike characterization, clustering, removal from
the background field potential, and comparison across recording sites. Using this
technique, we illustrate regional clustering of spike morphologies in the human globus
pallidus.

Introduction 1

The microcircuitry of the human brain is made up of diverse cell-types, each with 2

distinct connections, morphology, and function [1, 2]. These biophysical properties are 3

associated with a significant variation in action potential shape, duration, and firing 4

pattern which can facilitate identification of neuronal cell-types. However, in humans, 5

this process is particularly challenging due to reliance on extracellular recordings with 6

clinical-grade tools, as opposed to the many pharmacologic, transgenic, and 7

experimental-grade electrophysiology tools available in animal models. Traditional 8

approaches to characterize and classify the morphology of extracellular action potentials 9

involve selecting features such as peak-to-trough duration, spike width, firing rates, and 10

others, which may not capture the complete spike structure and rely on arbitrary 11

selection of features. 12

This work proposes a novel algorithmic approach to discover the structure and duration 13

of sorted spike units, and parameterize individual action potentials in a mathematically 14

principled way. Our approach is built on canonical response parameterization [3], which 15

was previously developed for parameterizing evoked-responses from single-pulse 16

electrical stimulation. This allows for: 1) discovering structure of action potentials and 17

removing them from background signal, 2) quantifying intuitive metrics for each spike 18

unit, such as signal-to-noise, variance explained, and magnitude, and 3) facilitating 19

shape comparisons from different recording sites across resolved spike intervals. We 20

demonstrate the application of our novel approach to human microelectrode recordings 21

in patients undergoing deep brain stimulation (DBS) surgery. 22

DBS is a direct therapeutic approach to brain circuit disorders, providing sophisticated 23

treatment options for a wide range of neurological and neuropsychiatric conditions [4–6]. 24

The accurate placement of permanent leads within the planned structure or 25

substructure is critical for the efficacy of DBS treatment. Current practice for DBS 26

targeting is based on a combination of anatomical borders visible on pre-operative 27

magnetic resonance imaging (MRI) and functional targeting through intraoperative 28

stimulation testing and electrophysiological mapping [7, 8]. However, patient-specific 29

variation in brain circuits limits the effectiveness of using imaging alone [9]. Functional 30

electrophysiology mapping is accomplished through extracellular intraoperative 31

microelectrode recordings (MER). MER involves inserting a single-channel 32

microelectrode into the computed brain target to identify neuronal structure boundaries 33

and disease-correlated physiology. The microelectrode is advanced manually into the 34

deep brain in small, typically sub-millimeter steps, stopping at each step to record 35

neural activity in the region of the electrode tip. 36
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While MER targeting has identified common firing patterns and “cell types” associated 37

with DBS target regions [10], it can often be subjective, time-consuming, and require 38

significant expertise to interpret neural activity. Beyond firing rates and patterns, which 39

greatly vary between patients and as a function of disease and anesthesia states [11–13], 40

characterizing the shape of action potentials may provide useful information for 41

identification of distinct cell-types, anatomical borders, and electrode implant 42

locations [14]. This algorithmic approach could serve as a valuable tool for 43

intraoperative electrophysiological mapping, as well as a more general tool for 44

parameterizing the structure and duration of single-unit data and it’s relationship to 45

field potentials. 46

Materials and methods 47

Patient and surgical implantation 48

Microelectrode data were analyzed from 3 patients receiving DBS electrode 49

implantation of the internal globus pallidus (GPi) or ventral intermediate nucleus (VIM) 50

of the thalamus for treatment of Parkinson’s Disease and Essential Tremor, respectively. 51

All patients consented to participate in a research protocol during the surgery. Mayo 52

Clinic’s internal review board approved the study and the consent process (IRB no. 53

19-009878). Stereotactic planning was performed using the StealthStation S8 surgical 54

navigation system (Medtronic, Minneapolis, MN). The stereotactic plan was executed 55

utilizing the Leksell G frame system (Elekta, Stockholm, Sweden). 56

Electrophysiological recordings and lead localization 57

A cannula was passed along the planned trajectory to 15 mm above the target. Next, a 58

microelectrode (0.5–1 MΩ platinum–iridium; FHC, Bowdoin, ME) was slowly advanced 59

from the tip of the cannula to just past the planned target. Raw voltage was measured 60

from the microelectrode, referenced to the cannula, and sampled at 44 kHz using a 61

NeurOmega MER system (Alpha Omega, Nof HaGalil, Israel). Figure 1A-B shows a 62

representative schematic for single-unit MER targeting the GPi. Serial recordings were 63

obtained at multiple sites along the trajectory while the patient remained at rest. At 64

each site, recording commenced 2 seconds after the electrode reached the designated 65

position and continued for approximately 30 seconds. Typically, recordings were taken 66

every 0.5-1mm. 67

The site of each recording relative to the final lead position was known, enabling its 68

location on the patient’s MRI as follows: First, a postoperative CT scan was 69

co-registered to preoperative MRI sequences using a normalized mutual information 70

approach implemented in SPM12. Then, the lead artifacts were manually identified, 71

and MRI sequences were resliced in plane with the lead artifact using custom Matlab 72

code (Fig 1C-D) [15]. The offset of each recording site from the final lead position was 73

applied, and recording sites were plotted on T1-weighted, T2-weighted, and 74

Fluid-attenuated Gradient echo with Adiabatic T1 Inversion Recovery (FGATIR) MRI 75

sequences. MRI borders of the GPi and surrounding structures were visually identified 76

and outlined in the figures (Fig 1E). 77
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Spike sorting 78

Raw voltage traces were filtered from 300 Hz to 9 kHz and imported into Plexon Offline 79

Sorter (Plexon inc., Dallas, Texas, USA). Spike sorting was broken into three steps: 80

preprocessing, waveform detection, and feature-based clustering. In the pre-processing 81

step, non-physiological events or perturbations were identified by visual inspection and 82

removed. The spike detection threshold was set to -4 standard deviations of the mean 83

peak heights histogram [16]. After waveform detection, 0.5ms before and 1.5ms after 84

threshold crossing were extracted resulting in a total possible spike window of 2ms. 85

During detection, waveforms were aligned to the largest peak following threshold 86

crossing. 87

For spike sorting, we used template match sorting, a supervised clustering method with 88

the number of clusters manually predefined [17]. Templates were selected based on the 89

first two principal components of the detected waveforms. For each waveform, the 90

algorithm (1) calculates the sum-of-squares differences from this waveform to all the 91

templates, (2) finds the template with the minimum sum-of-squares difference, and (3) 92

if the minimum difference is less than the fit tolerance for this template, the waveform is 93

assigned to this template’s unit. The fit tolerance was set to 5 (measured in units of 94

0.01% of the maximum A/D value). Clusters were evaluated visually and by the 95

refractory period violations, which indicates the percentage of spikes within a sorted 96

unit that have an inter-spike interval less than 2ms, indicative of the intrinsic 97

physiological firing limits of a neuron. Clusters were refined if the percentage of 98

refractory period violations were over 2% by adding an additional cluster, increasing the 99

stringency of the spike detection threshold, or adjusting the fit tolerance. 100

Spike parameterization 101

Intraoperative microelectrode recordings provide clinical utility by qualitatively 102

observing different types of neuronal firing along the physiological recording track (Fig 103

2A). In GPi DBS implant surgeries, the identification of neurons such as bursting and 104

pausing cells in the GPe or border cells and irregular firing neurons in the GPi provide 105

anatomical information that aids in decision-making for final lead placement (Fig 106

2B) [10]. However, the process can often be subjective, time-consuming, and require 107

significant expertise to interpret neural activity. Thus a more automated mathematical 108

characterization of spikes from MER could aid in identification of putative cell-types 109

and anatomical boundaries, reduce DBS lead placement error, and improve clinical 110

outcomes for patients. 111

Sorted spike units from intraoperative microelectrode recordings were characterized 112

using canonical response parameterization (CRP) [3]. This machine learning technique 113

was developed to discover the structure and duration of single-pulse electrical 114

stimulation data, and is modified here for sorted spike units (Fig 3A). Individual spikes 115

are projected onto its mean unit waveform using a semi-normalized dot product. The 116

length of time points from the global extremum following threshold crossing (time 0) is 117

varied to obtain a temporal profile of structural significance, with the maximum 118

projection magnitude identifying the spike end time (τR). Next, the process is repeated 119

in the reverse direction starting from τR. The new peak projection magnitude identifies 120

the spike start time (τi). Thus, identifying a significant spike window from τi to τR, 121

outside of which the voltage is statistically unreliable (Fig 3B). 122
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Each individual spike (k) is represented as a projection of the sorted unit (n) shape 123

C(t), scaled by a scalar αk over the spike window t′ (from τi to τR) at spike time τk, 124

with a residual local field potential (LFP) Vo(t) (Fig 3C-D): 125

V (t) =
∑
k

αkCn(k)(t
′ + τk) + Vo(t)

Knowing αk, we can quantify the residual LFP after regressing out the sorted unit 126

shapes of Cn(k): 127

Vo(t) = V (t)−
∑
k

αkCn(k)(t
′ + τk)

For detailed CRP methodology, see [3]. 128

Serial parameterization and spike sorting 129

One challenge in spike sorting is the occurrence of overlapping spikes, where action 130

potentials from multiple neurons coincide in time, making it difficult to accurately 131

identify and separate the signals from individual neurons [18]. Because each individual 132

spike is parameterized by αC(t), a single unit can be subtracted from the raw voltage 133

trace and spike sorted a second time using the same voltage threshold (Fig 4A-D). We 134

performed this serial parameterization and spike sorting for all MER sites with more 135

than one sorted spike unit. We show an example MER site with two sorted units where 136

serial parameterization and spike sorting increased the number of spikes detected by over 137

13% (Fig 4E-F). Overlapping spikes are most common in extracellular recordings that 138

contain multiple units with high firing rates. While this can separate spikes occurring in 139

the same window, complete overlap at the peak cannot be resolved. ’Recovered’ spikes 140

assigned to a unit could belong to a separate unit, so refractory period violations and 141

other sorting quality metrics should be reassessed after each sorting. 142

Unit similarity and hierarchical clustering 143

To analyze the similarity of sorted unit shapes across recording sites, we define a custom 144

similarity metric, which allows for direct comparison of different shapes. When two units 145

with different spike time windows are compared, we selected the earliest spike start time 146

τi, and the latest spike stop time τR for a comparison window. The mean waveform for 147

each unit is normalized (so that mean voltage = 0), and the similarity score is calculated 148

by taking the dot product of the two normalized waveforms. This allows for a range of 149

values from -1 to 1, with 0 indicating complete dissimilarity, 1 indicating identical 150

shapes, and negative values indicating opposite polarity. This metric effectively captures 151

the degree of overlap between shapes, irrespective of raw voltage values, which are 152

largely attributable to the distance of recorded cells from the microelectrode tip. Using 153

this method, a similarity matrix was created with all sorted units from one GPi DBS 154

patient’s MER track compared to all others (50 sorted units over 35 recording sites). 155
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Hierarchical clustering was conducted, where the distance between two clusters was 156

defined as the average distance between all pairs of elements in the two clusters. We 157

used the agglomerative approach, which starts by treating individual spike units as a 158

single cluster, then continuously combines them based on the selected similarity score 159

threshold [19]. The distance matrix, which was derived by subtracting the similarity 160

score from 1, served as the input for the clustering process. All negative values were set 161

to a similarity score of 0. The hierarchical structure resulting from the clustering 162

process was visualized using a dendrogram and the optimal number of clusters was 163

selected graphically using the elbow method visualizing the intra-cluster distance score 164

cutoff and the number of resulting clusters. 165

Results and discussion 166

Quantitative spike description, shape similarity, and hierarchical 167

clustering 168

With the description V (t) =
∑

k αkCn(k)(t
′ + τk) + Vo(t), several useful quantities for 169

each spike V (t)k can be described: a ”projection weight” αk; a scaled projection weight, 170

α′
k that is normalized by the square root of the number of samples in C(t); a scalar LFP 171

summary term
√
V T
o Vo (magnitude of the LFP); a ”signal-to-noise” ratio αk/

√
V T
o Vo; 172

the ”explained variance” of the spikes is 1− V T
o Vo

V TV
. These values are calculated for each 173

spike, and can be averaged for each sorted unit to create summary metrics. Several 174

examples of different unit shapes and their descriptive quantities are shown in Fig 5. 175

Overall, This CRP approach for analyzing sorted units across serial recordings allows 176

for empirical discovery of spike duration and structure (rather than assuming a 177

pre-defined waveform duration). This technique allows for direct comparison of 178

seemingly dissimilar unit shapes across recording sites. α′ is normalized by the square 179

root of the number of samples in C(t) (in τi to τr interval) and roughly captures the 180

average voltage deflection from zero, comparable to the root-mean-squared metric. This 181

is weighted only over the empirically-discovered significant spike interval, rather than a 182

preselected waveform duration. notably, average voltage peak amplitude in extracellular 183

recordings can largely be attributed to distance from the microelectrode tip and does 184

not necessarily represent fundamental differences in cell-types or tissue architecture. In 185

this case, a more direct comparison of normalized action potential shapes may be 186

needed for understanding the cellular diversity or identification of brain nuclei. 187

To capture unique action potential shapes, we employed a custom similarity metric 188

between parameterized spike units. For this, a dot product is calculated between two 189

normalized units from the outer τi to τR. Spike similarity scores range from -1 to 1 with 190

1 indicating exact similarity, 0 indicating no similarity, and -1 indicating high similarity 191

with opposite polarity. Figure 6 demonstrates 3 examples of highly similar units with 192

different raw amplitudes (Fig 6A), units with inverse polarity (Fig 6B), and units with 193

low similarity (Fig 6C). Spike similarity scores were calculated between all sorted spike 194

units from one MER track (n = 50 sorted units from 35 recording sites). To perform 195

hierarchical clustering, a distance score was calculated by subtracting the similarity 196

score from 1. A dendrogram was created from the clustering and the elbow point 197

method was used to determine the appropriate number of spike shapes (Fig 7A). Based 198

on a distance score threshold at the elbow, we selected 6 unique clusters, producing 199

resulting normalized shapes are shown in Fig 7C. Next we sought to determine whether 200
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sorted unit shapes were organized by depth. Spike shapes were plotted by the recording 201

depth (Fig 8A). Surprisingly, unit shapes showed regional clustering in the globus 202

pallidus, suggesting distinct neuronal types with conserved shape within anatomical 203

boundaries. Next, to learn if these depths were consistent with brain regions, we plotted 204

spike identities along the MER physiology track on patient T2 and FGATIR MRI series 205

(Fig 8b). 206

As shown in Fig 1e, a typical GPi MER track may travel through 2-3 neuronal 207

structures including the GPi, GPe, and putamen (although putamen may not be present 208

in the recordings from any particular patient due to the cannula opening lying below 209

the transition into the GPe). The GPi is further divided into its own internal and 210

external segments, which also show functional and anatomical differences important for 211

DBS targeting [20,21]. Interestingly, we found 4-5 distinct patterns of spike shapes 212

along the MER track, spatially correlating with expected and hand-segmented regions 213

based on postoperative lead localization on imaging (Fig 8). 214

Biological interpretation 215

Rodent studies have significantly advanced our understanding of brain structure and 216

function at single-neuron resolution which may inform putatively homologous regions in 217

humans. The GPe has been shown to be an important structure in the indirect basal 218

ganglia pathway, regulating motor output [22]. Rodent studies show that the GPe is 219

composed of primarily two types of GABAergic cells: prototypic and arkypallidal 220

neurons [23,24]. Prototypic neurons make up approximately 2/3 of GPe neurons and 221

project downstream to the STN and other output nuclei. Arkypallidal neurons comprise 222

about 1/4 of GPe neurons and project back to the dorsal striatum (homologous to 223

caudate and putamen in humans). Electrophysiology studies show differing firing and 224

spike shape characteristics between prototypic and arkypallidal neurons, with prototypic 225

neurons generally having a higher, more tonic firing rate, and a smaller spike 226

width [25,26]. While we do not have sufficient power to compare spike firing properties 227

from only one MER track, our discovered shape 3 in Fig. 8 is more common (n= 9 vs 228

4), has a narrower spike width, and has a higher firing rate compared to shape 1 in the 229

GPe segment, suggesting shapes 1 and 3 might represent prototypic and arkypallidal 230

neurons, respectively. 231

The GPi is a part of the direct basal ganglia pathway and one of the main DBS targets 232

for PD and dystonia [27]. The rodent homologue of the GPi is the endopeduncular 233

nucleus (EPN) [28,29]. While neuronal sub-types are not as clearly distinct in the 234

EPN/GPi as they are in the GPe, the GPi is similarly composed of inhibitory 235

GABAergic projection neurons. And, although the main output related to motor 236

function is the thalamus, there are also projections to the habenula which may regulate 237

other non-motor functions [30]. Human and non-human primate studies have not 238

investigated these specific projections, but have identified distinct functional subregions 239

within the GPi, primarily along a dorsal/ventral axis [31]. Our discovered shapes 2 and 240

3 showed distinct spatial clustering from one another within the GPi, suggesting that 241

each may reflect a characteristic cell type found within the internal and external GPi 242

subdivisions (Fig. 8). Surrounding these basal ganglial nuclei are white matter tracts 243

and internal lamina which generally show either a very weak background of cells or an 244

apparent absence of identifiable unit activity. 245

While comparison of these basic spike firing properties between clustered shapes are 246
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limited to a single patient for this methodological illustration, clustering of a large 247

cohort of sorted units over multiple patients and tracks will allow for firing rate, ISI, 248

and other firing pattern features to contribute to a more general statistically-powered 249

description of characteristic cell-types related to anatomic subregions. Importantly, 250

while spike morphology alone may be useful and actionable for understanding cellular 251

diversity and classification in these regions, “ground truth” confirmation of genetically 252

defined cell-types will require either comparative studies in animal models or 253

post-mortem human tissue using genetic and histological tools. 254

Neurosurgical applications 255

The identification of putative cell-types and brain regions based on spike shapes could 256

have significant applications to neurosurgical practice in deep brain stimulation 257

procedures. Initially, clearer and more precise intraoperative electrophysiological 258

mapping using MER would lead to more accurate targeting and lead placement and 259

improve therapeutic outcomes while minimizing off-target effects. As we begin to better 260

understand the mechanisms of deep brain stimulation and movement disorders, optimal 261

therapy could target stimulation of certain cell-types along the DBS lead trajectory, 262

using shaped current or optogenetic pulses [32]. Compared to current standard MER 263

practice, spike shape targeting may provide robust physiologic information beyond spike 264

rates and firing patterns, which can significantly vary across subregions or external 265

factors such as anesthesia drugs and disease types [11, 12, 33, 34]. Therapeutically, these 266

findings could be incorporated into intraoperative tools for automated classification and 267

identification of anatomical boundaries and subregions, implant targets, and other 268

disease-related physiology. 269

Other applications 270

Modeling amplitude-modulated units from the cardiac cycle 271

While Figure 5 shows summary metrics for parameterized spike units, individual spike 272

metrics can also be examined over time to characterize how a unit is modulated by 273

intrinsic or extrinsic factors like cardiac rhythm, neural oscillations, behavioral tuning, 274

and others. Figure 9 shows an illustrative example of this, from a thalamic recording 275

site, where spike amplitude was modulated by the cardiac cycle (based on measured 276

electrocardiogram from the chest, Figure 9A). We sorted and parameterized two spike 277

units, and windowed -0.1 seconds before and 0.9 seconds after each detected cardiac 278

R-wave on EKG (Figure 9B). Then we averaged all cardiac cycles and plotted the α′ as 279

an impulse-response function of the cardiac window. We then utilized a nonlinear least 280

square fitting algorithm using the trust-region-reflective method. α′ as a function of 281

time after the EKG “R” peak was fit to an impulse-response model form, Atne−mt. In 282

the example, two units were isolated from the same trace, and, interestingly, one was 283

strongly pulse-modulated and the other was not modulated at all (Fig. 9), which can 284

represent changes in physical distance to the microelectrode tip or possible engagement 285

of mechanoreceptors sensitive to local blood pressure changes [35]. 286
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Spike removal for spectral analyses 287

While the primary thrust of this methodological work is to show how spikes can be 288

effectively isolated and parameterized, the technique is also useful because the residual 289

LFP term, Vo(t), represents all local brain activity aside from the action potentials, 290

combined with measurement noise due to amplifiers and the operating room 291

environment. The residual LFP can be isolated by subtracting αC(t) for all sorted units 292

from the raw signal trace (Fig 10A-D) and separately analyzed. For example, there is a 293

clear decrease in spectral power above ∼150Hz when the spike shape contamination is 294

removed. If the act of removing spikes introduced discontinuities (i.e. created artifactual 295

contamination itself), this process of spike removal would instead result in an artificial 296

increase in power. This spike removal prior to spectral analysis may be important when 297

examining interactions between single units and background LFP oscillations, but also 298

when studying so-called “broadband” or “1/f” phenomena, which are believed to reflect 299

average synaptic activity [36,37] (Fig 10). Proper isolation of the LFP is critical for 300

understanding larger population-level dynamics and how they relate to spiking data. 301
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Figure Captions

Fig 1. GPi DBS microelectrode recordings. (A) Diagram of serial microelectrode recordings for DBS implantation
surgery and microelectrode dimensions. (B) Raw voltage is recorded from the microelectrode tip, referenced to the cannula,
and filtered from 300 Hz to 9 kHz to analyze single units. (C) Microelectrode recording position was determined by
co-registration of the post-surgical CT and pre-surgical MRI, and resliced in plane with the DBS lead position. (D) DBS lead
contacts were identified and used to infer the microelectrode recording track. Yellow arrow indicates target depth. (E) T2,
T1, and FGATIR MRI series were overlaid to segment GPi and surrounding anatomical borders. GPi = Internal globus
pallidus; GPe = External globus pallidus; Put = Putamen; IC = internal capsule; Cd = Caudate; Th = Thalamus; LV =
Lateral ventricle.
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Fig 2. Typical ’cell-types’ seen on microelectrode recordings targeting the GPi. (A) Representative
pseudo-coronal T2 MRI displaying intraoperative micro recording track and zoomed-in segmentation of the GPi and
surrounding anatomy. (B) Typical cell-types seen on microelectrode recordings targeting the GPi include bursting and
pausing cells in the GPe and border cells and irregular firing neurons in the GPi. GPi = Internal globus pallidus; GPe =
External globus pallidus; Put = Putamen; IC = internal capsule; Cd = Caudate; Th = Thalamus; LV = Lateral ventricle.
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Fig 3. Parameterizing spike units using CRP. (A) Example of spike units sorted from a sample microelectrode
recording site shown on pseudo-coronal T1 MRI. (B) Sorted units are parameterized using canonical response
parameterization (CRP). Forward CRP identifies the spike end time point (τR) at the maximum projection magnitude (St).
Reverse CRP starting from τR identifies the spike start time τi creating a significant spike voltage window. (C) Individual
spikes are parameterized by sorted unit shape C(t) and scaling factor α. Removing scaled spike shapes from the raw voltage
trace V (t) leaves the residual local field potential Vo(t) (LFP). (D) Overlaid V (t) and Vo(t) with αkcn(t), for spike k of unit
n, at spike times τk over duration t′: V (t) =

∑
k αkCn(k)(t

′ + τk) + Vo(t).
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Fig 4. Serial parameterization and spike sorting. (A) Example spike sorted trace from Fig 3. Multiple spikes
occurring in the same spike window are missed by standard spike sorting. (B) The largest unit is parameterized to obtain
αkC1(k) for unit 1. (C) αkC1(k) is subtracted from the filtered voltage trace and re-sorted using the same voltage threshold.
(D) The second unit is parameterized. (E) parameterization of both units shows resolved overlapping spikes. (F) For the
sample voltage trace, serial parameterization and spike sorting increased the number of detected spikes by over 900.
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Fig 5. Example of unit shapes, durations, projections, and parameterizations. (A) Four examples illustrate
different unit shapes, their durations, and projection magnitude profiles. (B) Parameterization values for example units,
including spike window duration, spike magnitude, signal-to-noise ratio, and variance explained, respectively.
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Fig 6. Spike similarity comparisons across recording sites. Spike similarity is calculated by taking the dot product of
two amplitude-normalized units over the outer limits of τi to τR. (A) Sample comparison of highly similar unit shapes with
different raw amplitudes. (B) Sample comparison of two units with opposite polarity and a negative similarity score. (C)
Sample comparison of two dissimilar unit shapes. A similarity score of 1 indicates identical shapes, -1 for identical inverted
shapes, and 0 for completely dissimilar shapes.
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Fig 7. Hierarchical clustering of spike unit shapes. Hierarchical clustering was performed on the distance metric
(1-similarity score) of all sorted units in the left GPi microelectrode recording track. (A) The hierarchical structure was
visualized using a dendrogram. The number of unique cluster shapes was determined to be 6 based on the elbow point
method. (B) Spike similarity matrix and resulting clusters. (C) Normalized unit waveforms and average cluster shape.
Shape 3 (n = 22) and shape 2 (n = 17) were the most common shapes present, followed by shapes 5 (n = 5) and shape 1 (n =
4). Shapes 4 and 6 were both composed of one unit.
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Fig 8. Spike shape clustering on anatomy. (A) The 6 clustered spike shapes plotted by depth from target in the GPi.
(B) Spike shapes are plotted along the visualized microelectrode recording track on hand-segmented anatomy on
psuedocoronal FGATIR MRI. Spike shapes showed regional clustering, consistent with white matter (lamina, IC), GPe, and
GPi regions. (C) Mean (+/- SEM) inter-spike intervals and firing rates across clustered spike shapes. Shape 5 was present at
the very top and very bottom of the track. Shape 3 was divided into 2 groups from +6mm to +10mm and -2mm to 0mm
from target. Shape 2 was present primarily between +1mm and +5mm. Shape 1 was closely intermixed with the upper
cluster of shape 3 units. GPi boundaries were closely associated with shape 2 and the bottom cluster of shape 3. Segmented
GPe boundaries were associated with shape 1 and the top cluster of shape 3. Shape 5 occurred near the top and bottom of
the MER track. Put= Putamen; GPe = External globus pallidus; GPi= Internal globus pallidus; IC = internal capsule.
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Fig 9. Capturing pulse-modulated firing using α’. (A) Raw signal traces from the motor thalamus microelectrode
recording and EKG. (B) a single cardiac cycle was isolated (-0.1 to 0.9 from R-wave) with two parameterized units. (C) The
mean α′ of each parameterized spike was plotted in reference to the aligned R-wave of the average EKG signal. An
impulse-response function was fitted to the baselined distribution using a nonlinear least square fitting algorithm using the
trust-region-reflective method in the form Atne−mt. Unit 1 shows clear impulse-response-like pulse modulation (A = 5.43e3;
n = 2.33; m = 9.60; R2 = 0.36), whereas unit 2 did not show cardiac-tuning (A = 24.79; n = 0.67; m = -2.95; R2 = 0.04). R2

values show that unit 1 is pulse-modulated, while unit 2 is not.
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Fig 10. Local field potential isolation using spike parameterization and removal. (A) Example raw voltage trace
from a microelectrode recording site. (B) zoomed in raw voltage trace. (C) Two sorted units parameterized and plotted on
the filtered voltage trace. (D) subtracting the parameterized spikes from the unfiltered trace isolates the local field potential.
(E) Power spectral density was calculated from the raw and LFP signal with spikes removed. (F) Average 200-300Hz band
power at 6 different recording sites from the raw signal (black) and LFP (Green). (G) Spike removal at 6 recording sites from
one MER track showed to a significant reduction in 200-300Hz band power by approximately 25% (paired t-test, t(5)=5.37,
*p= 0.003).
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