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Damage to the nervous system due to stroke, spinal cord injury, and limb loss leads to
significant sensory and motor deficits. Despite the variety of reasons behind cortical injury,
targeted direct electrical stimulation (DES) may be able to help restore both motor and
sensory function in future neuroprosthetic applications.

Our research addresses fundamental barriers through a principled engineering approach
for translation of DES to humans. We primarily focused on the physics of stimulation, the
signal processing of these concurrent stimulation and recording signals, how sensory stimula-
tion compares to natural touch, and how to induce plasticity to modify cortical connectivity
through DES.

First, we modeled how electrical stimulation propagates through the tissue with analytic
models, and found that analytic models with flat and spherical geometries fit the measured
voltages on the surface well. We also discovered the importance of the assumptions about
the overall geometry of the brain in these flat and spherical models and how these affect
the subsequent interpretations of the resistivity of the brain tissue. These results have

implications for the appropriate ways to make resistivity measurements in-vivo on the human



brain, and establishes benchmarks for comparisons with more computationally intensive

finite-element models.

We subsequently developed novel unsupervised algorithms to extract the neural response
to DES with concurrent stimulation validated on multiple human datasets, allowing for
analyses of neural data contaminated by stimulation artifacts. This work will aid in the
interpretation of data from experiments involving stimulation in humans, and we have made

public all of the code and data for future algorithmic development and comparisons.

We discovered that humans respond more slowly to DES of sensory parts of the brain
relative to natural peripheral touch, which may require future neuroprosthetic devices to
account for this delay to allow for smooth and intuitive control. Concurrent DES of sen-
sory parts of the brain and natural peripheral touch are perceived independently, which
suggests that local cortical circuitry is not completely inhibited by DES and will allow for
overlapping inputs in future neuroprosthetic devices. Furthermore, modified DES waveforms
during sensory stimulation can modify percepts and reaction times, suggesting that better
neuroprosthetic performance could be achieved by moving beyond the constant amplitude

waveforms.

We tested two stimulation protocols to induce plasticity in human cortex, with potential
applications in helping the brain heal after stroke. The first involved beta-oscillation driven
stimulation, where we found short term (less than two seconds in duration) enhancement
of cortically evoked potentials. This was driven by a dominant effect between the number
of conditioning stimuli delivered and the size of the evoked potential following stimulation.
Delivering stimuli during the depolarizing surface potential phase appeared to have an po-
tentiating interaction effect during trains where the greatest number of conditioning stimuli

were delivered.

The second was a paired pulse stimulation paradigm carried out intraoperatively in sub-



jects undergoing deep brain stimulator placement, where the optimal lag to induce plasticity
as assessed through evoked potentials was longer than that predicted by the principles of
spike timing dependent plasticity. We similar found that paired site stimulation was more
effective than stimulation within the same site, suggesting that both the timing and location
of stimulation are critical for the induction of plasticity. These two stimulation protocols lay
the groundwork for future clinical trials in humans using these protocols to try and induce
plasticity in damaged regions of cortex.

Our research in these areas of engineered stimulation of sensorimotor cortex in humans
with implanted electrodes moves DES closer towards clinical rehabilitation use for sensory

neuroprosthetics and neuromodulation to induce cortical plasticity.
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GLOSSARY

ECOG: Electrocorticography. This refers to electrodes implanted subdurally, epidurally,
or in deeper gray or whiter matter structures (depth electrodes), but in this thesis, all
references refer to either subdural or depth electrodes.

IEEG: Intracranial electroencephalography. In thesis thesis, this is synonymous with
ECoG, and refers to electrodes implanted subdurally, epidurally, or in deeper gray
or whiter matter structures (depth electrodes).

EEG: Electroencephalography. This refers to the placement of electrodes on the scalp.
LFP: Local field potential. These are the composite signal from multiple neurons firing.

DES: Direct electrical stimulation. In this thesis, this refers to stimulation of any region
of the brain, cortically or subcortically, through implanted electrodes.

DCS: Direct cortical stimulation. This refers to the electrical stimulation of the cortex
through implanted electrodes.

DECS: Direct electrical cortical stimulation. In this thesis, this is synonymous with DCS.

CSF: Cerebrospinal fluid - clear fluid which provides cushioning, waste removal, and
distribution of materials throughout the brain.

DURA: The outermost layer covering the brain and spinal cord. Subdural electrodes are
implanted beneath the dura, and above the arachnoid and pia.

CRANIOTOMY: Surgical procedure in which bone is removed from the skull temporarily
to gain access to the brain.

EPILEPSY: A disorder described by recurrent unprovoked seizures

xil



DBS: Deep brain stimulation: a treatment using electrical stimulation to treat movement
disorders (Parkinson’s, Essential Tremor), and increasingly psychiatric disorders.

FEM: Finite element modeling. The use of a discretized mesh representing a surface,
and the forward modeling of partial differential equations of interest (e.g. Laplace’s

equation for electrostatics).

CONTACT RESISTANCE: Total resistance of the electrode, electrode tissue interface, CSF,
and brain.

SHEET RESISTANCE: Intrinsic resistance of the material of interest.

EP: Evoked potential. The cortical response due to DES, which is the recorded complex
activity resulting from the superposition of numerous neuronal elements.

CEP: Cortically evoked potential. In this thesis, we refer to EP and CEP interchangeably.
EMG: Electromyography. The electrical recording of muscle activity.

SSEP: Somatosensory evoked potential. The signal in cortex following peripheral median
nerve stimulation.

MEP: Motor evoked potential. A robust EMG in a peripheral muscle that occurs following
DES of motor cortex regions.

DBSCAN: A density based clustering algorithm.
HDBSCAN: Hierarchical density based clustering.

UNSUPERVISED CLUSTERING: A machine learning method which discovers structure in
the data without predefined user guidance.

CATHODAL STIMULATION: Electrical stimulation which causes electrons and negative
ions to gather at the electrode, causing depolarization directly beneath the electrode.

ANODAL STIMULATION: Electrical stimulation which causes positive species to gather at
the electrode, causing hyperpolarization directly beneath the electrode.

xiil



NMDA RECEPTOR: Receptor which binds NMDA, also functions as an ion channel, is one
of the major excitatory neurotransmitters in the brain, and is important for cellular
plasticity.

GABA RECEPTOR: Receptor which binds GABA, also functions as an ion channel, is one
of the major inhibitory neurotransmitters in the brain, and is important for cellular
plasticity.

FMRI: Functional magnetic resonance imaging. An non-invasive imaging method which
allows for the indirect measurement of neuronal activity at a high spatial but low

temporal resolution.

BOLD: Blood oxygen level dependent: The signal measured by fMRI, where decreases in
blood oxygen locally correlate with neuronal activity.

S1:  Primary somatosensory cortex.

M1: Primary motor cortex.
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Chapter 1
INTRODUCTION

1.1 Thesis

Use of direct electrical stimulation (DES) within a neural engineering context to restore
sensation and enhance connectivity can be accomplished through in-dwelling intracranial
electroencephalography (iIEEG), also known as electrocorticography (ECoG) electrodes. Suc-
cessful translation of human DES will require substantial gains in knowledge of its spread
through cortex, interpretation of the underlying cortical dynamics in response to stimulation,
how humans behaviorally respond to DES, and how it modulates neural plasticity. These el-
ements are essential to properly engineer closed-loop functional neuroprosthetics for sensory

restoration and plasticity enhancement.

1.2 Introduction

Damage to the nervous system due to stroke, spinal cord injury, and limb loss accounts for
significant sensory and motor deficits. Despite the diversity of reasons behind cortical injury,
targeted cortical stimulation may be able to help restore both motor and sensory function.
This thesis explores different aspects of engineered direct electrical stimulation (DES) of
cortex, from understanding how it spreads through cortex, how to interpret neural signals
during ongoing stimulation, the behavioral and neural effects of stimulation, and how dif-
ferent stimulation protocols work in humans (Figure 1.1). These studies may have future

application in informing clinical trials and neuroprosthetic device design.
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Figure 1.1: Thesis research overview. This thesis addresses a number of aspects of engineering
direct electrical stimulation (DES) of the human brain for neuroprosthetic applications. The
regions explored were primarily in sensorimotor cortex, but the principles may be extensible
beyond this. The first part of our work was focused on understanding the physics of DES
through analytic models to explore how well we can describe the flow of current in brain, and
in particular how methods from other fields such as the characterization of semiconductors
and geophysics apply to a system like the human brain. From here, we considered how
to interpret brain data in the context of concurrent stimulation, which involved applying
techniques from the field of unsupervised machine learning. We then focused on using DES
sensorimotor parts of the brain, where the sensory and motor systems are tightly integrated.
We worked on engineering stimulation of sensory cortex, and analyzed reaction time and
temporal order judgment tasks to better understand the behavioral response to DES. Our
work on engineering stimulation of motor cortex focused on the macroscale induction of
plasticity, or the alteration of the strength of connections between neurons. One aspect
focused on an beta-oscillation triggered paradigm in human epilepsy patients. The other

focused on a paired-pulse paradigm intraoperatively with subjects undergoing DBS surgery.



1.3 Clinical Need

There are millions of individuals who are disabled due to stroke. It is estimated in the US
alone for the year 2016, that healthcare and economic costs related to stroke disability totaled
$34 billion, and that stroke is a leading cause of serious long-term disability [51]. 50-70%
of stroke survivors reach functional independence, but 15-30% of survivors are permanently
disabled [165]. Therapies using targeted activity dependent neuromodulation may be able
to help restore motor recovery [107], but the biological effects of direct electrical stimula-
tion (DES of cortex) are not well understood, and the parameters for potentially effective
stimulation protocols need further development for implementation in a neuromodulation
employing neuroprosthetic.

The motor output deficits associated with stroke are discussed more frequently than
sensory deficits, but sensory feedback is critical for the planning and execution of volun-
tary movements [31]. Individuals suffering from somatosensory and visual deficits following
stroke have worse motor recovery, highlighting the complex interplay between sensory and
motor cortices. This motivates the exploration of techniques applicable to both regions.
Somatosensory cortex is important for integrating sensory and motor signals and motor
learning as well [34]. This integration of sensory and motor information, along with all of
the connections between sensory and motor cortical regions [3], illustrates that engineering
solutions should consider the complexities of the two highly interconnected regions.

Additionally, it is estimated that 5.4 million Americans are living with paralysis, with
an estimated 41.8% of people living with paralysis unable to work [57]. The restoration of
sensation is a priority for prosthetics users [28] as well as potential brain computer interface
(BCI) end users such as individuals with paralysis [14,60]. Sensory feedback to cortex would
enhance the efficacy of a prosthetic arm to aid with independent tasks, or help an individual
better interpret data from body mounted sensors. The lack of sensory feedback in many BCIs

may limit performance [23,71]. Indeed, integration of somatosensory feedback into BCIs has



been demonstrated to improve task performance with BCls [65,137,220,247,264].This points
to the importance of understanding how to appropriately engineer stimulation to restore

sensation in BCI devices.

1.4 ECoG and DBS Background

Electrocorticography (ECoG) is used clinically as a recording modality for diagnosing spe-
cific spatial regions of focal epilepsy onset in individuals suffering from medically intractable
epilepsy. By using invasive monitoring, the origins of seizures can be identified, and subse-
quent surgical removal of the seizure foci can reduce the frequency of or eliminate seizures.
After surgical resection, approximately 50% or greater of patients experience significantly
improved seizure control following surgical treatment [80]. For monitoring, patients are rou-
tinely implanted for 1 to 2 weeks with electrodes either directly on top of the dura (epidural),
beneath the dura (subdural), or implanted in cortex (depth electrodes, or stereo electroen-
cephalography (sEEG)). The term intracranial EEG, or iEEG, is often used to describe all
implanted electrodes. We will use the term ECoG electrodes in this thesis to encompass
surface as well as penetrating depth electrodes. Following electrode implantation, patients
remain in the hospital under clinical monitoring by a team of neurologists and epilepsy tech-
nicians, until the clinical team has collected enough data to precisely localize the focal seizure

zones for surgical resection.

To complement the passive recording of epileptic events, direct electrical stimulation
(DES) [280] (or when applied particularly to cortex, known as direct cortical stimulation
(DCS) [100], or direct electrical cortical stimulation (DECS) through ECoG electrodes is
commonly performed for clinical mapping purposes, both intraoperatively and during the
patients’ clinical observation. For clinical mapping, the clinical team electrically stimulates
different brain regions to delineate regions of cortex important for language, motor, and

sensory function. By stimulating particular brain areas and observing the effects by querying



the patient, the clinical team can avoid resecting areas important for cognitive function
and preserve these functions in an individual after surgical resection. The combination of
recording and mapping through stimulation enables the clinical team to be best informed
when making clinical decisions regarding reducing or eliminating seizures through resection,
while maintaining cortical function. Clinical teams perform stimulation of both cortical
and subcortical structures and pathways. We use the term DES here to refer to general
electrical stimulation of any brain region through implanted electrodes, while we consider
DCS a subcategory specifically describing stimulation of surface gray matter.

DES for clinical uses goes beyond delineating cortical regions of activity. For example,
deep brain stimulation (DBS) is a therapy currently being used for therapeutic treatment
of movement disorders. Electrodes similar to those used for sEEG are implanted into deep
brain structures, and stimulation helps ameliorate clinical symptoms. The space of DBS
research is vast, and this thesis does not exhaustively address DBS. I discuss stimulation
through DBS as a demonstration of clinical stimulation through implanted electrodes, as
well as draw from current research in this field for future directions of stimulation through

all types implanted electrodes.

1.5 The Electrical-Neural Interface

1.5.1 FElectrodes

Current clinically used ECoG electrodes are often embedded in a silicone sheet and are
made of platinum or stainless steel. The electrodes are 1.5 mm diameter circular contacts
contacts with 4 mm spacing (“micro”-ECoG electrodes), to 2.3-3 mm diameter contacts with
10 mm spacing (“macro”-ECoG electrodes) [53]. Depth electrodes are frequently comprised
of platinum, with cylindrical contacts, and can be inserted with or without stereotactic
guidance. These are commonly used to localize seizures coming from deep brain structures,

such as the hippocampus. DBS electrodes are similar to depth electrodes in that they are



linear probes with cylindrical contacts, although they can be of smaller diameter, with tighter

electrode spacing and fewer contacts.

1.5.2 Stimulation

Implanted electrodes can be used for direct modulation of neural activity through electrical
stimulation. In order to better understand the underlying mechanisms of stimulation, we
first consider the effects of stimulation on a single neuron. At the single neuron level, the
redistribution of charge, and subsequent depolarization, where the inside of the cell becomes
more positive relative to the extracellular fluid, can cause an action potential to be generated
which propagates down the cell’s axon. Hyperpolarization, which occurs when the inside of
the cell becomes more negative relative to the outside of the cell, can inhibit action poten-
tials. Electrical stimulation, through a redistribution of charge within an axon, can result
either in hyperpolarization or depolarization. When sufficient depolarization is achieved,
an action potential is generated through the diffusion of ions through sodium, potassium,
and calcium channels [20]. Subthreshold intracellular stimulation, where an action potential
is not generated, can result in the potentiation of synaptic strength with NMDA receptor
mediation in the neuron’s synapses [12].

In solutions, electrical stimulation results in the redistribution of ions through non-
Faradaic reactions, and the transfer of electrons to electrolytes in the solution through
Faradaic reactions [181]. There exist both reversible and irreversible Faradaic reactions:
which one occurs depends on the rate of the electron transfers relative to the mass transport
of the reactant. We discuss these reactions further and the impact of stimulation parameters
on them in the “Limitations and Considerations” section. Through these mechanisms, charge
is redistributed. When this redistribution of charge causes depolarization directly beneath
the electrode, for the case of a single neuron, the stimulation is often referred to as cathodal

stimulation, while electrical stimulation which causes hyperpolarization directly beneath the



electrode is referred to as anodal stimulation. (Figure 1.2(a)). On the scale of larger elec-
trodes, such as with ECoG arrays, cathodal stimulation often refers to negative voltages and
currents directly beneath the electrode, while anodal stimulation refers to positive voltages

and currents.

Stimulation on a local scale can be achieved through intracortical microstimulation (ICMS),
where electrical stimulation activates neurons primarily through their axons passing through
the region of cortex stimulated [205,271]. However, other regions of the cell such as the cell
body and dendrites may also be activated depending on stimulus polarity and orientation.
Anodal pulses best activate cell bodies and terminals, compared to cathodal pulses which
best activate axons. In both cases, it is the outward flowing current at the axon initial
segment or nodes of Ranvier along the axon that results in neuronal excitation [179,271].
ICMS is thought to sparsely activate a population of cortical neurons, rather than just ones

proximal to the stimulation electrode tip [120].

The distance of neuron elements from the stimulation source changes whether or not
these elements will be hyperpolarized or depolarized by a corresponding cathodic or anodic
stimulus. Directly beneath a cathode, a membrane will become depolarized, and hence can
generate an action potential. During the case of anodal stimulation, the area directly be-
neath the electrode is hyperpolarized, but further away from the anode, action potentials
may be generated, resulting in a “virtual cathode” [181] (Figure 1.2(a)). Stimulation be-
neath the anode can occur with surface anodal stimulation of neocortical cells, where current
hyperpolarizes apical dendrites, and subsequently leaves through the axon resulting in de-
polarization [225](Figure 1.2(b)). For the case of bipolar stimulation, an axon is generally

depolarized beneath the cathode and hyperpolarized beneath the anode. [225].

Physiologically, ICMS is thought to activate both inhibitory and excitatory populations of
cells [43], and is not thought to evoke natural patterns of cortical activity [186]. Functional

magnetic resonance imaging (fMRI) along with microstimulation has demonstrated that
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Figure 1.2: Effect of stimulation on a single neuron and a population of neurons. (a) Stimu-
lation along a nerve fiber results in depolarization beneath a cathode, and hyperpolarization
beneath an anode. (b) Single neurons can be stimulated by both anodal and cathodal stim-
ulation depending on their orientation. In this example, anodal current enters the dendrites
of the neuron and leaves through the axon, which results in depolarization of the axon and
an action potential. (c) In the case of stimulation through ECoG electrodes, a large popula-
tion of neurons can be activated by stimulation. Shown are approximate scales of an ECoG
electrode relative to the precentral and postcentral gyrus, along with a representative mixed
population of pyramidal neurons potentially depolarized by stimulation. In the zoomed-in
region, we highlight the multiple orientations of neurons that could be activated. (d) An
axial slice in a co-registered CT and MRI image following implantation with an ECoG ar-
ray shows the potential current paths that different stimulation configurations would have
to pass through, illustrating the large populations of neurons present within the potential

current path.



microstimulation, at least in the visual cortical pathway, suppresses the output activity of
neurons which have their afferents stimulated [166]. Further work in microstimulation of the
visual cortex has demonstrated that microstimulation in V1 may locally activate cells, but

silence neurons further downstream [140].

The frequency of ICMS also has an impact on whether neurons are excited or inhibited.
High frequency stimulation (>10 Hz) is thought to potentiate neural activity (long-term
potentiation) [30,74], while low frequency stimulation (< 1 Hz) is thought to depress neural

activity (long-term depression) [196].

Compared to ICMS, DES of human cortex using larger electrodes, such as ECoG or
DBS electrodes, injects current over a larger surface area, and subsequently large amounts
of current could lead to greater activation with the potential to spread to a larger area [280)]
(Figure 1.2(c,d)). Additionally, depending on the anatomic location of DES, stimulation can
either evoke or inhibit neural activity [33]. For example, DES of language areas during a
language task can disrupt speech production while DES of somatosensory cortex can evoke
sensations and DES of motor cortex can evoke movements. In terms of subdural ECoG
stimulation in humans, the patterns and types of cells activated are thought to depend
on the intricate details of cortical geometry, cell fiber orientation [144], and whether the
pulses are anodal or cathodal [251] ((Figure 1.2(c,d)). A finite element model model (FEM)
of subdural cortical stimulation with integrated neuron models was used to demonstrate
that neurons deeper in the bank (buried in cortex) are more activated during cathodal
subdural stimulation, while those in the wider crown are activated during anodal stimulation
[251]. DES through ECoG electrodes can result in both local effects, and effects remote
to stimulation. The resultant signals recorded at other electrodes are often referred to as
cortico-cortico evoked potentials (CCEP) [133]. These have been reviewed thoroughly by
Keller et al. (see [133] (Keller, Honey, Mégevand, et al. 2014) for more details). We will

therefore only review some of the relevant physiology here. Pyramidal cells, which are the
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source of the majority of cortical output, and lie in cortical layers 2, 3, 5, and 6 can have
their superficial dendritic trees depolarized. Layer 2/3 inhibitory GABA interneurons can
be depolarized, which then synapse preferentially near the soma of pyramidal cells [37] and
cause a decrease in pyramidal cell activity due to the inhibitory nature of GABA signaling. If
there are axons passing through the region of stimulation, both orthodromic and antidromic
stimulation can occur [133]. The measured surface potentials are therefore a combination
of the initial monosynaptic connections, cortico-cortical pathways, and cortico-subcortical
pathways which would explain the polymorphic response lasting hundreds of milliseconds
[176].

In total, this speaks to the immense complexities of engineering stimulation in humans,
and the work that remains to be done in understanding both its physical effects and resulting

neural ones.

1.5.8 Sensing

A key part of a neuroprosthetic is the recording of neural activity to use as a control signal
in order to successfully modulate the system using stimulation. The summed activity of
many hundreds of thousands of neurons in the cortical tissue under an ECoG electrode
contributes to the electric voltage recorded from the electrode. The increased firing rate
of populations of neurons results in a broad increase in power across all frequencies, which
is more easily separable in the broadband gamma band (above 50 Hz), rather than the
lower frequency bands [188]. This is because other frequency bands modulate up and down
independently during different tasks and brain states, masking the broadband increase in
power. The higher frequency components are more asynchronous, and therefore are not as
subject to this masking effect [114]. Lower frequency bands, such as the alpha (8-12 Hz)
and beta (13-30 Hz) band, are thought to represent pulsed inhibition that serves to gate and

coordinate neuronal firing [246]. Therefore, analysis of broadband gamma activity reveals the
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local neuronal firing dynamics, while analysis of theta (4-8 Hz), alpha, and beta frequency
regimes yields insight into the coordinating mechanisms across the brain.

The different oscillatory features discussed above have been explored for advancing our
understanding of how different cortical regions function during motor movement and lan-
guage function [36,91]. Measurements of these signals during motor and speech imagery
have been employed in ECoG brain-computer interfaces to drive end effectors such as com-
puter cursors [156-158] and robotic arms [121]. Furthermore, non-motor regions can be
used to drive ECoG-BCls as well, illustrating the general utility of oscillatory band driven
BClIs [224,300].

1.6 Current Clinical Uses of Direct Electrical Stimulation

1.6.1 Functional Mapping for Epilepsy and Tumors

As detailed previously, DES is frequently used both intraoperatively and during a patient’s
stay at the hospital for functional mapping and identifying areas of cortex associated with
important cognitive functions [25,26,209]. These mapping procedures are done both for
epilepsy surgery and tumor resections [25,26,209]. Clinicians, using implanted ECoG elec-
trodes or stimulators in the operating room, apply DES to various cortical and subcortical
structures and pathways, and observe location dependent effects, including speech arrest in
language regions, motor movements in motor cortex, and sensory percepts in somatosensory
cortex. The results of these stimulation studies inform where the surgeons will plan to resect;
for example, if the seizure focus is close to a language region, the surgeon and patient may

decide the surgery is not worth the risk of a permanent language deficit.

1.6.2  Deep Brain Stimulation (DBS)

Deep brain stimulation (DBS) is a prominent example of electrical stimulation of the brain.

It is currently being used for therapeutic treatment of movement disorders (Parkinson’s
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disease [38] and Essential Tremor [72]), and is also being explored for treating psychiatric
illnesses (post-traumatic stress disorder, depression, obsessive compulsive disorder, Tourette
syndrome [248]) and epilepsy treatment. Traditionally, linear probes of cylindrical contacts
are inserted into deep brain structures such as the globus pallidus internus (GP1i), subthalamic
nucleus (STN), or ventral intermediate nucleus of the thalamus (VIM). Following implan-
tation, clinicians may either be guided by intraoperative CT imaging, or wake the patient
up intraoperatively to test for adverse effects of stimulation on different contacts, using a
monopolar (one stimulating electrode and a distant return electrode), bipolar (two similarly

sized electrodes), or multipolar arrangement of electrodes for the steering of current.

Advances in BCI related to deep brain stimulation (DBS) have explored the use of closed
loop DBS to trigger stimulation of deep brain structures in response to signals recorded
from the surface of the cortex [117]. Herron et al. used threshold crossing in the beta-
band regime of recorded ECoG signals over motor cortex as a control decision to trigger
DBS stimulation. This enables control of DBS stimulation solely through recorded neural
signals. Besides potentially reducing the side-effects of open-loop stimulation, such closed-
loop control of stimulation conserves power and helps extend the life of the DBS device,
reducing the number of replacement surgeries needed over the life of a user. Adaptive DBS
based on recordings in STN has been demonstrated to improve motor scores over traditional
open-loop DBS [164]. In addition, primate models of Parkinson’s disease demonstrate that
closed-loop DBS has a greater effect than open-loop DBS on akinesia and on the neuronal

output in both cortical and subcortical structures [239].

Finally, DBS is also being explored for the treatment of particular types of epilepsy.
Partial onset seizures often spread through the circuitry of the basal ganglia, and therefore
could be controlled using DBS strategies similar to those used for movement disorders [105,

151].
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1.6.3 Closed Loop Stimulation for Epilepsy

Closed loop stimulation to control seizures is currently clinically available to epilepsy patients
through the Neuropace RNS system [150,193]. A neurosurgeon implants ECoG electrodes
either on the cortical surface or in deeper structures near the putative seizure focus. If an
impending seizure is detected, high frequency stimulation is triggered near the seizure focus
to control the seizure. This is a demonstration of clinically effective and already implemented
DES in an ECoG BCI, where neural control signals are acquired in real time from the brain

and used to trigger stimulation.

1.7 Advantages of DES Relative to Other Stimulation Techniques

An advantage of DES relative to non-invasive electrical stimulation modalities is the delivery
of much greater amounts of the applied current to neurons. During transcranial electrical
stimulation (TES. We use this term to encompass transcranial direct current stimulation or
tDCS and transcranial alternating current stimulation or tACS.), as much as 75% of the
current is shunted through the scalp and the skull [284,298]. This greatly blunts the efficacy
of cortical stimulation, and suggests that some of the published results using TES are due to
mechanisms other than direct neuronal excitation. In contrast, by directly stimulating the
brain and bypassing the skull and scalp, DES delivers current to cortical structures more
effectively. Although the currents applied during TES could be raised to a high enough
level to reach a desired electric field strength at a target location in the brain, there would
be potential off-target effects and skin damage due to the amount of current required, in
contrast to DES through electrodes implanted precisely at the targeted site for this same
electric field strength. This reinforces the large advantage of the DES relative to TES, i.e.,
the ability to place electrodes close to the target structures, and consequently minimize the
amount of current passing through off-target structures.

Even with epidural and subdural stimulation, not all current reaches neurons in the
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cortex. Epidural stimulation results in current shunting by the dura [304], while both epidural
and subdural stimulation have some degree of cerebrospinal fluid (CSF) shunting depending

on the characteristics of the CSF beneath or surrounding the electrodes [104, 304].

A factor in epidural and subdural stimulation is the presence of pain receptors within the
dura which can be activated with dural stimulation [301]. However, previous clinical trials
with epidural stimulation made no reports of dural pain with stimulation up to 6.5 mA and

250 ps pulse widths [159].

TMS has primarily been used to induce motor movements, rather than isolated sensory
percepts (although phosphenes can often be produced via TMS, and tapping sensations and
auditory clicks can accompany TMS) [260]. A method such as DES affords the ability to

focally and specifically produce sensations that would not be achievable through TMS.

Additionally, traditional figure-8 TMS coils are currently unable to target cortical struc-
tures beyond 2-3 cm deep [240,286]. DES electrodes, on the other hand, can be physically
placed in deeper cortical regions of interest in order to elicit the desired stimulation effects.
Another advantage of DES over TMS is the fact that the maximum of the electric field
strength induced by TMS has to occur at the cortical surface, and not in deeper struc-
tures [111]. This means that off-target effects in cortical layers near the surface are possible
when targeting deeper structures. Even with more sophisticated coils, such as the H-coil,
the maximum stimulation strength still occurs at the surface and greater depth of stimu-
lation (4-6 cm) is achieved with a loss of focality [286,313]. Although the field strength
is greatest at the cortical surface for TMS, the orientation of neurons is a critical compo-
nent in the activation of neurons, as both experimental and modeling work has shown that
electric fields tangential to the sulcal walls can activate neurons oriented perpendicularly to
them [93,253,258]. Similarly, different layered pyramidal neurons are activated differently
between the gyral crown and sulcus walls [253,258]. This in total points to the complex

physiologic effects of TMS, and the potential difficulties in activating groups of neurons both
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on the crown of the gyrus and within the sulcus together. A further disadvantage of TMS
is that with current hardware, use outside of the lab is limited due to the bulky hardware
and the need to maintain a precise spatial relationship between the coil and the head for
stimulation.

The fact that DES electrodes can be placed near the deeper structures of interest is vital
for the treatment of Parkinson’s and Essential Tremor through DBS. As these structures
cannot currently be effectively stimulated through alternative methods such as TMS, effective

clinical treatment relies upon DES via electrodes near the desired brain regions.

1.7.1 Financial, Translational, Requlatory, and Ethical Concerns for DES in future appli-

cations

We expect early applications of engineered direct electrical stimulation to leverage existing
clinical devices. This has been a pathway forward for many prior medical devices. Advances
in early DBS devices were based largely off of prior work in cardiac pacemaker and spinal
cord stimulation devices [58]. We imagine a similar trajectory for DES in future neuropros-
thetics. Preliminary use of DES has been enabled by investigational device exemptions [106].
Further iterations of Medtronic DBS devices, such as the PC+S device, have been granted an
investigational device exemption in research studies, and are improvements upon an already
clinically approved device [117].

Whenever new technology is implemented for clinical treatment, a question of cost efficacy
is raised. However, we suggest that DES for sensory restoration and neuromodulation have
the potential to be cost effective long-term devices if clinical efficacy is demonstrated, as
illustrated by examples such as vagus nerve stimulators and DBS. Vagus nerve stimulation
for epilepsy has been show to be effective long-term, and cost benefit analysis has shown that
the cost of the treatment pays off within a 2 year period [32]. Although it is not universally

the case, DBS in general is thought to be cost effective, when looking at studies across
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European and North American centers [218]. It has been noted that during the adoption
of DBS large-volume hospitals had lower prices and superior short-term outcomes, which is

something to be aware of with future neuroprosthetic devices incorporating DES [83].

Ethical concerns are critical to address for any engineered device which is implanted in a
patient. A previous review has explored some of the ethical concerns for BCIs [138], and we
seek here to highlight some of the concerns which are particularly relevant to incorporating

DES into future engineering devices.

Articulating the potential risks and long-term requirements devices interfacing with the
brain, particularly employing DES; is essential for appropriate informed consent. Biologic
risks such as infection, seizures, and tissue damage from stimulation [59] are accompanied
by technological concerns such as repeated surgeries for battery replacements, heating due

to potential wireless charging, and lifetime electrode wear from repeated stimulation [138].

Privacy and security are another key aspect in implantable medical devices, particularly
with any BCIs that communicate signals wirelessly or can be programmed wirelessly. One
can imagine situations where a stimulator could be set to either less than therapeutic levels
or to unsafe levels, by malware transmitted to the device. Research efforts that build on
current security and privacy protocols for medical devices are required to ensure neural signal

security and protection against malevolent programming.

1.8 Research Directions for DES

We discuss various research directions for stimulation for neuroprosthetic applications. An
existing review [289] has explored the use of brain-computer interfaces for investigating
scientific questions in the nervous system. Further information on classical ECoG-BCIs and

comparison to other types of BCIs can be found in [228].
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1.8.1 Sensory Feedback through DES

Prior work has shown that humans can respond to direct DES of the surface of the primary
somatosensory (S1) cortex [119,129,161,230], which results in an artificial sensory percept
organized according to the standard somatotopy of cortex. Cronin et al. demonstrated that
DES of S1 could be used by an individual in the absence of visual feedback to perform
a motor task [63]. Although these percepts would not be mistaken by the individuals for
natural touch [61,63,129], they are useful for performing closed-loop BCI tasks. An open
question is how using DES for feedback compares to a normal somatosensory pathway. An-
other key consideration for neuroprosthetic use is the embodiment of the prosthetic device.
DES through ECoG has been shown to induce prosthetic hand ownership, suggesting that

prostheses could be made to feel more natural as a result of DES [61].

With recent advances in materials and manufacturing, spatially smaller microECoG ar-
rays are able to target smaller volumes of cortex. More targeted DES through microECoG
grids allows higher spatial selectivity relative to larger clinical electrode grids [119, 149],

opening up the possibility of encoding more complex percepts compared to larger electrodes.

Although short term studies have demonstrated that these percepts induced by DES
do not feel natural, the principles of neuroplasticity, which are prevalent in somatosensory
cortex and other associated regions, and adaptation within the cortex [189,273,294] will be

relevant in the long-term implementation of DES for sensory restoration.

A neuroprosthetic focused on sensory restoration through DES (Figure 1.3) could use
signals from motor cortex to drive a sensorized prosthetic arm, which could provide feedback
about the task via DES of primary somatosensory cortex (Figure 1.2(a)). Depending on
the potential parameter space of discernible stimulation percepts, a user could learn to map
physical contact locations on the prosthetic arm to distinct stimulation percepts (Figure
1.3(b)), providing feedback from external sensors directly to the brain brain. The recent

demonstrations of usable sensory signals in humans via DES brings us a step closer to such
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closed-loop human devices.

1.8.2  Quantification of Cortical Connectivity

An additional application of DES is in quantifying cortical connectivity. DES of a corti-
cal site can produce a cortico-cortical evoked potential (CCEP) at local and remote sites
depending on the cortical area stimulated and the intensity of stimulation [133]. Studies
have explored CCEPs in the context of different cortical networks, including language [177]
and motor regions [176]. The connections probed with CCEPs correspond well with known
functional networks observed through fMRI as well as white matter pathways confirmed by
diffusion tensor imaging (DTT) [132]. Such evoked potentials could have utility in engineered
applications where depending on the presence or modulation of these CCEPs, an algorithmic

decision could be made.

1.8.3  Modification of Cortical Fxcitability and Induction of Plasticity

Another use for DES currently being explored is the induction of cortical plasticity. This
refers to enhancement or other modification of connectivity between different cortical regions,
which could aid in the recovery of individuals suffering from disrupted neuronal communi-
cation due to injuries such as stroke.

A persistent theme in cortical connectivity is the idea of Hebbian plasticity, a type of
synaptic plasticity first proposed by Donald Hebb in 1949 [109]: presynaptic firing of one
neuron (site A) can strengthen the connection between it and a postsynaptic neuron (site B)
that fires soon after A. Bi and Poo demonstrated a version of this plasticity rule, known as
spike timing dependent plasticity (STDP), in rat hippocampal slice cells: consistent firing of
a presynaptic cell (site A) within a time window of 20-30 ms before another postsynaptic cell
(site B) led to a strengthened connection (LTP) from A to B, while B firing in a time window
of 20-30 ms before A led to a weakened connection (LTD) [27]. Both of these mechanisms
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Figure 1.3: Somatosensory neuroprosthetic with closed-loop stimulation. (a) Neural signals
recorded from cortical regions such as primary motor cortex could be used to drive a sen-
sorized prosthetic arm. Feedback about task performance or object manipulation could then
be conveyed to the user by DES of primary somatosensory cortex. (b) Different stimula-
tion parameters, such as amplitude, frequency, and carrier frequency shape, could convey

different percepts which a user could learn to map to locations on the neuroprosthetic arm.
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were determined to be dependent on NMDA receptors.

We know that active participation in skill training can shape neurological recovery and
lead to improved functional outcomes [303]. We also know that not using impaired limbs
(learned nonuse) inhibits neurological recovery [77]. The various mechanisms that underlie
functional recovery are complex [293], but hinge on concepts of neural plasticity. A num-
ber of studies in animals and humans support the theory that neurological recovery can be
enhanced by stimulating brain tissue. In these studies, repetitive stimulation changed the
motor representation in cortex after lesioning in rats [206], led to dendritic changes [6], and
ultimately improved functional outcomes [4,5]. Based on these findings, clinical researchers
aimed to excite neural tissue with continuous epidural stimulation with implanted devices,
essentially to increase brain activity during tasks and therefore enhance the recovery pro-
cess in humans when coupled with traditional therapy [106]. Although a promising Phase
IT clinical trial demonstrated some improvement of functional outcomes with epidural cor-
tical stimulation in stroke patients with impaired upper limb function [122], the Northstar
Neuroscience Phase III EVEREST clinical trial to improve hand and arm function in stroke
survivors did not meet the primary efficacy endpoint of clinically meaningful improvements
in the upper extremity Fugl-Meyer scale and Arm Motor Ability Test 4 weeks postrehabili-
tation; thus, it was discontinued. We discuss the limitations of the EVEREST trial and the

resultant hypotheses in a subsequent “Limitations and Considerations” subsection.

In contrast to these “open-loop” stimulation techniques, it is possible that brain stimula-
tion may have to be coupled with neural activity to effectively modulate neural connections,

as discussed by Edwardson et al. [75].

These principles of the importance of stimulation timing have been applied to induce
plasticity in nonhuman primate (NHP) motor cortex [125] and rodent rehabilitation ex-
periments, where triggering stimulation in somatosensory cortex several milliseconds after

premotor cortex firing in rats that suffered from damage to motor cortex resulted in increased
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functional performance [103]. Other work has explored the use of paired-pulse paradigms in
NHPs to induce plasticity: where concurrent surface to depth stimulation at one site was
consistently followed by stimulation at another site with a fixed time lag [250]. The optimal
time lag for potentiation was found to be between 10-30 ms, with longer delays not resulting
in potentiation. Only a fraction of the sites in this study were potentiated, and effects were

often seen globally, illustrating the complex factors influencing cortical plasticity.

To highlight potential functional changes in connectivity and brain function from neural
activity dependent stimulation, a recent study highlights the use of delta (1-4 Hz) oscillation
triggered stimulation during slow wave sleep to improve learning a brain computer interface
task [233]. A recent study in NHPs examined the timing of DES relative to the aggregate
activity of neurons: DES delivered during beta oscillations during the depolarizing potential
(negative peak as recorded through LFPs) caused potentiation of cortical connectivity, while
DES delivered during the hyperpolarizing potential caused depression of cortical connectivity
as assessed through cortically evoked potentials [314]. The authors also observed a dose

dependent effect regarding the number of conditioning pulses delivered.

Beyond work in animals, and importantly, for applications such as stroke rehabilita-
tion, recent work has reported improvements in physiological measures of motor function
with non-invasive stimulation such as movement triggered TMS compared to random TMS
stimulation [42]. Adding further support to the importance of brain state dependent stimu-
lation for rehabilitation is a recent study that demonstrated TMS delivery during movement-
related beta-band (16-22 Hz) desynchronization caused a significant increase in corticospinal
excitability, as evaluated through motor evoked potentials, lasting beyond the period of stim-
ulation [142]. Another study employed peripheral stimulation of the peroneal nerve timed
to arrive at the peak negative phase of electroencephalography (EEG) detected movement-
related cortical potentials compared to random stimulation, and found significantly increased

Fugl-meyer scores, 10-m walking speed, motor-evoked potentials, and foot/hand tapping fre-
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quency [195]. From these recent studies, it is clear that various central and peripheral nervous
system stimulation paradigms are enhanced by neural activity coupled stimulation.

Keller et al. demonstrated that repetitive 10 Hz DES using subdural electrodes induced
both potentiation and suppression in different cortical sites, depending on the baseline net-
work characteristics [134]. This suggests that plasticity can indeed be modulated through
DES in humans, and that individual patient models of connectivity may inform the optimal
sites to target to either enhance or decrease connection strength.

An neuromodulation focused neuroprosthetic (Figure 1.4) could include an oscillatory
feature at a surface electrode, such as activity in the beta band or high gamma activity
representing coordinated neuronal firing, driving stimulation at a damaged cortical region to
enhance cortical connectivity and help restore motor function. This activity dependent stim-
ulation could be similar to the activity-dependent DBS paradigms being explored [117]. A
more sophisticated approach, based on the concept of neural co-processors [229], could utilize
artificial neural networks to map complex ECoG activity patterns at multiple recording sites
to stimulation patterns at multiple stimulation sites to achieve goal-directed stimulation.

The combination of theoretical, animal, and human data discussed above suggests that
activity-dependent DES is a promising approach to enhance and modify connectivity in
humans, offering a new type of therapy for targeted restoration of function after neural
injury. Intracranial electrodes are well-suited to acquiring and decoding appropriate control
signals and when coupled with DES, can be used to influence cortical activity and induce

activity-dependent plasticity.

1.9 Limitations and Considerations

While ECoG based neuroprosthetics offer several advantages over other types of neuropros-
thetics, there are limitations and considerations that must be taken into account. For either

subdural or epidural electrodes, neurosurgery is required. The size of the electrodes, relative
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Figure 1.4: Neural plasticity induction through neuromodulation via DES. (a) The basic
principles of neural plasticity involve the timing of activity between neurons resulting in
the strengthening of connections, where potentiation occurs if the neurons fire with the
appropriate timing in a causal manner, and depression occurs if neurons do not fire with the
appropriate timing. (b) These principles could be used for neuromodulation through DES by
stimulating near a particular damaged cortical region (purple), based on activity at a spared
cortical region (gray). This activity could be a marker of neuronal firing, or a local field
potential representing when neurons are more likely to be firing synchronously. Appropriately
timed stimulation could then result in increased connectivity, measured through markers such
as evoked potentials, and restored motor function relative to baseline. A damaged region
not undergoing neuromodulation is shown in red, where evoked potentials are not positively

modulated and motor function is not restored.
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to other invasive methods such as ICMS, results in larger population of neurons being tar-
geted. Furthermore, there is no ability to target specific types of cells. Additionally, larger
neurons with larger diameter axons are more likely to be activated by electrical stimula-

tion [271].

The developing field of optogenetics [69,311] describes the use of genetic modification and
optical methods to either activate or inactivate specific neurons in-vivo. Optogenetics has
been demonstrated to change functional connectivity in sensorimotor cortex in NHPs [310].
Although optogenetics may offer a more targeted approach to activating neurons, progress

to humans may be slow due to the technique’s reliance on genetic modification of neurons.

Another current consideration when developing technologies and protocols to induce plas-
ticity is our current lack of understanding of the mechanisms of plasticity induction [85].
Beyond the single neuron spiking level, plasticity is a complex phenomenon as discussed
above, and in a human brain, the potential factors influencing plasticity can be complex
and numerous. Optogenetics, with its ability to selectively target different populations of

neurons will help provide critical insight into the mechanisms of plasticity.

Although DES may offer a promising approach to inducing plasticity, it has yet to be
demonstrated to be unequivocally effective in a stroke model. Limited subgroups of stroke
patients who had motor thresholds reached with stimulation were shown to benefit from
open-loop DES in the EVEREST trial, but other groups showed no benefit at 4 weeks [160].

However, the investigational group did show significant benefits at 24 weeks.

Several hypotheses surround the mixed results of these trials [160,221]. One drawback
of the EVEREST trial was the primary use of fMRI to localize the location for stimulation.
Using techniques such as somatosensory evoked potential mapping and motor mapping [221]
would enable more fine-grained localization of different functional anatomic regions. In the
phase I and phase II parts of the clinical trial, motor thresholds (MT) were reached with
stimulation in 75% and 42% of patients, respectively, while only 14% of subjects reached
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MT in the phase III trial. The subset of subjects able to have MT reached in the EVEREST
trial were the ones who benefited significantly from stimulation [160]. Furthermore, the
MT subgroup had smaller stroke lesion volumes, which were more isolated to the basal
ganglia and internal capsule, and less corticospinal tract damage [160]. However, lesion
size alone does not predict residual motor function [213]. This in total demonstrates the
importance of cortical and descending pathway function for stroke recovery, and suggests
that residual motor function as confirmed through motor mapping or functional localization

may be important for beneficial neuromodulatory effects.

The issue of particular patient subgroup benefit as discussed above speaks to the broader
issue of patient variability. Due to anatomic or surgical variations, results from one group
of subjects may not necessarily apply to another. Careful consideration of these individual

factors will be important for future neuroprosthetic devices.

As better animal models of stroke are developed [261], one can hope to gain a better
mechanistic understanding of how DES can be used for stroke rehabilitation, leading to

optimized therapies for maximizing functional recovery following cortical injury.

An additional consideration is the durability of electrodes with repeated stimulation.
As mentioned in the section on the mechanisms of neural activation through stimulation,
charge transfer can occur through irreversible Faradaic reactions, where electrolysis occurs,
and depending on the polarity of stimulation, either hydrogen gas or oxygen gas are the
by-products [181]. In this electrolytic window, accelerated corrosion and electrode damage
can occur. Even below the voltage required for the electrolysis of water, detrimental byprod-
ucts such as the formation of metal chloride and hydrogen peroxide can occur, leading to
electrode corrosion. Therefore, long-term use of stimulating ECoG electrodes will require
careful selection of stimulation parameters and materials to minimize adverse effects. Rela-
tive to monophasic pulses, both charge balanced and imbalanced biphasic waveforms result

in less electrode potential shift and accumulation of charge. Accumulation of charge during
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monophasic stimulation can result in additional undesirable Faradaic reactions, and the for-
mation of reactive oxygen species which can cause tissue damage [181]. When comparing
charge balanced and charge imbalanced biphasic waveforms, charge imbalanced waveforms
have the advantage that at the end of each stimulation pulse, the electrode potential is closer
to that of the open-circuit potential, resulting in less charge going to irreversible oxidation

reactions [181].

Beyond electrode damage, tissue damage induced by stimulation is a key consideration
for long-term use of DES. The study of electrical stimulation through platinum electrodes
in cats [178] was used to define the Shannon equation [254], which has been used frequently
for assessing safe stimulation levels. Earlier research established a 30 ﬁn% limit on the charge
per phase of stimulation for macro-scale electrodes (in particular, DBS electrodes) [145], but
tissue damage can occur above and below this threshold [59]. There are factors influencing
whether or not tissue damage occurs that are not included in the Shannon equation, for
example, the scale of the electrode (macro vs. micro), the current density, duty cycle,
pulse frequency, and the uniformity of current distribution [59]. These complex factors will
require further modeling and laboratory testing to establish what the appropriate stimulation
parameters are to minimize tissue damage, particularly with the use of novel materials and

stimulation patterns.

With penetrating microelectrodes (such as with the Utah array), there is a significant
change in the electrode-tissue interface over time [299]. In addition, stimulation can change
the characteristics of the electrode-tissue interface. A recent study analyzing the impedance
characteristics of DBS electrodes following implantation and stimulation has shown that
DBS electrode impedance increases after implantation and decreases with clinically relevant
stimulation [153]. Other work has shown that the stimulation parameters used affect the
impedance measured for DBS electrodes [295]. ECoG electrode impedance measurements

from 191 persons implanted with the Neuropace RNS system, over a median time period
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of 802 days, did not reveal significant differences between stimulating and non-stimulating
electrodes in peri-implant changes in impedance or impedance stability [242]. In this study,
while there were statistically significant short-term changes in impedance following implan-
tation, long-term impedances were stable. These results suggest that neuroprosthetics with
concurrent DES may prove viable as chronic implants.

In any closed-loop application involving concurrent stimulation and recording, the elec-
trical artifact due to stimulation is many orders of magnitude greater than the neural signals
being recorded. Disentangling the volume conduction of the stimulation pulse from the
neural responses is a topic of active research [316]. Different approaches have been used
for handling artifacts, ranging from hardware approaches to mitigate artifacts before signal
acquisition to post-processing techniques to minimize artifacts after the signals have been

acquired.

1.10 Relevant Neural System Physiology

As this thesis is considered primarily with stimulation of upper limb motor and somatosensa-
tion systems, we will review their basic physiology. These two systems are also of particular
interest in the case of a neuroprosthetic device driven by motor signals using DES for feed-
back, as in Figure 1.3. For a complicated task such as dexterous manipulation of an object,
the coordinated function of the sensory and motor systems is essential. The intricacies will
not be discussed here, and further information can be found elsewhere [130] for both motor
and sensory systems, and in [3,70,294]

The brain transforms sensory inputs, which include intrinsic information like body po-
sition and motion, and extrinsic information, like where an object is in space, into motor
outputs through sensorimotor transformations. In the scheme of feedforward control, sensory
feedback is not used to correct the movement, as would be done in the initial parts of a rapid

reach. Sensory feedback is critical for feedback control, where errors are conveyed through
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sensory feedback and modify the motor command [130].

These two systems are integrally related through sensorimotor integration, where motor
output is modified by sensory input [3]. For instance, during active hand movement, mo-
tor neuron activity in primary motor cortex is influenced by touch on the hand, and sensory
feedback provides information about the error during a movement, allowing for feedback cor-
rections [130]. Similarly, in the process of active touch, which refers to consciously exploring
the world around us, involves the integration of proprioceptive information and motor signals

about the movements we intend to perform to aid in the perception of objects [243].

Furthermore, the principles of plasticity apply broadly to both sensory and motor systems.
Motor cortex exhibits plasticity in response to motor-skill learning, cognitive motor actions,
and in response to cortical damage [244]. Sensory cortices also exhibit plasticity, where
following neurological damage, adjacent regions undergo remapping to process sensory signals
from the lost regions [39]. Similarly, extensive cutaneous stimulation to a particular region
can enhance the size of cortical receptive fields and reorganize somatosensory cortex [67]. An
additional example of this is that the cortical representation of fingers can be reorganized in

Braille readers [67].

Both primary motor cortex and primary sensory cortex are in close proximity, as motor
cortex is within the precentral gyrus anterior to the central sulcus, while primary sensory
cortex is posterior to the central sulcus in the postcentral gyrus. Both receive and send
off ipsilateral contributions, but traditionally most activity occurs for external body parts
on the contralateral side. Both the primary motor cortex and primary sensory cortex are
organized somatopically, where body parts are arranged in a stereotyped map, known as the
homunculus. Areas such as the face and upper limbs have a disproportionate area relative to
their physical size in both the sensory and motor homunculus, which represents their large
degree of innervation. An interesting difference between sensory and motor cortex is that

cortical columns are a prominent feature of sensory cortex, but not motor cortex [130].
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1.10.1  Motor System

How do we volitionally reach out and interact with the world around us? Our motor systems
are responsible for translating intent into physical action. Here we primarily focus on primary
motor cortex, although successful motor execution and feedback involves contributions from
the cerebellum, basal ganglia, and thalamus.

Once a decision and plan to move is made, which involves premotor, supplementary
motor areas, the cerebellum, the basal ganglia, and motor cortex itself, the motor cortex is
largely responsible for converting the sensory information and intended motor output into the
desired motor command. Neurons in motor cortex encode both the kinematics and kinetics
of movement, and are thought to use a population-coding mechanism.

The most well understood path of motor output is the pyramidal tract, originating in
layer V of the cortex. Between 30-40% of the neurons of the corticospinal tract originate
in primary motor cortex, with other neuron in areas such as supplementary motor and
promoter areas. From motor cortex, these neurons decussate, or cross over, at the pyramid
in the medulla, and project axons onto the spinal cord. The entire projection is sometimes
referred to as the pyramidal tract.

A particular type of neuron in the motor cortex known as the corticomotoneuron projects
monosynaptically from the brain to the spinal motor neurons, and these are important
for skillful hand and finger movements [130]. Motor commands are not sent exclusively
through the corticospinal tract, as other tracts including the corticobulbar, colliculospinal,
rubrospinal, vestibulospinal, and reticulospinal tracts play roles in motor activity.

Once these descending signals reach the spinal cord, the motor neurons in the spinal
motor circuits generate movement patterns, which can also be generated by reflexes and
pattern generators in the spinal cord. A large part of the corticospinal tract originating from
primary motor cortex terminate in the ventral horn of the spinal cord. The ventral horn

of the spinal cord is also referred to as the “final common pathway” [130], as here is where
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all the upstream processing is fully incorporated and conveyed to the motor neurons. From
here, e and v motor neurons innervate muscles. A motor unit is referred to as a single «
motor neuron and the striated muscles that it innervates.

The motor cortex is also crucial for motor skill learning, where motor cortex changes
its activity patterns and motor mapping to accomplish its desired goal in the presence of

perturbations.

1.10.2  Somatosensory System

How do we acquire information about world around us? The human somatosensory sys-
tem acquires information about ourselves and our surrounding environment, and results in
perception, which includes the senses of pain, temperature, vision, hearing, proprioception,
and touch. [130]. In this thesis, we discuss primarily the sense of touch on the hand, and
subsequently, the examples we discuss will be focused on this. There are other important
receptors and afferents for touch and object manipulation, which include muscle spindle
afferents which provide information about position and velocity, and Golgi tendon organs
which signal muscle tension during activity [294].

Once we make contact with an object, as during objection manipulation with our hands,
mechanoreceptors in our hand translate this contact into nerve impulses in primary afferent
neurons. We have four kinds of mechanoreceptors in our hands, which include Meissner
corpuscles, merkel cells, ruffini endings, and pacinian corpuscles. These are subsequently
innervated by slowly adapting (SA) or rapidly adapting (RA) fibers, which are types of
large and medium diameter cutaneous nerve fibers (Aa and AfS respectively). SA fibers
respond primarily to consistent object contact, while RA fires respond to contact onset
and offset. There are subsequently two kinds of each of these fibers (SA1l, SA2, RAI,
RA2). SA1 fibers innervate Merkel cells, which respond well to edges and points of objects.

RA1 fibers innervate Meissner corpuscles, and respond to lateral motion primarily. SA2
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fibers transmit information from Ruffini endings, which signal skin stretch, while RA2 fibers

innervate Pacinian corpuscles and signal vibration.

As an example, in the case of a grasping and lifting task of an object, SA1 fibers provide
information about the force used for gripping an object, while SA2 fibers inform the hand
position. RA1 fibers provide information about hand motion and force rate, while RA2
fibers sense vibrations, which include when an object is first touched, lifted off of a table,

and released [128,130].

The central axons from these peripheral nerves, specifically the the cluster of neurons
known as the dorsal root ganglion, converge on the spinal cord, where they split and form
projections onto neurons which ascend to the brainstem, or locally project to the spinal cord.
The neural microcircuitry in the dorsal horn allows for the integration of intra- and inter-
modality somatosensory information, such as temperature and pain inputs, and top down,
descending drive, which all can influence the touch input relayed from the periphery [3].The
dorsal column on each side of the spinal cord contains these afferents as they go to the
medulla. The upper limb tactile and proprioceptive information is integrated in the cuneate
nuclei, while lower limb information is integrated in the gracillis nuclei. The second order
fibers originating in the nuclei of the dorsal column decussate in the medulla, become part of
the medial lemniscus, and finally synapse in the medial and lateral ventral posterior nuclei
of the thalamus. Additional somatosensory and proprioceptive information is carried in the
spinocerebellar tracts, which synapse in the cerebellum and help regulate motor output [294].
The spinothalamic tract, primarily response for transmitting the sensation of pain, also

conveys temperature and crude touch [294].

Once somatosensory signals reach the ventral posterior lateral nucleus, they are sent to
areas responsible for sensory perception. In somatosensory cortex, these include Brodmann
areas 3a, 3b, 1, and 2. Area 3b is considered primary somatosensory cortex, while pro-

prioceptive information travels to area 3a and area 2. Areas 1 and 2 also receive tactile
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cutaneous input. Up through area 3b, the particular sensory images encoded by the touch
receptors in the skin are maintained, but as information flows to higher-order cortical areas.
For instance, secondary somatosensory cortex, which is located in the parietal operculum,
and posterior parietal cortex, uses sensory information to inform cognitive (what object is
this?) and motor activities (how should I manipulate this object?). Additional cortical areas
activated during touch include BA5 and BAT in the posterior parietal cortex and insular
cortex, which are important for integration and multisensory processing [3]. Orbitofrontal
cortex, important for reward and emotion pathways, is activated as well during touch of the
hand, highlighting the multifaceted downstream processing of touch [3].

In summary, the cortical circuitry required for effective sensory and motor function is

multifaceted and spans many cortical regions.
1.11 Related publications and presentations

Caldwell DJ, Ojemann JG, Rao RPN, “Direct Electrical Stimulation in Electrocorticographic
Brain-Computer Interfaces: Enabling Technologies for Input to Cortex”, Frontiers in Neu-

roscience, Neuroprosthetics, In revision, 2019.
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Chapter 2

GENERAL METHODS AND BACKGROUND USED
THROUGHOUT THE DISSERTATION

For all subdural grid electrode work, human subjects were implanted at Harborview
Medical Center (Seattle, WA), with electrocorticographic (ECoG) grids (platinum contacts,
2.3 mm exposed diameter, 10 mm spacing, Ad-tech Medical, Racine, WI, USA) for acute
clinical monitoring of intractable epilepsy prior to surgical resection (Figure 2.1). ECoG grid
placement were determined solely based on clinical needs without consideration of research
benefits. We conducted all stimulation studies after subjects were back on their anti-epileptic
medications, after approximately one week of clinical monitoring. All patients gave informed
consent under a protocol approved by the University of Washington Institutional Review

Board.

For work involving deep brain stimulator patients, human subjects were chronically im-
planted at the University of Washington Medical Center (Seattle, WA), with Medtronic, St.
Jude, or Boston Scientific leads for treatment of Parkinson’s disease, Dystonia, or Essential
Tremor. During the course of our intraoperative work, they were implanted with 8 contact
subdural strip electrodes (1.8-2.3 mm exposed diameter, 10 mm spacing). A Cadwell clin-
ical system (Cadwell, Kennewick, WA, USA) was used for somatosensory evoked potential
(SSEP) and motor evoked potential (MEP) testing, as the TDT system was not capable of

generating the required output current to consistently elicit responses.
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2.1 Cortical Reconstructions

We performed cortical reconstructions (e.g. Figure 2.1) using previously described techniques
[29,113,290]. In brief, we co-registered the electrode locations as localized by a post-operative

CT scan with a preoperative MRI of the brain to build patient specific models.
2.2 Data Acquisition and Stimulation

Neural data were acquired using a Tucker Davis Technologies (TDT) System 3 with the RZ5D
and PZ5 Neurodigitizer (Tucker Davis Technologies, Alachua, Florida, USA). The particular
sampling frequency depended on the experiment, ranging from 1227 Hz to 48828 Hz. The
highest sampling rates possible given then number of recorded channels and hardware limita-
tions were used for any experiment involving stimulation to best capture the artifact pulses.
We delivered stimulation through the TDT IZ2H-16 stimulator and LZ48-400 battery pack
(Tucker Davis Technologies) with biphasic, bipolar, constant current stimulation trains for
epilepsy patients, and monophasic bipolar constant current or constant voltage trains for

DBS patients.
2.3 Determination of Sensory Cortex in Epilepsy Patients

In order to localize sensory cortical regions in epilepsy patients, we first consulted the clinical
notes of the epilepsy monitoring team at the hospital. Based off of any prior clinical sensory

mapping, we decided on a subset of the cortical electrodes to test for sensory percepts.
2.4 Determination of Sensory and Motor Cortex in DBS patients

In order to localize sensory cortical regions in DBS patients, we performed SSEP screening
using a Cadwell clinical system. Once the electrode strip was placed, we used the phase re-
versal technique during median nerve stimulation to locate the central sulcus [52], from which

we have knowledge of the different cortical regions covered by particular strip electrodes.
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2.5 Haptic Stimulation

We applied haptic feedback with digital touch probes (Karolinska Institute, [61]), and our
own custom analog touch probes, that time stamped the deflection, and touched the cuta-
neous region where subjects localized the DES percepts. Characterization of the digital touch
probes is discussed in Chapter 5, and analog probe characterization is discussed in Chapter
6. An audio signal presented to the researcher via headphones but which is inaudible to the
subject, cues the experimenter to apply the haptic feedback. During experiments where we
conduct both DES and haptic stimuli, the subjects are blindfolded to avoid any confounders

from simultaneous visual processing.
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Temporarl

Figure 2.1: Subject implanation, cortical reconstruction, and electrode registration. (a)
Craniotomy window prior to electrode implantation. The dura has visibly been cut, and the
cortical surface is covered by the arachnoid and pia mater. (b) 64 contact electrode grid
placed subdurally. (¢) Dura sewn (d) Cortical regions, as well as the approximate location of
the central sulcus indicated. (e) CT image illustrating the electrode grid after implantation.
(f) 3D Reconstructed cortical surface with electrode locations, using preoperative MRI scans

and the postoperative CT images.
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Chapter 3
THE MACROSCOPIC RESISTIVITY OF THE HUMAN BRAIN

Current flow in the brain is controlled both by the anatomy, and by the associated
electrical resistivity of its three components: cerebrospinal fluid (CSF), gray matter, and
white matter. This is called volume conduction. Volume conduction applies both to the
current flow due to neural activity and to the current flow from electrical brain stimulation.
Comprehending it is essential for understanding how the neural sources inside the brain are
observed through measurement techniques such as EEG, ECoG, and MEG. An understanding
of volume conduction is also essential for modeling stimulation the brain using internal and
external (transcranial) electrodes and using pulsed magnetic fields.

We report here measurements of the propagation of bipolar current pulses from DES made
using clinical ECoG grids in humans being monitored for epilepsy. We stimulated between a
pair of electrodes in an ECoG grid and recorded the resulting voltage waveforms across the
entire grid. Because the resistivity values of the three components are different, the value of
the resistivity that you measure will depend on the electrode locations. For example, if the
electrodes are very small and very close together and inside a single component of the brain,
then you will measure the resistivity of that component. In the case of separations on our
clinical electrode scale, the apparent resistivity is measured, which summarizes the resistivity
with contributions from all of individual constituents. For two-point measurements, the
apparent resistivity is dominated by the spatial region near the stimulation electrodes. Such
two-point measurements have been called spreading resistance, constriction resistance, and
contact resistance. Our two-point measurements yield a single resistivity value for each pair

of stimulation electrodes, with contributions from both the sample resistance between the
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electrodes and the contact resistance. For three-point measurements, the apparent resistivity
contains contributions from the spatial regions near all three electrodes. For four-point
measurements, the apparent resistivity contains contributions from the spatial regions near
all four electrodes and from the regions joining them where current flows. Our four-point
measurements yield a distribution of resistivity values that depend on the locations of the

stimulation electrodes and the recording electrodes.

We find our measurements are described qualitatively very well by two simple analytical
models for a volume conductor with an apparent resistivity. We compare our measurements
with two simple models and find qualitative agreement with both. The first model is a
flat semi-infinite homogeneous isotropic resistivity half space. The second is a homogeneous
isotropic resistivity sphere. Both models are simplifications of the brain’s geometry, but by
studying simpler geometries we can gain insight into the principles of volume conduction in
the brain. We additionally compared our two models with resistivity values calculated using
the two-point method, and find that the two-point method fails to accurately measure the
resistivity of the brain. As far as we know, our measurements are the first direct macroscopic
measurements that show the brain can be qualitatively modeled as a simple volume conductor
without considering the detailed anatomy. They are also the first measurements in humans

with two-point, three-point, and four-point measurements.

3.1 Introduction

How does current flow in the brain? This is an essential question for the analysis of both
current injection through stimulation as well the currents resulting from neural activity. The
macroscopic constituents of the brain: cerebrospinal fluid (CSF), gray matter, and white
matter, as well as the anatomy affect this flow of current which is called volume conduction.
The resistivity of the medium between the neural sources of interest and our recording

modalities, such as ECoG, EEG, MEG, and penetrating arrays of electrodes, affects the signal
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we measure and the corresponding source modeling problem. Our methods of stimulating the
brain, which include DES of the brain using internal electrodes, stimulation through external
(transcranial) electrodes, as well pulsed magnetic fields (transcranial magnetic stimulation,
or TMS), also involve current flow through a resistive medium. Neuroscientists and engineers
across many spatial scales and modalities are therefore concerned with the resistivity of the

brain and its various layers.

Despite the importance of the resistivity, there are a range of measurements in the lit-
erature for CSF, gray matter, and white matter. For instance, CSF at room temperature
has been measured to have a resistivity of 0.690 ohm-m, but 0.559 ohm-m at body temper-
ature using current injection and voltage measurements between 10 Hz-10 kHz [19]. In-vivo
measurements with a monopolar needle electrode suggest a value of 0.8 ohm-m [148]. Using
finite-difference time-domain simulations, CSF, gray matter, and white matter were calcu-
lated to have resistivites of 0.479, 1.92, and 3.33 respectively [283]. The same study, using
electric properties tomography determined CSF, gray matter, and white matter to have
resistivities of 0.5714, 1.449, and 2.564 ohm-m respectively [283]. Using implanted depth
electrodes, focal electrical current injection using 50 kHz signals found gray matter with
a resistivity of 3.85 ohm-m, and white matter with a resistivity of 5.88 ohm-m [141]. A
compilation of values in Paul Nunez’s book on electric fields in the brain lists CSF with a
resistivity of 0.64 ohm-m, gray-matter with 2.3 ohm-m at 5 kHz, 3.5 ohm-m at 5 hz, and
white matter on average with 6.5 ohm-m [207]. White matter is known to demonstrate
anistropy, where measurements made in cats illustrate white matter to have a 5 —9x greater
resistivity in the transverse direction relative to the longitudinal direction [215,226]. This in
total points to the variety of values obtained using different measurement techniques, and

motivates exploration in-vivo with humans.

Using a variety of techniques, such as two-point and four-point measurements, which are

commonly used in the semi-conductor [184] and geophysics fields, the resistivity of a material
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of interest can be probed. There are many factors which affect the measured resistivity,
including the geometry of the sample, the arrangement of the probes, and the layering of
materials with different resistivities. In our case, because the resistivity values of the three
brain components are different, the value of the resistivity that you measure will depend on
the electrode locations. For example, if the electrodes are very small and very close together
and inside a single component of the brain, then you will measure the resistivity of that
component. However, we have been unable find any published measurements that satisfy
these conditions. This means that all such measurements will report an apparent resistivity

which is a weighted average over the regions where the stimulation current flows.

We are interested in using the commonly used tool of DES through implanted intracranial

electrodes to directly interrogate the cortical surface and the layers beneath.

Accurate characterization of different tissue resistivity parameters could also have impli-
cations for delineating epileptic from non-epileptic gray-matter tissue [141]. Similarly, the re-
sistance of cortical tissue through has been characterized implanted depth electrodes (sEEG)
[50]. Stimulation through depth electrodes with simultaneous scalp electroencephalography
recording has also been performed to address the relative effect to which the brain has

frequency dependent filtering characteristics [227].

We present our analysis of the data that we have collected on the DES of human brains in-
vivo with the goal of providing insight into the apparent resistivity on the macroscopic scale.
The volume of resistive material that is probed depends on the geometry of the electrodes
used. As our minimum electrode spacing is one centimeter, we probe the resistivity on the
centimeter and larger length scale. Due to the size of our electrode arrays compared to
the size of the brain, our measurements probe the apparent resistivity rather than the true
resistivity. This is because the brain is not a simple homogeneous medium. Because of this,
the apparent resistivity that we measure, and that all previous in vivo studies have measured,

depends on the anatomy and on the resistivity of the three components (cerebrospinal fluid
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(CSF), gray matter, and white matter). We here focus on analyses considering the brain as
a medium with an apparent resistivity (Figure 3.1(a)). As shown in panel (b) of Figure 3.1,
current flows between our two stimulation electrodes, and we measure the voltages on the
surface. We pursue two models. The first model is a flat semi-infinite homogeneous isotropic
resistivity half space. The first model neglects finite size and shape corrections. The second
model includes them. The second is a homogeneous isotropic resistivity sphere. The brain is
neither flat nor a perfect sphere, but insights gained by studying the brain under simplifying

assumptions help us understand the flow of current in the brain.

The geometry of the brain is inherently very complex (Figure 3.2), with sulci and gyri that
result in a compicated geometry across which current must pass in cortical stimulation. For
stimulation between electrodes with narrow spacing (Figure 3.2(c), blue lines) the majority
of the current will flow through a simple geometric structure, while for larger spacings, the

current flow path may be more complex (Figure 3.2(c), green lines).

3.2 Theory

This section summarizes the theory underlying resistivity measurements made using bulk
samples. It contains the equations that we used to calculate our two-point resistivity values,

three-point, and our four-point resistivity distributions from our measured voltages.

3.2.1 DC Flow Assumption

All of our analyses regarding three and four-point measurements are assuming a DC flow
model [171], where the voltage at our measured time points is not changing. This allows
us to ignore the time varying components of Maxwell’s equations, and allows us to consider

simple relations such as Ohm’s law (V' = I R).
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Figure 3.1: What is the resistivity of the human brain? (a) We here consider the simple case
of where the brain is a resistive medium, with current injected at two electrode locations.
Electrical stimulation of cortex results in charge injection which flows between a source and
a sink electrode. Given how much current we inject, and the voltages we measure, what
can we learn about the resistivity of the brain knowing that it has a complicated geometry
and components of different resistivity? What we calculate is the apparent resistivity, which
describes what the resitivity of the material measured would be if it were a homogeneous
sample, and captures the geometry and composition of the various layers. (b) In the case
of bipolar electrodes, all of the current flows between two electrodes. The electric field lines
are everywhere perpendicular to the equipotential lines. We measure voltages all of the
other electrodes in the array. The current follows the path of least resistance. Because the
structure of the brain is inhomogenous and the conductivities of the components are different,

the current flow is tortuous. (See Figure 3.2 for example flows overlaid on a patient’s brain).
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(a) (b)

(©) (d)

Figure 3.2: Example co-registered patient CT and MRI with current flow paths. Here we
show one of our patients with their posteroperative CT and preoperative MRI co-registered,
and highlight the complicated geometry that current must flow through between the two
electrodes. Panels (a) and (c) highlight a sagittal view through the brain. White dots
represent electrode locations as visualized in the CT. Panels (b) and (d) are the corresponding
axial planes for panels (a and (c). Of note is that the overall shape brain on the larger scale
could be considered spherical or ellipsoidal, while on a local scale there are the complicated
folds of the gyri and sulci. In panels (b) and (d) we highlight two potential current paths
through the cortex, depending on the separation of the stimulating electrodes. With greater
separations, the depth of penetration increases, and there are varying layers of gray, CSF, and
white matter depending on the path. In panel (d), it appears as if this set of electrodes lies on
a flat line. Therefore, one could question what the best geometric model would be for these
electrodes. A flat half-space fits the electrode positions well, but ignores the global geometry
of the brain. However, the electrodes would not lie perfectly on any sphere. Therefore, we
consider both spherical and flat models to test how assumptions about geometry affect our

results.
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3.2.2  Point, Constant Voltage, and Constant Current Electrodes

The principles of superposition hold generally for point electrodes and constant voltage
electrodes [171]. They do not hold for constant voltage electrodes. The analytic solution to
Laplace’s equation for multiple constant voltage electrodes on the surface of a half-space of
uniform resistivity material is extremely complicated. The boundary conditions are mixed:
constant voltage boundary conditions apply under the two electrodes and constant normal
derivative (zero current) boundary conditions apply everywhere else on the surface. However,
a pair of circular constant voltage electrodes separated by a center-to-center distance d that
is large compared to their radius a can be well approximated by the standard formula of
Ry = #-, with an error of less than 0.1% for our application. [143]. We use constant current
stimulation, but we assume due the excellent electrical conductivity of platinum that the
voltages are close to constant across the electrode during our long stimulation pulses (1.2
ms/phase).

Using previously published formulas for constant current electrodes on a homogenous
semi-infinite substrate [222], constant current electrodes [171], and point electrodes [302], we
calculated the theoretical voltages on the surface of a uniform half-space as a function of
distance from the stimulating electrodes (Figure 3.3). At a distance of 2 electrode radii away,
the models become indistinguishable, and all decay with an A/d, where d is the distance
from the electrode, with the same value of the constant A. All of our arrays have electrodes
with separations of 8.6 electrode radii, and therefore, we use point electrode models for all

of our analytic models for computational simplicity with minimal error.

During our long stimulation pulses, we assume that the current density is no longer
sharply peaked, as we are on the order of one time constant for the electrode-tissue interface.
[21]. To estimate the time constant 7 for our stimulation electrodes, we assume a conductivity
of 1.5625 % for CSF in contact with the platinum electrode, a disk of radius 0.00115 m, and

a conservative ~y of 2.1 % for the pseudocapacitance of platinum [181]. The access resistance
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Figure 3.3: Point, constant voltage, and constant current electrodes. We calculated the
theoretical voltage on the surface of a uniform half-space for all three cases. There are
substantial differences within the electrode radius, but after approximately 2 electrode radii,
the models predict similar voltages. They all fall off like A/d, where d is the distance from
the electrode, with the same value of the constant A. As all of our data points are acquired

more than 8.6 radii away, we have point electrode models in our analysis.



46

Ry = ﬁ is then 139.1304, and the double layer capacitance C' = yra? = 8.7250e-06 [21].
This yields 7 = 0.0012. Therefore, for a pulse phase width of 1.2 ms, we are on the order of

one time constant.

3.2.3 Resistance Measurements Made on Bulk Samples

In resistance measurements on bulk samples, a voltage is applied to two contacts on the
sample and the resulting current is measured, or vice versa [76]. To convert the measured re-
sistance into the resistivity of a homogeneous isotropic resistive sample, or into the apparent
resistivity of an inhomogeneous isotropic resistive sample, requires the detailed spatial struc-
ture of the sample and the location of the electrodes. In the next sections, we first discuss
the apparent resistivity, as well as the necessary equations for converting resistance measure-
ments made on semi-infinite bulk samples and on spherical samples using two point (only
for the semi-infinite bulk samples), three-point, and four-point measurements and four-point

measurements (both semi-infinite and spherical).

3.3 The Apparent Resistivity

For a half space composed of any number of uniform thickness and uniform resistivity layers,
the equation for the voltage on the surface has the same form as that for the same electrode
configuration on a uniform resistivity substrate with the value of the resistivity p for the
uniform resistivity substrate replaced by an apparent resistivity p,. The apparent resistivity
depends on the paths that the current takes, which depend on both the geometry and the
resistivities of the various layers. It is the appropriate average over all paths.

Apparent resistivity is the basis for geological resistivity prospecting [302]. For example,
for a two-layer earth, when the electrodes are very close together, the current penetration is
very shallow and the apparent resistivity is equal to the resistivity of the top layer. When

the electrodes are very far apart, the current penetration is very deep and the apparent
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resistivity is equal to the resistivity of the bottom layer. In between, it is the appropriate
average over the paths. In general, for a uniform resistivity substrate, the 50% penetration
depth is about one half of the spacing between the two stimulation electrodes. [302] For
geological resistivity prospecting, the separation between the current electrodes is varied
and the apparent resistivity is measured. From these measurements, the composition versus

depth can be determined.

Because the brain is layered, any measurements of the resistivity of an intact living brain
will measure an apparent resistivity unless the electrodes are very close together. In humans,
the thickness of the gray matter is about 3.5 mm, so to measure the resistivity of the gray
matter without seeing the white matter using a four-point probe would require the entire
electrode array to be sub-millimeter in size. Our clinical ECoG grids have an electrode
spacing of 1 cm. Consequently, the focus of this paper is on determining the apparent
resistivity of the human brain on the macroscopic scale. In our measurements, there is an
additional issue due to the presence of CSF with unknown thickness between the clinical

grid and the surface of the cortex during our measurements.

3.4 Flat vs. Spherical Models

The brain is often modeled as a spherical object [200], but on the scale of an array of ECoG
electrodes, what is the local topography? We analyzed our data using two models (Figure
3.4(a,b)). The first model is a flat semi-infinite homogeneous isotropic resistivity half space,
which neglects finite size and shape corrections. The second is a homogeneous isotropic
resistivity sphere, which includes is both a finite size and takes into account the problem’s
geometry. Of course, the brain is neither flat nor a perfect sphere. However, by studying
the predicted voltages and calculated resistivities under different simplifying assumptions,

we can better understand the macroscopic characteristics of the brain.
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Figure 3.4: Flat and spherical models. We analyzed the data using two models. We ap-
plied current controlled bipolar stimulation pulses between two electrodes and measured
the resulting voltages between all of the recording electrodes an a “distant” reference elec-
trode. For our electrode diameters and separations, the voltages can be described well using
point electrodes, as shown in Figure 3.3. (a) The first model is a semi-infinite homogeneous
isotropic resistivity half space. (b) The second model is a homogeneous isotropic resistivity
sphere. Here, there is an additional parameter which is the radius of curvature for a sphere,
which we estimated from the subjects’ individual brains. We found that these two models
produced different apparent resistivity values despite both fitting the measured data well,
which means that the global geometry of the problem has significant effects in interpreting

the resistivity values calculated.
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3.4.1  Two-point Measurements and Electrode Resistance

For a constant-voltage ohmic electrode on the surface of half-space of uniform resistivity
material (with infinity held at zero potential), the steady-state voltage and current are related
by Ohm’s law V = IR and the electrode resistance is defined to be R = V/I. For circular
electrodes with radius a, the resistance is related to the resistivity of the material by R = 2~
[76,204]. For two identical well separated electrodes, the resistance between them is twice
that for a single electrode Ry = 2~ [76]. These equations are routinely used to measure the
resistivity of bulk semiconductors. This measurement technique is subject to contributions
from both the contact resistance and resistance of the material between the probes [184],
and hence careful consideration of the electrode properties are required.

However, because of the capacitance of metallic electrodes on the surface of the brain,
the above relation does not apply under steady state conditions due to the time-dependent
charging of the double-layer capacitance. However, it does apply under constant current pulse
conditions before the electrodes start to charge. We determined the electrode resistances by
extracting the voltage jump at the onset of the stimulation and dividing it by the applied
current [124].

We calculated the apparent resistivity values for each subject using our measured elec-
trode resistances by solving for p, yielding p = 2aR.

In order to extract the two-point resistivity, we first have to calculate the jump voltage,
which is the first part of the curve in Figure 3.5(b). This jump voltage represents the voltage
required to drive the constant current stimulation through the electrode-tissue interface

resistance.

3.4.2  Three-Point Measurements Made on Homogeneous Flat Bulk Samples

For a pair of constant current point electrodes on the surface of a half space with uniform

resistivity, the voltage everywhere on the surface is given by superposition



20

@) Applied current pulse (b [aradaic reactions

AT 1.2ms %

N — N

‘/t()ta,l — IRtot(z,l

t 1)% g

Figure 3.5: Constant current stimulation and resultant stimulation voltage waveform. (a)
We apply a constant current biphasic, bipolar stimulation pulse, with an example pulse
width of 1.2 ms (b) The voltage applied to drive a constant current stimulation pulse has
three primary components, which include an immediate electrode jump resistance, charging
of the double layer capacitance, and Faradaic reactions. In an ideal world, we can determine
the total resistance of the sample beneath the electrode from the initial voltage jump, and
subsequently the 2-point resistivity. However, as outlined in the results, the 2-point method
with clinical ECoG electrodes does not result in the correct resistivity as assessed through a

saline phantom.
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here V' is the measured voltage, [ is the applied current, r, is the distance between the first
current source and the point where the voltage is measured, and r, is the distance between
the second current source and the point where the voltage is measured. Again this voltage

is measured relative to infinity. For the one-layer case with point-electrodes, the apparent

resistivity p, is equal to the true resistivity p.

3.4.3 Three-Point Measurements Made on Homogeneous Homogeneous Spherical Samples

The relationship between the voltage measured between two sense electrodes on the surface
of a sphere and the current imposed between two source electrodes on the surface of the
sphere was first worked out in a remarkable, now classic paper by Helmholtz in 1859 [92]. It
is given by [94]

_Ipr2 2 1. rs+R—acos(B)

v="L12 20 ]
47 Lry ra+Rn7"b+R—bcos(9)

Here I is the applied current
V' is the measured voltage
rp is the distance from the sense electrode to the first stimulation electrode
r, 1s the distance from the sense electrode to the other stimulation electrode
R is the radius of the spherical surface fit
[ is the angle between the sense electrode and the first stimulation electrode, and
0 is the angle between the sense electrode and the second stimulation electrode.
We calculated the radius of the sphere to be the sphere that best fit the outer cortical
surface for each subject, via linear least-squares fitting. In order to calculate the angles (8

and 6, we use the arc length formula
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3.5 Distance Binning

In geoelectric prospecting and semiconductor characterization, the resistivity versus depth
is determined by making measurements as the recording electrode spacing is increased [302].
Larger recording electrode separations probe deeper. This motivated us to extract the ap-
parent resistivity versus electrode separation.

We divided the electrode separations into bins. Each bin was 1 cm wide. We calculated
the distance from each recording electrode to the center of the stimulation dipole. The centers
of the bins were at 1.5, 2.5, 3.5, 4.5, and 5.5 cm. We then fit all of the electrodes within
each bin to determine the apparent resistivity, as described in the three-point homogeneous

flat and spherical sections.

3.5.1 Four-Point Measurements Made on Homogeneous Flat Bulk Samples

The four-electrode method is the gold standard for making resistivity measurements. Its
main advantage is that it is insensitive to inevitable variations in the contacts. For example,
since our surfaces are not flat, the effective contact area can be smaller than the actual area
of the contact. When this happens or the region under the contact is inhomogeneous, the
contact resistivity will not be equal to 2aR. However, by using constant current stimulation
and measuring away from the stimulation electrodes, the voltages on the recording electrodes
will be correct. They do not depend on the contact area. This is why the four-point electrode
method works better for our measurements. Similarly to three-point measurements on a flat

substrate, the voltage measured is a function of the applied current, resistivity, and distances
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to each of the stimulation electrodes. The additional consideration here is the distance to
two recording electrodes, rather than a single electrode. For four-point measurements on
homogeneous isotropic flat bulk samples, the resistivity is related to the measured voltage
difference between the two sense electrodes in terms of the current imposed between the two

source electrodes by [184].

= 2= = (= )

where rq is the distance from the first source electrode to the first sense electrode,rsis the
distance from the second source electrode to the first sense electrode, r3 is the distance from
the first source electrode to the second sense electrode, r4 is the distance from the second
source electrode to the second sense electrode, I is the current, and p is the resistivity.

The most often used electrode configurations are linear and square. For finite size samples,
there are correction factors that depend on the electrode configuration, spacing, and location
and on the size and shape of the sample. In addition to the bulk equation above, there are

well known results in the literature for parallelepipeds, disks, and cylinders that include the

size and shape factors [184].

3.5.2  Four-Point Measurements Made on Homogeneous Spherical Samples

As mentioned in the section on three-point measurements on homogeneous spherical samples,
the simple equation for spherical models can also be used for four-point measurements.
The voltage at two points V; and V3, where [1,2] represent two different points in space, is

calculated

IP[Q 2 n 1 nral—l—R—alcos(ﬁl)}
™ Tra R ry + R —blcos(f)
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n
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The difference between the voltage values Vi and V5 is used to generate a distribution of

resistivities.

3.5.8 Three and Four-Point Measurements Made on Inhomogeneous Flat Bulk Samples

For the special case of three and four-point measurements on inhomogeneous isotropic flat
bulk samples composed of parallel layers with constant resistivity values, the apparent resis-
tivity that will be measured can be calculated in terms of the resistivity values, the thick-
nesses, and the arrangement of the layers. This relationship is the basis of vertical electrical
sounding used to determine the geological layering underneath the surface of the earth [279]
and of the three-point and four-point characterization of the layering of semiconductor ma-
terials [1,2,76]. The apparent resistivity is the ratio of the measured resistivity divided by
the resistivity that would be measured for the same structure if it were homogeneous and
isotropic with a resistivity equal to unity. However, the structure of the brain under our
clinical ECoG grids does not consist of parallel layers with constant resistivity values so we

simply present the distribution of apparent resistivity values that we measure.

3.5.4  Three and Four-Point Measurements Made on Inhomogeneous Spherical Samples

There have been many models of the brain made using concentric spheres with constant
resistivity values. However, the structure of the brain under our clinical ECoG grids does
not consist of concentric spheres with constant resistivity values so we simply present the

distribution of apparent resistivity values that we measure.
3.6 Experimental Methods

3.6.1 Patient Characteristics for First Seven Patients

Our first seven subjects are summarized in Table 3.1, including the stimulation amplitudes

used, the bipolar pairs used, the total number of stimuli during the session, and the duration
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Subject Stimulation Pairs stimulated total # stimuli

Amps. (mA) (-/+)

Duration of

session (minutes)

1 1.75 22/30
2 0.75 13/14
3 3.5 11/12
4 0.75 59,60
5 3 56/55
6 2.5 54/62
7 1.75 64/56

3001
10000
10005
7014
10590
7000
10000

16.43
24.24
45.14
38.39
44.17
42.49
37.00

Table 3.1: First seven subject characteristics. Table showing the subject number, the stim-

ulation current, which were the pairs of electrodes stimulated (-, cathodal first, + anodal

first), how many total stimuli were delivered, and the length of the session during which

stimuli were delivered (minutes)

of the session. Our total stimulation durations ranged from 16.43 to 45.14 minutes. The

locations of their stimulation electrode pairs are summarized in Figure 3.6. The general

overlap of the electrodes is the same anatomic area (sensorimotor cortex). The individual

stimulation and recording electrodes are shown in Figure 3.7. We have measurements from

both hemispheres.

3.7 Eighth Subject Characteristics

For our eighth subject, we stimulated different sets of bipolar pairs with various separations.

The electrode separations, stimulation currents, number of stimuli, and length of in each

session are shown in Table 3.2, including the stimulation amplitudes used, the bipolar pairs

used, the total number of stimuli during the session, and the duration of the session. The

locations of the recording and stimulation electrodes are summarized in Figure 3.8.
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subject 1
subject 2
subject 3
subject 4
subject 5
subject 6
subject 7

Figure 3.6: Subjects 1-7 stimulation electrode locations projected onto a common MNI brain.
The locations of the stimulation electrodes are shown projected in common MNI coordinates
onto the left hemisphere. Due to both post-operative brain shift and reconstruction error,
these electrode locations are not exact. The electrodes are situated over sensorimotor cortex

due to experimental design for a motor stimulation induced plasticity experiment.
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Subject 1 Subject 2

positive stimulation electrode
negative stimulation electrode

Figure 3.7: Individual stimulation electrode locations in subject specific space. The loca-
tions of the stimulation and recording electrodes in subject specific space following cortical
reconstruction and CT/MRI co-localization are shown. Due to both post-operative brain

shift and reconstruction error, the electrode locations are not exact.
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Pairs stimulated Stimulation Amps. total # stimuli Duration of
(-/+) (mA) session (minutes)
3/4 0.5 10 0.11

4/3 0.5 10 0.11

4/12 0.5 10 0.11

12/4 0.5 10 0.11

5/7 0.5 10 0.11

7/5 0.5 10 0.11

12/13 0.5 10 0.11

13/12 0.5 10 0.11

11/14 0.5 10 0.11

14/11 0.5 10 0.11

10/15 0.5 10 0.11

15/10 0.5 10 0.11

9/16 0.5 10 0.11

16/9 0.5 10 0.11

Table 3.2: Characteristics of the eighth subject. Table showing the pairs of electrodes, the
electrode separation the stimulation current, which were the pairs of electrodes stimulated
(-, cathodal first, + anodal first), how many total stimuli were delivered, and the length of

the session during which stimuli were delivered (minutes)
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(a) Electrode Array for Subject 8

(b) Stimulation Electrode Pairs

3/4
4/12
4/20
5/7
12/13
11/14
10/15
9/16

© 6 0 06 06 o6 o0 o

Figure 3.8: Eighth subject recording and stimulation electrode locations. (a) The 64 contact
electrode array for subject eight covers the right hemisphere, shown here in subject specific
space. (b) The locations of the stimulation electrodes for different pairs and separations are
shown projected in subject specific space. There has been slight jitter added to show the
overlapping pairs of electrodes. Due to both post-operative brain shift and reconstruction
error, these electrode locations are not exact. We have varying separations of stimulation

electrodes, which results in varying amounts of current penetration to different depths.
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3.8 Data Acquisition

Our data was acquired at 12 kHz. We delivered biphasic, bipolar, constant current stimu-
lation stimulation pulses. The length of each phase was 1.2 milliseconds (ms). The voltage
delivered to the stimulation electrodes during constant current stimulation was also measured
using the TDT.

During each stimulation pulse, the stimulation artifact voltages were measured for all of
the electrodes that were not stimulated. These “artifacts“ are our signals. For example,
Figure 3.9 shows what they look like for subject 3, with each channel scaled individually. In
Figure 3.10, we show the signals with the same scale to highlight the falloff in the recorded
voltage as the distance from the stimulation electrodes increases.

See the Section A, Figures A.1- A.6, A.8 for additional subjects, including an example
(Figure A.8) from one of stimulation electrode pairs for subject eight. We do not discard any
channels from analysis based on the waveform shape for the results in the body of this work,
but removing waveforms which do not look like they match the expected fall off in voltage or
switch in polarity does not substantially change our results for the first seven subjects (See
Appendix Table A.2). For the first seven subjects, we removed any local, time varying DC
offset by subtracting the average time period from 25 ms to 5 ms before the stimulation pulse
begins. Due to the lower stimulation frequency (1 Hz) of the eighth subject, rather than the
first seven subjects which ranged from 2 to 20 Hz, we performed no DC offset correction, as
the signal reliably returned to near zero between each stimulus.

To calculate the resistivity values, we developed an algorithm to extract the flat section
of the voltage pulses, under which our DC flow conditions hold. Briefly, we average all
of the recorded pulses, and then use Z-score thresholding of the entire averaged epoch to
detect the onset and offset of each stimulus pulse. We then detect the transition point as
the stimulus waveform switches polarity, and subsequently shift our start and end indices by

a fixed number of samples to ensure we are inside the flat waveform regime. We then use
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Figure 3.9: Average recorded waveforms for subject 3. We see fast rise times to generally flat
voltages across the majority of the array, which indicates that the effects are dominated by
the resistance of the sample, rather than capacitive effects. It is from these flat voltages that
we extract our signals for the resistivity calculations. A subset of channels, including channel
8, 43, and 57, demonstrate unexpected shapes, with edge transients that are suggestive of a
phenomena such as capacitive coupling. The x-axis units are in milliseconds, while the y-axis
units are in millivolts. The stimulation channels are represented by the blank channels. The
channels not included in supplementary analysis (57) are shown in Table A.1. Discarding

this did not change the resistivity values appreciably, as shown in Table A.2.
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Figure 3.10: Average recorded waveforms for subject 3 with the same y-scale. We note a
drop off in the recorded amplitude as the distance increases from the stimulation electrodes,

indicative of current propagation in a resistive medium from bipolar stimulation.
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these start and end indices on a single trial basis to extract a subset of points over which
the voltage changes little. We then average across each trial to calculate the mean voltage,
and calculate the standard deviation across these mean voltages for each trial (Figure 3.11).

The means and standard deviations for the recorded voltages for our subjects during
stimulation are highly reproducible (Figure 3.12 shows the data for the first seven subjects).
Qualitatively, the voltages are highest near the stimulation electrodes, and smaller further
away. In the appendix, we show the means and standard deviations for the eighth subject

(Figure A.7). Both polarities of stimulation agree well with one another, which is expected.
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Figure 3.11: Algorithm for data extraction. In order to extract a voltage value that we
could use for our DC flow model, we needed to ensure that we were extracting values over a
relatively unchanging period in the middle of each phase. We calculated the magnitude of the
stimulation artifact by determining the onset and offset times of each phase of stimulation,
and avoided the edge transients to obtain a reliable voltage measurement. By excluding the
variable regions during changes in the applied current, we extracted flat, consistent voltage

values.
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Figure 3.12: The means and standard deviations of the data for the first seven subjects.
The means and the standard deviations of the magnitudes of the stimulation artifacts for
the first seven subjects following our signal extraction algorithm are plotted versus the elec-
trode number. The mean is the mean voltage across all trials within the extracted region

illustrated in Figure 3.11. The standard deviation is the standard deviation of the means
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3.9 Experimental Results for the Statics and Dynamics of ECoG Electrodes

3.9.1 Saline Phantom Measurements

We found that our 2-point measurements using saline solutions with known resistivities
did not produce reliable results, but our 3-point measurements did. The failure of 2-point
methods has been reported previously [184], as is one of the primary motivations for the 3-

and 4- point measurements.

Using our same data extraction and analysis strategy as outlined in the methods, we
compared our results with ECoG grids to a commercial conductivity meter using a sodium
chloride saline phantom model to serve as validation. We created two solutions of 0.511 and
3.44 ohm-m NaCl solutions. We highlight four examples from 3 separate electrodes sets at
a 1 mA stimulation current level, although different current levels and stimulation electrode
pairs yielded similar results. The four sets were a 28/29 stimulation pair in 3.44 ohm-m
saline, a 36/37 stimulation pair in 3.44 ohm-m saline, and a 28/36 stimulation pair in both

3.44 ohm-m and 0.51 ohm-m saline.

By using the TDT, we determined the jump resistances to be 1.97, 1.93, 1.97, and 0.51
V for the conditions described above. This yields resistances of 1987, 1926, 1971, and 583
ohm respectively. Therefore, the solution resistivities are 4.57, 4.43, 4.53, and 1.34 ohm-m
respectively. This highlights that naive application of the two-point method includes both
the electrode resistance in series with the bulk resistance. Back calculating the two-point
resistances we would expect from our two solutions, we calculate solution resistances of 221
and 1496 ohm. The electrode and bulk resistances are in series, so this yields electrode
resistances on the order of 362 ohm and 491, 430, or 475 ohm for the 0.511 and 3.44 ohm-m
solutions. Since these resistances can vary by the particular electrodes and electrode-tissue
interface characteristics, we do not perform any correction of our reported two-point values,

but rather highlight that there is a meaningful contribution of the electrode resistance.
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We used the TDT and the three-point measurement technique with a homogeneous half-
space model, we determined the solution resistivities to be 3.44, 0.54, 3.38, and 3.45 ohm-m
respectively (Figure 3.13) with the same 1 mA stimulation pulses we used for the two-
point measurements. We excluded one channel (channel 27) from this array, and it had
unreliable measurements. This concordance between the three-point measured values and
the commercial resistivity meter serves as validation that using a uniform solution of known
resistivity, we are able to accurately calculate the resistivity using a three-point measurement
technique, a homogeneous flat point source model, and our clinical ECoG electrodes.

We subsequently used the four-point measurement technique and excluded any values less
than 0 ohm-m or greater than 10 ohm-m. We then determined the mean solution resistivities
to be 3.42, 3.38, 3.44, and 0.59 ohm-m, respectively. The median solution resistivities were
3.40, 3.44, 3.43, and 0.56 ohm-m, respectively (Figure 3.14). The four-point measurement
technique is therefore a valid technique to determine the resistivity of a material using
our electrode arrays. Additionally, the ability to calculate the amount of spread in the
distribution, through either the standard deviation or median absolute deviation, gives an

idea of how uniform the resistivities throughout the entire material are.

3.9.2  Two-point Measurements

Despite calculating resistivity values that were too high from the two-point measurements,
we proceeded to calculate the two-point resistivities for all eight subjects.

We use constant current bipolar biphasic stimulation. At low currents, the voltage re-
quired to produce pulsed constant current stimulation depends on the resistance and the
double-layer capacitance. At intermediate currents, it depends on the pseudo-capacitance
associated with the reversible oxidation and reduction of the electrodes (Figure 3.5). At high
currents, it depends on the electrolysis of the water [124].

As described in the methods, we extracted all time windows around when the stimulator
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Figure 3.13: Three-point saline validation with a clinical ECoG array and solutions of two
resistivities. We used saline solutions with resistivities of 3.44 and 0.51 ohm-m, and accu-
rately calculated the resistivity of the solution with the three-point technique the recording
channels in an ECoG array. We used multiple sets of adjacent stimulation contacts were
used for these plots, indicating that the results are not specific to a single stimulation pair.
This serves as validation for our use of the three measurement techniques in human patients

with our clinical ECoG arrays, and stimulation and recording hardware.
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Figure 3.14: Four-point saline validation with a clinical ECoG array and solutions of two re-
sistivities. We used saline solutions with resistivities of 3.44 and 0.51 ohm-m, and accurately
calculated the resistivity of the solution using the recording channels in an ECoG array. We
used multiple sets of adjacent stimulation contacts were used for these plots, indicating that
the results are not specific to a single stimulation pair. We calculated the mean, median,
standard deviation (std) and median absolute deviation (MAD) to describe the distributions.

This serves as validation for our use of the four-point measurement techniques for our data.
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was set to deliver a bipolar, biphasic pulse, and discarded any pulses where the stimulator
incorrectly delivered stimulation, which we defined as being greater than 1.5 times, or 0.5
times the median maximum peak voltage delivered (We excluded 534/10590 trials for subject
5, and 139/7000 trials for subject 6). We consider the first phase of stimulation, in order
to avoid analyzing where the stimulator failed to deliver a proper biphasic waveform during

the second phase of stimulation at high currents.

All of measured stimulation voltage pulses required to produce the experimental current
levels are shown in Figure 3.15. The waveform shapes are similar between all of the subjects,
with an immediate voltage jump, followed by a curved section with contributions from the
double layer capacitance, and Faradaic reactions. The average of these curves is shown in
figure 3.16. The plot of the averages masks the variation for some of the subjects (Subject

5 in particular).

The time dependence of the voltage curves is shown in Figure 3.17. It is clear from these
plots that there is not a consistent nor predictable pattern of jump voltages over the course of
a stimulation session, suggesting that two-point measurements in our stimulation setup are
subject to potential changes in the electrode-tissue interface, or stimulator performance over

time that may systematically affect resistivities calculated through two-point measurements.

The same data for the first seven subjects is shown again in figure 3.18(a-c)normalized
by dividing by the stimulation current. We have additionally added in the results for the
eighth subject (Figure 3.18)(d-f). In this form the data has units of ohms and is the dy-
namic impedance of the sample in response to our applied stimulation. Properly engineered
stimulators must be able to drive these dynamic impedances. We calculated the resistance,
and subsequently apparent resistisvities. The apparent resistivity values are shown in Table
3.3 for the first seven subjects, and Table 3.4 for the eighth subject, along with all of the
other calculated apparent resistivity values. As noted in the section on two-point validation,

these values have contributions from the electrode resistance. As each pair of consecutive
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Figure 3.15: Individual subject stimulation monitor output for the first seven subjects.
Individual trials of the first phase of the monitored voltage on the stimulator output are
plotted. N represents the number of trials plotted, as well as used for further analyses. See
Table 3.1 for the duration of the stimulation session, which ranged from 16.43 for subject 1

to 45.14 minutes for subject 3.

data sets for the eight subject had both polarities of stimulation (e.g 1/2, 3/4, were sets of
the same contact pairs but with opposite polarities), we can see that both polarities resulted

in similar jump voltages (Figure 3.18, Table 3.4).
3.10 Flat vs. Spherical Models

In order to address the question of the validity of flat and spherical models, we plotted our
reconstructed electrode grids, and calculated Gaussian curvatures on the triangulated surface
representing the grid between our electrodes [183]. We used a MATLAB implementation of

the aforementioned method [68]. We found that all of our electrode arrays, despite variations
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Figure 3.16: Average stimulation monitor output for each subject. The average initial voltage
jump was used for the two-point measurement of the resistivity. N represents the number of
trials over which the average was calculated. Table 3.1 illustrates the length over which these
stimuli were delivered, which ranged from 16.43 for subject 1 to 45.14 minutes for subject 3.

We extracted the voltage jump from these mean waveforms for the two-point analyses.

in the magnitude and sign of the Gaussian curvature were locally flat, as the small values of
the calculated Gaussian curvatures correspond to a very large radius of curvature, far greater
than the radius of the brain. as shown in Figure 3.19.

Additionally, there exist sections of both positive and negative curvature, which illustrate
bending in both away and towards the brain in the electrode array.

By fitting a sphere to the outer surface of the cortical reconstructions for each subject, we
estimated the radius of curvature for the individual subject brains, and make the assumption
that this is a reasonable curvature to use for our spherical model (Figure 3.20), as this is a

subject derived measure of the brain radius and subsequent global geometry.
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Figure 3.17: Jump voltages over time all subjects. The initial jump voltages for all subjects
to illustrate the time dependence and large voltage jumps intermittently throughout the

stimulation session (Subject 4 in particular).

The local flat nature of the electrode grid, as well as the global spherical geometry,
motivates the simple models we used for the coordinates of the flat brain model (which were
euclidean distance from the 3D CT coordinates) and of the spherical brain model (angles

computed from arc lengths of the CT coordinates).
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Figure 3.18: Two-point results for all eight subjects. (a) The mean jump voltage (4/-
standard deviation) is plotted for each of the first seven subjects. (b) This is subsequently
divided by the applied current to calculate the resistance, and (c) appropriately converted
into resistivity values. Due to the inability of two-point measurements to accurately capture
the resistivity of a saline phantom, these values are not accurate reflections of the underlying
resistivity. (d) As in panel (a), we show the mean jump voltage (4 /- standard deviation) for
each of the electrode pairs for the eight subject. Consecutive electrode pairs (e.g. 1/2, 3/4)
were opposite polarities of the same contacts. We see that both polarities of stimulation
result in similar jump voltages. (e) After dividing the jump voltages by the applied current
(0.5 mA for all of these contact pairs), we calculate the resistance (c¢) and subsequently the

resistivity.
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Figure 3.19: Gaussian curvatures for electrode arrays for 8 subjects. In order to understand
the topography of the electrode arrays, we created a delaunay triangulation of the 64 array
points, and calculated the the Gaussian curvature for each one of these. Large swaths of the
arrays have very little Gaussian curvature (Subject 1 in particular illustrates this), which
means these arrays can be considered to be locally flat in those regions. Even where the
Gaussian curvature is higher in magnitude, as in approximately 3e-3 (1/mm) for Subject 7,
this yields a radius of curvature of approximately 333 mm, which is around 5 times too large.
This tells us that the curvature of the electrode arrays does not reveal the global geometry

of the brain, and they can be considered to be locally flat.
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Figure 3.20: Sphere fits to subject cortices with overlaid electrodes. We fit a sphere using
linear least squares fitting to the outer surface of the subjects’ cortical reconstructions to
estimate the radii of their cortices. We then overlaid the CT coordinates before transforma-
tion on top of the best fit sphere. Some subjects (subjects 1,4) illustrate distortion of the
electrode arrays and subsequently are not as well described by a spherical model as other

subjects (2,5,7, for example).
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3.10.1 Voltage over Time

To determine whether our measured resistivities depended on time, and to compare the
reliability of the recorded waveform voltage over time to that of the stimulation waveform,
we compared the mean voltages over time to the jump voltages over time (Figure 3.21). As
an example, the jump voltages from the stimulation waveforms demonstrated clear drifts and
shifts over time. The coefficient of variation (standard deviation/mean) for both the recorded
waveforms (7.26e-3), and for the jump voltages between trial 2200 and 3900 in this example
(2.87e-3), were similar. However, the coefficient of variation for the jump voltages over the
entire waveform was 3.13e-2. Therefore, the entire stimulation jump waveform is subject to
more errors. This suggests that using data from the recording channels is more reliable than
the measured stimulation voltage during constant current stimulation, and subsequently the

two-point measurements are subject to more errors.

3.11 Three-Electrode Measurement - Flat Model & Spherical Model

Comparisons with the experimental data for the first seven subjects in the global fit can be
seen for the flat and spherical models in Figure 3.22, with the calculated apparent resistivity
values in Table 3.3. In Figure 3.22, we see that both models predict the measured voltages
well. The apparent resistivity values for the spherical fit are in general lower than the
corresponding ones for the flat semi-infinite model. Depending on the subject, the root
mean square error (RMSE) may be lower for either model.

Comparisons with the experimental data for the eight subject subjects in the global fit
can be seen for the flat and spherical models in Figure 3.23, with the calculated apparent
resistivity values in Table 3.3. Of note from Figure 3.22 is that both models predict the
measured voltages well. The apparent resistivity values for the spherical fit are in general
lower than the corresponding ones for the flat semi-infinite model. Depending on the subject,

either the root mean square error (RMSE) may be lower for either model. We show both
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Figure 3.21: Comparison of recorded voltage and the stimulation jump voltage. We extract
the flat part of the the raw waveform for an example channel (53), as illustrated in Figure
3.11. We then compare this over each individual trial to the jump voltage for each trial. The
coefficient of variation (standard deviation/mean) for both the recorded waveforms (7.26e-
3), and for the jump voltages between trial 2200 and 3900 in this example (2.87e-3), were
similar. However, the coefficient of variation for the jump voltages over the entire waveform
was 3.13e-2. Therefore, the entire stimulation jump waveform is subject to more errors. The

jump voltage is subject to greater shifts and drifts over time than the recorded waveform.
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Figure 3.22: Data and global model fits for the first seven subjects. The experimental data

for each subject is plotted, as well as the model predicted values for the flat and spherical

models with a global p, for each subject. We also show the pgpparent values, as well as the

root mean square error (RMSE) for the models. Depending on the subject, the root mean

square error (RMSE) may be lower for either model.
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polarities of stimulation that we performed to illustrate the between session reproducibility

of a given bipolar pair, as well as no visible influence of different polarities within a pair.

3.12 Distance Binning

Comparisons with the experimental data for the first seven subjects in the distance binned
fit can be seen for the flat and spherical models in Figure 3.24. As there are additional free
parameters, with a resistivity value for each distance bin, the model fit is even better than
the global fits, as shown by the corresponding lower RMSE values for every subject and both
models compared to the global fits. Depending on the subject, the root mean square error
(RMSE) may be lower for either the spherical or half-space model.

The binned apparent resistivity values with distance binning are shown in Figure 3.25
for the flat and spherical models for the first seven subjects. We see an apparent increase in
apparent resistivity with distance for the flat model, a generally greater apparent resistivity
for each comparable point for the flat model relative to the spherical model, as well as flat
trends for the apparent resistivity for the spherical bin case. We see flat trends for the
spherical model, which suggests that the increase seen in the apparent resistivity for the flat
model is due to the assumed geometry of the half-space model.

Comparisons with the experimental data for the eighth subject in the distance binned
fit can be seen for the flat and spherical models in Figure 3.26. Similarly to the first seven
subjects, the model fit for the distance binned fit is better as assessed through the RMSE
for each stimulation pair.

The binned apparent resistivity values with distance binning are shown in Figure 3.27 for
the flat and spherical model for each stimulation electrode pair for the eighth subject. We
see an apparent increase in apparent resistivity with distance for the flat model, a generally
greater apparent resistivity for each comparable point in the spherical fit, as well as flat

trends for the apparent resistivity for the spherical bin case (except for the 4/12 and 12/4
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Figure 3.23: Data and global model fits for the eighth subject. The experimental data for
each electrode pair for the eight subject is plotted, as well as the model predicted values for
the flat and spherical models with a global p, for each stimulation pair. We also show the
Papparent Values, as well as the root mean square error (RMSE) for the models. Depending

on the electrode pair, the root mean square error (RMSE) may be lower for either model.
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Figure 3.24: Data and binned model fits for the first seven subjects. The experimental data
for each subject is plotted, as well as the model predicted values for the flat and spherical
models with binned p, for each set of electrodes within the distance bins of 1-2, 2-3, 3-4,
4-5, and 5-6 cm. As there are additional fitting parameters relative to the global model case,
the RMSE errors are lower for all of the subjects. Depending on the subject, the root mean

square error (RMSE) may be lower for either model.
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Flat vs Spherical One Layer Binned Apparent Resistivity

Subject 1 Subject 2 Subject 3 Subject 4
6 6 6 6
5 5 5 5
4 4 4 4
3 3 3 3 ﬁ:
2 2 2 2
1 1 1 1
0 0 0 0
0123456 0123456 0123456 0123456
6 Subject 5 5 Subject 6 5 Subject 7
0 —O—Flat
5 5 ) —©— Spherical
4 4 .g 4
o
3 3| oo =3
2 @ 2 P %
(o
1 1 S 1
QU
0 0 0
0123456 0123456 0123456

Bin (cm)

Figure 3.25: Binned distance apparent resistivity values for the first seven subjects. We
calculated apparent resistivity within bins by using the best linear least-squares fit for the
measured voltages for electrodes within the distance bins of 1-2, 2-3, 3-4, 4-5, and 5-6 cm.
As the binned distance increases for the flat model, we see an increase in the apparent
resistivity. Relative to the spherical model at each bin point, the flat model has a higher
apparent resistivity. The trends for the spherical model are flat, suggesting that the increase
seen in the apparent resistivity with the flat model is due to the assumed geometry of the
half-space model, where as the spherical model is for a closed space, which reflects the

geometry of the brain.
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Figure 3.26: Data and binned model fits for the eighth subject. The experimental data for
each stimulation electrode pair is plotted, as well as the model predicted values for the flat
and spherical models with binned p, for each set of electrodes within the distance bins of 1-2,
2-3, 3-4, 4-5, and 5-6 cm. As there are additional fitting parameters relative to the global
model case, the RMSE errors are lower for all of the subjects. Depending on the subject,

the root mean square error (RMSE) may be lower for either model.
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electrode pair). We see flat trends for the spherical model, which suggests that the increase
seen in the apparent resistivity for the flat model is due to the assumed geometry of the

half-space model.

3.13 Four-Electrode Measurements - Flat & Spherical Model

Two of the four electrodes are stimulation electrodes and two are recording electrodes for
a four-point measurement. There are many (62 choose 2=1891) choices for the recording
electrode pairs, and subsequently the following histograms have these number of calculated
values. Figure 3.28 shows the four-point histograms for the half-space and spherical models
for the first seven subjects. There is a shift towards lower resistivity values in the four-
point distributions for the spherical distributions, as evidenced by the lower median values,
mirroring what was seen in both the global three-point and binned three-point fits. We

excluded any resistivities that were greater than 10 ohm-m or less than 0 ohm-m.

The mean, standard deviation, median, absolute median deviation (MAD), and apparent

resistivity values from these distributions for the first seven subjects are shown in Table 3.3.

We similarly calculated the four-point histograms for the eighth subject for each stim-
ulation electrode pair. Figure 3.29 shows the four-point histograms for the half-space and
spherical models. Similar to the trends seen in the first seven subjects, there is a shift towards
lower resistivity values in the four-point distributions for the spherical distributions, as evi-
denced by the lower median values, mirroring what was seen in both the global three-point

and binned three-point fits.

The mean, standard deviation, median, absolute median deviation (MAD), and apparent

resistivity values from these distributions for the eight subject are shown in Table 3.4.
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Figure 3.27: Binned distance apparent resistivity values for the eighth subject. We calculated
apparent resistivity within bins by using the best linear least-squares fit for the measured
voltages for electrodes within the distance bins of 1-2, 2-3, 3-4, 4-5, and 5-6 cm from the
center of the stimulation dipole. As the binned distance increases for the flat model, we see
an increase in the apparent resistivity. Relative to the spherical model at each bin point,
the flat model has a higher apparent resistivity. The trends for the spherical model are flat
(except for electrode pair 4/12 and 12/4), suggesting that the increase seen in the apparent
resistivity with the flat model is due to the assumed geometry of the half-space model, where

as the spherical model is for a closed space, which reflects the geometry of the brain.
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Figure 3.28: Four-point histograms for the first seven subjects. We show for each subject
the four-point histograms for both the flat and spherical models, as well as the median and
median absolute deviation (MAD) for each distribution. Similar to the trends shown in the
global and binned fits, we see a lower median for each subject for the spherical model relative

to the flat model. The spherical model shows a lower MAD as well for each distribution.
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Figure 3.29: Four point histograms for the eighth subject. We show for each stimulation

pair for the eighth subject the four-point histograms for both the flat and spherical models,

as well as the median and median absolute deviation (MAD) for each distribution. Similar

to the trends shown in the global and binned fits, we see a lower median for each subject for

the spherical model relative to the flat model. The spherical model shows a lower MAD as

well for each distribution.
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Subject Two- Flat Spherical Flat Flat Flat Flat Spherical Spherical Spherical Spherical
# Point Three- Three- Four- Four- Four- Four- Four- Four- Four- Four-
Point Point Point Point Point Point Point Point Point Point
Mean Standard Median MAD Mean Standard Median MAD

Deviation Deviation

1 3.78 3.27 3.01 3.56 1.26 3.48 0.69 2.87 1.12 2.71 0.50
2 3.14 2.74 2.32 3.41 1.50 3.46 0.77 2.67 1.23 2.62 0.53
3 1.43 2.97 2.62 3.46 1.07 3.26 0.47 2.69 0.75 2.63 0.28
4 5.45 2.76 2.42 3.20 1.04 3.09 0.55 2.4 0.89 2.26 0.34
5 2.32 2.67 2.48 3.00 1.36 3.06 0.73 2.38 1.24 2.29 0.66
6 2.88 4.55 4.07 4.80 1.98 4.92 1.23 3.92 1.81 4.08 1.1

7 2.39 2.44 2.52 3.21 1.79 2.81 0.99 2.54 1.67 2.18 0.83

Table 3.3: Compilation of two-point, three-point, and four-point resistivities for the first
seven subjects. All of these values are in ohm-m. For the four-point measurements, we

report the mean, median, standard deviation, and median absolute deviation (MAD).

3.14 Discussion

3.14.1 Relation to Other Human Measurements

Using the three and four-point measurement techniques in humans, we find that our average
measured apparent resistivities fall within the bounds of a combination of CSF, white matter,
and gray matter. This complements other work performed in humans, where Carvallo et al.

used two-point measurement techniques to measure the resistance of cortical tissue through

sEEG electrodes [50].

3.14.2 Tissue Capacitance

There has been considerable interest in, and controversy about, whether neural signals prop-
agate without frequency-dependent absorption or dispersion [185]. This was not a primary
objective of our study, but we our recorded waveforms inform us qualitatively about the

tissue capacitance. To zeroth order, the square wave like current pulses we inject at the
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Electrode Two- Flat Spherical Flat Flat Flat Flat Spherical Spherical Spherical Spherical
Pair Point Three- Three- Four- Four- Four- Four- Four- Four- Four- Four-
(-/4+) Point Point Point Point Point Point Point Point Point Point
Mean Standard Median MAD Mean Standard Median MAD
Deviation Deviation
3/4 4.64 3.09 2.68 3.71 1.13 3.64 0.59 2.85 1.07 2.68 0.44
4/3 4.65 3.39 2.94 4.09 1.24 4.03 0.64 3.14 1.18 2.93 0.47
4/12 3.09 2.15 1.91 3.37 1.98 3.03 1.13 2.79 1.68 2.45 0.84
12/4 3.09 2.15 1.9 3.45 2.05 3.07 1.15 2.86 1.72 2.51 0.85
20/4 3.75 3.11 2.69 3.81 1.45 3.61 0.78 3.07 1.21 3.03 0.6
4/20 3.78 3.11 2.69 3.83 1.47 3.61 0.78 3.07 1.19 3.01 0.6
5/7 3.78 3.34 2.85 3.98 1.25 3.88 0.6 3.04 1.16 2.85 0.46
7/5 3.80 3.34 2.85 3.98 1.26 3.89 0.61 3.02 1.15 2.84 0.45
13/12 3.49 3.87 3.35 4.17 1.3 4.13 0.69 3.31 1.16 3.1 0.52
12/13 3.49 3.89 3.36 4.17 1.3 4.12 0.69 3.32 1.16 3.1 0.52
14/11 5.20 3.73 3.12 4 0.84 4.04 0.37 3.14 0.73 3.11 0.26
11/14 5.20 3.72 3.12 4 0.83 4.06 0.36 3.15 0.74 3.11 0.26
15/10 2.76 3.86 3.16 4.06 0.95 4.08 0.42 3.14 0.84 3.06 0.33
10/15 2.75 3.86 3.16 4.06 0.94 4.08 0.42 3.15 0.85 3.07 0.33
16/9 2.51 3.9 3.1 4.05 0.8 4.01 0.33 3.04 0.81 2.97 0.28
9/16 2.50 3.89 3.1 4.05 0.81 4.01 0.33 3.03 0.8 2.96 0.28

Table 3.4: Compilation of the two-point, three-point, and four-point resistivities for the
eighth subject. All of these values are in ohm-m. For the four-point measurements, we

report the mean, median, standard deviation, and median absolute deviation (MAD).

stimulation electrodes propagate without any obvious absorption or dispersion: the voltages
we measure using the recording electrodes exhibit little dispersion over the frequencies in the
pulses (they remain square-wave like out to the most distant recording electrodes). Due to
the fact that we are sampling at 12207 Hz, we do not see significant capacitive effects up to
this frequency. The recorded pulses also do not exhibit any excess attenuation (they have
the 1/r decay, where r is the distance from the stimulation electrode, expected for a resistive
medium). This is in line with recent work in humans with simultaneous depth electrode
stimulation and surface EEG recording, where no significant frequency dependent effects

were found [227].
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3.14.8  Curvature

As shown by Figures 3.19 and 3.20, the electrode grids exhibit varying degrees of curvature
locally, depending on the topography of the cortical surface. The radius of curvature calcu-
lated from these Gaussian curvatures is at least 300 mm, illustrating the the local curvature
of the electrode array does not capture the real radius of curvature of the brain.

The lack of an increase in the apparent resistivity for the eight subjects, regardless of the
separation of the stimulation electrode pair, suggests that the increases seen in the apparent
resistivity for the flat model are due to the assumed geometry of the half space-model. If
they were present in the spherical model, this would suggest that this would be a real trend,
but instead, the lack of consistency suggests The trends for the spherical model are flat,
suggesting that the increase seen in the apparent resistivity with the flat model is due to
the assumed geometry of the half-space model, where as the spherical model is for a closed

space, which reflects the geometry of the brain.

3.14.4 Distance Binning

For the flat model, the apparent resistivity values tend to increase as the recording electrode
separation increases (Figures 3.25,3.27). This is the expected behavior if the resistivity of
the white matter is larger than that of the gray matter because larger recording electrode
separations include larger contributions from the white matter. As discussed in the intro-
duction, white matter tracts in humans demonstrate complex morphologies, and depending
on the orientation, have different resistivity values. Depending on the geometry assumed, as
we increase the electrode separation, there are contributions from both parallel (lower/equal
resistivity to gray matter), and perpendicular white matter (higher resistivity than gray
matter) tracts. However, the spherical model in general does not illustrate this increase in
the apparent resistivity with increasing distance bins. This informs us that we are probing

all three layers, rather than exclusively CSF or gray matter, with the various distance bins.
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3.14.5 FElectrode Separation

For the eighth subject where we moved apart the stimulation electrodes, we probed deeper
layers of cortex with further apart separations. The lack of systematic changes in the appar-
ent resistivity as a function of electrode separation (See Figure 3.8 for visual illustrations of
the electrode separations, Figure 3.23 for the global fits, and Figure 3.27) indicates that at
1 cm, the apparent resistivity we measure has substantial contributions from all the cortical

layers, and is not restricted exclusively to CSF or gray matter.

3.14.6 Two vs. Three vs. Four-Point Measurements

As shown in the section on two-point measurements, the voltage exhibits drifts over time
(Figure 3.17), which affects the calculated resistivities. The recorded voltages on the record-
ing electrodes are more uniform (Figure 3.21), illustrating the benefits of the three and
four-point techniques over the two-point technique when possible. Most critically, the two-
point measurements in saline were unable to accurately calculate the resistivity of the saline
solution, whereas the three-point saline validation did accurately calculate the resistivity.
This, along with the spread in values for the two-point measurements in Table 3.3 highlights
that the two point measurement techniques are both susceptible to contributions from the
contact resistance, which can artificially increase the apparent resistivity, as well as local
material properties, where increased amounts of CSF beneath the stimulation electrodes,
but not elsewhere, could decrease the measured apparent resistivity relative to the three and

four-point techniques.

3.14.7  Four-point Measurement for Saline Phantoms vs. Brain

The MAD for the saline solution was on the order of 0.10 ohm-m for the 3.44 ohm-m solution,
and 0.03 for the 0.51 ohm-m solution. For the first seven subjects, the half-space model had
MAD values ranging from 0.47 to 1.23 ohm-m. This indicates there is a larger spread of
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resistivity values throughout the whole distribution, which is what we would expect for
a non-homogeneous, layered substrate, where the distribution is comprised of the voltage

differences between all possible recording electrodes.

3.14.8 CSF Considerations

A parameter we do not explicitly explore is the depth of the CSF. CSF, as a better conductor
than the underlying brain tissue, is capable of shunting current away from the cortex in DES
[202], and decreases the apparent resistivity seen at particularly close electrode separators.
The fact that we see apparent resistivity values closer to that of gray and white matter than
CSF leads us to conclude that there is a relatively thin layer of CSF beneath the majority
of the electrodes in the array. For some of the two-point measurements, where the two-point
value is far below the three or four-point measurements, we believe there to be more CSF

than for the other subjects.

3.14.9 Implications for Source Modeling

An understanding of the global geometry of the surface, as well as the local paths through
which current passes between electrodes, is important for both understanding how current
applied will propagate, as well as understanding how signals at a neural source would propa-
gate and attenuate at a distant location. Therefore, the principles of this resistivity modeling
and important for anyone seeking to understand how the neural activity they measure reflects

the neural signal source.

3.14.10 Future Directions

This research points to the applicability of simple analytic models to accurately depict the
voltages measured on the surface of the cortex. The applicability to 3D geometries with

implanted electrodes will be further studied as implanted depth electrodes become more
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common for epilepsy monitoring.

To accurately characterize the resistivity of the gray matter would require electrodes with
tighter spacing. For instance, assuming a gray matter thickness of 3.5 mm, a spacing of 7
mm between electrodes would be required to ensure that 50% of the current passes through
the gray matter, and a spacing of 2.9 mm to ensure that 75% of the current passes through

the gray matter [302].

Comparison and integration with FEM models will allow for enhanced understanding
of current spread and cortical activation through tissue. The analytic models may serve
as a simple benchmark for FEM models to be compared against. These analytic models
do not replace FEM models, as on the smaller (less than electrode radius) scale the errors
increase for the analytic model without correction factors or more complicated structuring.
For studies with Utah arrays and pECoG arrays, FEM models would be of tremendous
benefit. However, as we have experimentally acquired data which has been validated in a
saline phantom, any FEM model should match the. Therefore the data contained within
this work should serve as a benchmark for FEM models, where good agreement should be

achieved between the FEM model and the measured data.

We cannot comment on the differences in voltages at the top or bottom of sulci and
gyri purely from our model [251,252], and similarly, the electric field vectors at any compo-
nent would depend heavily on the geometry of the interface between materials of different

resistivities in cortex.

The effect of DES on neuronal populations is complex [33], with excitatory and inhibitory
effects depending on the stimulation parameters and parameters used. Work is being done
to model the effect of DES through ECoG electrodes on the cellular population level [144].
A better understanding of how the current flows through the cortex, coupled with an un-
derstanding of how neurons respond to these currents, will enable a better understanding of

DES.
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3.15 Conclusions

We find in eight subjects that the voltage distributions across cortex due to bipolar, constant
current stimulation are well described by both a simple homogeneous half-space model, and
a homogeneous spherical model. The effect of the geometry of the problem affects the inter-
pretation of the results with distance binned fitting, as a distance dependent effect is evident
with the flat half-space model and not with the spherical model. This suggests that we are
probing all three cortical layers (CSF, gray, and white matter) with our stimulation, and
that measurement electrodes further apart do not receive substantially greater contributions
from higher resistivity layers. In our eight subject, further apart stimulation probe separa-
tion did not systematically increase the apparent resistivity measured, further underscoring
the idea that all three cortical layers are being probed, regardless of whether the electrode
separation is 1 cm or 8 cm. We find that the two-point measurement technique through
clinical ECoG electrodes is unable to accurately measure the the resistivity of saline phan-
tom, unlike the three-point technique, which suggests that two-point measurements using
bipolar, current controlled pulses in our arrays have resistance contributions from not just
the bulk material. The four-point method, resulting in a distribution of apparent resistivity
values, minimizes the effect of any particular choice of electrode for the reference electrode.
These results illustrate the applicability of different resistivity measurement techniques on
human brains through implanted electrodes and reveal the utility of simple analytic models

for understanding volume conduction.
3.16 Code and Data Availability

The code to recreate our analyses and extensive figures for all seven subjects, as well as
modeling analysis, is available from the following repository
https://github.com/davidjuliancaldwell /ElectrodeModeling.

The curated data is available publicly via a link in the github repository.
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Chapter 4

SIGNAL RECOVERY FROM STIMULATION ARTIFACTS IN
INTRACRANIAL RECORDINGS WITH DICTIONARY
LEARNING

Electrical stimulation of the human brain is commonly used for eliciting and inhibit-
ing neural activity for clinical diagnostics, modifying abnormal neural circuit function for
therapeutics, and interrogating cortical connectivity. However, recording electrical signals
with concurrent stimulation results in dominant electrical artifacts that mask the neural
signals of interest. Here we develop a method to reproducibly and robustly recover neural
activity during concurrent stimulation. We concentrate on signal recovery across an array
of electrodes without channel-wise fine-tuning of the algorithm, especially with trains of
stimulation pulses that have varying parameters. We have made all of our code and data
publicly available. We developed an algorithm that automatically detects templates of ar-
tifacts across many channels of recording, creating a dictionary of learned templates using
unsupervised clustering. The artifact template that best matches each individual artifact
pulse is subtracted to recover the underlying activity. To assess the success of our method,
we focus on whether it extracts physiologically interpretable signals from real recordings.
We demonstrate our signal recovery approach on invasive electrophysiologic recordings from
human subjects during stimulation. We show the recover of meaningful neural signatures in
both electrocorticographic (ECoG) arrays and deep brain stimulation (DBS) recordings. In
addition, we compared cortical responses induced by the stimulation of primary somatosen-
sory (S1) to natural peripheral touch, as well as motor cortex activity with and without

concurrent S1 stimulation. Our work will enable future advances in neural engineering with
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simultaneous stimulation and recording.

4.1 Introduction

Direct electrical stimulation of the brain is a powerful tool in both clinical and basic neu-
roscience; it is useful for probing neural circuitry [132, 177], modifying cortical connec-
tions [134,314], as well as providing direct feedback to brain regions [45,61,63]. Impor-
tantly, electrical stimulation has promise to advance the emerging field of neuroprosthetics.
However, the interpretation of neural activity during concurrent electrical stimulation is a
substantial challenge. The recorded stimulus artifact induced by electrical stimulation is of-
ten orders-of-magnitude greater than the neural signals of interest, confounding traditional
analytic techniques, such as time-frequency and time-series analyses [316]. Both hardware
and analytic approaches have been developed to minimize the impact of electrical artifacts
on neural recordings. Emerging front-end hardware solutions are promising [296, 316], but
they will likely continue to work in concert with further processing after signal acquisition.

There is a wealth of work in the literature developing computational methodology to
process recordings with concurrent electrical stimulation. These methods can be summa-
rized as taking one of five different approaches to manage the stimulation artifact: simple
interpolation, template subtraction, biophysical modeling of the artifact, frequency-based fil-
tering of the signal, and modal decomposition of the artifact from the signal. Fortunately,
an increasing number of these methods have been made available through toolboxes with
code and data for rapid dissemination and evaluation of the results [82,115]. Interpolation
and curve fitting through the artifact window is a simple but often effective approach for
short-duration artifacts, especially when the neural responses during these short artifacts are
not the focus of the study [110,282,285]. Beyond interpolation, a variety of methods have
instead subtracted an averaged template of the artifact window to estimate the underlying

signal [108,265]. Interestingly, these approaches have been extended for real-time closed-



99

loop stimulation in humans implanted with ECoG electrodes [308]. The template extraction
method has been extended with a variation using unsupervised manifold learning [10]. An
alternative approach is to make simplifying assumptions and construct biophysical models
of the interactions between the electrical stimulation and the tissue to isolate the neural
signals [275,288]. Nevertheless, it is challenging to balance adequate recovery of the neural

signal with complete artifact elimination in these time-domain subtraction methods.

The stimulation artifact can also be processed in the frequency domain. A variety of
filters have been developed to match the characteristics of the artifact, including band-stop
filters [126,266], a Hampel filter [11], and a recursive Wiener filter [194], to name a few. Even
with these advanced filtering methods, it remains difficult to isolate the neural signal when

the frequency spectra of the signal and the artifact are overlapping [163,201].

By leveraging correlations across multiple, simultaneously-recorded channels, much progress
has been made using modal decomposition techniques to separate the neural signals from
the artifacts. Commonly used methods have included independent component analysis
(ICA, [99,167]) and empirical mode decomposition (EMD, [9]). Another recent study has
modeled the spatial and temporal correlations among a large array of electrical recordings as
structured Gaussian processes [180]. Modal decomposition has also been used to generate ar-
tifact templates by sequential principal component regression (PCR), which are subsequently

subtracted from the recordings [212].

In this paper, we develop a data-driven method based upon dictionary learning to recover
neural signals from recordings with concurrent electrical stimulation. The method proposed
here is a type of template subtraction; our innovation lies in using unsupervised machine
learning to learn a dictionary of artifact templates. In particular, our method is designed to
perform well with ongoing trains of stimulation across many channels in human intracranial
recordings. Trains of stimulation are required to provide therapeutic benefit through modal-

ities such as DBS [192] and to serve as feedback in neuroprosthetic applications with DES
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of primary somatosensory cortex [63]. When many stimulation trains are used, pulses may
have varying stimulation parameters, the recorded waveforms may differ depending on the
sampling, and their proximity to each other may lead to ambiguity in separation from the
neural signals.

We demonstrate the performance of our method on several different human intracranial
experiments, including stimulation of S1 and DBS. For the S1 stimulations, we also compare
the neural responses across the array of recording electrodes for DES and natural haptic
touch. In addition, we show that our method extracts adjacent motor cortical activity with
concurrent S1 stimulation. Such signal extraction is important in the design and analysis of
future stimulation and protocols. We have made all of the code and data publicly available,
which will serve as a resource to accelerate future research in neural engineering with con-
current stimulation and recording. Our dataset includes five different subjects performing
five different tasks; we hope that these datasets may be used as common testbeds for others

who contribute further algorithmic developments.

4.1.1 Data Acquisition and Stimulation

Neural data were acquired at 1221, 12207 or 48828 Hz using a Tucker Davis Technolo-
gies (TDT) System 3 with the RZ5D and PZ5 Neurodigitizer (Tucker Davis Technologies,
Alachua, Florida, USA). We delivered stimulation through the TDT 1Z2H-16 stimulator and
LZ48-400 battery pack (Tucker Davis Technologies).

4.1.2  Haptic Touch Dataset

The neural data acquired for comparisons between stimulation of S1 and natural haptic touch
are from experiments previously described [45], in which subjects received S1 stimulation
and peripheral haptic touch to the same localized spot during a response timing task. We

used 200 Hz, biphasic(200 ps pulse width), bipolar, 2 mA constant current stimulation trains
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of 400 ms duration.

4.1.8  Non-uniform Train Dataset

The neural data acquired for the non-uniform train set were sampled at 12207 Hz. Stimula-
tion waveforms consisted of two, 3 mA pulses followed by 38, 1.5 mA pulses at 200 Hz, for

a total of 200 ms of bipolar, biphasic (200 ps pulse width) stimulation.

4.1.4 Button Press Dataset

The neural data acquired for extracting motor behavior with stimulation of sensory cortex
was acquired with a subject performing a self-paced motor button pressing task with and
without concurrent, random stimulation of S1. The subject was instructed to press the
button firmly and consistently, while an experimenter randomly stimulated S1 during the
activity. The subject was told not to respond differently based on the stimulation, and was
able to complete the button pressing task both with and without stimulation. We used 200
Hz, 200 us pulse width, biphasic, bipolar, 1.5 mA constant current stimulation trains of 200

ms duration.

4.1.5 DBS Dataset

The neural data acquired for the DBS set were acquired intraoperatively during DBS lead
placement, with stimulation and recording through the TDT system on a four-contact im-
planted Medtronic lead. Subjects received 15 epochs of 4 different stimulation amplitudes
(1.5, 2, 2.5, 3V, all of 500 ms duration) with 185 Hz, bipolar, monophasic (60 us pulse width)

constant voltage stimulation, for a total of 60 epochs.



102

4.1.6 Rubber Hand Illusion Dataset

The neural data to illustrate inadequate sampling for stimulation epoch processing were
sampled at 1221 Hz and were previously described in Collins et al. 2017 [61]. 100 Hz, 2.2

mA constant current, biphasic (200 us pulse width), bipolar stimulation was used.

4.2 Signal Recovery Algorithm

Our goal was to develop an algorithmic approach to recover neural signals recorded concur-
rently with electrical stimulation. We have designed our algorithm with a number of key
assumptions of the neural data. First, we assume that the data are acquired by recording
amplifiers that do not saturate during stimulation, are capable of oversampling, and are
synchronized between recording and stimulation devices. Second, we assume that the timing
of artifact windows may be extracted in all channels by the stimulation onset from a single
channel; this assumption draws on knowledge that volume conduction is much faster than
neural signal propagation. Our software includes options to recover stimulation pulse-evoked
potentials, and to dynamically detect the offset of stimuli pulses on a channel and pulse-wise
basis.

Figure 4.1 illustrates the overall algorithm; each step in the pipeline is elaborated in
the subsequent sections. Briefly, raw recorded data during stimulation epochs from many
channels are taken as input; these typically include trains of concurrent stimulation (Fig-
ure 4.1(a)). Individual pulses within each of these epochs are detected (Figures 4.1(b), 3)
and clustered using a density-based algorithm (HDBSCAN, or (hierarchical density-based
spatial clustering of applications with noise) [47]) to learn a dictionary of artifact templates.
Since this step is crucial for the success of our signal recovery, it is shown in more detail
in Figure 4.3. Next, each individual pulse is compared to this dictionary, and the closest
template (Figure 4.1(c)) is subtracted from the raw pulse. After subtraction, subsequent

analyses in the time and frequency domains may be performed on the recovered signals
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directly (Figure 4.1(d)).

4.2.1 Detection of Artifact Windows

We begin with e epochs of data that are each ¢ time snapshots by ¢ channels, so the size
of the input is (¢ x ¢ x €). Instead of relying on alignment to stimulation pulses, we detect
artifact windows by leveraging timing information on the channel with the largest electrical
artifact magnitude. To estimate artifact onset and offset, we use a Savitzky-Golay filter [245]
to reduce high frequency noise (3rd order, 7 samples, or 0.57 ms at 12207 Hz). We have
empirically found an absolute Z-score threshold of 1.5 to successfully detect the onset of the
artifacts, but this parameter can be modified by the user.

We then define a set window size (an example is below) around each single pulse and align
the start of these windows to extract pulses from all epochs (Figure 4.1(b) and Figure 4.3(a)).
For the data shown for the first data set (Figures 4.1-4.5), we used a time window of 0.8 ms
before the detected onset of stimulation. We subsequently used a Z-score threshold on both
the raw voltage and differentiated smoothed signal (75% cutoff) to select the end of each
stimulation pulse. This estimate was computed for each pulse, in each epoch, and in each
channel. An extra 1 ms was added after the end of each artifact to ensure that the entire
artifact had been adequately sampled. In this way, we transform the ¢ x ¢ X e input data to
be a cell of size (t, X ¢ X (e X p)), where ¢, is an index for the time window for each pulse on
each channel and p is the number of pulses. The smoothed signal is not used further in the
signal recovery pipeline.

To make these extracted individual pulses suitable for unsupervised clustering, we equal-
ized the pulse lengths by zero-padding the end of each pulse within a channel, so that they
are all the same length (Figure 4.3(a)). In order to normalize the onset baseline of the ar-
tifact window, a user defined number of samples is used to define a period over which an

average is calculated, and this average is subtracted from the entire pulse to normalize it. In
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Figure 4.1: Schematic overview of our method for signal recovery with stimulation artifacts.
(a) Raw stimulation signal epochs (time x channel x epoch) are recorded across an array of
electrodes, as shown on a cortical reconstruction of one patient. The two electrode locations
indicated by blue @& and & signs were the sites of the electrical stimulation. These are the
input for our algorithm. (b) Individual pulses are identified and extracted within each of these
stimulation epoch time periods across all the channels in the array. A small random subset
are visualized here. (c¢) An unsupervised hierarchical density-based clustering technique
(HDBSCAN) is used to cluster the individual pulses. Each pulse is colored by the artifact
template to which it clustered. (d) Signals are recovered by subtraction of the closest artifact
template for each pulse. Subsequent analyses can then be performed directly on the output

signals, which are the same size as the input data.
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this work, we have used the first 3 samples of the artifact window, as this is empirically what
has worked well with our data sets, but longer time periods, as well as mean of each window
could be used. These onset times, offset times, percentage thresholds, and normalization
duration are all parameters in the algorithm and are tunable by the user to the particular

nuances of their data.

4.2.2  Comparison to Recovery by Alternative Methods

Once each stimulus pulse has been isolated, the next step aims to reduce the artifact present
within this window. The electrical artifact is typically many orders-of-magnitude larger in
amplitude than the underlying neural signals (Figure 4.2(a)), making this task particularly
challenging. Additionally, the effect of the artifact extends into frequencies other than just
the stimulation frequency and its harmonics.

One strategy is an interpolation scheme that ignores the artifact itself, filling in the data
between the endpoints of the stimulus artifact. As noted, variants of these have been used
for electrophysiologic recordings with concurrent stimulation. Figure 4.2(c) shows the results
of a shape-preserving piece-wise cubic interpolation scheme using data points adjacent to the
stimulus artifact. Code to perform this interpolation is provided in our repository. While
the recovered signal in the time domain is continuous and in the right order-of-magnitude in
voltage, Figure 4.2(c) shows that the interpolation scheme has introduced large, undesirable
signals in the frequency domain.

Another common approach is low pass filtering, which as shown in Figure 4.2(d,e) overly
smooths the time-domain signal and either eliminates neural signal in the time-frequency
domain (Figure 4.2(d), or fails to remove the stimulation artifact (Figure 4.2(e)). Although
the time-series signal may look smooth, the normalization to baseline time periods without
artifact, as commonly done in neural analyses, still introduces spectral artifacts.

Another approach is ICA. Here, an ICA implementation which selectively removed ICA
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Figure 4.2: Comparisons between artifact rejection with our dictionary learning method and
alternative methods as illustrated with a single channel. (a) A raw stimulation epoch, from
concurrent stimulation and recording. The broad spectral nature of these artifact reveals
significant overlap between spectral features of interest and the stimulation frequency. (b)
Signal recovery by our method has leveraged the data to account for variable artifacts in the
raw voltage and timing across different channels. Our approach captures both time-series
and time-frequency information well. (c) Piece-wise cubic spline interpolation locally reduces
the time-domain artifact, but the time-frequency plot illustrates how large, undesirable sig-
nals have been introduced, highlighting how similar time-series traces can have significantly
different spectral content. (d) Low pass filtering at 25 Hz with a 4th order acausal but-
terworth filter eliminates the high frequency artifact at 200 Hz, but flattens the time-series
signal and eliminates the 100 Hz activity recovered in panel (b). (e) Low pass filtering at
100 Hz fails to eliminate the high frequency artifact at 200 Hz, and flattens the time-series
signal. (f) An ICA derived method that selectively removes components with a dominant
200 Hz spectral component removes the 200 Hz artifact, but also attenuates the time-varying
spectral information in panel (b). (g) The same ICA derived method results in incomplete

sienal separation on other channels within the array. leaving larce residual artifacts.
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components with a 200 Hz spectral peak was used to attempt to eliminate the stimulus arti-
facts. This resulted in reasonable performance in the time-frequency domain (Figure 4.2(f))
for the same channel as panels (a—f), but there were residual artifacts present in the time-
series signal. Most importantly, other channels (Figure 4.2(g)) had large residual artifacts.
This points to the difficulty in blind source separation using ICA even with domain-specific
optimization for signals that have artifact components orders-of-magnitude greater than the

neural signals of interest, that are not consistent in shape across channels.

4.2.3 Dictionary Learning with Unsupervised Clustering to Fxtract Artifact Templates

Electrical artifacts recorded at each pulse on each channel have different waveforms. Con-
sequently, the mean artifact waveform is a poor representation of individual artifacts. Dif-
ferences in artifact morphology arise from a few different sources, including slight temporal
offsets due to windowing, fine differences in timing of sampling, different stimulation param-
eters during and across epochs, as well as varying factors at each electrode-tissue interface.
Nevertheless, there are stereotypes of artifact waveforms, and here we have implemented
a data-driven strategy for learning these templates. In particular, we created a dictionary
of artifact waveforms from all pulses and all epochs of each channel using unsupervised
clustering.

Our algorithm uses a modified HDBSCAN algorithm for clustering [47], which is in
turn a variant of the classic DBSCAN algorithm [84]. We use a MATLAB implementation
of HDBSCAN openly distributed on GitHub [262]. This algorithm discovers dense regions
(clusters) within a noisy dataset; the algorithm determines the number of clusters that
explain the data, given three key parameters that must be chosen by the user. The first
parameter is the minimum cluster size n, which is to say, the minimum number of data
points considered a cluster. The second parameter is the number of neighbors k used in the

density computation; increasing this parameter restricts clusters to increasingly dense areas.
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Figure 4.3: Clustering, dictionary learning, and template matching. (a) The input to cluster-
ing is a matrix of mean-subtracted raw voltages following artifact onset and offset detection,
shown here as a heatmap for a small subset of trials. The sampling rate for this data is 12207
Hz. (b) Example voltages at two time features used for clustering, which are input into an
HDBSCAN clustering algorithm. (c) The voltage data sorted by matched templates, color
coded to match the clusters in panel (b). (d) The four extracted artifact template clusters

for the raw traces in panel (a).
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The third parameter is the outlier score threshold 6 = [0, 1], above which an observation is
considered to be noise. In our haptic touch, variable stimulus amplitude, and DBS datasets,
we specified n = 2, k = 3, and # = 0.9. For our button press dataset, we used n = 15,
k =10, and 6 = 0.95.

All the pulses for each channel are clustered together. Figure 4.3(a) illustrates the input
data matrix for the clustering; 12 features were used in the clustering, taken as 6 samples (0.5
ms) on either side of the time at which the maximum absolute value voltage occurred. The
number of features is able to be defined by the user depending on how many informative data
points are contained within a given artifact pulse. This number of features is independent
of the window length, and allows for selection of the maximally separable number of points
by the user for any arbitrary window length. We chose this part of the artifact to manage
the dimensionality of the clustering task, focusing on the time-point features that are most
informative about the separability of stimulus artifacts. Two of these time-point features
are shown in as axes in Figure 4.3(b), which shows the clustering of artifacts into 4 distinct

regions in this example.

4.2.4  Signal Recovery by Template Matching and Artifact Subtraction

The mean waveform of every cluster form the dictionary of artifact templates (Figure 4.3(c)
and (d)). The correlation of each individual pulse in the signal with each of the templates
in the dictionary is calculated, and the maximally correlated template is chosen. We use
correlation to minimize the impact of scaling and normalization in our template selection.
Once the best template has been selected, it is subsequently scaled by ratio of the template’s
range to the individual pulse’s range. This is to adjust for slight changes in stimulation
pulse amplitude across pulses. Finally, the scaled template is linearly subtracted from the
time window for that pulse to recover the neural signal (Figure 4.3(c,d)). We also implement

for comparison an average within epoch template subtraction scheme, as well as an average
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across all stimulation pulses for each channel (data not shown). Under simple cases, these
methods may perform as well as the more complex method detailed above, but for varying
amplitude waveforms, large exponential recovery components of the signal, and stimulation
pulses with different sampling times, our more advanced method outperforms these other

approaches (Figure 4.7,4.8).

4.2.5 Post-processing and Visualization

Following signal recovery, we performed averaging of the epochs to obtain the average time-
series visualized in this paper. For Figure 4.6, we performed common average rereferencing
against the non-stimulation channels to remove common noise. On each epoch, we use non-
analytic Morlet wavelets [41,290] to calculate amplitude in time and frequency bins. We
used 10 ms bins as our time resolution for the wavelet processing. We visualized the 5-300
Hz region to avoid including lower frequencies where edge effects from the wavelet processing
may exist, and to focus on signals such as broadband gamma [188]. We considered broadband
gamma to be an aggregate of local neuronal activity and to be more easily separated from
lower frequency oscillations above 50 Hz. The time-frequency plots for the haptic touch
datasets were Z-scored relative to a baseline period from 800 ms to 5 ms before stimulation
or before touch onset within each frequency band. In the button press datasets, the plots
were normalized relative to the trial for -900 ms before button press to 900 ms after button

press, as there was no consistent baseline period before each trial.

4.3 Results

Our unsupervised clustering approach to learning artifact templates is reproducible and ro-
bust, recovering underlying neural signals recorded concurrently with electrical stimulation.
We demonstrate that the signals recovered in a variety of different human intracranial record-

ing datasets are interpretable and physiologically valid. Importantly, our method preserves
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Figure 4.4: Details of the raw and recovered time-series signals. (a) The raw (black) and
recovered (orange) time-series data for one epoch, with gray windows indicating the artifact
windows. The channel highlighted is channel 28 in Figures. B.1-B.2. The blue bar indicates
the period of time shown as zoomed in time in panel (b). (b) Zoomed-in region of panel (a),
highlighting the onset and offset for each individual artifact, and the recovered signal. (c)
and (d) Corresponding raw and recovered signals at a smaller voltage scale for panel (b),
highlighting the preservation of signal outside of the artifact window. Signal recovery within

the artifact window has no obvious discontinuities.

time-points outside the stimulation epochs from further processing, which mitigate any ad-
verse effects of the signal recovering algorithm on data without artifacts. Figure 4.4 compares
the raw and recovered signals for one stimulation train epoch of one channel from an array
of intracranial recordings; results from the rest of the channels for this subject and a second

subject are shown in Figures. B.1-B.2.
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4.3.1 Comparison between Direct Electrical Stimulation of S1 and Natural Haptic Touch

To demonstrate that the recovered neural activity is physiologically meaningful and valid, we
highlight results comparing neural recordings from direct electrical stimulation of S1 to those
from peripheral haptic touch. As illustrated in Figure 4.5(d), the haptic touch was localized
to the same region where the stimulation sensation was localized. Figure 4.5(a) and (e) show
the raw signals recorded on the same channel, one adjacent to the stimulation electrode,
where the 200 Hz stimulation train dominates the recording. Despite these large-amplitude
stimulation train artifacts present in the raw signal, we observe that the overall structure
of the neural response in the time domain of the recovery signal (Figure 4.5(b)) closely re-
sembles the raw signal from the haptic touch (Figure 4.5(¢)). Crucially, the S1 stimulation
and natural haptic touch signals show strong similarities in the time-frequency domain (Fig-
ure 4.5(c) and (f)). In addition, there is no evidence of aliasing in the spectrogram at the

stimulation frequency band (200 Hz).

4.83.2  Comparison between Motor Activity with and without DES of S1

In a related experiment, we analyzed neural responses at an electrode that showed motor
activity during a self-paced button pressing task; we compared epochs with and without
concurrent stimulation of the ipsilateral hand S1 cortex. In Figure 4.6, the data were aligned
and averaged using the timing of the self-paced button presses. We observed a striking
overlap in both the time-series and time-frequency domain between epochs with and without
stimulation, as well as no evidence of residual power in the stimulation frequency band of
200 Hz. The size of the artifacts in the averaged signal before processing is smaller than
in Figure 4.5 because the epochs here are aligned not on stimulation onset, but rather on

button press, resulting in the stimulation pulses being averaged out across trials.
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Figure 4.5: Signal recovery shows meaningful neural activity after artifact subtraction in a
comparison of electrical stimulation with peripheral haptic touch. We compared responses
at an electrode (yellow circle) that showed robust responses to both haptic and direct S1
stimulation. The site of the touch was matched to where the stimulation sensation was
localized, as illustrated in (d). (a) The raw time-series trace, averaged over all stimulation
epochs, aligned on stimulation train onset at time t = 0 ms, showing prominent stimulation
artifacts (a train of pulses at 200 Hz applied for 400 ms). (b) The average of the recovered
signal. (c) The time-frequency plot of the signal in panel (b). (d) The experimental paradigm.
(e) and (f) The mean time-series and time-frequency plots of the haptic touch experiment

aligned on touch onset, which occurs at time t = 0 ms.
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Figure 4.6: Signal recovered during a self-paced button pressing task with and without
concurrent stimulation are comparable. We analyzed responses at one electrode (yellow
circle in panel (d)) in motor cortex. (a) Raw time-series trace during S1 stimulation (200
Hz trains at turquoise electrodes in (d)), aligned to time of button presses. (b) and (c)
The recovered signal, shown as time-series and time-frequency plots. (d) The experimental
paradigm, where the subject perform a self-timed button pressing task and received electrical
stimulation in S1 of the same hand on some of the trials. (e) and (f) The time-series and

time-frequency plots of the stimulation-free conditions.
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4.3.83  Recovery with Non-uniform Stimulation Trains

A key feature of our algorithm is its ability to adapt to time-varying stimulation pulse
amplitudes (Figure 4.7). In this scenario, an approach where the template is computed as
an average within stimulation epoch would fail. Non-uniform stimulation trains are useful
because neural activity is frequently non-uniform in amplitude over time. For instance, object
contact onset and offset is coded by neurons in S1 primarily through the highest firing rate
during touch onset and offset, and decrease their firing during the maintenance of touch [216].
Therefore, stimulation with trains that mimic the natural firing patterns of neurons may be
more effective for neuroprosthetic applications to encode contact with an object [268]. When
using a non-uniform stimulation train, we are able to recover rapid evoked potentials after
the onset of each stimulation pulse which occur within 2 ms of the stimulus, which would
be missed if the artifact windows were not carefully selected (Figure 4.7(c,d)). In addition,
the time-frequency representation of the processed signal appears to have an artifact in the
frequency band of stimulation (200 Hz), but we believe this to be a real response driven by
the rapid onset evoked potentials triggered from the 200 Hz stimulation (Figure 4.7(b)). We
emphasize that we have used one set of parameters for all of the channels within this ECoG
array and have been able to achieve good results across the array without detailed fine tuning

(Figures B.3-B.4 show the time-series and time-frequency responses for the entire array).

4.8.4  Eztraction of Farly-Fvoked Potentials in DBS Recordings and Concurrent ECoG

Recordings with DBS stimulation

In some stimulation paradigms, signals are known to exhibit long exponential recovery to
baseline. We isolated early, rapid evoked potentials in deep brain stimulation (DBS) elec-
trodes with concurrent stimulation (Figure 4.8(a)), where Figure 4.8(b),(d) show the re-
covered evoked potentials. In addition, using the same parameters for an ECoG strip con-

currently recording results in good performance in acquiring the resultant surface cortical
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Figure 4.7: Recovery of signals from non-uniform stimulation trains and recovery of rapid
evoked potentials. (a) Overlaid raw and processed signal for channel 15 in Figures B.3-B.4,
highlighting initial two high amplitude pulses, followed by a train of lower amplitude pulses.
Average epoched template subtraction would fail to recover the correct signal here. (b) Time-
frequency plot of the recovered signal, highlighting the representation of the reproducible
rapid evoked potentials in the time-frequency domain. The units are normalized Z-Score
power as in other figures. (c) Zoomed-in raw signal highlighting rapid evoked potentials
following each stimulation pulse. (d) Recovered signal highlighting the preservation of these

early evoked potentials.
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activity (Figure 4.8(f)).

4.8.5 Limitation of the Algorithm

Despite meaningful signal recovery in a number of circumstances, there are conditions under
which the algorithms presented here are unable to recover the neural signal. One example
of this failure is show in Figure 4.9, which shows a dataset acquired at a lower sampling rate
(1221 Hz) and previously described in [61]. In particular, when the stimulation waveforms
are not well resolved, such as when the signal is under-sampled, our algorithm performs
poorly in discovering clusters and artifact templates (Figure 4.9(a)). Since the template
learning procedure failed, our method was unsuccessful in recovering the neural signals (Fig-
ure 4.9(e)). We define unsuccessful signal recovery here as residual artifacts on the scale of
the original signal, as well as no additional insight to the underlying neural activity (Fig-

ure 4.9(e)).

4.4 Discussion

Analyzing signals acquired with concurrent exogenous stimulation and recording is compli-
cated, in large part because both the physics of direct electrical stimulation and subsequent
neural responses are not well understood [33]. Therefore, there is no true ground truth
on which to train and evaluate signal recovery algorithms. Previous work have made use
of synthetic datasets to validate signal recovery. While simulations offer the advantage of
knowing precisely what ought to be recovered, synthetic data do not accurately recapitulate
key features of real data [308]. Artifacts can be different across individual channels and over
time during the recordings, and may not be fully described by simple analytic models. For
instance, past work have assumed constant voltage stimulation, where in our experiments we
use constant current stimulation [275]. Beyond a simple RC circuit for the electrode-tissue

interface, there are additional considerations from Faradaic and non-Faradaic reactions [181].



118

(a) DBS Monopolar (c) DBS Raw Signal (e) ECoG Raw Signal
Stimulation

= e il "*ld
A

< 041 < \
I z
DBS Probe R o 0 \N
g M g \u
ke o
> -0.1 >
(00000000 ) /
0.2 -0.05
ECoG Strip 0 20 40 0 20 40
(b) (d) Recovered Signal (f) Recovered Signal
l 0.2 0.05
100
> < 0.1 S
£ E E
% 0 2 0 ° 9
= g g
<>3 Artifact Windows g 01 <>3
-100 Raw Signal )
Recovered Signal
-0.2 -0.05
0 20 40 0 20 40 0 20 40
Time (ms) Time (ms) Time (ms)

Figure 4.8: Recovery of early evoked potentials on DBS electrodes. (a) Bipolar, monophasic
stimulation through DBS electrodes, with concurrent recording on the other channels. The
example DBS and ECoG recordings are show by the purple rectangle and blue circle. (b)
Raw and recovered example epoch, with the artifact windows highlighted. (c¢) Raw average
signal on a DBS channel within the same probe as the stimulation electrodes. (d) Recovered
average signal after template matching on the corresponding signal shown in (c), illustrating
an early evoked potential. (e) Raw average signal on ECoG electrode during stimulation

through the DBS electrode. (f) Recovered signal corresponding to (e).
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Figure 4.9: An illustration of failure to recover signal where the S1 stimulation data had
been acquired at a lower sampling rate (1221 Hz) [61]. Partly due to the lower sampling
rate, there were a number of failure modes. (a) The density-based clustering method did
not produce distinct clusters (compare to Figure 4.3). Gray points represent individual
trials which were classified as outliers and were not part of a cluster. (b) The template
selected was not an ideal match and was imperfectly scaled. (c¢) The wrong template was
selected. (d) The end of the template was not accurately calculated. (e) The result of these
mismatches was unsuccessful separation of neural signal from the stimulation artifacts. We
define unsuccessful signal recovery here as residual artifacts on the scale of the original signal,

as well as no additional insight to the underlying neural activity.
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Therefore, we highlight here examples with meaningful recovery of biologically inter-
pretable signals as the goal. In Figure 4.6, we recovered patterns of decreases in low frequency
power followed by increases in high frequency power. This pattern of cortical responses dur-
ing over motor control is a well established phenomenon, having been observed throughout
the systems electrophysiological literature [187], and the cyclic nature of the pattern ob-
served is illustrative of the rapid, self timed nature of the task for this subject. Similarly,
the overlap in the time-series and time-frequency plots in Figure 4.5 supports that we have

extracted biologically grounded signals from our stimulation case.

Signals that are similar in the time domain may be quite different in the frequency do-
main (Figure 4.2). This discrepancy points to the importance of examination of the data
in both the time and frequency domains following processing. Simple filtering approaches
can either overly attenuate the frequency components of interest (Figure 4.2(d)) or fail to
eliminate artifact components in the frequency domain (Figure 4.2(e)). Modal decompo-
sition techniques, such as our ICA implementation in Figure 4.2(f,g), can exhibit superior
performance to interpolation and filtering approaches, but it is difficult to ensure satisfactory

performance across the entire array of electrodes (Figure 4.2(g)).

In our time-frequency plots (Figures B.2, B.4), we do not see aliased power at frequencies
lower than the stimulation frequency, which is a potential issue with template approaches on
epoched data without sufficient oversampling and artifact removal [163]. The extent of our
oversampling is visible in Figure 4.1, where the maximum and minimum values for each of the
stimuli within a stimulation epoch do not vary greatly. We acknowledge that our approach
is not appropriate for all instances of human electrophysiologic data. In our experience, 200
Hz stimulation trains with pulse widths of 200 us, sampled at 1221 Hz (Figure 4.9) were too

under-sampled for use with our algorithm.

There has been much progress in the past decades with other template subtraction ap-

proaches [108], and the methods described here are an extension of these ideas. Our algorithm
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leverages information across many channels at once, on a pulse-wise, channel-wise basis, by
determining the likely window of the artifacts, and by clustering templates even in the pres-
ence of noisy outlier trials. The results shown in Figure 4.4 may be captured by a simpler
approach where templates are computed as means within each epoch. However, in the case
of more complex waveforms with varying parameters within a stimulation train (Figure 4.7),
an average template during a train would be unsuccessful in recovering the underlying neural
signal. Even so, our use of unsupervised clustering for template learning inherits some of
the limitations of density-based methods [8]. Specifically, artifacts with many points require
clustering in higher dimensions, which is both less computationally efficient and requires

more densely sampled data.

The code provided includes default parameters that perform reasonably well for the in-
cluded datasets. A key point is that all channels within a given dataset were processed
with the same parameters. Better performance could be achieved with tuning of param-
eters for different channels. Without adequate oversampling, alternative approaches using
upsampling [265] may be appropriate, or in a worst case, interpolation could be performed to
estimate the time course of lower frequency signals. Where residual low frequency aliasing oc-
curs, a Hampel filter, which has been successfully used for concurrent DBS/EEG stimulation

and recording, could be used [163].

The analysis of electrical recordings with concurrent stimulation may benefit from future
developments driven by modern methods in simulation and machine learning. A combination
of model-based and data driven approaches would help construct a more principled set of
templates to separate neural activity from electrical artifacts. Deep learning, which has
begun to find applications in signal processing [312] and ECoG processing [291], could also

benefit the artifact processing community if enough training data were available.
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4.5 Conclusions

Electrical stimulation applied concurrently with recording results in signals that contain both
neural activity and electrical artifacts. Here we developed a novel algorithm that automat-
ically detects electrical artifacts across many channels of recording, constructs a dictionary
of learned templates using unsupervised clustering, and performs pattern matching to best
extract the underlying neural activity. Rather than evaluate our method on synthetic data,
we demonstrated the efficacy of our approach on real human stimulation data in both ECoG
arrays and DBS recordings. Further, we showed that the signals recovered have physiolog-
ically meaningful neural signatures in two datasets, providing good ecological validity for
our method. In the first dataset, we showed that responses to stimulation of S1 and natural
peripheral touch elicited similar responses. In the second, we showed that motor cortex
activity in a button pressing task was similar with and without S1 stimulation. All of the

code we developed and data sets we used have been made openly and publicly available.

4.6 Code and Data Availability

Full MATLAB code and a link to the data is available at https://github.com/davidjuliancaldwell/artifactRe
We hope these datasets may serve as benchmark datasets for future algorithm develop-

ment and testing.

4.7 Related Publications and Presentations

Caldwell DJ, Cronin JA, Rao RPN, Collins KL, Weaver KE, Ko AL, Ojemann JG, Kutz
JN, Brunton BW, “Signal recovery from stimulation artifacts in intracranial recordings with

dictionary learning”, Journal of Neural Engineering, in-preparation, 2019

Caldwell DJ, “Understanding the Neural Response to Direct Cortical Stimulation”, UW
Data Science Summit, April 2018



123

Caldwell DJ, “Engineering direct cortical stimulation in humans”, UW Neural Computation

and Engineering Connection, January 2018



124

Chapter 5

DIRECT STIMULATION OF SOMATOSENSORY CORTEX
RESULTS IN SLOWER REACTION TIMES COMPARED TO
PERIPHERAL TOUCH IN HUMANS

DES of S1 could help restore sensation and provide task-relevant feedback in a neuropros-
thesis. However, the psychophysics of S1 DES is poorly studied, including any comparison
to cutaneous haptic stimulation. We compare the response times to DES of human hand so-
matosensory cortex through electrocorticographic grids with response times to haptic stimuli
delivered to the hand in four subjects. We found that subjects respond significantly slower
to S1 DES than to natural, haptic stimuli for a range of DES train duration. Median re-
sponse times for haptic stimulation varied from 198ms to 313ms, while median responses to
reliably perceived DES ranged from 254ms for one subject, all the way to 528ms for another.
We discern no significant impact of learning or habituation through the analysis of blocked
trials, and find no significant impact of cortical stimulation train duration on response times.
Our results provide a realistic set of expectations for latencies with somatosensory DES feed-
back for future neuroprosthetic applications and motivate the study of neural mechanisms

underlying human perception of somatosensation via DES.

5.1 Introduction

While prior work suggests that the integration of somatosensory feedback into a BCI is
possible and enhances performance relative to a task without somatosensory feedback, the
comparison of human S1 DES to haptic stimulation has not been well explored. Specifically,

given that S1 DES completely circumvents ascending dorsal column pathways, how human
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subjects’ response times to DES differ from response times to natural haptic stimulation
has not been examined. This is an important consideration for effective BCI development
aiming to integrate cortical stimulation as a method of sensory feedback as response latency

invariably constrains feedback loop architecture.

We asked four subjects to press a button as soon as they perceived either a cutaneous
haptic touch to the hand or a percept from S1 DES via ECoG grids covering the surface of
the hand somatosensory cortex (see Figure 5.1 for general overview, Figure 5.2 for subject
specific experimental progression). We initially hypothesized that direct cortical stimulation,
by bypassing the ascending peripheral circuitry, would result in faster reaction times than
peripheral haptic stimulation. We additionally hypothesized that subjects would become
faster over multiple blocks of DES as they learned to interpret the signal, and that subjects’
response times to DES would decrease with longer, sustained train durations relative to

shorter trains with a constant stimulation current amplitude.

Remarkably, all four subjects were significantly slower to respond to the S1 DES than to
haptic touch. Additionally, with our two blocks of testing we saw no significant differences
between trial types and blocks, suggesting that on a short time scale, appreciable learning
was not occurring. In three subjects we tested the train duration hypothesis and found that
train lengths as short as 100 ms and up to 800 ms did not significantly affect the response
times to the cortical stimulation. We performed off-target testing to serve as a control for the
possibility that subjects were responding to stimulation that was applied anywhere in the
cortex, rather than directly in somatosensory cortex. This reinforces our testing of electrical
stimulation and subsequent activation of primary somatosensory cortex compared to natural
ascending peripheral pathways activated through touch, converging on S1. We also included
null trials without any stimuli to control for subject suggestibility and response anticipation.
Our results shed new light on human perceptual processing of S1 DES and may direct

future studies regarding the application and mechanisms of DES for both basic neuroscience
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Figure 5.1: Response timing experimental protocol. a) Here, we test the impact on behavioral
performance for native cortical input (haptic touch) compared to artificial feedback (bipolar
direct cortical stimulation of primary somatosensory cortex via ECoG electrodes). (b-c)
Schematic overview of experimental paradigm. b) DES to S1 hand cortex results in a sensory
percept over a specific, consistent location on the hand. ¢) An experimenter uses a digital
touch probe to provide haptic feedback to the same hand location. The subject then responds
in both cases as soon as he or she feels sensation in the hand region, using a button held in

the opposite hand to perceived sensation.
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Figure 5.2: Response timing experimental progression by subject. Each column represents
the experimental progression for our four subjects from top to bottom. In all subjects, we
localized electrodes which elicited a reliable percept on the hand upon stimulation. We then
found a threshold level of stimulation where sensations were elicited, and used stimulation
currents above this to ensure reliable perception with 200 ms trains. Subjects 2 and 4 both
performed a two-alternative forced choice task of discriminating between one and two trains
to confirm our test amplitudes were suprathreshold. Subject 2 then performed an intensity
matching experiment in which we identified stimulation levels that elicited approximately
the same strength of response as the haptic touch provided by the experimenter. All sub-
jects completed experimental trials after we established the suprathreshold current to use.
Subjects 2-4 all had two blocks consisting of 100, 200, 400, and 800 ms trains, interleaved
with 20 off-target and 10 null trials, followed by 20 haptic stimuli trials interleaved with 10

null trials.
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research and neural engineering applications.

5.2 DMethods

5.2.1 Subjects

Individual patient demographics (n=4), including side of electrode implantation and subject
handedness, can be found in Table 5.2, with their corresponding cortical reconstructions and
DES electrode positions shown in Figure 5.3. Epileptic foci are also identified in Table 5.2, to
illustrate that we expected neurotypical somatosensory cortical processing for our reaction

time task.

5.2.2  Stimulation waveform and hardware

DES trains consisted of 200 Hz biphasic pulses with 200 us per phase, as such DES trains

were previously found to elicit percepts during S1 stimulation [63].

5.2.3 Cortical stimulation

Subjects’ perceptual thresholds for DES were determined by incrementally increasing the
current amplitude of a 200 ms DES train in steps of 250 A from a starting amplitude of 500
1A (Subjects 1 and 2), 1000 A (Subject 3), or 200 A (Subject 4) until the subject could
perceive the stimulation as indicated by verbal report (Figure 5.2). In two subjects (Subjects
2 and 3), the first pair of DES electrodes that we tried did not elicit a consistent perceptual
experience, so we tried a different pair of electrodes and again found the perceptual threshold
(Figure 5.2). Due to experimental time constraints, we only comprehensively tested one pair
of stimulation electrodes. During our screening tests we swept through different electrode
pairs to choose the pair and stimulation polarity that most reliably produced recognizable

percepts localized to the hand. Once we found this pair of electrodes for a given polarity, we
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conducted all remaining experiments for the day with that bipolar configuration to maximize
the number of trials we were able to acquire.

We first determined subjects’ stimulation electrodes and perceptual current thresholds as
described above, and then used a suprathreshold current amplitude during the experiment
for all DES conditions (Table 5.2). To ascertain a suprathreshold stimulation current am-
plitude, we required two subjects (Subjects 2 and 4) to correctly identify, in ten sequential
two-alternative forced choice (2AFC) trials, whether one or two 200 ms DES trains with
a suprathreshold current amplitude were delivered before proceeding from the perceptual
thresholding to the response timing experiment (Figure 5.2)). This demonstrated that the
subjects could reliably perceive the 200 ms DES trains at that current amplitude. For the
other subjects (Subjects 1 and 3), we achieved reliable discernment of stimulation with a
suprathreshold amplitude (250-500 pA above their perceptual threshold) and proceeded with
the response timing experiment without conducting the ten sequential 2AFC trials due to
time limitations.

For Subject 2, after successfully completing the ten 2AFC trials, we attempted to match
perceived intensity between the haptic feedback condition and the 200 ms DES train con-
dition by increasing the DES current amplitude until the subject felt that the two stimuli
were of qualitatively equal strength (Figure 5.2). We did not attempt intensity matching
in Subjects 1 or 4 due to time constraints and patient fatigue. In Subject 3, we did not
attempt intensity matching because DES elicited relatively weak percepts and raising the
current amplitude high enough to match its perceived intensity to that of the haptic stimuli

would increase the risk of afterdischarges.

5.2.4  Haptic Stimulation

We applied haptic feedback with digital touch probes (Karolinska Institute) that time stamped

the deflection, and touched the cutaneous region where subjects localized the DES percepts
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(Figures 5.1, 5.2). An audio signal presented to the researcher via headphones but which was
inaudible to the subject, cued the experimenter to apply the haptic feedback. We used the
digital touch probes previously [61] in conjunction with cortical stimulation, and at the time
of manufacturing they were calculated to have a touch onset with an average delay of 1.04 +
0.48 ms (mean + standard deviation). To account for experimenter variability, and possible
hardware changes over time, we measured them again and found them to have a touch onset
with a delay of mean 5.24 + 3.26 ms (mean £ standard deviation) and median 6.45 ms
relative to an electrical short circuit (Appendix, Figures C.1, C.1). The small difference in
registered touch onset, if added onto the digital touch probe latencies, does not change our

significant effects in total (Appendix, Table C.1).

5.2.5 Fxperimental protocol

After determining DES current amplitudes, we completed one (for Subject 1) or two (for
Subjects 2-4) blocks of response timing trials, each separated into a DES set and a haptic
stimulation set (Figure 5.2). During the DES set we delivered DES train lengths of 200
ms for Subject 1, and train lengths of 100, 200, 400 and 800 ms in the subsequent three
subjects (Subjects 2-4). Intertrial intervals of both DES and haptic feedback were jittered
(ranging from 2.5 to 3.5 seconds) to minimize anticipatory effects or rhythmic perception
by the subjects. We broke up the DES and haptic stimulation conditions into separate
sets to allow subjects to anticipate and focus on one method of stimulation at a time. We
reasoned that interleaving haptic and cortical stimulation within one block would result in
a greater degree of uncertainty and error due to perceptual differences between modalities,
rather than allowing a comparison between conditions where the subject was acclimated to
either stimulation type.

All subjects were instructed to respond as quickly as possible by pressing a button held in

their hand contralateral to sensation when they perceived the DES or haptic sensation. The
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first subject was instructed not to look at the stimulated hand, while the subsequent three

subjects (Subjects 2-4) were blindfolded to reduce potential confounds of visual distraction.

5.2.6  Off-target control stimulation

As a control, we also delivered off-target stimulation to a region outside of S1 during the DES
experimental set. This was to ensure that the responses were specific to DES of S1, rather
than a response to general, non-targeted DES. For the off-target stimulation electrodes,
we chose two electrodes that would be safe for bipolar stimulation based on prior clinical
mapping and knowledge of the subjects’ epileptic foci. We used a 200 ms DES train length
and the same suprathreshold current amplitude for off-target stimulation as we used for S1
stimulation. As detailed below and in Figure 5.2, Subject 1 completed a third set after the
DES and haptic sets with this off-target control stimulation. For Subjects 2-4, we interleaved
off-target stimulation with the on-target, S1 stimulation during the DES sets.

5.2.7  Subject 1 trial progression

In Subject 1 during the DES set, we delivered 86 trials of 200 ms trains of stimuli with 17
trials of null stimuli (i.e., no stimulation as a control) interleaved in a random order. In
the haptic set, we delivered 103 trials of haptic touch, again with 17 interleaved null trials.

During the third and final set, we delivered 20 trials of off-target stimulation, interleaved

with 6 null trials (Figure 5.2).

5.2.8  Subjects 2-4 trial progression

For Subjects 2-4, we first delivered a DES stimulation set based on stimuli timing and
conditions from a pre-generated file that randomly interleaved 20 trials each of 100, 200,
400, and 800 ms train-length S1 DES trials with 10 null trials and 20 off-target DES trials,
for a total of 80 S1 DES trials and 30 control trials. Next during the haptic set, we provided
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20 trials of haptic stimulation through the digital touch probes, with 10 null control trials
randomly interleaved. After a brief rest period (5-10 minutes), we proceeded to a second

block of cortical and haptic stimulation sets (Figure 5.2).

5.2.9 Data analysis

We performed all data post processing and analysis in MATLAB and Python with custom
scripts. To calculate the response times in the DES conditions we took the temporal difference
between the onset of the stimulation train and the subject’s button press, while for response
times in the haptic feedback condition, we calculated the difference between the registered
timing of the deflection of the digital touch probe and the subject’s button press. We
identified and excluded outliers as trials with reaction times slower than 1 second and faster
than 150 ms from further analysis, as faster responses are unlikely for untrained human
subjects [152], and slower ones more likely represented a decrease in attention to the task
rather than a true response time Additionally, we did not consider trials where either the
button did not respond appropriately to the subject’s press, or the digital touch probe did
not register deflection. Table C.1 includes how many trials were analyzed for each subject
and condition.

Anderson-Darling tests for normality confirmed that the data was not consistently well
described by a normal distribution, therefore we proceeded with non-parametric testing.
We corrected for multiple comparisons by dividing an alpha value of 0.05 by the number
of conditions tested within each subject. Specifically, both conditions for Subject 1 were
not normally distributed (p = 2.725e-4 and 1.888e-8 for haptic and 200 ms DES conditions,
respectively). For Subject 2 the 100 ms DES, 800 ms DES, and haptic conditions were not
normally distributed (p = 9.631e-5, 0.0096, and 1.399e-16, respectively), while the 200 and
400 ms DES condition failed to reject the null hypothesis of being normally distributed (p =
0.046, 0.194, respectively). For Subject 3 the 800 ms DES and the haptic conditions were not
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normally distributed (p = 0.006 and 3.502e-4, respectively), while the 200 and 400 ms DES
conditions failed to reject the null hypothesis of being normally distributed (p = 0.235 and
0.165, respectively). For Subject 4 the 800 ms DES and haptic feedback conditions were not
normally distributed (p = 0.006 and 1.186e-6, respectively), while the 200 and 400 ms DES
conditions failed to reject the null hypothesis of being normally distributed (p = 0.401 and
0.087, respectively). Due to the presence of non-normally distributed groups, we proceeded
with non-parametric testing for all subjects, using the non-parametric Wilcoxon Rank Sum
and Kruskal-Wallis tests (with Dunn-Sidék corrections for post-hoc comparisons for mean
ranks [73,257] to assess differences between conditions with an alpha significance level of
0.05. To assess blockwise differences, we used Rank Sum tests with Bonferroni corrections,
and a base alpha critical level of 0.05.

Further, we tested for equal variances between groups using the Brown-Forsythe test [40].
For Subjects 2 and 4, testing revealed no significant differences in variances between groups,
whereas for Subjects 1 and 3, there were significant differences in variances (critical value
of 0.05; not significant- Subject 2: p = 0.094, Subject 4: p = 0.0873; significant- Subject
1: p = 0.0113; Subject 3: p = 5.662e-4). Thus, for Subjects 2 and 4 statistically significant
differences between conditions from the Kruskal-Wallis and post-hoc tests were interpreted
as differences in medians with haptic stimulation being significantly faster than cortical
stimulation, while for Subjects 1 and 3, statistically significant differences were interpreted

as differences in stochastic dominance of one sample over another [73].

5.3 Results

5.3.1 Response times

In Subject 1, we compared haptic stimulation to 200 ms trains of S1 DES with a suprathresh-
old current amplitude. Haptic feedback elicited a significantly different reaction time as

compared to the 200 ms DES trains (p = 6.105e-16, Fig 5.3). The median response time
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for the S1 DES trains was 459 ms, while the median response time for the haptic feedback
condition was 313 ms (Table 5.1), consistent with classic tactile reaction times [152,306].
Minimum, 25% and 75% quartile ranges, and maximum response times for all subjects are
reported in Table 1. This subject did not perceive off-target DES, and responded to a sin-
gle null stimulation trial. In light of the results from Subject 1, we subsequently chose to
consider possible effects of S1 DES train length on reaction times, acquiring and comparing
haptic responses to train lengths of 100, 200, 400 and 800 ms with suprathreshold currents
in Subjects 2-4.

In addition to testing four DES train lengths for Subjects 2-4, we additionally inserted a
rest condition in between two blocks to test for habituation or adaptation (Fig 5.4). There
were no significant differences between blocks for Subjects 2-4, so we combined them for
further statistical analyses. Specifically, for Subject 2, there were no significant blockwise
differences between the conditions (p = 0.811, p = 0.715, p = 0.675, and p = 0.0962 for
the 100, 200, 400, and 800 ms DES train conditions, respectively; p = 0.579 for the haptic
condition, critical threshold of p = 0.01). For Subject 3, we excluded the 100 ms condition
from statistical analyses due to only a single response within one block. Blockwise differences
were not significant for any of the other conditions for Subject 3 (p = 0.064, p = 0.087, and
p = 0.155 for the 200, 400, and 800 ms DES train conditions, respectively; p = 0.519 for the
haptic condition, critical threshold of p = 0.0125). Similarly, for Subject 4, we excluded the
100 ms condition because of a single response on one block, and two responses on another
block. Again, blockwise differences were not significant for any of the other conditions for
Subject 4 (p = 0.035, p = 0.669, and p = 0.109 for the 200, 400, and 800 ms DES train
conditions, respectively; p = 0.316 for the haptic condition, critical threshold of p = 0.0125).

For Subject 2, all S1 DES response times were found to be significantly different than
the haptic response times due to statistical differences in medians (p = 3.654e-8 for the 100

ms, p = 7.000e-5 for the 200 ms, p = 2.064e-6 for the 400 ms, and p = 1.866e-6 for the
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Subject Experimental ~ Minimum 25% quartile Median 75% quartile Maximum Number of trials
Condition (ms) (ms) (ms) (ms) (ms) responded to
within

response  time

bounds
1 200 ms 348 422 459 495 821 81/86
touch 169 254 313 374 719 73/103
null N/A N/A 724 N/A N/A 1/40
off-target 0/20
2 100 ms 182 232 277 314 551 36/40
200 ms 188 235 254 276 372 40/40
400 ms 169 244 261 288 380 40/40
800 ms 180 234 265 291 488 40/40
touch 151 189 198 228 726 38/40
null N/A N/A 449 N/A N/A 1/40
off-target 0/40
3 100 ms N/A 514 N/A N/A N/A 1/40
200 ms 403 409 442 494 553 9/40
400 ms 383 455 515 603 747 26/40
800 ms 348 466 528 806 994 31/40
touch 151 169 222 318 507 30/40
null 0/40
off-target 484 1/40
4 100 ms 218 219 220 503 786 3/40
200 ms 213 347 408 595 754 13/40
400 ms 305 371 423 588 857 17/40
800 ms 240 334 400 624 882 22/40
touch 153 178 201 234 556 19/40
null 0/40
off-target 0/40

Table 5.1: Reaction times for each subject and each condition. In all subjects, cortical stim-
ulation resulted in significantly different reactions times than haptic stimulation (assessed
through non-parametric Wilcoxon Rank Sum and Kruskal-Wallis tests). Final column re-
ports the number of trials responded to by each subject across both blocks for each of the
trial types given our response time limits of 150-1000 ms, and appropriate signal detection.
Response times outside of this range were considered outliers based on expected human per-
formance (see Methods, Data Analysis for details). Blank boxes indicate trial types with no

responses.
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800 ms DES train, adjusted p-value threshold = 0.05), while no S1 DES conditions differed
significantly from each other (Figure 5.3). The median response times for the 100, 200,
400, and 800 ms DES trains were 277, 254, 261, and 265 ms, respectively, while the median
response time for the haptic feedback condition was 198 ms (Table 5.1). For this subject we
chose off-target stimulation electrodes that had been safely tested during clinical language
mapping but used much lower current amplitudes than tested clinically (Figure 3, Subject
2, off-target electrodes). The subject perceived the off-target stimulation as a vague, non-
tactile, and non-localized sensation, and described it as distinct from the DES sensation.
Although he could perceive the off-target DES, he was able to volitionally choose to not
respond to these trial types and did not respond to any of the off-target stimuli within our
150-1000 ms response time window. The subject responded within our time window to a

single null stimulus.

For Subject 3 the 200, 400, and 800 ms DES response times were found to be significantly
different than the haptic feedback response times, due to haptic feedback stochastically
dominating the reaction times (p = 0.029, p = 5.971e-8, p = 1.290e-10, respectively), while
no S1 DES conditions differed significantly from each other. Subject 3 only responded in one
trial with 100 ms S1 DES trains with a response time of 514 ms, so we excluded statistical
comparisons with the other conditions. Median S1 DES response times were 442, 515, and
528 ms for the 200, 400, and 800 ms DES trains, respectively, while the median haptic
feedback response time was 222 ms (Figure 5.33, Table 5.1). This large difference in medians
provides convincing evidence that the cortical stimulation resulted in significantly slower
reactions than haptic stimulation. This subject responded within our 150-1000 ms response
window once to off-target stimulation, although they did not report being able to perceive

the off-target stimulation. The subject did not respond to the null-condition.

For Subject 4 the 200, 400, and 800 ms S1 DES response times were found to be signifi-

cantly different than the haptic response times due to a significant difference in medians (p
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Figure 5.3: Comparison of reaction times for four subjects and their DES electrodes. Each
dot represents a response time for a given trial, colored by condition. Pink indicates the
haptic test condition, while turquoise indicates S1 DES conditions and electrodes over hand
sensory cortex. Subject 1 only received the 200 ms DES and haptic stimulation conditions,
while Subjects 2, 3, and 4 had 100, 200, 400, and 800 ms trains of stimulation applied.
The two separate blocks for Subjects 2, 3, and 4 were pooled together for each subject.
Off-target DES control electrodes are indicated in yellow. Electrode locations are based on
cortical surface reconstructions for each subject as described in the Methods. Electrodes with
a plus symbol (+) indicate anodal-first stimulation, while electrodes with a minus symbol

(-) indicate cathodal-first stimulation.
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Figure 5.4: Comparison of the two blocked sessions for three subjects. Each dot represents a
response time for a given trial, colored by block. Of note is the non-normality of some of the
response timings for different conditions. Additionally, the paucity of responses for Subject
3 to the 100 ms and 200 ms conditions, and for Subject 4 to the 100 ms condition suggests

the stimulation level was at or near their perceptual thresholds.

= 1.161e-3, p = 8.803e-5, p = 1.107e-4, respectively), while no S1 DES conditions differed
significantly from each other. Subject 4 responded on only three trials with 100 ms S1 DES
trains with a median reaction time of 220 ms, so we excluded the 100 ms DES condition
from further statistical analysis. Median DES response times were 408, 423, and 400 ms for
the 200, 400, and 800 ms DES trains, respectively, while the median haptic response time
was 201 ms (Figure 5.33, Table 5.1). This subject did not perceive the off-target stimulation

or the null stimulation.

For Subjects 1 — 3, there was no indication of adaptation, nor reported description of
the stimulus intensity as weakening and changing throughout the DES sets. After the first
block with Subject 4, however, he verbally described a noticeable decrease in stimulation
intensity as the trials proceeded. Therefore on the subsequent block we increased the DES

current amplitude from 1.0 mA to 1.2 mA. The subject again verbally described a decrease
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in perceived intensity as the trials proceeded during the second block despite the increased
current amplitude. This suggests individual differences in adaptation to cortical stimulation,
perhaps dependent on parameters such as the electrode location, medication status, subject

attentiveness, or amount of cerebrospinal fluid underneath the electrodes.

5.3.2  Qualitative assessment

The subjects described the S1 DES as non-painful, using descriptions such as a “pins and
needles” like sensation (Subject 1), a “buzz”, or the feeling of “something brushing” against
the skin (Subject 2), “tingling” (Subject 3), and “pulse” or “throb” (Subject 4). These
subjective descriptions are in line with previous reports for S1 DES10,11,18. The subjects
reliably localized the percept from S1 DES during the experiment and across blocks (see Table
5.2 for percept localization). However, the pair of electrodes initially chosen for Subject 2
were not reliably localized, with the subject localizing the percepts from some stimuli to the
proximal thumb and some to the proximal palmar area of the fifth finger. Therefore, prior to
any experimentation, we selected a different pair of electrodes for Subject 2 that generated
a percept which the subject reliably localized to the third finger.

For Subject 2 we attempted to match the perceived intensity of the 200 ms DES train to
that of the haptic stimulation (see Methods, Figure 5.2), and although we were able to make
their intensities more similar to one another, we were not able to match them completely. As
we increased the DES current amplitude, Subject 2 felt that the percept he experienced both
increased in intensity and in the size of the localized area. As a result, during the experiment
his perceived intensity of the S1 DES was slightly less than the perceived intensity of the
haptic stimulation in order to keep the localized areas of the sensation similar. Despite
matching the sensation intensities as well as possible, Subject 2 described the haptic and
cortical stimulation as very distinct from one another. The S1 DES percept was initially

localized to the same region as the haptic stimulation (dorsal side of third finger), but then
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Subject Gender Age Experiments Stimulation Coverage and DES Handedness Seizure
Current percept localization Etiology
1 Female 21 Cortical Stimulation 2500 pA Right grid Right Complex partial epilepsy
Digital touch probe Distal phalange of digit 2 with multifocal ictal on-
Off Target set and at least 2 dis-
tinct epileptogenic areas
with seizures arising from
right frontal and right tem-
poral regions. No resection
/ no pathology, VNS im-
plant.
2 Male 37 Block 1: Cortical/Off 1500 pA Left grid Right Focal epilepsy isolated to a
Target interleaved All of digit 3 left parietal calcified lesion
Digital touch probe (widespread calcifications
eliciting diffuse and severe
Block 2: Cortical /Off reactive changes including
Target interleaved astrogliosis and microglio-
Digital touch probe sis with unknown origin).
Seizures originating from
left lateral parietal cortical
3 Male 26 Block 1: Cortical/Off 2000 pA Right grid Right Fgé(;lljépilepsy isolated to a
Target interleaved Distal phalanges of digits left parietal calcified lesion
Digital touch probe 3-5 (widespread calcifications
eliciting diffuse and severe
Block 2: Cortical /Off reactive changes including
Target interleaved astrogliosis and microglio-
Digital touch probe sis with unknown origin).
Seizures originating from
left lateral parietal cortical
4 Male 34 Block 1: Cortical/Off 1000 pA Right grid Right ﬁsﬁoln. negative, partial
Target interleaved Palmar area near base of seizures originating from
Digital touch probe digit 1 the left mesial temporal
area including the ante-
Block 2: Cortical/Off 1200 pA rior temporal pole and

Target interleaved

Digital touch probe

hippocampus. Pathol-
ogy included mild gliosis
with leptomeningeal and

subpial reactive changes.

Table 5.2: Response timing subject demographics. This table shows the demographics for

all the patients in this study, including experiments completed, stimulation currents used,

and the localization of subjects’ percepts, electrode locations, and seizure etiology.
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radiated across the skin.

5.4 Discussion

Our study characterized reaction time differences between cortical and haptic stimulation in
four human subjects. Our results demonstrate that response times to cortical stimulation
are significantly slower than to haptic stimulation. We additionally demonstrate that cor-
tical stimulation trains of varying lengths do not significantly affect the reaction times for
suprathreshold cortical stimulation parameters.

Our results are consistent with a previous observation in non-human primates that intra-
cortical microstimulation of area 1 in primary somatosensory cortex results in significantly
slower response times than peripheral stimulation [101]. This delayed response for DES is
counterintuitive at first, as one may suspect that bypassing the ascending peripheral afferents
through DES would reduce the distance traversed by the sensory volley and consequently
result in faster reaction times. However, as previously suggested [101], electrical stimula-
tion may be exciting both inhibitory and excitatory connections in unnatural combinations,
driving slower behavioral responses.

In human neocortex, approximately 20% of neurons are interneurons, many of which
are inhibitory and contribute to local inhibitory neural circuits [16]. Similarly, in rodent
neocortex, approximately 20-30% of neurons are interneurons [173]. This is important when
considering the neural response to electrical stimulation, as microstimulation in rodents has
been demonstrated to result in a spatiotemporal smear of activity, due to the evoked activity
consisting of a combination of fast excitatory responses and inhibitory responses [43]. In
addition to an unnatural spatial cortical activation, electrical microstimulation in rodents
yields different trends in trial-to-trial variability relative to natural sensory stimuli [186].
Thalamocortical simulations suggest that high levels of synchrony generated by electrical

stimuli, which are not seen in natural stimuli, are responsible for this difference in the shape
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of the trial-to-trial variability curves [186].

Additionally, electrical microstimulation, as used in the intracortical microstimulation
experiments, activates neurons primarily through their axons [225,271], although other re-
gions of the cell such as the cell body and dendrites may also be activated depending on
stimulus polarity and orientation. Non-human primate work using microstimulation com-
bined with fMRI has shown that electrical stimulation may disrupt cortico-cortical signal
propagation by silencing output of areas where the afferents are electrically stimulated [166].
This supports the idea that electrical stimulation results in a distinctly different activation
pattern, which may explain a less optimal (and longer response time) reaction to electrical
stimuli compared to natural haptic stimulation. Other hypotheses for the delayed response
to S1 DES include the possible need for downstream amplification, from a region such as the
thalamus, that is initially skipped via S1 stimulation [101], or the possibility that surface
stimulation is unable to directly stimulate deeper primary somatosensory areas, including
area 3b where direct intracortical microstimulation has been shown to elicit similar reaction

times to haptic stimulation during a discrimination task in non-human primates [237].

Recent work in computational modeling regarding subdural cortical stimulation in hu-
mans suggests that bipolar stimulation at our current levels is unlikely to activate pyramidal
neurons directly in the deeper areas of the sulci, and rather, the primary activation of neu-
rons occurs in Brodmann area (BA) 1 on the surface of the cortex [251,252], and possibly the
superficial aspects (towards the crown of the gyrus) of BA3b. Area 3b, where the majority
of thalamocortical connections are thought to project30, is likely sparsely activated, while
Area 3a is in the deepest part of the sulcus [97], and is activated even less. Therefore, the
lack of our ability to effectively target BA3 may partly explain the delayed reaction times to
DES relative to natural haptic touch.

Early cortical stimulation work in elderly dyskinetic patients [161] suggested a 500 ms

stimulation train was required for consistent perception of DES with a liminal, or near-
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threshold, current amplitude. Later work in epileptic patients demonstrated that a 250
ms stimulation train could elicit conscious perception with near-threshold current ampli-
tudes [230]. Furthermore, Ray et al. illustrated the inverse relationship between DES train
duration and the current amplitude required for perception, with current thresholds increas-
ing as the train durations decreased [230]. We observed a similar phenomenon in Subjects 3
and 4, where for a fixed current, shorter train lengths did not elicit conscious percepts. These
two subjects’ inability to reliably respond to the 100 ms train duration condition, suggests
that we may have been using a stimulation current amplitude that was too low to reliably
discern trains lengths under 200 ms (the train length used for perceptual thresholding) at
a fixed amplitude. Additionally, Subject 3 perceived fewer of the 200 ms DES trials than
the 400 ms or 800 ms DES trials, suggesting that we were stimulating close to the threshold

train duration and intensity parameters.

In contrast to Subjects 3 and 4, Subject 2 reliably discerned all of the stimulation trains
and had much faster reaction times. In this case we seemed to be operating far above the
minimum current threshold necessary for the various DES train lengths tested. As Subject
2 was the only subject for whom we attempted DES/haptic stimuli intensity matching (see
Methods), we used a current amplitude that was notably greater than the subject’s percep-
tual threshold (roughly 750 pA greater). The other subjects completed the task with current
amplitudes that were only roughly 250-500 ;A above their perceptual thresholds. Stronger
intensity stimuli are known to produce faster response times [306], and it is possible that, to
a degree, more suprathreshold DES currents may lead to faster response times, but further

experimentation is necessary to examine this hypothesis.

Human tactile, perceptual mean reaction times from one study in untrained, healthy
volunteers have been found to vary between 210 and 400 ms [152], but can range down to
140-150 ms with practice for certain individuals [306] . Reaction times for individuals tend

to stay relatively constant between ages 25 and 60 [306]. As our patients’ ages (21, 37, 26,
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34) are close to within this range, we expect little influence of age on the reaction times.
With this as a basis for normal comparisons for our untrained subjects, we similarly find a
range of different response times to cortical and haptic stimulation, speaking to individual
variability. This suggests that for future BCI implementation, an individual’s innate response
time may need to be considered in light of variable latencies. That is, if one subject requires
on average 500 ms to respond to cortical stimulation, while another subject requires 300 ms,
this requires design considerations on the BCI side to account for time differences in the

feedback loop.

Response times are also modulated by non-somatosensory features such as visual feed-
back, arousal, motivation, and attention [306]. In well-practiced healthy subjects, response
times based purely on visual feedback are slower than those based on tactile stimuli for a
simple reaction time task (approximately 180 ms on average compared to 140 ms, respec-
tively) [306]. The combination of haptic and visual feedback has been shown to result in
faster reaction times relative to visual feedback alone for computer-based tasks in healthy
human subjects [281]. We controlled for potential effects of visual feedback by having Sub-
jects 2-4 wear a blindfold, and asking Subject 1 to close her eyes. Subjects’ attention may
have also affected their response times, but we did not attempt to quantify their attentive-
ness. Experimenter observation suggests that Subject 2, who had the fastest response times,
was the most engaged in the task and approached it with a competitive, game-like attitude.
However, we cannot ascertain that Subject 2’s attentiveness affected his response times, and
have presented other possible explanations for his faster responses including use of a higher
suprathreshold stimulation amplitude compared to those for the other three subjects. Mere
observation suggests that Subject 1 was the groggiest and least engaged in the task, cor-
relating with their slowest haptic reaction times. Future studies may consider including a
comparison of response times to S1 DES and haptic stimuli with visual feedback (i.e., eyes

open without a blindfold as would be likely in a future application) to understand how visual
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feedback may modulate response times. As we increase task complexity and move away from
a simple reaction time task as performed here, the benefits from additional feedback beyond

only visual feedback may become even more apparent.

An additional factor to be explored in the future is the impact of the polarity of the bipolar
stimulation used. Due to experimental time constraints we were unable to comprehensively
test the effect of anodic relative to cathodic first stimulation at each electrode, but due to
the different cortical activation due to the polarity of stimulation, there could be an effect

on reaction times and perception. [272,309]

Each of our blocks lasted on the order of 10 minutes, with 5-10 minutes of rest between
the blocks. The lack of a consistent, discernible habituation or learning effect suggests that
either the sessions were not long enough or frequent enough to elicit learning or habituation,
or that subjects were already reacting close to their fastest possible reaction times. We do
not claim that repeated training over multiple sessions and days would not show a decrease
in reaction time, but rather we are unable with our acute ECoG epilepsy experiments to

address this particular question.

In Subjects 1, 3, and 4, the frontal and temporal electrodes used for the off-target stim-
ulation elicited no sensation and were only responded to once by Subject 3. However, in
Subject 2 whose off-target stimulation site was over a language area, the subject perceived
a vague, non-localizable, sensation of the stimulation. These off-target electrodes had been
safely tested during clinical mapping and avoided possible seizure foci. We used current am-
plitudes much lower than those tested clinically to further avoid afterdischarges and match
the suprathreshold stimulation used in the other S1 DES conditions. Subject 2 described
the off-target DES as distinct from the S1 stimulation conditions, and had no difficulties in
responding only to S1 stimulation. This suggests that humans can receive stimulation in
multiple cortical regions and distinguish them within short temporal intervals.In Subjects

1, 3, and 4, the frontal and temporal electrodes used for the off-target stimulation elicited
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no sensation and were only responded to once by Subject 3. However, in Subject 2 whose
off-target stimulation site was over a language area, the subject perceived a vague, non-
localizable, sensation of the stimulation. These off-target electrodes had been safely tested
during clinical mapping and avoided possible seizure foci. We used current amplitudes much
lower than those tested clinically to further avoid afterdischarges and match the suprathresh-
old stimulation used in the other S1 DES conditions. Subject 2 described the off-target DES
as distinct from the S1 stimulation conditions, and had no difficulties in responding only
to S1 stimulation. This suggests that humans can receive stimulation in multiple cortical
regions and distinguish them within short temporal intervals.

An unknown factor in the work presented here is the extent to which DES of S1 is
also impacting ipsilateral M1, and through connections to contralateral M1, motor output.
Our subjects are able to perform motor tasks with the hand being stimulated concurrently,
suggesting that there is not grossly visible motor disruption on the ipsilateral or contralateral
side. Our subjects also are able to perceive temporally overlapping natural haptic stimulation
and DES at the same spatial location, suggesting that there is not global inhibition or cortical
jamming. However, we do acknowledge that some of the delay observed could indeed be
due to some potential motor disruption from charge spread. This study does not serve to
address this, but rather, presents data revealing significant delays in the timed response
to S1 DES with respect to natural touch. This effect may possibly be due to a delay in
conscious perception of the DES or in the motor output pathway, which has implications for

neuroprosthetic and closed loop BCI design.

5.4.1  Outlook

Our results, while elucidating aspects of human perceptual processing of S1 DES, demon-
strate a need for further exploration of the neural mechanisms underlying the reaction time

differences between S1 DES and haptic stimulation. We found, in four human subjects, that
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response times to cortical stimulation are significantly different than to haptic stimulation.
The fact that there appears to be a significant delay in cortical processing and subsequent
response after DES does not preclude ECoG stimulation from being a promising modality
for feedback in a neuroprosthetic application. Rather, this highlights the importance of
understanding variables such as human reaction time for neuroprosthetic applications and
appropriately designing devices to account for these temporal delays. Our ongoing studies
are aimed at understanding and potentially speeding up the temporal response to ECoG

stimulation by varying stimulation parameters, regions targeted, and waveform shape.

5.4.2  Data availability

Data required to recreate the above analyses are in the following repository.

https://github.com/davidjuliancaldwell/responseTimingPaper.git

5.4.3 Code availability

Code required to recreate the above analyses are in the following repository.
https://github.com/davidjuliancaldwell/responseTimingPaper.git

MATLAB and Python are required to generate the full set of figures and analyses.

5.5 Related Publications and Presentations

5.5.1 Publications

Caldwell DJ*, Cronin JA*, Wu J, Weaver K, Ko AL, Rao RPN, Ojemann JG, “Direct
stimulation of somatosensory cortex results in slower reaction times compared to peripheral
touch in humans” *These authors contributed equally, Scientific Reports, 9(1), pp. 3292,
2019, doi: 10.1038/s41598-019-38619-2
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Chapter 6

THE EFFECT OF CONCURRENT DES AND HAPTIC
STIMULI AND MODIFIED STIMULATION WAVEFORMS ON
RESPONSE TIMES AND PERCEPTION

DES of S1 elicits a somatotopically localized artificial percept. Consequently, S1 DES
provides the ability to close the loop in a bidirectional BCI by restoring lost sensation and
providing real-time feedback. However, previous work has revealed delays in the processing
of DES relative to natural haptic touch. Similarly, the behavioral impact of DES on on-
going natural sensory processing in cortical areas adjacent to S1 DES is not well explored.
More biomimetic waveforms may need to be engineered to improve performance in response
to DES. We compare the response times to DES with non-uniform waveforms, which may
be more biomimetic, of human hand somatosensory cortex through ECoG arrays to haptic
touch stimuli on the hand in three subjects. We found that modified waveforms with higher
amplitude initial pulses of only two pulses, both with and without continuing trains of stim-
ulation, are able to modify response times and the quality and strength of induced percepts.
Concurrently overlapping DES and haptic stimuli are able to be perceived independently,
and the point of subjective simultaneity between the two modalities reinforces the delays
seen during the response timing task. Our results provide support that the engineering of
optimized waveforms may improve sensory neuroprosthetic performance, and that the brain
is capable of concurrently and independently processing both direct artificial feedback and

natural sensory processing.
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6.1 Introduction

The effect of DES on S1 on ongoing processes in humans is not yet understood, nor are there
reports detailing optimal design parameters in human S1 DES aiming to improve psychophys-
ical outcomes. What will happen when DES and haptic feedback are applied concurrently?
This is of critical importance for neuroprosthetics in the real world where continuous natural
and artificial feedback will arrive concurrently. DES and natural sensory input are processed
differently in cortex [186], but does DES impact the perception of other overlapping stim-
uli and interfere with normal function? One way to assess these interactions is through a
temporal order judgment (TOJ) task, where two stimuli are presented in close temporal
relation to one another, and subjects are asked to judge which arrived first [190]. Combina-
tions of stimuli modalities can be presented, such as audio, visual, and tactile stimuli. This
task lends insight into the processing related, nearly simultaneous events, a necessary ability
to functionally register multiple streams of continuously-arriving sensory information from
a changing world. Temporal order judgment experiments are currently being explored for
peripheral nerve interface devices, where visual and tactile (both natural and peripherally
stimulated) stimuli are combined [56]. We have implemented an experiment where humans
received tactile information simultaneously from the two overlapping, yet different, modali-
ties of DES and haptic touch in order to see if DES modifies normal sensory processing and
to confirm the previously measured delayed responses to DES.

Complex sensorimotor behavior such as picking up an object is characterized by unique
bottom-up, response profiles of different neuronal pools [22,268]. The onset of touch is
marked by a burst of activity in subsets of S1 neurons relaying information from rapidly-
acting peripheral fibers, while a lower, tonic level activity is reflects slowly adapting periph-
eral fibers. In total, populations (rather than the responses of single neurons) of somatosen-
sory cortical neurons encode transient contact events, more so than constant pressure [46].

Stimulating in a manner that captures this natural pattern of neural activity is referred
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to as biomimetic stimulation to restore sensation. To this end, we modified our constant
amplitude train waveforms to include two initial high “priming” pulses, in order to better
match the initial onset of activity in S1. To address engineering stimulation for enhanced
neuroprosthetic performance, with faster response times and more natural sensations, we
hypothesize better mimicking the cortical response in different populations of neurons in S1
to picking up an object will yield improved behavioral metrics to S1 DES.

Our results demonstrate that manipulation of charge within the initial components of
DES significantly improve reaction times over constant trains, without becoming overly in-
tense as would be constant trains of the same amplitude, in individuals with ECoG arrays
implanted over primary somatosensory cortex. Furthermore, we show that spatially and
temporally concurrent haptic and S1 DES are able be independently perceived, and that the
stimulus onset asynchrony in a temporal order judgment task recapitulates our previously
published delays seen between haptic touch and DES stimulation in our response timing
tasks. These results have implications for future neuroprosthetics, in which optimized stim-
ulation waveforms would likely improve the perception and performance to DES of sensory
cortex, and where the human brain will be tasked with performing natural processing as well
as receiving non-natural, exogenous electrical stimulation to potentially spatiotemporally

overlapping areas.

6.2 Experimental Design and Analysis Methods

We provided haptic stimulation through digital and analog touch probes to the same cu-
taneous region where sensation was perceived during DES of S1 hand cortex, as described
in the general methods. We performed these experiments in three subjects. The first two
subjects’ data were acquired with custom digital touch probes as previously described and
validated [45,61]. The third subject’s data were acquired using a different custom analog

touch probe. See Appendix Figure D.1 for validation of this probe. The timing between the
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two probes is comparable, with perhaps a smaller delay for the analog probe due to no need

for digital triggering.

For the response timing experiments and waveform modifications, we performed experi-
ments similar to those previously conducted [45] with additional modifications on the wave-
form amplitude. Similar to those experiments, we determined sensory thresholds for each
subject for 200 ms trains of constant amplitude. After determining the sensory threshold,
rather than using trains of constant amplitude, we added two initial high “priming” pulses
on the waveform (Figure 6.1) to better mimic S1 response profiles to object contact. We refer
in the rest of this work to “priming” conditions as waveforms with two pulses at a higher
amplitude initially, followed by a train of pulses at a lower amplitude (In all of experiments,
we use 200 ms trains, which meant that the following trains consisted of 38 pulses). We also
used waveforms of only two pulses. The subjects were blindfolded, and in separate blocks
were asked to respond as quickly as possible either to DES of S1, which resulted in a sensory

percept on the hand, or haptic touch which was applied to the same area.

When possible, we performed intensity matching between the haptic touch and DES, in
order to assess the reaction times differences between two stimuli of equal perceived strength.
We touched the subjects’” hands with our touch probes, and altered the stimulation amplitude
for 200 ms DES trains until they verbally reported that both stimulus modalities felt of

similar intensity.

For the temporal order judgment experiments, we first determined the delay in the re-
sponse time between DES and natural haptic touch using the data from the 200 ms constant
amplitude waveform part of the experiment using a similar experimental protocol as in Cald-
well et al. 2019 [45]. We then presented haptic stimuli and DES stimuli (200 Hz, 500 ms
trains), with a distribution of lags (stimulus onset asynchrony, SOA) between the two stimuli
types. Lags were centered around this particular latency with the subject still blindfolded,

which resulted in DES being applied in close temporal proximity to natural haptic touch
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with varying time lags (Figure 6.2).

Our first subject was asked after each trial which stimulus was perceived first, and also
responded via button press to stimulus onset to measure response times. The first subject
was also given a third option (“same”), for conditions where they were unable to say which
came first. This is called a “ternary-response task” [277], but due to potential subject
variability in assessing the threshold for “same”, we altered the procedure to be a TOJ
task [263]. The second and third subjects were asked to respond via button press, say which
stimulus came first, and give a rating (1-5) on how confident they were in which came first.
We then analyzed the response times on each trial based off of the first stimulus presented
(either haptic or DES). We acknowledge that the addition of a response time component
changes the task from a classic TOJ task, but unlike other dual tasks where the second
task required decision making and planning [112], we believe our response time task requires
minimal additional cognitive processing that would substantially alter the results of the TOJ
reports.

We delivered bipolar, biphasic stimulation. All stimulation trains were at 200 Hz, with

200 ps pulse widths. Pulses with 2 pulses were therefore approximately 5 ms in duration.

6.2.1 Subject Demographics

Table 6.1 details the experiments performed with the three subjects undergoing invasive
clinical monitoring for seizure foci localization, as well as where they localized the percepts
induced by DES. Figure 6.3 illustrates the individual subject cortical reconstructions and

stimulation electrode locations within the ECoG electrodes.

6.2.2 Data Analysis

We tested for normality among the data groups with more than 7 data points using the

Anderson-Darling test. Our data had a mix of normally and non-normally distributed groups,
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Cortical Stimulation
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compared to
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Figure 6.1: Experimental overview of modifications to waveforms to test response times.
Waveforms with amplitude variation between the first two pulses and the remainder of the
train were compared to waveforms with constant amplitude, with both perceptual reports
and response times as output metrics. There are groups of neurons in primary somatosen-
sory cortex which respond primarily to contact onset and offset, while others tonically fire
during object contact maintenance. We therefore sought to stimulate with a waveform that
contained initially high amplitude pulses and subsequently lower amplitude pulses to better

mimic this behavior.
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Figure 6.2: Overview of concurrent haptic stimulation and DES. (a) DES and peripheral

haptic touch were applied to elicit percepts at the same spatial location on a subject’s
hand during a TOJ task. Subjects were asked to respond as quickly as possible, as well
as to verbally say which stimulus came first. (b) The three different conditions were DES

physically starting before peripheral touch, at approximately the same time, and haptic

touch delivered before DES.
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Subject Gender Age Experiments

TOJ Stimulation

Coverage and DES

Handedness Seizure

Current percept localization Etiology
1 Male 28 Response Timing 1.5 mA Right grid Right left medial temporal
Ternary Response Middle three digits, lobe epilepsy without
palmar and dorsal as- hippocampal sclero-
pects sis (MRI negative)
with seizures aris-
ing from the me-
dial aspect of the
left inferior temporal
pole and hippocam-
pus proper
2 Female 31 Response Timing 1.25 mA Right grid Right right mesial temporal
Temporal Order Palmar aspect of lobe epilepsy
Judgment digit 2
3 Female 33 Response Timing 2 mA Right grid Right right mesial tempo-
Temporal Order Middle 3rd of 2nd ral lobe epilepsy MRI
Judgment digit negative

Table 6.1: Modified waveform and temporal order judgment subject demographics. This

table shows the demographics for all the patients in this study, including experiments com-

pleted, stimulation currents used, and the localization of subjects’ percepts, electrode loca-

tions, and seizure etiologies.
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(a) Subject 1

(b) Subject 2

(©) Subject 3

Figure 6.3: Stimulation electrode locations for the modified waveform and concurrent stim-
ulation tasks. We used bipolar, biphasic stimulation between two adjacent contacts in a

clinical ECoG array.
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leading us to use non-parametric tests such as Kruskal-Wallis tests for statistical significance
testing. We excluded any groups with fewer than 5 data points from the Kruskal-Wallis and
subsequent post-hoc testing.

Custom code was written in MATLAB, Python, and R for analysis and visualization.

6.2.3 Modified Waveforms

Due to the presence of non-normally distributed groups, we proceeded with non-parametric
testing for all subjects, using the non-parametric Wilcoxon Rank Sum and Kruskal-Wallis
tests (with Dunn-Siddk corrections for post-hoc comparisons for mean ranks [73,257] to
assess differences between conditions with an alpha significance level of 0.05.) In order to
interpret the Kruskal-Wallis test, we tested for equal variance between groups with at least
5 data points using the Brown-Forsythe test [40]. Due to the presence of unequal variances
between groups in the second and third subjects (p = 3.05e-8 and p = 6.79e-8, respectively),
significant post-hoc testing reveals stochastic dominance of one group over another, rather
than a difference directly in medians.

Due to not seeing significant differences between the same conditions across blocks in our

prior work, we combined any overlapping conditions between blocks for statistical analysis.

6.2.4 Temporal Order Judgment

To analyze the response timing differences between groups in the first subject (DES first,
same, and haptic touch first), we used a Kruskal-Wallis test and Dunn-Sidak correction. For
subjects two and three, we used a Wilcoxon Rank Sum test, as there were only two groups
(DES and haptic touch first).

We performed psychometric curve fits to the TOJ data using cumulative Gaussian func-
tions [297] as our model for the psychometric function, and estimated the parameters for

the best fit cumulative Gaussian function for our observed data. We focused on the point of
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subjective simultaneity (PSS) value, representing the point where the proportion of stimuli
being judged as coming first is 50% for either stimulus. In our fits of the cumulative Gaussian
functions, this is labeled as “threshold”.

We used 1.5 mA, 500 ms, 200 Hz trains for Subject #1, 1.25 mA, 500 ms, 200 Hz trains
for Subject #2, and 2 mA, 500 ms, 200 Hz trains for Subject #3.

6.3 Results

6.3.1 Waveform Modification

Table 6.2 contains the summary statistics of response times during the modified waveform
tasks for all 3 subjects.

In the first subject, there was a trend towards faster response times with the 3 mA
priming, 1.5 mA following compared with the 1.5 mA constant amplitude train (median
response times of 414 ms for the priming condition vs 473 ms for the 1.5 constant stimulus
train condition combined across two blocks), however, this is not significant as assessed
through a Wilcoxon Rank sum test (p = 0.167) (Figure 6.4).

In a second subject, we used two blocks. In the first block we tested haptic stimulation,
various constant 200 ms train amplitudes (1.25 mA, 3 mA, which were both suprathreshold,
and 0.8 mA, which was sub threshold in a 200 ms train), as well as 3 mA priming, 1.25 or
0.8 mA trains following. In the second block, we tested 3 mA, 1.25 following, and 2 pulses at
3 mA (Figure 6.5). The subject reported during stimulation parameter screening that only
two pulses at 3 mA felt more natural than the previously tested constant amplitude trains
suggesting that using a small number of short pulses may have an effect on how natural
a stimulus feels. The subject was not able to report feeling a change in the stimulation
duration between the two pulses at 3 mA and longer trains at lower stimulation amplitudes
from the stimulation parameter screening sessions.

In parallel with a well-established psychophysical principle [306], stronger stimuli resulted
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Figure 6.4: Modified waveform response timing results - first subject. The DES train with
3mA priming, 1.5 mA following has a trend towards faster response times than the 1.5 mA

constant train (p=0.167, Wilcoxon Rank Sum test)
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in faster response times. The 200 ms, 3 mA train was reported to feel very intense, whereas
the 2 high pulse trains with priming pulses at 3 mA were not reported as so. Anecdotally,
this subject also reported the 2 pulses at 3 mA as more “natural” than the longer, constant

train stimuli.

There was a significant difference in response times between all groups (Kruskal-Wallis,
p-value = 3.71e-10). We then performed post-hoc testing with the Dunn test. The constant
train at 3 mA, which was perceived as nearly too intense, was not significantly different from
the 3 mA priming, 1.25 mA following condition (p=0.1), but was significantly different from
the 1.25 mA constant train condition (p=7.52e-3) (Figure 6.5). This points to the fact that

two initial high pulses may aid with perception without creating an overly strong stimulus.

There was no significant difference between the 3 mA constant train and the haptic
condition (p=0.051), suggesting that strong enough DES stimuli can approach natural haptic
response times. However, we note that the subject would not have been comfortable with

the sensation induced by the 200 ms, 3mA stimulus in a natural setting due to its intensity.

The two primed pulses resulted in significantly slower response times than the two primed
pulses followed by a 1.25 mA train (p = 3.07e-3), suggesting that the primed pulses on their
own do not increase performance as much as a train with continued suprathreshold charge

delivery.

In a third subject, we completed two blocks of trials. In the first block we tested haptic
stimulation, constant 200 ms train amplitudes (1.8 mA - matching the purported touch
intensity, 1.47 mA - threshold stimulation, and 1.6 mA - charge balanced stimulation for the
1.8 mA priming condition), 2 pulses at 5.2 mA, and 5.4 mA priming, 1.8 or 1.47 mA following
trains. In the second block we tested haptic stimulation, constant 200 ms train amplitudes
(2.0 mA - matching the purported touch intensity, 1.6 mA - threshold stimulation, and 1.79
mA - charged balanced stimulation for the 6 mA priming, 1.6 mA following condition), as

well as 6 mA priming, 1.6 or 2 mA following trains, and 2 pulses at 3.75 mA (Figure 6.6).
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Response Times to Haptic Stimuli and Differing DES conditions - Subject 2
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Figure 6.5: Modified waveform response timing results - second subject. The haptic feedback
condition has a lower median response time than all other conditions. The 3 mA 200 ms
train, which was perceived as very intense and stronger than the haptic touch, was not
significantly different in response times than the haptic touch. The 3 mA priming, 1.25 mA
following waveform was not perceived nearly as intensely as the 3 mA constant amplitude
condition, but did not have significantly different response times, suggesting that primed

pulses can increase performance in response DES without creating too intense of sensations.
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Both the 1.8 mA constant amplitude condition in the first block and 1.6 mA constant
amplitude condition in the second block only had one trial with responses within our response
time bounds. This suggests that these amplitudes were not consistently suprathreshold for
this subject.

There was a significant difference in response times between groups (Kruskal-Wallis,
p-value = 9.99e-13). Haptic stimulation was significantly different from all other groups
other than the 5.4 mA primed stimulus (p=0.21), and had the lowest median response
times. Specifically, there was a significant difference between the 2.0 mA matched intensity
condition and haptic stimulation (p=2.33e-8), reinforcing that the delays we see to DES are
not simply due to the haptic touch being perceived as more intense.

Interestingly, the two pulses at 5.4 mA resulted in the fastest reaction times among all
blocks, suggesting that some habituation had occurred between the first and second blocks,
as the 6 mA primed pulses did not result in faster reaction times (Table 6.2).

The three train conditions with 5.4 mA priming were not significantly different from one
another, suggesting that the most important factor in these conditions was the initial two
higher amplitude stimulation pulses.

Four of the six conditions in the second block were not significantly different from one
another. The 2 mA matched intensity, two conditions with 6 mA priming, and 2 pulses at
3.75 mA were not significantly different from one another. One potential reason for this is

the high variability observed in the data (Figure 6.6).

6.3.2 Temporal Order Judgment

Only in trials where haptic touch trailed DES by over 200 ms did the first subject reliably
perceive DES as being delivered first. From haptic touch trailing DES by 200 ms to approx-
imately both arriving concurrently, there was ambiguity in the subject’s perception of which

stimulus arrived first (Figure 6.7, left).
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Response Times to Haptic Stimuli and Differing DES Conditions - Subject 3
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Figure 6.6: Modified waveform response timing results - third subject. The haptic feedback
condition has a lower median response time than all other conditions. The 2 pulses at 5.4 mA
resulted in the fastest reaction times among the conditions, suggesting that during the second
block perceptual habituation may have occurred, resulting in the 6 mA primed waveforms
not being faster. In the second block, the 2 mA condition was matched to the intensity of
the haptic touch, and was significantly more slowly responded to. Only one trial for the
1.8 mA and 1.6 mA train conditions were responded to within the response timing bounds,

suggesting that these amplitude values were not consistently perceived by the subjects.
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Subject Experimental Minimum 25% quartile Median 75% quartile Maximum Num. trials
Condition (ms) (ms) (ms) (ms) (ms)

1 Constant Train 297 428 473 527 763 21
2 Priming Pulses 214 370 414 461 834 21
& Train

2 1.25 mA 254 310 322 383 519 13/20
2 @ 3 mA 256 396 410 442 523 17/20
2 @ 3 mA 219 249 268 347 796 34/40
38 @ 1.25 mA
2 @3 mA 331 398 422 541 645 7/20
38 @ 0.8 mA
3 mA 164 240 251 262 629 20/20
Touch 153 164 173 208 268 12/20

3 1.47 mA N/A N/A N/A N/A N/A 0/20
Threshold
1.6 mA N/A 179 N/A N/A N/A 1/20
Threshold
1.79 mA 355 405 436 502 822 5/20
Charge Balanced
1.8 mA N/A N/A 306 N/A N/A 1/20
Match Intensity
2 @ 3.75 mA 241 400 523 663 832 9/20
2 @ 5.4 mA 210 223 244 287 532 20/20
2 @ 5.4 mA 219 292 318 366 505 20/20
38 @ 1.8 mA
2 @54 mA 257 293 313 343 485 20/20
38 @ 1.47 mA
2 @ 6 mA 175 289 397 455 633 20/20
38 @ 1.6 mA
2 @ 6 mA 203 320 374 486 560 20/20
38 @ 2 mA
2 mA 300 319 364 565 939 18/20
Match Intensity
Touch 161 193 212 245 705 34/40

Table 6.2: Response times for each subject and each condition with modified waveforms.
Final column reports the number of trials responded to by each subject across both blocks
for each of the trial types given our response time limits of 150-1000 ms, and appropriate
signal detection. Response times outside of this range were considered outliers based on

expected human performance.
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As previously seen in Chapter 5, responses to DES (when perceived first) were slower than
trials when haptic was perceived first (Figure 6.8, right). There was a significant difference
between the haptic touch perceived first and DES perceived first reaction times (p=0.04).
There was no significant difference between “same arrival time” and DES first or haptic
touch first conditions. Due to the limited number of trials within each of these blocks, and

large variability, these statistics are not as robust as the ones in the modified waveform task.

The subject described perception of both sensations as distinct in all conditions, indicat-

ing that perception of both stimuli independently was not masked by DES.

The second and third subjects similarly demonstrated a requirement of DES leading
haptic touch to result in being reliably perceived first. For the second subject, the PSS,
where either type of stimulus was equally judged to be occurring first, was -109 ms. For
the third subject, the PSS was -121 ms (Figure 6.8). These values are to be taken as
approximates, as the majority of points sampled lied within bins where the subject always

guessed one stimulus or another.

The median response times for the second subject during the TOJ experiment were
418 ms for DES perceived first trials (n = 53) and 223 ms for haptic touch perceived first
trials(n=26), with statistical significance between the two distributions (Wilcoxon Rank Sum
test: p = 2.6e-8). The median response times for the third subject were 367 ms for DES
perceived first trials (n=52) and 282 ms for haptic touch perceived first trials (n = 30), with
a significant difference (Wilcoxon Rank Sum test: p = 3.2e-5). The median reaction time

difference was 195 ms for subject two, and 85 ms for subject three.

Our data for each subject show there is a range of latencies for which overlapping spa-
tial and temporal DES and natural stimuli are perceived as arriving simultaneously, but
independently. Importantly, no subject reported any modification of the percepts when ap-
plied concurrently, suggesting that DES interferes minimally (if at all) with the bottom-up

perception of normal tactile sensation.
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Perception and response time between haptic touch and stimulation delivery
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Figure 6.7: Results of ternary response task for the first subject. With DES delivered
before haptic stimulation with a range of time deliveries from -400 ms to -200 ms, all trials
were distinctly perceived as DES arriving first. Between -200 ms and 25 ms, with 25 ms
representing DES onset 25 ms after haptic touch onset, the subject reported the stimuli
arriving at approximately the same time. With DES onset between 75 ms to 150 ms after
haptic touch, the subject always reported perceiving haptic touch first (Left panel). The
right panel shows a distribution of response times, where following a Kruskal-Wallis test and
Dunn’s test for multiple comparisons, the haptic touch condition stochastically dominates
the DES condition, consistent with our previous results that haptic touch results in faster

response times than DES (right panel).
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Figure 6.8: Results of the temporal order judgment task for the second and third subjects. We
performed the formal TOJ task in two individuals. (a and d) For the second subject (a), and
the third subject (d), there were clear regions where the stimuli were almost entirely perceived
as either DES or haptic touch arriving first. (b and e) These plots shows a distribution of
response times, where following a Wilcoxon Rank Sum test, the haptic touch condition
stochastically dominates the DES condition, consistent with our previous results that haptic
touch results in faster response times than DES. (¢ and f) After fitting a psychometric
function (cumulative Gaussian function) to the binned frequencies of which stimulus was
perceived first, we calculated a point of subjective simultaneity (PSS) of 109 ms for subject
two (c) and 121 ms for subject three (f), which is the point where stimuli arriving would
be judged to be either stimulus equally. This recapitulates the response time difference seen

between the two stimulus types, where DES requires longer for the subject to respond.
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6.4 Discussion

We have demonstrated that modifications of constant amplitude train waveforms are able to
significantly affect human performance in a response timing task. For some subjects (ubject
two), two individual pulses felt more natural than trains of stimuli, which suggests that
initial charge delivery is critical for both performance and the quality of the percepts. From
our prior work [45], we reported no differences between the naturalness of the percepts for
100, 200, 400, and 800 ms stimulation trains, reinforcing that the early initial periods are
most critical. This would be supported by the observations in populations of S1 neurons
that respond most intensely to object contact and offset [22].

Our observations are consistent with classic psychophysics literature [306], where stronger
stimuli are responded to more quickly. However, as prior work has noted, the relationship
between the difference in reaction times and the PSS can be highly variable [48]. Our TOJ
data reinforces the idea that DES takes longer to process than natural haptic touch. One
key insight from our results is that rather than relying on a motor response, which could be
subject to inhibitory effects of stimulation, we looked at reported perception. This further
supports the idea that DES does not induce a window of local cortical jamming, where no
additional processing can occur [166], suggesting that the delayed response times to DES as
compared to haptic touch arise from some other phenomenon.

There are a few limitations of our studies. One is the relatively limited number of trials
for each of the stimulation conditions in the modified waveform task (20). This reduces
our confidence about observed differences in response times and variability. Another is the
imperfect timing of touch application from our digital and analog touch probes, which we
acknowledge from the non-zero delays seen in our validation. These do not instantaneously
register object contact, but as we have shown also do not significantly alter our results, as we
observed the same trends with both analog and digital probes, and the TOJ results support

a meaningful delay in perception. Due to the distribution of possible delays in touch probe
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application (Figures C.1, D.1), there is some error in the precise timing of touch application.
Future efforts will therefore need to more finely sample the regions near the PSS in order
to accurately determine its relative value. However, these results support the interpretation
of an increased processing burden for perceptual awareness of the the un-natural S1 DES

relative to haptic touch.

Prior work with peripheral sensory stimulation combined with visual stimuli support
the notion that the brain uses a window of temporal integration to provide multisensory
synchronized sensations, on the order of 111 ms [56]. This has important implications for
stimulation in cortical neuroprosthetics. Specifically, even if there is a lag in perception
for DES relative to natural haptic touch, if it is within performance bounds that result in
synchronous perception with another modality such as a visual stimulus, it is conceivable

that the user may not perceive a substantial delay in the device output.

Our observation that DES does not inhibit natural sensory processing for percepts arriv-
ing from the same spatial location with close temporal proximity is complemented by prior
observations that the brain can perform overt motor movements and task the same region
with BCI control [18]. This suggests that brain regions can receive concurrent artificial and
natural feedback, and process both independently, as well as perform a BCI task and normal
motor functions. For a future neuroprosthetic device, these results imply that the brain could
be tasked with both interpreting artificial input as well as performing its normal functions.
More generally, this reinforces the immense capacity of the brain to adapt to the task at

hand.

Other work in auditory cortex has suggested that low level electrical stimulation does
not simply serve as a substitute for cortical activity; rather, it is integrated within naturally
occurring neural activity and modulates responses, similar to what attention would do [282].
This points to the complexities of neural stimulation, and reinforces our observation here

that DES does not purely substitute for or disrupt the normal processing circuitry.
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Two keys points regarding future sensory neuroprosthetic devices are what happens to the
cortical representation of hand sensory area following amputation or spinal cord damage, and
how existing residual sensory function impacts the perception of stimulation. Although it is
classically thought that following amputation areas, other preserved cortical areas take over
the territory of the missing limb. This has been demonstrated in humans without a limb or
hand, where activation of the preserved hand activates cortical areas previously responsible
for the missing appendage [172]. However, decades after arm amputation in humans, a
representation of the missing hand’s fingers remains in primary somatosensory cortex as
assessed through fMRI [135]. Similarly, in paraplegics, the hand sensory representation was
not found to expand into adjacent cortical activities [276]. Intracortical microstimulation
through penetrating arrays in a human has elicited similar percepts in both spared and
deafferented regions in an individual with residual sensation in part of their hand, indicating
that existing sensory input does not have an effect on the perception of stimulation [90],
while in a human with arm paralysis and chronic impairment of somatosensory function, an
microECoG stimulation provided meaningful sensory feedback [119]. Taken together, this
points to a surprisingly robust representation of hand sensory function in cortex following
injury, and the similarity in perception for both spared and deafferented regions supports the
applicability of our results to cortical regions in individuals with stroke and paralysis. This
in total illuminates the capacity to provide sensory feedback to individuals that may benefit
from sensory restoration either through electrodes on the cortical surface or implanted within

the brain.

Two approaches for sensory neuroprosthetics that need not be separate are biomimetic
stimulation and adaptation [23]. Temporal biomimetic approaches mimicking SA-1 nerve
fiber activity have been used for peripheral nerve interfaces to help users distinguish differ-
ent textures [208]. Different stimulation patterns beyond constant trains have transformed

peripheral stimulation percepts through nerve cuff electrodes into more natural feeling ones
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such as vibration, moving touch, consistent pressure, and tapping [270]. Our work fits into
this from a cortical stimulation avenue, and opens the doors for exploring different waveforms
in cortical stimulation. As microECoG arrays with smaller electrodes and tighter spacing
become more common to provide sensory feedback [149], these could be used to more finely

pattern spatial percepts, which has already been demonstrated robustly in primates with

ICMS [268].

The concept of adaptation exploits the ability of individuals to learn to use a novel
stimulus, which has been demonstrated in rodents who used stimulation in S1 to learn to
respond to invisible infrared light [273], as well as primates using an ICMS signal to guide a
motor task, which was also able to be integrated with vision [65]. The plasticity of sensory
cortices is well documented, where following neurological damage, adjacent regions undergo
remapping to process sensory signals from the lost regions [39]. Sensory signals can also
result in plasticity changes, as extensive cutaneous stimulation to a focal peripheral region
can enhance the size of cortical receptive fields and reorganize somatosensory cortex [67].
An additional example of this in humans is the reorganization of the cortical representation
of fingers in Braille readers [67]. Given the complexity of sensory function, it is unlikely
that even more finely patterned stimulation with microECoG arrays will be able to emu-
late natural patterns of neural activation in response to peripheral touch. Despite this, by
getting as close as possible to a biomimetic approach, and concurrently relying upon the
brain’s plasticity and demonstrated abilities to adapt to novel signals, we could improve the

performance of DES of sensory cortex.

In summary, by combining biomimetic approaches with user adaptation, more efficacious

stimulation can be engineered for sensory neuroprosthetic devices.



173

6.5 Conclusions

In three subjects, we have demonstrated that modifications of constant amplitude train
waveforms are able to significantly affect human performance in a response timing task, and
can alter the strength and quality of the percepts.

Furthermore, we have shown that concurrent DES and natural haptic stimuli to the same
spatial location with close temporal proximity can be perceived independently, and that the
stimulus onset asynchrony between the two modalities recapitulates differences in response
times seen between DES and natural haptic touch.

These results have implications for the engineering of stimulation waveforms in sensory
neuroprosthetic devices to ensure the closest to natural performance. Additionally, we ob-
serve that DES does not inhibit natural sensory processing for percepts arriving from the
same spatial location with close proximity. This suggests that brain regions can receive
concurrent artificial and natural feedback, and process both independently. For a future
neuroprosthetic device, these results imply that the brain could be tasked with both inter-

preting artificial input as well as performing its normal functions.
6.6 Code Availability

Full MATLAB, Python, and R code is available at:
https://github.com/davidjuliancaldwell /StimulationResponse TimingPython
https://github.com/davidjuliancaldwell /Response Timing Analysis

6.7 Related Publications and Presentations

Caldwell DJ, Cronin JA, Wu J, Weaver K, Ko AL, Rao RPN, Ojemann JG, “Spatiotem-
porally overlapping haptic and direct cortical stimulation in humans results in simultaneous
perception with a range of delays predicted by the response time delay to cortical stimula-

tion”, Society for Neuroscience — Annual Meeting, San Diego, CA, November 2018
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Caldwell DJ, Cronin JA, Tsai JJ, Rao RPN, Ko AL, Weaver K, Ojemann JG, “Direct cor-
tical stimulation with non-uniform amplitudes modify behavioral response times and neural

responses relative to constant stimuli”, 2018 Neurofutures Meeting, Seattle, WA, July 2018

Caldwell DJ, “Behavioral and neural differences between haptic stimulation and direct corti-
cal stimulation in humans: implications for neuroprosthetics”, 7th International BCI Meet-
ing, Workshop: Perception of Sensation Restored through Neural Interfaces, Asilomar, CA,
May 2018
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Chapter 7

DOSE DEPENDENT ENHANCEMENT OF CORTICALLY
EVOKED POTENTIALS DURING BETA-OSCILLATION
PHASE TRIGGERED DIRECT CORTICAL STIMULATION
OF HUMAN CORTEX

Neuromodulation through direct electrical stimulation of the cerebral cortex may enhance
neuroplasticity after stroke or trauma, potentially improving outcomes. Mechanistic theo-
ries of plasticity suggest that it may be critical to pair stimulation with endogenous neural
activity. In order to better characterize the potential role of direct electrical stimulation for
neurorehabilitation in humans, we studied the beta-oscillation (12-20 Hz) triggered ECoG
stimulation through characterization of cortically evoked potentials (CEPs). In 10 human
subjects, 7 of whom completed the experimental paradigm, we recorded beta oscillations,
and in real-time delivered electrical stimuli during various phases of heightened beta oscil-
lations at a site which elicited CEPs. Using a linear mixed model, we discern a statistically
significant increase in CEP size immediately following conditioning, with larger increases
for greater numbers of conditioning stimuli. In one subject, we compared beta-triggered
oscillation with a control stimulation condition that was independent of underlying brain
oscillations. We found electrodes where CEPs were larger during beta-band dependent stim-
ulation when compared with the control. Heightened beta-oscillations alone did not enhance
CEP magnitudes. When considering all electrodes across the cortex, we observe a trend
towards increased CEP amplitudes at surface depolarizing phases relative to hyperpolarizing
phases, with a significant effect at the greatest number of conditioning stimuli. In 3 sub-

jects, the greatest percent increase in CEP magnitude was in the trigger channel. This study
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demonstrates that activity-dependent cortical stimulation can increase the CEP amplitude,
a surrogate marker of connectivity suggesting a role in neurological rehabilitation, relative
to open-loop stimulation, although much remains unknown about optimum stimulation pa-

rameters and the relationship with functional outcomes in humans.

7.1 Introduction

7.1.1  “Closed-Loop” Stimulation Control

Beyond non-invasive and peripheral stimulation modalities, it is possible for brain DES to
enhance outcomes. However, it is a challenge to operationally determine when the brain is
actively engaged in a task, in real-time. Exploiting what is known about the importance
of timing of stimuli for both synaptic potentiation and depression is an important place
to start [85]. As discussed in the introduction, activity dependent stimulation may offer
advantages relative to open-loop stimulation protocols for inducing cortical plasticity.

To investigate if these principles of activity-dependent modulation extend to the multi-
cellular neural systems level, system-level markers of activity are needed. The beta band of
cortical oscillations correlates with periodic firing of neuronal ensembles [198,199], suggesting
the temporal summation of the activity of many neurons [210]. Additionally, beta waves are
also associated with attention (Murthy and Fetz 1996a) and closely associated with a more
common form of neuroplasticity — learning [118]. Beta rhythms are conserved across species,
and are suggested to emerge from the tightly synchronized integration of excitatory synaptic
drive which targets pyramidal neurons, primarily the proximal and distal dendrites [255].

Likewise, instead of single-cell markers of plasticity, we need alternative measures to
quantify connectivity at the multicellular scale. One such electrophysiological measure is
the cortico-cortical evoked potential (CCEP): when the brain is stimulated in one location
with an electrical pulse, an evoked potential appears at a connected area of cortex [175,176].

Evoked potentials have been used to establish the effects of stimulation paradigms on neural
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activity and connectivity in non-human primates [250], and as such we similarly seek to use
the modulation of CCEPs as a metric for the efficacy of the induction of short term plasticity.
An additional recent study has looked at the phenomenon of Volume-Conducted Potentials
(VCPs) through high resolution ECoG recordings in humans [256] to study propagation
of a single source of neural signals near stimulation electrodes. We acknowledge potential
contributions from neurons directly under the stimulating electrode pair to adjacent local field
potentials, and therefore rather than focusing on absolute magnitudes which are of unclear

importance, we emphasize changes in evoked potential due to our conditioning paradigm.

Rather than specifically describe our recorded signals as cortico-cortical evoked potentials
(CCEPs), we instead will refer to them simply as cortically evoked potentials, or CEPs
[314], to avoid confusion with literature in reference to distant responses (on the order of

centimeters) seen with higher levels of stimulation at connected sites.

Combining beta-band activity as a physiological marker of neural activity with the CEP as
a surrogate measure of neural system connectivity and plasticity, we implemented a paradigm
to record signals from the brain and provide stimulation in humans only during optimal

periods of brain activity.

7.2 DMaterials and Methods

7.2.1 Recording and Stimulation

We recorded raw neural data at 12207 Hz to resolve short-latency signal components and
for artifact suppression. We employed a constant-current stimulation mode, which delivered
voltage to meet a given current requirement. Our pulse duration was approximately 1.23 ms

for each phase of our biphasic, bipolar rectangular pulse stimulation.



178

7.2.2  FElectrode Selection and Identification of CEPs

We identified primary motor cortex (M1) for stimulation and adjacent electrodes for record-
ing. We identified M1 for stimulation and adjacent electrodes for recording. In most subjects
we used multiple concurrent methods to determine the approximate anatomical location M1
electrodes: 1) on neuroimaging and subsequent cortical reconstructions, then 2) we located
the focus of high-gamma response to overt and imagined hand movement (compared to
rest) that corresponded to the approximate surface anatomical location of the hand motor
cortex [158,187], and 3) verified the functional location by evoking movements with stim-
ulation. If clinically indicated, subjects previously underwent clinical stimulation mapping
for the purposes or surgical planning. The results of the clinical mapping, when available,
helped guide the selection of research stimulation amplitudes and aided identification of
functional areas. We chose hand-motor area as the preferred target location in this study
partially because of prior stimulation in this area in the EVEREST study and related stud-
ies [106,122,159,221]. Additionally, the theoretical window for activity dependent plasticity
is potentially longer in motor areas compared with sensory areas, as M1 neurons activated
through median nerve stimulation fire for several milliseconds, where M1 activity that causes
a ballistic hand movement lasts for up to 250 ms [62,75]. Two adjacent electrodes were used

for stimulation (bipolar configuration).

To evoke a CEP, we stimulated with individual pulses and increased the amplitude until
we observed an evoked response in neighboring electrodes. We identified CEPs in recording
channels by comparing all channels and selecting those with evoked potentials superimposed
on the stimulation artifact. CEPs were qualitatively large amplitude, long duration, often
biphasic responses present in a subset of channels in close proximity to the stimulation
channels. As stimulation amplitudes were increased, CEP amplitudes would appear and
increase in size in a nonlinear relationship with the stimulation artifact, and were subject to

amplitude saturation.
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Recording electrodes that demonstrated robust CEPs in response to stimulation were
candidates for beta recording electrodes. We then selected the electrode with the largest
evoked response and filtered for the beta band (biquad, cascaded high-pass and low-pass
Butterworth filters between 12 and 20 Hz, with 12 dB roll off per Octave) component of the
time-series neural signal. If the initially selected electrode did not have a beta component
(location dependent), we selected the electrode with the next largest CEP. We identified the
maximum amplitude of the CEP by titrating up the stimulation amplitude until reaching

maximum CEP amplitude.

7.2.83  Stimulation Delivery and Recording Paradigm

Once stimulation and recording electrodes were identified, we recorded the baseline root-
mean-square (RMS) of the filtered beta band from the beta recording electrode, and then
empirically selected the RMS value of the filtered beta signal that differentiated between
beta bursts and baseline beta activity. Then, we digitally processed the band passed beta
signal, and delay-triggered a single stimulus after the zero crossing of the wave (0°, 90°, 180°,
270°, relative to a sine wave, or randomly, modified to match the experimental protocol) as
long as the RMS value of the filtered signal exceeded that of baseline (Figure 7.1). Between
beta bursts, we delivered test pulses every 500 ms to evoke a CEP. We recorded the pattern

of stimuli to be later delivered in open loop fashion in the control condition described below.

7.2.4  Control Conditions (Stimulation Playback)

After a brief rest period, we delivered stimuli in an open-loop fashion to the subject, in-
dependent of the underlying beta activity or phase, with the exact timing specified by the
timing file generated from the closed-loop experiment (Figure 7.1). For analysis, we con-
sidered conditioning stimuli in the playback condition to be stimuli marked as conditioning

stimuli in the closed loop experiment, and probe stimuli in the playback condition to be
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Figure 7.1: Experimental Paradigm and Example Electrode Locations: Bipolar, biphasic
pulses were applied to the electrodes in blue. Conditioning pulses are illustrated to fall on a
given part of the beta burst. Baseline pulses are test pulses which were more than 2 seconds
away from the end of a beta burst. Probe pulses are test pulses which are less than 500 ms
following a stimulation train. The targeted phase of delivery was determined a priori, and

evaluated post hoc.
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probe stimuli in the closed-loop experiment. We similarly tested a null condition, where we
delivered probe stimuli before and after a beta burst, but delivered no conditioning stimuli

within the beta burst.

7.2.5 Effect of Real-time Filtering on Stimulation Delivery

In the proprietary TDT software, the beta recording channel was bandpassed between 12-
20 Hz using a digital, real-time biquad, cascaded high-pass and low-pass Butterworth filter
between 12 and 20 Hz, with 12 dB roll off per Octave. A period of 20 ms was removed after
each stimulus to avoid ringing through the real time band pass filter. This was determined
by observing the filter response to a beta oscillatory signal with stimulation, and estimating
the time for recovery to baseline. A zero crossing on either the rising or falling phase was
used to trigger a stimulus a fixed number of samples later. For estimated delivery on the
peak or trough of the beta signal, stimuli were delivered 16 ms later, corresponding to a
quarter cycle for a 16 Hz oscillatory signal, which corresponds with the center frequency of
the filter. Testing of the software with an oscilloscope phase lag dependent on the input
frequency for the beta filtered signal relative to the center frequency due to the IIR filter in
the frequency regimes of interest (12-20 Hz). We characterized the phase distortion due to
the beta filtering as a function of frequency, by feeding in a sine wave of a fixed frequency
in 1 Hz steps from 12-20 Hz (Supplemental Information, Figure E.1). Furthermore, we used
a function generator with a fixed frequency output from 12-20 Hz, in 1 Hz steps, to both
an oscilloscope and our recording system. We used this to trigger a stimulus in real time,
which we then registered sequentially on the TDT. We compared the phase of delivery of the
stimulus on the oscilloscope, and observed the non-linear phase difference we would expect
from an IIR butterworth filter (Supplemental Information, Figure. E.1)

We acknowledge the difficulties of real time filtering and non-linear phase delays due

to IIR filters implemented in software, but oscilloscope testing and post-hoc confirmation
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supports the utility of our software design. We input signals from a function generator of
sinusoidal, triangular, and square waveforms of varying amplitudes and frequencies to observe
the real time effects of filtering (Supplemental Information, Figure E.2). We also visualized
minimal signal interruption due to the blanking of the artifact (Supplemental Information,
Figure E.2). We observe accurate tracking of the envelope of the magnitude of the beta

oscillatory signal.

7.2.6 Safety

Seizures are a known risk of cortical stimulation. To minimize the chance of provoking a
seizure in subjects with known epilepsy, we did not attempt to stimulate near any location
that demonstrated interictal-spiking activity during the patient’s clinical care. We also
decreased or aborted stimulation if any epileptiform changes occurred on the clinical monitor
during the course of research. We took precautions in each subject to avoid stimulation near
the suspected (or confirmed) epileptic focus, as these areas may be particularly excitable
at baseline [79,169]. The EVEREST trial importantly demonstrated the safety of cortical
stimulation in humans. When designing our stimulation protocol, we sought to ensure patient
safety by remaining within the stimulation parameters for clinical studies. Additionally,
we designed the custom simulation scripts with safety mechanisms to prevent unintended
stimulation, and operating procedures to ensure safe delivery of stimulation according to
experimental protocols. We halted the stimulation if there were signs of brain irritability

(spiking activity), because of the increased risk of seizure.
7.2.7 Post-hoc Analysis

7.2.8 Classification of CEPs

We used custom MATLAB (MathWorks, Natick, Massachusetts, U.S.A.) and R (The R

Foundation, USA) scripts for all data analysis. By convention, we classified pulses within
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a 500 ms window following stimulation to be probe pulses, and pulses more than 2 seconds
after a burst of stimulation to be baseline pulses (Figure 7.1). We compared the peak-to-
peak amplitudes of CEPs associated with probe pulses to CEP amplitudes associated with
baseline pulses. We subtracted the average neural response in each channel from 50 ms to 5
ms before the time of stimulation. We segregated responses based off of 1-2, 3-4, or greater
than 5 conditioning pulses delivered in a train. We performed no filtering upon the entire
signal, as filtering smears the stimulus artifact in time and can obscure early potentials.
Instead, to reduce common noise and increase the signal-noise ratio, we re-referenced all of
the signals against the median of the non-noise channels which did not demonstrate EPs.
This was considered on a channel and subject basis where artifacts ended and CEPs began

(Figure 7.2). We subsequently proceeded with our CEP peak analysis.

7.2.9 CEP Location Analysis

We analyzed all channels within our subjects, and excluded any from further analysis that

were contaminated by amplifier recovery issues or were excessively noisy.

7.2.10 CEP Identification and Conventions

We focused on the peak-to-peak amplitude of the CEP in a 4 ms (or later, if obscured by
stimulus artifact) to 60 ms (assuming no additional stimulation during this time) window
following stimulation (free from the subsequent stimulation artifact) to represent early, ex-
citatory connections, representing the strength of structural and functional connectivity be-
tween regions [134], which builds upon prior work that considered different latency responses
(N1, P1, N2) [81,132]. We did this because the functional significance of different evoked
potential components is incompletely understood, nor how they relate to cortical output.
For all analyses involving peak-to-peak magnitudes, we thresholded our mean peak-to-peak

magnitudes at 150 'V, and only considered channels with magnitudes above this threshold.
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Figure 7.2: Characteristic cortically evoked potentials and stimulation pulse. The top plot

shows individual (N=49) CEPs after re-referencing for the trigger channel in subject 7, along

with an average waveform. The bottom plot shows for these pulses what the average stim-

ulation pulse looks like as recorded. This demonstrates the relative scale of the stimulation

pulse on a recording electrode to the evoked response observed. Of note is that the evoked

response is on the order of 100-1000 times smaller than stimulation pulse. In order to account

for potential amplifier recovery and artifacts from the stimulation pulses, the initial period of

recording following the stimulation pulse were excluded from analysis owing to stimulation

artifact. The colored lines indicate individual trials, where the dark black line indicates the

average response. The magnitude of an evoked potential for this channel was considered to

be the peak-to-peak voltage in the 4 (or later) - 60 ms window following stimulation.
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Any single trial with a peak-to-peak magnitude less than 25 pV, or greater than 1500 pV
was also discarded, as these tended to be artifacts. We performed Savitsky-Golay smoothing
only within our time window of interest prior to extracting the peak-to-peak amplitudes in

order to obtain a more reliable estimate of the peak-to-peak amplitude

7.2.11 Post-processing Analysis of Phase Delivery

For analyzing the phase of delivery of the conditioning stimuli, we fit the pre stimulus
signal from 50 ms before the stimulus until the time of stimulus with a sine wave using
nonlinear least squares fitting via Levenberg-Marquardt method [174], with a moving average
smoothing filter of 51 samples (4 ms window) to minimize the amount of high frequency noise
fit [314]. The parameters of the sine wave fit ranged with a frequency from 12-20 Hz, with
an offset in the model to account for discrepancies from baseline, and the R? value was
calculated over all conditioning pulses to assess phase delivery variability. Any fits with a R?
below 0.7 were excluded from further analysis. Additionally, any fits that fell exactly on the
boundaries of the frequency edges (< 12.01 or > 19.99 Hz), were also excluded from further
analysis, as these often coincided with poor fits. We selected a 12-20 Hz fitting window,
as this was the range over which our real time filter operated. Different frequency ranges
would falsely estimate the trigger signals. The distribution of frequencies of the fit curves,
the individual fitlines, and the phase at stimulus delivery were compiled for each subject and

each channel

7.2.12  Statistical Analysis across Subjects

In order to consider the effects of subject variability, stimulation intensity, the number of
stimuli delivered during conditioning trains, and the phase of stimulation, we constructed
a linear mixed model. This allowed us to disentangle the effects of variables we explicitly

tested (the binned phase of delivery, whether or not a channel was a trigger channel, and
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how many conditioning stimuli we delivered) relative to ones that (particular channels nested
within subjects). We implemented a linear mixed model in R, with the absolute difference
from baseline as the dependent variable, and using the number of stimuli delivered during
the conditioning trains, the binned phase (0 — 180°, or 180 — 360°), whether or not a channel
was a trigger channel for fixed effects, with random nested effects of channels within subject.
The model also included interactions between the number of stimuli delivered as well as the
binned phase, as well as the number of stimuli delivered during the conditioning train and
the individual subject, to account for subject variability and potential effect on each of these
fixed effects. Analysis of the residuals and cumulative distribution functions (supplementary
Figure E.13, Figure E.14) indicated that these analyses were appropriate for most of the data.
Of note is the tremendous variability that can be seen in individual trial CEP responses.
Despite this, we report a high conditional R? which suggests that the combination of our

random and fixed effects explains a large fraction of our observed responses.

7.2.13  Statistical Analysis with Subjects

For the seventh subject with the control stimulation condition, we fit a linear model with
absolute magnitude as the independent variable, the number of stimuli in the conditioning
train, the closed-loop or control status of the experiment, and an interaction effect between

the conditioning effect and the number of conditioning stimuli.

7.3 Results

We carried out the experiments as described in the methods and illustrated in Figure 7.1.
Ten subjects participated in the study, and seven completed the experiment protocol. We
excluded one of these subjects (subject # 5) from further analyses due to overlap between
stimulation artifact and the neural signal, and an inability to calculate a meaningful peak-

to-peak voltage. Table 7.1 illustrates the various currents used for each of the subjects (See
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Subject Current (mA) Voltage (V) (approx) Phases set to be delivered Age Gender Grid side and location

1 2 5.2 180° 35 F Left temporal

2 3 5 0, 180° 19 M Right frontal over central sulcus
3 3 4.2 180° 47 F Right frontal

4 0.75 3.4 270° 37 F Left frontal/temporal

5 0.75 2.4 90, 270° 38 F Left temporal

6 1.75 3.5 90, 270°random 33 M Lateral temporoparietal

7 1.75 4.9 90, 270° null,playback 43 M Left frontal/temporal

Table 7.1: Beta stimulation subject demographics. Demographics table showing the currents
used for stimulation, phases tested, age, gender, grid location, and approximate location of
epilepsy focus. Voltage applied was measured as a recorded representative voltage from the

circuit monitoring the TDT stimulation in real-time.

supplemental information table E.1, supplementary Figure E.3 for the subjects not included
in the analysis).

The stimulation currents ranged from 0.75 to 3.5 mA with voltages ranging from 2.4 volts
to 5.2 volts, with some intra-subject variability due to constant-current stimulation settings.
Individual subjects including demographics are shown in table 7.1. Of note, these currents
were empirically selected for each subject during the CEP mapping and thresholding phases.
The number of conditioning stimuli and test stimuli for each subject and test condition
are highlighted in table 7.2. Grid locations are shown visually overlaid on the cortical

reconstructions of the subjects (Figure 7.3).

7.3.1 Description of CEPs Observed

Figure 7.2 demonstrates characteristic CEPs from the study. We observed CEPs in loca-
tions primarily near the recording site, and restricted our analyses to the beta-recording
channel and neighboring electrodes that demonstrated discernible CEPs (see Figure 7.4 for
a depiction of the average CEPs across the brain for subject #7). We acknowledge the
potential for the contributions of volume conducted potentials (VCPs) [81, 132, 256], and
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Subject 1 Subject 4 Subject 7

Figure 7.3: Subject cortical reconstructions. Cortical reconstructions of the seven subjects
included in analysis (see appendix for subjects not analyzed further). The trigger channel
is highlighted (), and was the one selected for monitoring and triggering. The cathodic
first (-) and anodic first (+) channels are also highlighted for each subject, and indicate the

channels used both for conditioning and test pulses.
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Subject conditioning stimuli # pulses after # pulses after # pulses after # baseline pulses
by targeted phase 1-2 stims 3-4 stims 5 or more stims

1 180° : 1451 882 176 58 78

2 0° :1618 701 190 212 120
180° : 2813 840 206 58

3 180° : 6759 1341 593 695 98

4 270° : 4702 753 366 450 396

5 90° : 1618 414 86 414 25
270° : 1278 171 65 90

6 90° : 2473 119 79 201 45
270° : 3247 84 154 168
Random: 2648 112 73 176

5 90° : 916 167 108 55 49
270° : 794 183 127 47

Table 7.2: Number of Conditioning and Test Stimuli for Each Subject. The number of
conditioning stimuli, along with the number of baseline and test pulses for each of the binned
conditions (1-2, 3-4, 5 or greater conditioning stimuli) for all subjects which were supposed
to correspond with the targeted phase. The set of baseline pulses for each subject served as

the reference baseline for all conditions.
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have included supplementary figures (Supplementary Figure E.4-E.9)) illustrating the indi-
vidual average baseline waveform for all subjects at all channels across the grid to highlight
temporal waveform differences between different channels, suggesting that we are analyzing
additional waveform components beyond a solitary source beneath the stimulation channels.
Additionally, we emphasize here that we analyze changes in CEPs as our output metric
of interest, which are independent of volume conduction effects. Following our stimulation
pulse, we observed characteristic and robustly reproducible CEPs (Figure 7.2), often with
well defined peaks in the 4-60 ms range. We did not observe distant CEPs in our analysis.
We believe this to be due to a combination of the low currents that we used for stimulation,
as well as the fact that we often delivered stimuli within 50-80 ms of one another, potentially

obscuring any delayed responses on the order of hundreds of milliseconds.

7.3.2  Dose Dependence

The major factor we observe is a dose dependence of the number of conditioning stimuli
delivered during a beta burst (Figure 7.5). We binned all subjects together, and all test
stimuli independent of the phase of conditioning stimulation during the beta burst, and
included all channels where we saw EPs. As the number of conditioning stimuli delivered
during a beta burst An ANOVA on the linear mixed model reveals a statistically significant
effect of the number of conditioning stimuli (Table ).

As the number of conditioning stimuli delivered during a beta burst increased, the ab-
solute difference from the baseline CEPs increased. An ANOVA on the linear mixed model
reveals a statistically significant effect of the number of conditioning stimuli (p=8.808e-6,
Supplementary Table 7.3(a)). The individual estimates in CEP magnitude from baseline and
p-values from the linear mixed model were 8.68 V' for [1,2] stimuli (p=0.176), an additional
4.32 pV for [3,4] stimuli (p = 0.01), and 10.25 pV for 5 or greater stimuli (p < 0.001).

Whether or not the channel was a trigger channel did not have a statistically significant
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Figure 7.4: Map of CEPs across cortex for subject 7. Pink channels indicate the stimulation
channels, while gold indicates the trigger channel. Note the complex and variable morpholo-
gies across the cortex, with primarily local responses. The scale bar in the lower right applies
to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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impact on the results (ANOVA, p = 0.172)

After examining the influence of the number of conditioning stimuli on the observed
CEP magnitude, we then considered the effect of phase of stimulation on the degree of CEP

change.

7.8.83  Accuracy of Phase Delivery

As described in the methods, the calculation of the phase of delivery was a critical issue for
subsequent data analyses. For all of the non-stimulation channels, we performed the esti-
mation of frequency and phase as described in the methods section, for all of our channels.
We highlight individual trigger channels from the closed loop protocol for the first subject
(Figure 7.6), the seventh subject (Figure 7.7, Figure 7.8), as well as the open-loop playback
control for the seventh subject (Figure 7.9, Figure 7.10). The individual and average fitlines,
distribution of phases at the time of stimulus delivery, frequency of the curve fits, and R?
values are shown. For the phase distributions, we calculate the circular mean, standard de-
viation, and vector length [24] to ascertain the reliability of stimulus delivery for all channels
across all subjects. We consider the mean vector length to be a marker of phase-stimulation

consistency.

We additionally fit sinusoids to waveforms that had the time of the stimulus artifact
and early response interpolated out and were subsequently filtered an acausal 4th order
butterworth between 12-20 Hz. For the subjects shown below, the results corresponded well,
but the difficulty determining the data interpolation length and the effects of remaining early
CEPs or artifacts on the filtered data convinced us to proceed with fitting the raw data for

more accurate estimations of phase. (Data not shown).
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Figure 7.5: Dose dependent change in CEP magnitude. (a) The dominant effect that we
observe is a dose dependent change in CEP magnitude, with an increasing percent change
from baseline as the number of conditioning stimuli increased. We here plot all subjects, with
all test stimuli binned together regardless of the phase of stimulation, for all channels that
demonstrated CEPs. Each individual data point represents the average percent difference
from baseline for a single channel from a subject. The median value for each binned number
of conditioning stimuli, as well as the 25% and 75% quartiles are also plotted. The best
fit linear line and 95% confidence intervals are also plotted. (b) Shown here are the mean
CEPs in channel 14 from subject 7, illustrated by the black arrow in panel (a), where as the
number of conditioning stimuli in a beta-oscillation cycle increase, the resultant test CEP

magnitude immediately after increases as well relative to baseline.
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Figure 7.6: Fitlines, phase, goodness of fit, and frequency distributions for the phase estima-
tions for the trigger channel for subject 1 for 180° target phase. (a) Individual and average
(225) fitlines for all conditioning trials for the target 180° condition from 40 ms before to
the time of stimulation that had an R? greater than 0.7, and were between 12.01 and 19.99
Hz. (b) Distribution of phases at the time of stimulus delivery for the fitlines in panel (a).
The vector represents the circular mean direction of the distribution, and is our estimate of
the average phase of delivery. (c) Distribution of the R? values for all of the conditioning

stimuli. (d) Distribution of the frequencies of the sine waves from the fitlines of panel (a)
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Figure 7.7: Fitlines, phase, goodness of fit, and frequency distributions for the phase estima-
tions for the trigger channel for subject 7 for 90° target phase. (a) Individual and average
(279) fitlines for all conditioning trials for the target 90° condition from 40 ms before to the
time of stimulation that had an R? greater than 0.7, and were between 12.01 and 19.99 Hz.
(b) Distribution of phases at the time of stimulus delivery for the fitlines in panel (a). The
vector represents the circular mean direction of the distribution, and is our estimate of the
average phase of delivery. (c¢) Distribution of the R? values for all of the conditioning stimuli.

(d) Distribution of the frequencies of the sine waves from the fitlines of panel (a)
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Figure 7.8: Fitlines, phase, goodness of fit, and frequency distributions for the phase estima-
tions for the trigger channel for subject 7 for 270° target phase. (a) Individual and average
(170) fitlines for all conditioning trials for the target 270° condition from 40 ms before to the
time of stimulation that had an R? greater than 0.7, and were between 12.01 and 19.99 Hz.
(b) Distribution of phases at the time of stimulus delivery for the fitlines in a). The vector
represents the circular mean direction of the distribution, and is our estimate of the average
phase of delivery. (c) Distribution of the R? values for all of the conditioning stimuli. (d)

Distribution of the frequencies of the sine waves from the fitlines of panel (a)
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Figure 7.9: Fitlines, phase, goodness of fit, and frequency distributions for the phase esti-

mations for the trigger channel for subject 7 for the playback control condition, for phases

at 90° in closed-loop condition. (a) Individual and average (225) fitlines for all conditioning

trials for the target 180° condition from 40 ms before to the time of stimulation that had

an R? greater than 0.7, and were between 12.01 and 19.99 Hz. (b) Distribution of phases at

the time of stimulus delivery for the fitlines in panel (a). The vector represents the circular

mean direction of the distribution, and is our estimate of the average phase of delivery. (c)

Distribution of the R? values for all of the conditioning stimuli. (d) Distribution of the

frequencies of the sine waves from the fitlines of panel (a)
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Figure 7.10: Fitlines, phase, goodness of fit, and frequency distributions for the phase esti-
mations for the trigger channel for subject 7 for the playback control condition, for phases
at 270° in closed-loop condition. (a) Individual and average (225) fitlines for all conditioning
trials for the target 180° condition from 40 ms before to the time of stimulation that had
an R? greater than 0.7, and were between 12.01 and 19.99 Hz. B) Distribution of phases at
the time of stimulus delivery for the fitlines in panel (a). The vector represents the circular
mean direction of the distribution, and is our estimate of the average phase of delivery. (c)
Distribution of the R? values for all of the conditioning stimuli. (d) Distribution of the

frequencies of the sine waves from the fitlines of panel (a).
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7.8.4  Phases Across Cortex

For each channel in the electrode array that has reliable neural recordings, we use the length
of the circular mean vector as described in the methods as a metric for goodness of fit. A
small value indicates a more random distribution of phases. Figure 7.11 illustrates for the first
subject the distribution of phases across cortex (indicated by color), while the size of the circle
indicates the consistency of phase delivery. Of note is that the trigger channel demonstrates
the greatest consistency of phase delivery, and is within 6° of the target frequency on average.

To further look at the accuracy of phase delivery within a beta burst in our real-time
system, we analyzed random subsets of beta bursts and visualized the consistency of phase
delivery (Figure E.10). To visualize post-hoc the real time performance of our beta filtering,
blanking, and peak detection, we visualized a random subsection of our output (Figure E.11).

In general, the real time filter was able to stimulate near the desired phase.

7.3.5 Beta Burst Lengths

To characterize the number of stimuli delivered during each calculated beta burst, we con-
structed histograms for each subject and each stimulation type (Figure E.12). This was also
critical to ascertain the amount of retriggering off of prior stimuli during the conditioning
phases. Most stimuli trains fell under 10 stimuli per beta burst. Physiologic studies in pri-
mates have shown beta oscillations during normal behavior to be less than 10 cycles [314],
indicating that the majority of our beta oscillations and stimuli were physiologically based,

rather than due to retriggering.

7.3.6  Aggregate Analysis: Dose Dependence and Binned Phase

We next looked at the spatial selectivity and phase selectivity. After calculating the phase
of each channel, we binned channels with conditioning phases between 0-180 into one bin,

and between 180-360 degrees into another. With this as a categorical variable, we performed
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Figure 7.11: Phase of delivery across the cortex for subject 1. The size of each circle rep-
resents the circular mean vector length of the phase distribution, while colors indicate the
circular mean phase of delivery. The triggering channel indicates the channel from which
the filtered beta oscillations were used to trigger conditioning stimuli (black electrodes). Of
note is that the trigger channel had the most consistent phase of delivery, which was at 174°,
relative to the desired phase of 180°. Adjacent channels may have a phase similar to the
triggering channel, which undergoes a shift in phase and less consistent delivery at electrodes

further from the triggering electrode.
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a linear mixed model analysis to ascertain the effect of the number of conditioning stimuli,
the current delivered, the binned phase of stimulation as well as the subject ID. When we
look across subjects (Figure 7.12), we saw variability both in the size of the baseline and
conditioned CEPs, as well as the degree of dose dependence. Individual trends for subjects
can be seen in figure 7.13, where some subjects display clear increases in CEPs (subjects
2,7), while others show little change across electrodes (subjects 1, 6).

Testing our hypothesis of the stimulating in a putatively more excitable neuronal state
(depolarizing phase of beta-oscillations), we observe a trend towards increased CEP modu-
lation on the depolarizing stimulus, and a statistically significant phase dependence at the
greatest number of conditioning pulses (Table 7.3)). An ANOVA on the linear mixed model
reveals no significant phase effect on its own (p=0.076), but there does exist a statistically sig-
nificant interaction effect between phase and the number of conditioning stimuli (p = 0.043).
There is no interaction effect between the number of stimuli and whether or not a channel
was a trigger channel (p=0.53, (Table 7.3)). Post-hoc testing with estimated marginal means
and tukey-correction revealed a significant interaction effect for the number of conditioning
stimuli and phase of delivery for the 5 or greater conditioning stimuli delivered (estimate =
7.033 1V, p = 0.0062)

The increase in EP magnitude from baseline is evident in Figure 7.14, as well as the
interaction effect between whether or not the stimuli were delivered on average in the hyper-

polarizing or depolarizing phase of stimulation. The major effect is the dose dependence.

7.3.7 Randomized Stimulation, Beta-oscillatory Activity Alone, and Playback Controls

We tested the effect of a beta burst on the pre- and post-CEP amplitudes in the absence
of any stimulation during the burst, as well as a control playback condition as described in
the methods (stimulation pattern previously recorded, delivered asynchronously with beta

activity). The null test pulses in most channels following a beta burst had a CEP magnitude
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Figure 7.12: Compiled subject effect of percent change in CEP magnitudes across subjects at
all channels with CEPs as a function of mean phase angle of conditioning at that electrode.
The condition of 5 or greater stimuli in a conditioning train is compared to the baseline. The
size of the circle indicates the mean circular vector length for the delivered phase. Larger

circles indicate a more consistent phase of delivery.
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Predictor Sum Square Error Mean Square Error Numerator DF Denominator DF F Value Pr(>F)
# conditioning stimuli (NCS) 143522 71761 2 31788 11.644 8.808e-6
Phase of stim (PS) 19440 19440 1 2761 3.154 0.076
Trigger channel (TC) 12355 12355 1 19 2.005 0.173
NCS : TC inter. 7812 3906 2 31202 0.634 0.531
NCS : PS inter. 38824 19412 2 31238 3.145  0.0429

Scaled Residuals

Min First Quartile Median Third Quartile Max
-7.1911 -0.538 -0.0281 0.5112 14.2860
Predictor Estimates Confidence Interval p-value
Intercept 8.68 -2.13 - 19.50 0.176

[3, 4] conditioning stimuli 4.32 1.05 — 7.58 0.010
[5,inf) conditioning stimuli 10.25 6.68 — 13.83 <0.001
90° phase class -0.77 -4.70 - 3.15 0.700
Non-trigger channel 7.34 -2.32 - 17.00 0.152

[3, 4]:trigger channel interaction 1.05 -3.96 — 6.06 0.681
[5,inf):trigger channel -2.40 -7.82 — 3.01 0.385

[3,4] : 90° phase -1.02 -5.38 — 3.34 0.646
[5,inf) : 90° phase -6.26 -11.17 - -1.35 0.012

o2 6162.86

700 channel:subject 92.50

Too subject 133.96

ICC channel:subject 0.01

ICC subject 0.02

Observations 31889

Marginal R?/ Conditional R? 0.003/0.039

Table 7.3: Output from linear mixed model. ANOVA on the linear mixed model. Distri-
bution of residuals following fitting. Post-hoc comparisons of factors and interaction effects.
Welch’s method is used to obtain estimates of the p values for the given pairwise comparison

of fixed effects following the original ANOVA. Analysis of random effects following fitting.
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Figure 7.13: Individual plot of percent change in CEP magnitudes across subjects at all
channels with CEPs as a function of mean phase angle of conditioning at that electrode.
Plot of percent change in CEP magnitudes across subjects for all electrodes with CEPs
that met our criteria mentioned in the methods. The condition of 5 or greater stimuli in
a conditioning train is compared to the baseline. The size of the circle indicates the mean
circular vector length for the delivered phase. Larger circles indicate a more consistent phase

of delivery.
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Dose dependence as a function of phase of stimulation
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Figure 7.14: Dose dependent conditioning effect between phase groupings. For all subjects
and channels with robust evoked potentials, the circular mean phase angle was used to bin
the data into either hyperpolarizing (0-180°) or depolarizing (180-360°) groupings. The per-
cent difference from baseline was then calculated for each stimulation condition. The trend
towards increasing number of conditioning stimuli increasing the magnitude in EP is highly
significant (p<0.001), while there is a significant effect at greater than 5 conditioning stim-
uli for the depolarizing phase (270°) relative to the hyperpolarizing phase (90°). Individual
points represent a single channel, with subjects 1 through 4 and 6 through 7 represented.

The median, 25%, and 75% quartiles are also visualized.
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that was not significantly different than baseline (for an example channel from subject 7, see
table 7.4).

We next sought to quantify the effect of activity dependent stimulation compared to our
control, playback condition. As an example, in a channel adjacent to the beta-recording
channel in Subject 7 (Figure 7.15), we saw significantly lower CEP magnitudes for the
conditioning trains with 5 or more pulses (estimate = -106.34 uV/, p-value < 0.001, estimated
marginal means with tukey-correction, Table 7.4) across conditions for the playback control
condition relative to the beta-triggered stimulation paradigm, with no difference in baseline
levels (estimate = -23 pV, p-value = 0.345, Table 7.4). This increase in CEP magnitude
during the beta-triggered case suggests a greater increase in short term plasticity. Of note,
however, is that there does appear to be a weaker, although still present effect for short term
plasticity induction via rhythmic delivery of stimuli.

In subject 6, we tested hyperpolarizing stimulation, depolarizing stimulation, and a ran-
domized phase condition where the phase for any given stimulation train was randomly
picked. In this subject, we did not observe any robust differences between groups (Figure
7.16). The lack of large scale effects in this subject ( 5% change in CEP magnitude) may
explain the similarity between groups.

Specificity for the trigger channel. Although our linear mixed model did not reveal a
clear role for the trigger channel always eliciting the greatest change, in a number of subjects
(2,3,4, and 6), the greatest degree of change was seen in the trigger channel (Figure 7.17,

supplemental figures)

7.4 Discussion

. In this study we investigated the effects of beta-triggered cortical stimulation on a physio-
logical marker of neural connectivity, the CEP, and found a dose-dependent increase in the

amplitude of the CEP, related to the number of stimuli delivered in a beta burst. This result
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Figure 7.15: Beta-triggered playback vs. control condition for Subject 7, Channel 14. Addi-
tional figure illustrating the differences in the activity dependent and playback condition for
an additional channel adjacent to the beta recording channel. None of the playback condi-
tions differed significantly from one another (while all beta-triggered stimulation conditions
other than the baseline and 1-2 conditioning pulse experiment were significantly different
than the playback condition. Box plots indicate the median, 25% and 75% interquartile
range (IQR), while notches illustrate (1.58 * IQR / sqrt (n)) for each condition.
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Predictor DF Sum Square Error Mean Square Error F Value Pr(>F)

# conditioning stimuli (NCS) 4 71761 154397 10.628 1.573e-8

Open vs. closed loop (OLCL) 1 19440 971275 66.858 4.892e-16

OLCL:NCS inter. 4 12355 70964 4.885 6.378e-4
Scaled Residuals

Min First Quartile Median Third Quartile Max

-267.89 -69.14 -10.30 46.91 843.54

Predictor Estimates Confidence Interval p-value

Intercept 345.69 311.92 — 379.46 <0.001

Null case 7.10 -28.90 — 43.09 0.699

[1,2] conditioning stimuli 2.54 -33.5 — 38.59 0.890

[3, 4] conditioning stimuli 38.42 1.30 — 75.54 0.042

[5,inf) conditioning stimuli ~ 95.74 54.66 — 136.83 <0.001

Playback control -23.00 -70.75 — 24.75 0.345

Null:playback interaction -13.30 -64.20 — 37.60 0.608

(1, 2]:playback interaction -2.59 -53.57 — 48.40 0.921

[3, 4]:playback interaction -28.68 -81.17 — 23.8 0.284

[5,inf):playback interaction  -83.32 -141.42 — - 25.22 0.005

Observations 2192

Marginal R?/ Conditional R? 0.056/0.054

Table 7.4: Linear model results for closed-loop vs open-loop stimulation in Subject 7.

ANOVA on the linear model for the closed loop vs. open-loop stimulation. b) Residuals

for linear fit model. Post hoc comparisons of interaction effects, with the number of stimuli,

as well as the interaction between the number of conditioning stimuli and the closed loop

playback being significant for the linear model used.
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Figure 7.16: Dose dependent conditioning effect for subject 6. Test pulses belonging to each
either a targeted hyperpolarizing, depolarizing, or random (but constant within a train)
phase are compared for subject 6 as a function of the number of conditioning stimuli. For
this subject, there did not seem to be a clear effect of phase. Box plots indicate the median,
25% and 75% interquartile range (IQR), while notches illustrate (1.58 * IQR / sqrt (n)) for

each condition.
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Figure 7.17: Percent change across cortex. Visualized are two subjects (2, 4) for whom the

degree of change was greatest in the triggering channel.
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was consistent across subjects, however the absolute magnitude of the CEPs varied between
subjects. Overall, we found that the measured CEPs were polymorphic across subjects and
across channels within subjects, which posed a challenge to standardized measurement. De-
spite this, we observed high within-subject and within-channel repeatability. The duration
of effect was transient and lasted less than two seconds. In one patient, the degree of CEP
modulation was decreased in the control playback conditions suggesting that the effect was
dependent upon synchronization with endogenous neural activity. Beta-bursts alone did
not result in enhanced CEP magnitude. These physiological findings in humans are con-
sistent with prior animal studies that link cortical stimulation with motor activity and/or
associated neural activity [27,66, 85,96, 125, 168]. Also, these findings are consistent with
a possible mechanism to explain prior clinical studies that showed improved neurological

outcomes when linking non-invasive stimulation with motor activity [142,195].

We observed a trend towards increased CEP magnitudes in the depolarizing phase of
stimulation, similar to prior primate work [314]. However, our results were less consistent
than seen in the prior literature. Possible reasons for this will be discussed below. We
additionally see a more network wide increase in CEP magnitude, rather than any particular

dependence on whether or not a channel was a trigger channel.

Additionally, we observed CEPs that were similar in character to those described in prior
human studies. We observed a clear early response representative of the A1/N1 previously
described [133,175,176]. Due to our stimulation protocol, and stimulation amplitude level
which resulted only in local CEPs, we did not robustly observe the A2/N2 response, which
is often seen 100-300 ms post stimulation [133].

Overall, we found that the measured CEPs were polymorphic across subjects and across
channels within subjects, which posed a challenge to standardized measurement. However

we observed high within-subject and within-channel repeatability.
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7.4.1 Subject Variability and Dose Response

We observed a clear dose dependent effect across subjects through our linear mixed model
analysis. On an individual subject basis, we see a variability both in the size of the baseline
and conditioned CEPs, as well as the degree of dose dependence. A likely explanation for this
is the placement of the electrodes, which differed from subject to subject and was determined
for clinical reasons. Subject 7 did not demonstrate a clear increase in CEP magnitude at the
beta-recording electrode, while demonstrating clear CEP enhancement at channels adjacent
to the beta-recording channel, while subjects 2, 4, and 6 showed the greatest percent increase
effect at the trigger channel relative to other channels with their electrode grids (Figure
7.17)). This suggests a complex relationship between our conditioning paradigm and every

subject.

Differences in baseline excitability were clear, as despite our varying stimulation levels,
the size of response did not always map to the stimulation current used. For example, subject
4 had the smallest magnitude of CEPs, with a current delivery level of 0.75 mA, while subject
5 also had a current delivery of 0.75 mA, but with magnitudes after conditioning comparable

to other subjects with higher stimulation currents.

Additional potential modulating factors include the cognitive state of the subject during
the experiment, medication status, and the level of stimulation used. As patients were being
treated for epilepsy, and were on a variety of painkillers and anti-epileptic drugs, there could
be baseline differences in cortical excitability. Beyond these factors, a subject’s inherent char-
acteristics and baseline excitability could determine the influence of a conditioning paradigm,
similar to the wide variety of responses seen in individuals to pharmaceuticals. This high-
lights the potential individual subject characteristics that may need to be considered for
closed loop therapy applications, where one treatment strategy may not be appropriate or

optimal for all individuals.
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7.4.2  Network Wide Changes

The changes seen in channels outside of the triggering channel speaks to the complex effects
of stimulation on the brain. There is an intersection of phase, stimulation level, subject
variability, number of conditioning stimuli, and other unknown factors which contribute to
the responses we see here. In total, (Figures 7.5, 7.14, 7.12, and 7.13), we see an overall en-
hancement of CEP magnitude across cortex, speaking to potentiation of connection strength,

but the changes that would be seen over longer time periods remain unknown.

7.4.3 Limitations of Findings

While this study demonstrates physiological effects of cortical stimulation in humans, we
were somewhat limited by subject availability and testing time in our capacity to explore
the parameter space of cortical stimulation. We were able to conduct the study protocol only
once per subject, limiting our capacity to test and compare multiple stimulation and beta
recording sites. We were also not able to test a broad range of stimulation pulse parame-
ters (amplitude, width, shape, and variations of charge balance, or variations on stimulation
frequencies) that likely have an effect. These are limitations to the generalizability of the
findings and suggest that the technique could be further optimized in future studies. Ad-
ditional animal studies could allow for greater testing time within subjects and could speed
the optimization process.

We also acknowledge that this study demonstrates the ability to modulate a short-term
physiological marker of neural connectivity (the CEP), and that it was beyond the scope of
this study to test humans with neurological impairments for cumulative changes in functional
outcomes. Similarly, it has not yet been definitively demonstrated in the literature that
changes in the CEP correlate with changes in neurological outcomes or function. However,
in the context of prior human cortical stimulation studies [42,106, 122,142, 159, 195, 221],

the changes in CEPs that we observed could be a physiological marker of the neuroplastic
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changes involved in neurological recovery. Given the invasiveness of ECoG based neural
stimulation and recording, linking CEPs with functional outcomes would likely require a
long-term neural implant, and therefore may require further testing in animal models. To
test the effects on functional outcomes in humans, a fully implanted system would likely be

required for chronic stimulation.

7.4.4 Phase Delivery Accuracy

We acknowledge the limitations of this method of phase delivery, but the difficulties of real
time filtering and concurrent stimulation necessitated an approximate method to determine
beta-oscillations in real time with concurrent stimulation. Trials with long duration artifacts
or large CEP magnitudes from can affect the estimation of phase on the next conditioning

stimulus.

7.4.5 Comparisons with Existing Literature

A reason underlying the diversity of responses seen could be due to the size and placement
of the clinical grid electrodes. The electrode grids in human subjects are currently of a
larger area than those used recently in primate studies for cycle triggered stimulation (4.15
mm? exposed vs. 0.06 mm? exposed area [233,314]). Additionally, our grids are placed
subdurally, while those in prior primate studies were often epidural electrodes. The large
volume of neurons targeted may result in a large enough subpopulation being stimulated on
their appropriate phase of oscillation, regardless of the overall phase measured at the beta
recording electrode, to invoke short term synaptic plasticity and CEP enhancement.
Additionally, the 1.23 ms pulse width used (chosen to be similar to clinical mapping),
is longer than that used in a recent primate study which employed beta-oscillation driven

stimulation [314]. We believe it is possible that these longer pulses result in a different

response to stimulation, which catches a large enough population cells in an excitable state
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to result in enhanced short term connectivity.

Additionally, work in humans with TMS has shown that repetitive TMS (rTMS) of motor
cortical regions at a high fixed frequency (> 5 Hz) increases motor evoked potential (MEP,
a marker of cortical excitability) size, which is considered as a marker of cortical excitabil-
ity [89]. 10 Hz stimulation in humans through implanted electrcorticography electrodes has
been demonstrated to elicit both potentiation and depression lasting at least 10 minutes,
depending on the location of stimulation and existing connectivity patterns [134]. Addition-
ally, CCEPs from single-pulse electrical stimulation at distant cortical sites was modulated
by the power, but not phase of local alpha and beta oscillations [278]. These results show the
diversity of responses found in humans, depending on the scale of stimulation, the anatomical

targets, and the network wide interactions.

We did not observe any distant CEPs with our stimulation and conditioning protocol, and
reiterate that at our stimulation levels we are not exploring the same phenomena as other
studies [132,176, 177] which looked at larger networks and distant CCEPs. Our observance
of only local effects may have been due to our lower current levels used (750-3500 pA), or
location of stimulation. The fact that we used pulses of 1.23 ms in duration, relative to
the 200-300 ps used by other groups, suggests that one of the most important features for
activating neurons is the amplitude of the stimulation current. We additionally have observed
smaller CEPs at the same site for the same current density with a smaller amplitude but

larger pulse width (unpublished).

Although electrodes were selected that did not seem to be a part of the epileptic networks
in patients, and data were screened for epileptiform artifacts, it is still possible that altered
brain connectivity patterns resulting from epilepsy could have results that differ from those
that would be seen in non-epileptic brains. Change in control of hand or speech are the
second type risk to the subject. In theory, the stimulation could change how the brain

controls their hand or speech. We think the change will be similar to what is seen with
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simple practice or exercise [49,214].

7.4.6  Consideration for Volume Conduction of Stimulation Pulse

In addition to the expected time delay of 2 — 4 ms for activation of neurons following a pulse as
noted above, based on previous experimental [7,78,166,238]; and theoretical studies [144,202]

we expect little direct effect of cortical surface stimulation at distances greater than 5-10mm.

7.4.7 Heterogeneity of Responses

Further examples of the heterogeneity of CEP responses seen in different subjects is found in
recent work with a paired-pulse stimulation for spike-timing dependent plasticity in primate
sensorimotor cortex [250]. The outcome measure in these experiments was CEP magnitude.
The authors observed that only 2/15 sites tested in somatosensory cortex demonstrated
an increase in CEP magnitude based off of the paired-pulse conditioning paradigm. This
suggests that optimal enhancement of connectivity is influenced by a myriad of factors, many
of which we currently do not understand. Furthermore, heterogeneity of responses were also
observed in non-invasive studies of humans where in 200 subjects analyzed from data pooled
across 3 laboratories , researchers did not see significant effect of TMS paired associative

stimulation, but saw significant differences between studies [147].

7.4.8 Anti Hebbian STDP

Part of these heterogeneous responses may be due to the existence of both Hebbian (presy-
naptic stimulation leads postsynaptic spike) STDP, and anti Hebbian STDP (postsynaptic
stimulation leads presynaptic spike) [85,155]. Our widespread electrical stimulation most
likely activates a mixed population of inhibitory and excitatory synapses, due to the in-
discriminate nature of stimulation activating axons passing through the region of cortical

tissue [133].
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7.4.9 Note on Safety

Our use of 2.3 mm exposed diameter electrodes, for a surface area of 4.15 mm? (classifying our
electrodes as “macro” electrodes), a maximum delivery current of 3500 pA, and 1.23 ms pulse
widths, yielded a per phase charge density of 100 xC/cm2, above a maximum charge density
limit for chronic stimulation of 30 ©C/cm2 noted in a recent review of human stimulation
studies [59], although the majority of stimulation was below that level. Stimulation levels
were well within those used routinely for clinical studies, which can reach into the 10-20 mA
range. Further refinement of stimulation parameters, locations, and materials may allow for

safe, lower charge densities in an optimized therapeutic application.

7.4.10 Seizure Potential

We have run stimulation studies on dozens of individuals, with one seizure to date. This sub-
ject’s typical seizure activity was in the mesial temporal region, however the post-stimulation
seizure began after the cessation of a short conditioning stimulation session (aborted because
of post-stimulation spiking activity) and was observed to start as a left temporal complex
partial seizure, then it generalized. The timing related to stimulation and differing seismology
suggests that the seizure was possibly related to research stimulation.

While any seizure activity connected with stimulation experiments is to be avoided, it
should be noted that these research subjects are implanted for clinical epilepsy monitoring
because of intractable seizures. It is a known risk that epileptic patients may experience
a seizure in relation to clinical stimulation mapping, and may not preclude rehabilitative

applications at low levels of stimulation in otherwise healthy individuals.

7.4.11  Future Directions and Considerations

Rather than definitely determining the effects of phase and the conditioning dose, we instead

suggest that our results warrant further, in-depth exploration of activity-dependent stimu-
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lation for rehabilitation purposes. We demonstrate here that connectivities can be modified
on short time scales in-vivo with humans, but future work should more robustly quantify the
duration of the effects and the extent to which these results couple to functional recovery.

Questions remain regarding what the optimal closed loop paradigm in humans would be.

7.4.12  Conclusions

In 7 human subjects, we in real time delivered electrical stimulation during various phases
of heightened beta oscillations recorded electrode at a site which elicited CEPs. Using a
linear mixed model, we establish a statistically significant dose dependent increase in CEP
size relative to baseline CEPs immediately following conditioning, with effects that last less
than two seconds. In one subject, we compared beta-triggered oscillation with a control
stimulation condition that was independent of underlying brain oscillations and found elec-
trodes with enhanced CEPs during beta-band dependent stimulation relative to the control.
Heightened beta-oscillations alone did not enhance CEP magnitudes. When considering
all electrodes across the cortex, we observe a trend towards increased CEP amplitudes at
surface depolarizing phases relative to hyperpolarizing phases, with a significant effect at
the greatest number of conditioning stimuli. In 3 subjects, the greatest percent increase in
CEP magnitude was in the trigger channel from which beta-oscillations were recorded in
real time. This study demonstrates that activity-dependent cortical stimulation can induce
neural plasticity, suggesting a role in neurological rehabilitation, although future research
into the optimum stimulation parameters and the relationship with functional outcomes in

humans is required.
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Chapter 8

INTRACORTICAL PAIRED PULSE CONDITIONING
PARADIGMS FOR IN-VIVO PLASTICITY INDUCTION IN
HUMANS

Appropriately timed stimulation protocols can induce plasticity changes in cortex and
potentially facilitate a positive influence on functional rehabilitation outcomes. However,
the optimal parameters for inducing measurable changes in cortical excitability are cur-
rently unknown. Here we implement paired pulse conditioning paradigms intraoperatively
in patients receiving DBS implants through acutely implanted ECoG electrodes to induce
changes in cortical plasticity. The key parameters tested are the use of paired site cortical
stimulation relative to single site stimulation, and time lags including 25 ms and 200 ms
between conditioning trains. Our output metrics for measuring excitability are cortically
evoked potentials (EPs, or CEPs). We perform these conditioning experiments in patients
with Essential Tremor, Dystonia, and Parkinson’s disease, and under varying states of anes-
thesia. We observe conditioning paradigms with 200 ms delays resulting in greater degrees
of change than 25 ms conditions, and with paired stimulation between sites being more effec-
tive than single site stimulation. We similarly note no significant differences between disease
conditions, supporting the extensibility of these results beyond being limited to studies in a
particular disease process. We note minimal impact within a subject on cortical excitability
during different levels of combined propofol/dexmedetomidine anesthesia, suggesting that
intraoperative EP paradigms reveal meaningful connectivity patterns that could translate
to neuroprosthetics in awake individuals. Additionally, longer conditioning sessions result

in greater potentiation of EP magnitude relative to shorter sessions. These results likely
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reflect the complexities of cortical network dynamics both locally and across distributedd
nodes and the impact of stimulation at the scale of macroscale ECoG. Taken together, the
current results with respect to the extant literature are likely a consequence of an increase in
extent of depolarized cortex by macroscale direct electrical stimulation, yielding compound

and multiplexed effects.
8.1 Introduction

8.1.1 Clinical Need

Contemporary neuromodulation affords the ability to help restore brain function, which could
shape the recovery process [75] and enhance patient recovery. In the field of neuromodulation,
DES using stimulation through implanted electrodes in the brain, is an appealing technique.
Despite these advancements, optimal stimulation parameters for driving and shaping neural

plasticity in an efficacious, translational capacity have yet to be established.

8.1.2 Plasticity and Timing

A potential protocol to induce plasticity between regions is paired pulse stimulation, where
stimulation between two sites with existing connectivity is performed with a fixed tempo-
ral delay between two sites. This technique has been shown in rodent models with paired
stimulation changes to drive behavioral changes, suggestive of strengthened functional con-
nections in sensorimotor cortex [232]. Recently, this work has been extended into a primate
model [250], where paired stimulation between a surface electrode and a deeper penetrating
electrode at two different sites was shown to elicit STDP in 2 out of the 15 sites tested in
sensorimotor cortex as assessed through the measurement of evoked potentials (EPs), also
known as cortically evoked potentials (EPs) [314]. A key advantage of this method is the
simplicity of hardware programming that would be required for implementation, as the only

requirements are the delivery of stimuli to two sites with a consistent, known delay.
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Simple repeated stimulation can either inhibit or potentiate neuronal excitability. For in-
stance, repetitive stimulation through implanted electrodes in animal models at a fixed high
frequency can potentiate neuronal excitability [30,74,259]. Transcranial magnetic stimula-
tion (TMS), a non-invasive neuromodulation technique, is another way to modulate neural
activity. Repetitive TMS (rTMS) of motor cortical regions at a high fixed frequency (>
5 Hz) increases motor evoked potential sizes (MEP, a marker of cortical excitability) and
reduces cortical inhibition, while low stimulation rTMS (0.1 - 1 Hz) reduces MEP sizes [89)].
10 Hz stimulation in humans through iEEG (intracranial electroencephalography) has been
demonstrated to elicit both potentiation and depression lasting at least 10 minutes, depend-
ing on the location of stimulation and existing connectivity patterns [134]. This points to
the necessity of studying more nuanced stimulation protocols to optimally shape neural plas-
ticity. The question remains to the degree of overlap between protocols to induce plasticity

on a single cell, network wide, or brain wide level.

8.1.3 Objective

Here we seek to translate studies from NHPs to humans, and explore the scaling of the
principles of STDP to larger network-wide regions. Specifically, we explore the length of
conditioning required for plasticity induction in human cortex, what the effects of anesthesia
may be for intraoperative screening of evoked potentials, and what may be the most effective
time lag when performing a paired pulse paradigm. To do this, we perform EP stimulation
and measurement protocols through acutely placed ECoG strips over sensorimotor cortex in
patients undergoing DBS lead implantation surgery for the treatment of Parkinson’s disease,

Dystonia, and Essential Tremor.
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8.2 DMethods

8.2.1 Human Subjects

The particular target for each subject tested are outlined in table 8.1. Subjects with GPi or
STN targets were Parkinson’s disease patients, who remained anesthetized for the duration
of the surgery, while subjects with VIM targets were Essential Tremor patients (except for
subject 1, a dystonia patient), who were frequently woken up during the course of surgery.
Depending on the diagnosis, different combinations of anesthetics were used (Table 8.1). We
excluded 6 subjects (not shown in table 8.1) from analysis either due to no EPs being visual-
ized during the screening procedure (5 subjects), or differences in the geometric arrangement

of the stimulation channels from the rest of the subjects (1 subject).

8.2.2  Recording and Stimulation

We recorded raw neural data at 12207 Hz to resolve short-latency signal components and
for artifact suppression. We employed a constant-current stimulation mode, which delivered
voltage to meet a given current requirement. Our pulse duration ranged from 200 ps to 1000

us for each phase of our biphasic, bipolar rectangular pulse stimulation.

8.2.83 Screening

In a subset of patients, we located the central sulcus, and corresponding sensory and motor
regions using phase reversals of somatosensory evoked potentials (SSEP) [52,305]. We then
tested bipolar stimulation pairs in sensory, motor, and premotor cortex to elicit EPs in
adjacent contacts (Figure 8.1). We additionally switched the polarity of the stimulation pair
to ensure that any visualized presumed EP was not simply an artifact of DES. A similar
shape of EP in both polarities of stimulation confirmed neural, rather than artifactual, origin,

as we would expect stimulation artifacts tohave a polarity-dependent shape. A channel pair
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Subject Age Gender Disease

DBS Target

Anesthesia

1

10

11

12

13

14

69 M

53 M

64 M

59 M

72 F

81 F
43 M

71 M

69 M

72 M

60 M

43 M

51 M

PD

PD

Dystonia

PD

PD

PD
PD

ET

PD

PD

PD

PD

ET

ET

Right DBS - VIM

Bilateral DBS - STN

Left Recording
Bilateral DBS - GPi

Left Recording
Bilateral DBS - GPi

Left Recording
Bilateral DBS - STN

Left Recording

Left DBS - STN
Left DBS - STN

Left DBS - VIM

Bilateral DBS - STN
Left Recording

Bilateral DBS - STN

Left Recording
Bilateral DBS - GPi

Left Recording

Bilateral DBS - GPi
Left Recording
Bilateral DBS - VIM
Left Recording
Right DBS - VIM

2x dose Propofol

Remifentanil

Rocuronium

Propofol (2000 mg / 200 mL)
Remifentanil (2000 mcg / 40 mL)
Remifentanil (1000 mcg / 20 mL)
Propofol

2x dose Propofol 300 mL
Remifentanil 4 mg

Propofol, 500 mg /50 mL, 50 mL
Fentanyl - 100 ucg/2 mL
Dexmedetomidine - titrated, 100 mL
Dexmedetomidine

Propofol 1000 mg/100 mL, 100 mL
Propofol 2000 mg/200 mL, 200 mL
Dexmotodomidine - 50 mg, titrated
Vecuronium - 20 mg

Rocuronium - 50 mg/5 mL, 5mL

400 mcg, 100 mL Dexmedetomidine
Propofol

Propofol

Remifentanil

Rocuronium
2x Propofol 2000 mg/200 mL, 200 mL

Remifentanil 2 mg

Started on gas, transitioned to Propofol

Rocuronium

Succinylcholine

Propofol 2500 mg/250 mL, 250 mL
Remifentanil 1000 mecg/20 mL, 20 mL
Propofol (1500 mg / 150 mL)
Dexmedetomidine (200 mcg/ 50 mL) ?
Propofol - 1500 mg/150ml, 150 mL

Dexmedetomidine - 400 mcg

Table 8.1: Paired pulse subject demographics. Demographics table for the subjects included

for analysis. PD - Parkinson’s Disease. ET - Essential Tremor. GP1i - globus pallidus internus.

STN - subthalamic nucleus. VIM - ventral intermediate nucleus of thalamus. Parkinson’s

disease and dystonia patients remained anesthetized for the duration of the surgery, while

Essential Tremor patients were woken up during the course of surgery. Subject 14 underwent

EP measurement testing during various states of anesthesia sedation.
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was then identified (site A) that reliably elicited EPs in a different electrode (site B). Site A

was then defined as the seed location for driving plasticity.

8.2.4 Conditioning and Testing

Once EPs were localized, a paired paired pulse conditioning paradigm, inspired by Seeman
et al. 2017 [250] was initiated. We applied 3 pulses at 330 Hz in 2 Hz intervals to both
site A and site B, with site A leading site B stimulation by 25 or 200 ms (Figure 8.2(a)).
We call this A /B conditioning. An additional control conditioning paradigm was presented,
consisting of paired pulse stimulation at the same site, which we call A/A. We chose the
conditioning amplitude to be 80% of the maximum EP testing value, and used the same
pulse widths for conditioning and testing. The specific conditioning experiments we were
able to acquire for each patient ran, as well as the conditioning and testing parameters are
in Table 8.2. Conditioning time ran between 5 and 25 minutes and was solely dictated
by the constraints of the operating room on a patient by patient basis. With respect to
the stimulation parameters, (-) represents cathodic first stimulation (negative current first),
while (+) represents anodic first stimulation (positive current first) for the biphasic, bipolar

stimulation pairs.

Before and after every conditioning session, we used single ramping stimulation pulses
at 4 stimulation currents, with a 2 Hz stimulation frequency (Figure 8.2(b)). Subject 1
had 1 minute of testing, hence there were 30 stimulation pulses at each current tested.
The remainder of the subjects had 2 minute testing periods, yielding 60 stimulation pulses
at each tested current, unless a given recording session had to be cut short by operating
room constraints. Subject 3 only had 3 consistently used amplitudes across different testing

periods, so we focused on those 3 amplitudes for subsequent analysis.
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Figure 8.1: Paired pulse screening and conditioning protocol. The first step for a subset of

patients in the paradigm is localization of sensory cortex via phase reversal through SSEP

testing. The next is assessing baseline cortical excitability through EP screening, and sub-

sequent EP testing at four different stimulation current amplitude levels at electrode pairs

which elicit reliable and robust EPs. After establishing a baseline EP level, we perform

conditioning between either the same site (site A), or between two sites (A and B), where

site B is where we observed EPs from stimulation at A during our screening protocol.
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Figure 8.2: Different paired pulse conditioning protocols (a) and subsequent measurement

(b). We tested various lags between stimulation at the two sites. With these lags, we tested

two different conditioning protocols (a). The first was paired bipolar stimulation between

two sites (represented as A/B stimulation). The second was stimulation within the same site

with a latency between the bipolar pulses. Following conditioning, we measured the sizes of

the EPs with ramping single pulse 2 Hz stimulation (b)
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Subject Experiments Conditioning Params. EP Test Params. Electrode Pairs SSEP
1 25 ms A/B, 10 min 2.4 mA, 0.2 ms 0.5,1,2,3 mA, 0.2 ms A: 7-/84+ B: 6-/5+ 6/5
2 25 ms A/B, 20 min 2.4 mA, 0.2 ms 0.5,1,2,3 mA, 0.2 ms A: 7-/84+ B: 6-/5+ 5/4
3 25 ms A/B, 15 min 2.8 mA, 0.2 ms 1,2.5,3.5 mA, 0.2 ms A: 5-/6+ B: 4-/3+ 6/5
4 25 ms A/B, 10 min 4.8 mA, 0.2 ms 3.5,5,5,5.6 mA, 0.2 ms A: 7-/84+ B: 6-/5+ 6/5
200 ms A/B, 10 min
5 200 ms A/B, 10 min 2.4 mA, 0.2 ms 1.5,2,2.5,3 mA, 0.2 ms A: 7-/84+ B: 6-/5+ N/A
25 ms A/B, 10 min
25 ms A/A, 10 min
6 25 ms A/B, 15 min 3.6 mA, 0.5 ms 3,3.5,4,4.5 mA, 0.5 ms A: 5-/6+ B: 3-/4+ 4/5
200 ms A/B, 15 min
25 ms A/B, 15 min
7 200 ms A/B, 15 min 3.6 mA, 0.2 ms 3,3.5,4,4.5 mA, 0.2 ms A: 6-/7+ B: 4-/5+ N/A
8 200 ms A/B, 10 min 2.4 mA, 0.2 ms 1.5,2,2.5,3 mA, 0.2 ms A: 7-/8+ B: 5-/6+ 4/5
200 ms A/A, 10 min
9 200 ms A/A, 15 min 3.2 mA, 0.2 ms 2.5,3,3.5,4 mA, 0.2 ms A: 7-/84 B: 6-/5+ N/A
200 ms A/B, 15 min
25 ms A/B, 15 min
25 ms A/A, 15 min
10 200 ms A/B, 15 min 6.8 mA, 0.2 ms 5.5,6.5,7.5,8.5 mA, 0.2 ms A: 6-/7+ B: 5-/4+ N/A
200 ms A/A, 15 min
11 200 ms A/B 6.8 mA, 0.2 ms 5.5,6.5,7.5,8.5 mA, 0.2 ms A: 6-/5+ B: 4-/3+ N/A
12 200 ms A/B, 15 min 6.4 mA, 0.2 ms 5,6,7,8 mA, 0.2 ms A: 6-/7+ B: 5-/4+ N/A
13 200 ms A/B, 5 min 6.4 mA, 0.5 ms 5.5,6.5,7.5,8.5 mA, 0.5 ms A: 6-/7+ B: 5-/4+ N/A
200 ms A/B, 15 min
200 ms A/A, 15 min
14 awake vs. asleep N/A 2,3,3.5,4 mA, 0.2 ms Pair 1: 7-/8+ N/A
Pair 2: 6—/5+

Table 8.2: Stimulation experiments by patient. The “ms” value under “Experiments” shows

the delay between the two stimulation trains, while “min” shows the conditioning duration

in minutes. For conditioning and EP test parameters, the “mA” value represents the peak

current, while the “ms” value represents the pulse width of a single phase of the biphasic

pulses. Under “Electrode Pairs”, site A is the site stimulated first, with site B following. (-)

is for cathodic first stimulation, and (+) for anodic first stimulation. The pair under “SSEP”

indicates the electrode pair between which the phase reversal characteristic of the central

sulcus was seen. Higher electrode numbers are anterior to lower electrode numbers
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8.2.5 Data Analysis

We quantified the peak-to-peak amplitude of the EP in a per subject specified window
(epoch) following stimulation (free from the subsequent stimulation artifact) to isolate early,
excitatory connections, representing the strength of structural and functional connectivity
between regions [134], building upon prior work that considered different latency responses
(N1, P1, N2) [81,132]. We focused on peak-to-peak values because the functional significance
of the different EP components is incompletely understood, and we do not currently under-
stand how they relate to functional output from a specific cortical region. We performed
Savitsky-Golay smoothing [245] only within our time window of interest prior to extracting
the peak-to-peak amplitudes in order to obtain a more reliable estimate of the peak-to-peak
amplitude. We discarded any peak-to-peak values with magnitudes below 25 V' or above
1500 V. As these experiments were intraoperative, a subset of trials were contaminated by
artifacts from concurrent electrocautery. We screened the measurement data for artifacts in
each recording due to electrocautery or electrode movement, and removed any epochs where

noise precluded accurate calculation of peak-to-peak voltages.

8.2.6 Model Fitting

In order to assess the effect of various conditioning lengths, level of sedation, and conditioning
protocols, we built linear and linear mixed models in R [223] using the ImerTest package [146].
The use of linear mixed models allowed us to disentangle the effects of variables we explicitly
tested (the conditioning experiment used) relative to inter-subject variability. In order to
compare across subjects with different stimulation amplitudes, we modeled the stimulation
level as an ordered fixed variable, (1 < 2 < 3 < 4), rather than an absolute numeric value or
categorical variable. Therefore, in our model fits, there exist a linear, quadratic, and cubic
term for the fixed effects estimates. We calculated the estimated marginal means to calculate

post hoc differences between groups. We visualized the residual distributions and quantile-
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quantile fits to assess model validity (Appendix). We used the R emmeans package [154] to

calculate the estimated marginal means.

8.2.7 Duration of Conditioning

In order to consider the effect of the duration of conditioning, we built a linear model for one
subject where we had the capacity to test 200 ms A /B conditioning for both 5 and 15 minutes,
and considered peak-to-peak voltage as our output, the measurement stimulation level used
as an ordered fixed variable (with the lowest stimulation current used for measurements as 1,
and the highest stimulation current used as 4, with 1 < 2 < 3 < 4), and how long stimulation

was performed for (5 vs. 15 minutes).

8.2.8 Anesthestia Level

In order to consider the effect of propofol and dexmedetomidine induced anesthesia sedation
on EP magnitude we built a linear mixed model for one subject who was woken up during
the course of surgery. We considered peak-to-peak voltage as our output, the particular EP
measurement level as an ordered fixed variable (with the lowest stimulation current used for
measurements as 1, and the highest stimulation current used as 4, with 1 < 2 < 3 < 4), and
whether the patient was lightly (awake) or heavily (asleep) anesthetized, as relayed by the
neurosurgeon and anesthesia clinical team, and observations of patient activity. Our random
effects were modeled by the particular channel measured, as there were two bipolar pairs

which evoked EPs.

8.2.9 Across Subjects

In order to look across subjects and evaluate global trends, we built linear mixed models
with the peak-to-peak voltage as our output, the particular EP measurement level as an

ordered variable (with the lowest stimulation current used for measurements as 1, and the
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highest stimulation current used as 4, with 1 < 2 < 3 < 4), whether or not the measurement
channel was in site B, whether or not the patient had Parkinson’s disease, or Essential
Tremor/dystonia, and the particular experimental condition tested. Our random effects

were modeled as individual subject variation.
8.3 Results

8.3.1 Screening

To illustrate our intraoperative screening protocol, we highlight the EPs resulting from the
switching of polarity on two stimulation channels later used for conditioning for Subject
13. (Figure 8.3). The peak-to-peak amplitude and order of peak and trough immediately
following the stimulation artifact remains similar between the two polarities on channel 5,
highlighting the neural origin of the measured signal. We performed this polarity switching
protocol for all subjects. In general, we observed the greatest density of EPs in electrodes
surrounding the central sulcus (as confirmed by SSEP mapping and intraoperative CT imag-
ing), suggesting the electrodes primarily stimulated were in premotor, motor, and sensory

cortices.

8.3.2 Measurements

We used the peak-to-peak voltage distribution across each individual trial as the dependent
variable to assess the effect of conditioning, anesthesia level (while under dexmedetomidine
and propofol), or length of conditioning. The temporal position of the peak-to-peak voltage
analyzed depended on each individual subject’s EP waveform, as these can be highly complex,
non-uniform morphologies between individuals, as shown by the variety of responses seen in
the literature [132,134,176,177]. As an example, we highlight the average EP following
8.5 mA stimulation for a baseline and three different conditioning sessions from subject 11

(Figure 8.4)
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Figure 8.3: Paired pulse screening protocol results. (a,b) Average short latency components
following EP screening with 8.5 mA pulse amplitudes and 500 us pulse widths at channels
6/7 on the strip for Subject 13. (a) Represents the average of 14 stimulation pulses with one
polarity of stimulation (b) Represents the average of 9 stimulation pulses for the opposite
polarity of stimulation. We used this protocol to confirm the neural origin of EPs, as we
sought out channels where the peaks and troughs followed a consistent pattern with different
stimulation polarities. Channels where we observed an exponential-like decay that flipped

sign with a different stimulation polarity were considered to be artifacts.
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Figure 8.4: Example peak-to-peak voltages on measurement waveforms. (a) shows the mean
waveform during an example baseline session (second baseline), 200 ms A/B conditioning
for 5 minutes, for 15 minutes, and the A/A conditioning for 15 minutes. (b) shows the
95% confidence intervals around the mean for each of the conditions (60 trials within each
condition). This example from one subject reveals a significantly different baseline from the

other conditions based on our linear mixed model.
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8.3.3 Elffect of Different Conditioning Paradigms

We fit our linear mixed model on data from 13 subjects. See appendix table F.1 for the
model fit details.

The major effect of comparing different conditoning paradigms was that the 200 ms A/B
condition resulted in the largest peak-to-peak voltages relative to the other conditioning
paradigms and baseline EP measurements. Statistically, there was a significant difference
between experimental conditions (p < 0.001, ANOVA on the linear mixed model). Upon
post-hoc testing, EPs following 25 ms A /B conditioning demonstrated a significant decrease
relative to baseline EPs (estimate = -21.18 uV, p < 0.001), while those following 200 ms
A/B conditioning showed a significant increase relative to baseline EPs (estimate = 15.33
1V, p < 0.001), EPs following 25 ms A/B conditioning (estimate = 36.51 pV, p < 0.001),
and EPs following 200 ms A/A conditioning (estimate = 11.59 uV, p = 0.046). For EPs
following 200 ms A/A conditioning, there was no increase from baseline EPs (estimate =
-3.75 pV, p = 0.78).

Site B channel pairs (defined by the existence of a pre-condition EP after site A stimu-
lation) elicited significantly greater EPs than those that were outside of site B (estimate =
199.78 uV |, p < 0.001).

There was no significant effect of disease for our model (p = 0.797), suggesting that our
results are not particular to the disease process or diagnosis.

The was an increase in peak-to-peak amplitude with an increase in stimulation current (p
< 2.2e-16 ANOVA on the linear mixed model Table F.1), with the linear trend dominating
(estimate = 101.10 pV, p < 0.001), as well as a significant quadratic term (estimate = -8.37
1V, p<0.001).

Figure 8.5 highlights across all subjects, for each individual channel and stimulation level,
the average absolute difference peak-to-peak voltage value in V' following EP measurements

(Figure 8.5, as well as appendix Table F.1). For estimating the difference from baseline,
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in general, each experimental conditioning testing block was compared to its immediately
proceeding baseline testing block. We emphasize the change in peak-to-peak magnitudes in
this plot, rather than the magnitudes themselves, as we are comparing across subjects with
large variations in EP magnitudes.

Individual absolute difference voltages on every trial, for all channels with analyzed EPs
within each subject, are shown in appendix Figure F.1. Of note is that there is jitter
in these plots which accentuates the spread in the y-direction of measured values. There
exists heterogeneity in both the direction and magnitude of effect for different conditioning
paradigms between subjects.

See appendix Figure F.2, and Figure F.3 for the quantile-quantile and the residuals plots
following our model fit. We emphasize that our goal here was not to build a predictive model
of precise conditioning effects for any given subject, but rather we highlight trends that are
worth exploring further in long term testing scenarios. We assume a linear model captures
the main effects of our data, and we do not believe in the field there exists sufficient knowledge

for an error distribution model beyond the normal distribution for linear regression.

8.3.4 Length of Conditioning

In one subject (Subject 13), we explicitly tested five vs. fifteen minutes of conditioning at
two sites with a 200 ms latency (Figure 8.6, appendix Table F.2). We highlight here the
peak-to-peak magnitudes, rather than changes in magnitudes, as we are only considering a
single channel within one subject.

We found that 15 minutes of conditioning resulted in a larger increase in peak-to-peak EP
magnitude than did 5 minutes of conditioning. Statistically, there was a significant difference
between the baseline, five and fifteen minutes of conditioning (p < 2.2e-16) as assessed
through an ANOVA on the linear mixed model. All of the contrasts between baseline, five,

and fifteen minute conditioning sessions were significant (p < 0.001), with fifteen minutes
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Figure 8.5: Difference in EP peak-to-peak magnitudes from baseline for paired pulse condi-

tioning protocols. For the different conditioning paradigms tested across our 13 subjects, we

plotted the average EP magnitude difference from an average baseline EP for each channel

analyzed for each stimulation current used during our EP measurement protocol (4 increas-

ing stimulation levels all but one subject) from each subject. We observed a significantly

higher peak-to-peak EP magnitude following A /B stimulation with a 200 ms latency, relative

to either the baseline, A/B 25 ms, or a 200 ms latency within the same site (A/A 200 ms).

The transparency in the plotted points represents what stimulation measurement level was

used for that set of EPs (4 for the majority of subjects). We did not observe any systematic

influence of which stimulation level was used for the measurement and the difference from

baseline.
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Figure 8.6: Effect of different lengths of conditioning. We tested the effect of the length
of conditioning under the same conditioning paradigm (200 ms A/B), with five vs. fifteen
minute conditioning times, and observed a statistically significant increase in peak-to-peak
voltages under the 15 minute conditioning paradigm relative to both the baseline and 5
minute conditioning period. The linear fit line is for each experimental condition, and the

shaded area indicates the 95% confidence interval.

having the greatest effect (estimate = 53.94 uV', p < 0.001), and five minutes a lesser effect
(estimate = 26.37 pV, p < 0.001).

There was an increase in peak-to-peak amplitude with an increase in stimulation current
(p < 2.2e-16 = ANOVA on the linear mixed model Table F.2), with the linear trend domi-
nating (estimate = 68.86 V', p < 0.001), as well as a significant quadratic term (estimate
=-10.47 pV, p < 0.001).
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8.8.5 Awake vs. Asleep

In one Essential Tremor patient (Subject 14) brought in and out of propofol /dexmedetomidine
anesthesia during evoked potential measurement, we quantified the peak-to-peak voltages
without conditioning across measurement sessions in both anesthetized (3 measurement ses-
sions for 2 channels) and awake states (2 measurement sessions for 2 channels).

There was no significant difference between the anesthetized and awake states (p = 0.253).

The lack of a significant difference between the anesthetized and awake states suggests
that the EPs elicited during deeper anesthesia are relatable to the EPs elicited during more
awake states within a given patient, under anesthetics such as propofol and dexmedetomidine
(Figure 8.7). We highlight here the peak-to-peak magnitudes, rather than changes in magni-
tudes, as we are only considering two channels within one subject, rather than comparisons
across subjects with large differences in EP magnitudes.

There was an increase in peak-to-peak amplitude with an increase in stimulation current
(p < 2.2e — 16 ANOVA on the linear mixed model, appendix Table F.2), with the linear
trend dominating (estimate = 178.31 uV', p < 0.001), as well as a significant quadratic term
(estimate = -19.05 pV', p < 0.001).

8.4 Discussion

8.4.1 STDP, Plasticity, and Anatomy

In contrast to previous primate literature studies with paired-pulse stimulation between a
surface and intracortical electrode [250], we observed greater potentiation at longer delays
between stimulation sites, suggesting that the mechanisms responsible are less dependent
on spike-timing dependent plasticity and rather on larger network-scale phenomena due to
the scale of our stimulation electrodes and larger areas of cortex targeted (clinical ECoG
electrodes in our study). Other studies exploring plasticity induction in animal models

frequently used single neuron activity or spiking when driving stimulation to induce plasticity
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Anesthesia Effect on EP Magnitude
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Figure 8.7: Effect of levels of sedation on EP magnitude within one subject. We tested two
separate stimulation pairs in this subject, and observed two distinct EPs. Stimulation at
channel pair 7/8 resulted in an EP at channel 6, while stimulation at 5/6 resulted in an
EP at channel 4. We binned together all of the more sedated states in this subject relative
to the awake testing states, and measured no significant difference between the two states.
This suggests that the EPs elicited under light anesthesia may be predictive of the EPs that

would be observed in an awake patient.
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[125,231]. Jackson et al. observed a clear dependence on the time window between spiking
and stimulation for effective motor output mapping changes in line with classic STDP [125].
In the context of these studies, we believe our results reinforce that we are recording and

stimulating from networks of neurons.

Cortical plasticity is a complex phenomena. There exist both Hebbian (presynaptic stim-
ulation leads postsynaptic spike) STDP, and anti Hebbian STDP (postsynaptic stimulation
leads presynaptic spike) [85,155]. Our DES most likely activates a mixed population of in-
hibitory and excitatory neurons, due to the indiscriminate nature of stimulation activating
axons passing through the region of cortical tissue [133]. This supports findings of both

potentiation and depression with DES.

Brain activity is coordinated by a balance of excitatory and inhibitory neurons. Pyrami-
dal cells tend to make connections with other pyramidal cells [136], and motor cortex neurons
in NHPs have been seen to have collateral extents of 3 mm [98]. Excitatory layer V neurons
can have long range axonal projections (up to 1000 pm in rodent somatosensory cortex),
which transmit information across several cortical columns [86]. Inhibitory neurons tend to
densely inhibit local neighborhoods, beyond which their influence falls off rapidly [87, 88].
For example, in rat frontal and somatosensory cortex, somatostatin- and parvalbumin- pos-
itive neurons reached a connection probability of 0 after 500 pum [87,88]. On the scale of
our macroECoG contacts, where the minimum spacing is 1 cm, we are likely stimulating and
recording from separate populations of neurons, where the dominant connections between
regions are likely to be excitatory. One additional factor is that the lateral connections of
neurons are thought to be relatively unexcitable, as they are frequently unmyelinated [271].
Similarly, electrical stimulation is thought to activate the most excitable neurons in a popu-
lation, which are often the ones with the largest diameter axons [271]. Therefore, excitatory
pyramidal neurons around the central sulcus where we primarily stimulated could therefore

be preferentially activated. Since we are dealing with networks of neurons across a multi-
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centimeter length scale, it is not surprising that the principles of STDP or local inhibition

may not have as specific an impact.

One potential method of synchronization and communication across different brain net-
works is cortical oscillations. Theta waves (4-8 Hz) are thought to modulate and coordinate
distant connections [315]. Our 200 ms stimulation paradigm is between 4 and 5 Hz, sug-
gesting that theta wave synchronization between regions could be a possible mechanism of
synchronization and plasticity enhancement. The idea of theta-like stimulation being useful
is supported by the prevalence of “theta-burst” stimulation in TMS studies to potentiate

excitability [123], as well as other rTMS studies [89].

The decrease in EP magnitude with the A /B 25 ms condition suggests that on the network
level too rapid of pulses could cause local inhibition. However, this stimulation frequency
is above the 0.1-1 Hz stimulation suggested by Fitzgerald et al. from rTMS that causes a
decrease in cortical excitability, reinforcing recent findings by Keller et al. [134] that speak

to the complex nature of stimulation through intracranial electrodes.

In contrast to previous intracranial EP modulation studies [134], we note potentiation and
depression of EPs with stimulation in motor, premotor, and sensory cortices with the 200 ms
delay condition, rather than the depression seen by Keller et al. when stimulating in motor
cortex at 10 Hz. This difference in EP modulation at the same anatomic site through clinical
ECoG electrodes suggests that the phenomena surrounding plasticity induction through

intracranial electrodes is complex and multifactorial.

A key component of brain function, particularly with motor and sensory regions, is the
subcortical networks in the brain. Preliminary data (unpublished) suggests that stimulation

of subcortical regions can modulate the EPs on the surface.
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8.4.2  Variability

As noted in the results section, there exists heterogeneity in both the direction and magnitude
of EP modulation for the different conditioning paradigms between subjects (Figure F.1).
Subjects 7 and 13 demonstrate large effects for the 200 ms A/B conditioning paradigm, while
subject 12 shows less of an effect. Subject 1 demonstrated a potentiation effect with 25 ms
A/B conditioning, which is different from the overall trend observed across subjects. These
results points to the variability between subjects, potentially due to the complex effects of
DES or the inherent variability between human subjects which has been observed previously

with rTMS in humans [221].

8.4.8 Size of Fvoked Potential

The size of the EP increasing with the level of electrical stimulation has been noted before
both in NHPs [250] and humans [64]. This is the dominant factor in our model fit for all
models that we fit. In all of our models, we note statistically significant linear and quadratic
predictors, which suggests that our EPs, on average, begin to plateau at higher stimulation

levels.

8.4.4 Level of Sedation

Anesthesia is known to alter cortical excitability as a function both of the particular anes-
thetic used, as well as the dosage [15]. However, prior work which focused on motor evoked
potentials (MEP) demonstrated MEP elicitation under both a xylazinezoletil combination
and urethane anesthesia [267], highlighting that proper anesthesia selection can preserve
cortical excitability. In humans propofol and dexmedtomidine are thought to be anesthetic
agents that have minimal impact on cortical excitability, compared to other inhaled halo-
genated compounds [170]. Specifically, dexmedetomidine has been shown to have mini-

mal impact on motor and somatosensory evoked potentials in adolescents [274], and the
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use of propofol does not prohibit useful intraoperative MEP measurements during spinal
surgery [127]. Our results showing no significant difference between various levels of propo-
fol and dexmedetomidine anesthesia induction suggest that EPs elicited during anesthesia
would be transferable to those in an awake state, and that intraoperative EP screening dur-
ing neuromodulation device placement under appropriate anesthetics could be informative
for ensuring effective outwardly driven connectivity from the stimulation site (Figure 8.7,
appendix Table F.3). Similarly, the fact that we are able observe EPs in both Essential
Tremor patients, who are woken up during surgery, and Parkinson’s patients, who remain

sedated for the entirety of the operation, speaks to the generalizability of our studies.

8.4.5 Conditioning Length

Our results on the length of conditioning, with longer conditioning demonstrating a greater
effect than shorter conditioning (Figure 8.6, appendix Table F.2), suggest that changes in
plasticity could be enhanced with longer sessions. The optimal duration and frequency re-
mains unknown, but future studies with implanted intracranial devices could further explore
this. This is a critical point for translation to individuals with stroke where prior work in six
individuals with stroke treated with epidural cortical stimulation found motor improvements
with less than four hours of stimulation a day, while longer durations resulted in increases

in spasticity [307].

8.4.6  Effect of Disease

Parkinson’s disease, Essential Tremor, and dystonia are known to be diseases that affect
the thalamocortical loop and motor function. For instance, Parkinson’s disease is known
to affect motor cortical excitability by inhibiting corticortical inhibition [234]. Essential
Tremor patients however, are thought to have normal motor cortex excitability [236], as

well as cerebellothalamocortical excitability [219]. DBS stimulation of VIM is thought to
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excite motor neurons directly, as assessed through greater MEP amplitudes at high TMS
stimulation levels [191]. This points to the complexities of looking into connectivity and
excitability with motor and sensory regions in these individuals. It is therefore important to
extend these studies into individuals with neurotypical motor pathways. However, the fact
that we are able to see effects in patients with both diseases, with no significant effect of
the disease process on our statistical results, speaks to the generalizability of the phenomena

that we are studying.

8.5 Conclusions

For the first time in humans, we measured intraoperative EPs, which are a marker of cortical
excitability and connectivity, before and after a conditioning paradigm to induce plasticity
during DBS surgery. We observed the greatest density of intraoperatively measured re-
sponses in premotor, motor, and sensory cortices, and we were able to modulate these EPs
with paired-pulse conditioning protocols. In contrast to previous primate literature, there
was greater potentiation at longer delays between stimulation sites, suggesting that the
mechanisms responsible are less dependent on spike-timing dependent plasticity and rather
on larger network scale phenomena due to the scale of our stimulation electrodes and larger
areas of cortex targeted. There were not significant differences between different disease
processes, suggesting that these are generalizable results not confined to one of these motor
disorders, and that this protocol may help individuals suffering from diseases such as stroke
and paralysis. We measured a greater effect of conditioning with longer conditioning proto-
cols, suggesting there exists a total stimulation dosage effect. EP magnitudes during various
levels of propofol and dexmedetomidine anesthesia do not significantly change, suggesting
that intraoperative screening for EPs could be illustrative of connectivity during awake states.
Therefore, intraoperative EP screening in individuals undergoing stimulator placement for a

neuromodulation device may be a viable approach for mapping out cortical connections for
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plasticity induction. In sum, these studies further our understanding of plasticity induction
in humans, and pave the way for future exploration of how to enhance cortical connections

in a rehabilitation context following neurological damage from diseases such as stroke.
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Chapter 9

CONCLUSIONS

9.0.1 Review of Work

Direct electrical stimulation (DES) within a neural engineering context has the potential
to restore sensation and enhance connectivity through in-dwelling intracranial electroen-
cephalograpy (iEEG, also known as electroencephalography, or ECoG)) electrodes. This
offers promise for ameliorating the sensory and motor deficits caused by damage to the ner-
vous system due to stroke, spinal cord injury, and limb loss accounts. However, further
clinical translation of DES requires that we understand how it spreads through cortex, how
we can interpret of the underlying cortical dynamics in response to stimulation, the behav-
ioral effects induced by it in regions such as sensory cortex, and how it can be employed in
neuromodulation to induce neuronal plasticity. These elements are essential to properly en-
gineer closed-loop functional neuroprosthetics for sensory restoration and neuromodulation

for plasticity enhancement.

This work addresses a number of aspects of engineering DES of the human brain for neu-
roprosthetic applications. The focus of this research was stimulation of sensorimotor cortex,

but the principles may apply to other brain regions for auditory or visual neuroprosthetics.

We first explored the physics of DES. Rather than focus on computationally intensive
finite-element models, we used analytic models with different geometric assumptions to model
the flow of current in the brain. We demonstrated that simple analytic models fit the ex-
perimentally measured and verified data well, and that the assumptions of flat or spherical

geometry in these models impact the interpretation of the resistivity of the brains’ con-
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stituents. Similarly, for the first time in humans, we validated three different classic material
characterization techniques (2, 3, and 4-point measurements) with clinical electrodes in a
saline phantom to test their applicability to human measurements. We found that 2-point
measurements through our electrodes do not accurately measure the underlying resistivity,
while the 3 and 4-point measurements do. These results provide bounds on the apparent
resistivity of the human brain as measured through clinical electrodes, data that further
models should be validated against, and insight into the appropriate ways to measure the

resistivity of cortical tissue.

Understanding the flow of current is one piece of engineering DES. Another is how to
extract neural activity from neural recordings in the response to current flow from concurrent
stimulation and recording. Prior work has explored this issue extensively for combinations of
microelectrodes, concurrent EEG and DBS, and ECoG electrodes, in both non-human and
human models. However, the availability of real human data against which these algorithms
have been validated is sparse, as much of the existing work in the field uses synthetic data sets
for validation. Additionally, many algorithms are demonstrated on a single channel basis.
We therefore sought to develop and release code to process both DBS and ECoG stimula-
tion human data, verified with expected biologic results from multiple subjects performing
different motor and sensory tasks, that was optimized to perform well across an entire array
of electrodes at once. This work helps establish a benchmark of in-vivo human neural data
from multiple subjects, along with the implementation of different algorithms for others in

the field to compare their own results against.

Two engineered applications of DES we then studied were stimulation of sensory cortex
to restore sensation and stimulation of motor and motor adjacent cortical areas to induce

plasticity.

Our sensory stimulation work revealed a significant delay in response times to DES rela-

tive to natural haptic touch [45]. We did not observe any learning over a two block window,
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suggesting that the delay was not simply due to the electrical stimulus being novel. This
delay, which varies by subject, is crucial to account for in future sensory neuroprosthetics, as
if sensory feedback is processed too late to be integrated into ongoing decision making and

motor planning, neuroprosthetic performance could suffer.

Based on these results, we then explored the behavioral effects of modified waveforms that
better mimic the underlying activity in sensory cortex in response to touch, as well as what
happens when natural touch and DES are applied in temporally and spatially overlapping
windows. We discovered that modifications to constant train waveforms with initially high
priming pulses were able to modify perception and response times, and that initial charge
delivery within the first 10 ms may be a key part of encoding sensory information into
the brain through DES and ECoG arrays. We additionally observed that spatially and
temporally overlapping DES and haptic touch are able to be perceived independently, and
that the point of subjective simultaneity (PSS), which is the point where either stimulus
type has a 50% chance of being judged arriving first, recapitulates the delays observed for
response times to DES. This importantly suggests for future neuroprosthetics that the brain
regions can perform natural processing concurrently with receiving artificial feedback, and

illustrates the tremendous flexibility of cortical circuitry.

To explore the induction of plasticity in cortex, we carried out a beta-oscillation triggered
stimulation paradigm in epilepsy patients, and a paired-pulse stimulation paradigm in sub-
jects with movement disorders undergoing DBS stimulator placement. These were protocols
that were previously tested in NHP models, and we sought to extend these into humans in
the next step towards clinical application in the treatment of individuals with stroke and

paralysis.

Our beta-oscillation triggered paradigm induced short term plasticity (less than 2 sec-
onds) as measured through CEPs by delivering stimulation during spontaneous beta-oscillations,

that demonstrated a significant dose dependent conditioning effect, and an interaction effect



250

which led to the depolarizing phase of stimulation being more effective than the hyperpo-
larizing phase with greater numbers of conditioning pulses. We similarly saw an increase in
evoked potentials during closed loop stimulation relative to open loop stimulation. These
results build off of the prior NHP work, and provide a path forward for testing this protocol

in humans with motor deficits to test for rehabilitative improvements.

Our paired-pulse stimulation paradigm demonstrated the optimal lag to induce plasticity
as assessed through CEPs was longer than that predicted by the principles of spike timing
dependent plasticity, or what had been found on a smaller spatial scale in NHPs. We found
that paired site stimulation was more effective than stimulation within the same site, sug-
gesting that paired-pulse stimulation protocols may be more effective for plasticity induction
between sites than single site stimulation strengthening connections between regions a cen-
timeter apart. Furthermore, we did not observe any significant impact of an individual’s
disease (Essential Tremor, Parkinson’s, or Dystonia) on our results, indicating that these
results should be generalizable to a larger population. Longer conditioning sessions resulted
in greater potentiation of EPs, indicating that further studies into the optimal dose and
duration protocol are necessary. In one patient woken up during surgery, we did not observe
any significant impact of the depth of anesthesia under propofol and dexmedetomidine, sug-
gesting that CEP screening to identify sites for plasticity induction could be be performed

intraoperatively.

We have here both addressed a number of the fundamental engineering barriers to success-
ful DES translation in humans, and paved the way for future explorations to more effectively
provide sensory feedback and induce plasticity. The exploration of these barriers has re-
vealed connections between the the various directions pursued. The analytic modeling work
leads into the idea of targeted stimulation, where maximizing current delivery to a particular
region of interest could more effectively accomplish the goals of sensory and plasticity induc-

ing neuroprosthetics. Similarly, better algorithms to process the neural data in response to
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stimulation allows us to tie together both behavior and the resultant neural signals from our
engineered stimulation. The study of both sensory and motor cortex is intricately linked, due
both to the extensive anatomical and functional connections between the two, and the idea
that in a functional BCI neuroprosthetic with feedback the two systems work hand-in-hand.
The principles of enhancing plasticity play a role in both parts of the cortex, as damage due
to stroke can occur in both regions. Additionally, the enhancing of connectivity in sensory
cortex could perhaps enhance the performance of sensory neuroprosthetics, and help a user

more quickly learn to use stimulation as input.

9.0.2 Limaitations of Current Studies

We acknowledge that there exist limitations with our results given our patient population.
We worked with individuals who were receiving treatment for intractable epilepsy, or under-
going DBS stimulator placement for movements disorders such as Essential Tremor, Parkin-
son’s disease, and Dystonia. Epilepsy, as a disease which causes seizures across cortical
networks and disrupts their normal patterns of activity, could potentially influence both the
behavior and neural signals recorded. However, for the epilepsy patients, we purposefully did
not focus on stimulation of regions near the putative epilepsy focus, and we therefore believe
these results to be generalizable to a healthy population. Further studies would need to be
carried out in individuals without epilepsy for confirmation, but the use of S1 stimulation to
successfully provide sensory feedback in tetraplegic individuals with ICMS [17,90], and an
individual with chronic somatosensory deficits with ECoG stimulation [119], supports the
extensibility of DES for sensory neuroprosthetics.

Clinical ECoG electrodes are not the optimal electrodes for either sensory restoration or
plasticity induction. Prior work has shown that single digit sensory discrimination can be
achieved with smaller ECoG electrodes in humans [149]. ICMS in humans [90] appears to

create even smaller percept areas than seen with microECoG arrays. Furthermore, although
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not the focus of this work, the percepts created by clinical ECoG electrodes have never been
described by our participants as natural, while ICMS in humans appears to result in more
natural percepts [17,90]. The results of the response timing, concurrent haptic and DES,
and modified waveform experiments would need to be further explored in smaller ECoG
arrays and penetrating arrays. However, even if technologies other than those implemented
here are used for sensory neuroprosthetics, we believe our work establishes foundations for
comparisons with existing clinical technologies and illustrates principles which need to be

considered for effective sensory neuroprosthetic development.

Similarly, the electrodes are placed purely for the epilepsy patients’ clinical needs, and
our ECoG strip electrode placement during DBS surgery is limited by the burrhole placement
for the DBS electrode. For the sensory stimulation work, this means that are electrodes are
placed over Brodmann area 1 primarily, rather than directly in area 3b where the majority
of thalamic projections relaying touch contact synapse [3]. Different percepts, or different
behavioral results may be obtained with either penetrating electrodes, or ECoG electrodes

placed more closely to area 3b.

For our DBS patients, Parkinson’s disease, Essential Tremor, and dystonia are diseases
that affect the thalamocortical loop and motor function. For instance, Parkinson’s disease
affects motor cortical excitability by inhibiting corticortical inhibition [234]. In contrast,
Essential Tremor patients are thought to have normal motor cortex excitability [236], as well
as cerebellothalamocortical excitability [219]. There are therefore complex disease process
effects in the regions that we stimulated, and this points to the importance of extending
these studies into healthy individuals. However, the fact that we are able to see effects in
patients with both disease, with no significant effect of the disease process on our statistical

results, speaks to the generalizability of the phenomena that we are studying.

The extent to which modulation of our observed CEPs correlates with rehabilitative

recovery is an open question, and cannot be addressed within the confines of our patient
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population. This is multifaceted, as we are limited in the duration of stimulation with our
patients (at most a few hours for a single day), and our patients are not representative of the
disorders which we seek to treat with neuroprosthetics (for example, limb loss, stroke, and
paralysis). To our knowledge, there have not been extensive studies in directly correlating
implanted electrode measured EP changes and functional recovery, which are needed to val-
idate the use of EPs as a marker for plasticity induction. Short-latency paired stimulation
protocols in rats have demonstrated a relation between inferred neural functional connectiv-
ity and an altered perceptual threshold [231], while activity dependent stimulation in rats
to route information around damaged primary motor cortex demonstrated both increases in
functional connectivity as assessed through changes in spiking and improved functional recov-
ery [103]. This suggests that modulations of neural activity measured via electrophysiology
do have meaningful functional consequences. In humans, an associative EEG based BCI with
peripheral nerve stimulation resulted in both enhanced MEPs and functional improvements,

suggesting a link between markers of cortical excitability and recovery [195].

Our methods for marking touch onset in the sensory experiments are inherently noisy, due
to the mechanical deflection required for touch registration which can vary from trial to trial,
experimenter variability, and may be perceived at different times depending on the individual
and the location of touch. Our characterization of our devices leads us to believe that the
results we measure are orders of magnitude greater than the error in our measurements, but

we nevertheless acknowledge this source of variability in our experiments.

For both our analytic models to understand the spread of current in the cortex, and our
data driven signal processing approaches, there are a number of methodological and technical

constraints.

When considering the use of analytic models, there is an unavoidable element of uncer-
tainty in localizing the electrodes. This is because we use preoperative MRI to reconstruct

the cortical cortex, and postoperative CT to localize the electrodes. The merging of the
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two modalities is a compromise between the physical constraints imposed by the electrode
arrays and the geometry of the cortex. Brain shift following surgery can be significant, and
our stimulation sessions are often seven days following implantation, during which further
changes can occur. This is therefore not an issue that could be solved be simply taking a
postoperative MRI in addition to the preoperative MRI. As we use the electrode positions
in our models, and calculate the appropriate spherical geometries from the cortical surfaces,
the errors propagate into our models. We do not believe this to be a critical flaw, as we use
the CT electrode coordinates, which maintain the physical spacing of the electrodes better
than the reconstructed electrodes. Our inability precisely localize the electrodes reduces the
insight we can gain into the precise composition of cortical layers beneath the electrodes. The
amount of CSF, which can shunt significant amounts of current in a thick enough layer [202],
is very difficult to determine on a per-electrode and array-wide basis. This is a greater issue
for finite-element models, which rely upon the precise reconstructed geometry beneath the
electrodes, but we acknowledge these limitations as well. Although we validated our 2,3,
and 4-point measurements in saline, we acknowledge that clinical ECoG electrodes are not
ideal for making resistivity measurements. The 2.3 mm diameter electrodes do not allow for
focal measurements to the degree penetrating arrays would, and the clinical cables are not

shielded to eliminate all possible cross-talk contributions [203] and capacitive coupling.

Due to the time-varying, complex electrochemical interface between the stimulation elec-
trodes and the tissue interface [181], as well as spatial recording electrode dependent dif-
ferences, precisely characterizing all of the electrical artifacts and differentiating them from
neural data across an array is a challenge. Similarly, predicting what the expected neural re-
sponse to a train of stimuli should be is a difficult task, as there exist time-varying responses
to individual stimuli, responses to the train as a whole, and ongoing background neural activ-
ity. Characterization in saline is insufficient to accurately measure what precisely will occur

in the brain, and stimulating at low levels in-vivo to measure the artifact without resultant
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stimulation elicited neural activity would not completely capture the nature of the artifact at
a higher stimulation level, and this approach still does not discount the background neural
activity. Therefore, both model based approaches and data driven approaches are bound
to imperfectly recover the underlying neural activity. We do not claim to perfectly extract
neural activity with our methods, and as demonstrated, incomplete signal extraction can
occur. Rather, we highlight an approach that works well as tested on multiple datasets,
and recovers what we believe to be meaningful neural activity as validated against expected

ground truth neural activity during discrete tasks.

9.0.3 Future Directions and New Technologies

Our work in analytic models to understand the spread of current in cortex could be extended
in the future to explore additional geometries (prolate spheroidal models, for instance [287]),
as well as multilayer models to isolate the effects of different cortical layers [249]. Finite-
element models (FEM), despite their computational complexity, offer advantages in modeling
the voltages and currents at sulci, gyri, and in the different constituents such as CSF, white,
and gray matter [252]. FEM based models also offer the ability to incorporate optimization
based approaches to better target particular regions of the brain [104]. Making measure-
ments of stimulation voltages on amplifiers that have a large linear dynamic range and do
not saturate, as done here, along with a baseline comparison in an easily computable analytic
model, will allow for comparisons with these more computationally intensive FEM models.
Incorporating biologically realistic neuron models into stimulation modeling [144,252], with
patient specific anatomy as explored with DBS electrodes [55], will allow for new opportu-
nities in individually tailored neuromodulation and neuroprosthetic targeting. Concurrent
measuring of the evoked responses or behavioral data in a closed loop fashion, with an op-
timization routine to best target a desired cortical region or network, would increase the

efficacy of sensory neuroprosthetics and plasticity induction.
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The DBS field is replete with examples of new modeling techniques to optimize stimu-
lation of deep cortical targets. These advances could carry over more generally to DES in
ECoG-BCIs. Patient specific models of the volume of tissue activated (VTA) enable better
understanding of the effects of stimulation at various locations in a given individual [44].
With the advent of electrodes with many contacts and different geometries, an open ques-
tion is how to best target the region of interest. Recent algorithmic advances combine
electrodes with different contact geometries, including cylindrical and directional leads, and
patient specific models, including tissue anisotropy, to best target the sub-thalamic nucleus
(STN) [13]. A multi-objective particle swarm optimization technique to select a combination
of stimulation electrodes was found to be more effective than a single monopolar electrode in
targeting the desired efferents from the STN [217]. As ECoG electrodes become smaller and
more numerous, algorithmic techniques such as the ones described above and more advanced
ones based on artificial neural networks [229] would enable precisely targeted DES with the

right combination of electrodes.

Modern methods in simulation and machine learning will drive further advances in the
analysis of concurrent recording and stimulation, Beyond the data driven approaches out-
lined in this work, a combination of model-based [275,288]. and data driven approaches
would help construct a more principled set of templates to separate neural activity from
electrical artifacts. Deep learning, which has found great success in text translation, image
recognition, and audio settings, is finding applications in signal processing [312] and ECoG
processing [291]. If enough training data were available, perhaps enabled by institutions
pooling together their data, these methods could aid the artifact processing community. A
complementary, valuable approach would be front-end, hardware based artifact cancellation,
which is currently being explored for ICMS in humans [296] and in DBS platforms [116].
Integration with multichannel ECoG arrays would mitigate the artifact on the front-end

signal acquisition side. However, front end artifact processing does not obviate the need for
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back-end approaches, as residual artifacts exist even with front-end approaches [316]. We
think therefore optimal results will be achieved in the future using a combination of front-end

and back-end approaches in ECoG arrays.

We have primarily focused on the behavioral responses to sensory stimulation in this
work. We have developed tools to enable the analysis of the neural data resulting from these
experiments, but the interpretation of these results is compromised by the limited number
of subjects and lack of overlapping cortical regions. Adequate spatial sampling of different
cortical regions involved in decision making and downstream sensory processing consistently
across subjects would enable a nuanced look into the different perceptual. Electrodes in
secondary somatosensory cortex, frontal regions, and hippocampal areas would all provide
further context into how individuals process these signals beyond simple recognition, and
reveal the neural substrate for decision making and learning these artificial percepts. As
depth electrodes become more common for the monitoring of epilepsy, we will be able to

gain insight into many of these regions.

Putative regions, as assessed through fMRI, that would be important for better under-
standing the temporal order judgment (TOJ) results would include left ventral, bilateral
dorsal premotor cortex, and left posterior parietal cortex for areas of activation specific to
a temporal order judgment task. These areas are known to be part of the motor and per-
ception temporal prediction network [190]. Furthermore, the bilateral premotor cortices, the
bilateral middle frontal gyri, the bilateral inferior parietal cortices and supramarginal gyri,
and the bilateral posterior part of the superior and middle temporal gyri all were shown
to be preferentially activated in a TOJ task compared to a numerosity task, as assessed
by fMRI [269]. As more subjects are implanted with greater numbers of electrodes across
different cortical regions, we may be able to gain insight into these processing mechanisms

previously observed primarily through fMRI.

We only studied the responses to human applied mechanical touch sensations. The dif-
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ferent neural representations of texture in NHPs has been demonstrated to be rich and high
dimensional, reflecting the complex percepts that exist for different textures [162], and we
think that similar studies in humans would provide additional insight into how humans pro-
cess different textures, and enable self-reports of the experience to see how finely humans
can distinguish these textures. Regarding neural input, different stimulation waveform pa-
rameters in peripheral nerve stimulation have been able to modulate the textures which uses
feel [208,270]. Focusing on exploring how different textures could be encoded through DES
in humans would open up additional axes of manipulation for sensory neuroprosthetics, and

is part of the concept of biomimetic stimulation.

Touch application devices that better allowed for consistent force application, as well as
different sensations such as vibration, would enable complementary insight into the precise
timing of behavioral and neural responses, and may allow for analysis methods such as phase
amplitude coupling to study relationships between different frequency bands. One such
device could be a device that delivers a puff of air upon triggering, although the additional
auditory stimulus would be an additional confounder. Vibratory devices pressed up against
the skin would enable precise triggering, but there would always be a baseline level of contact,
and potential signal interference. Actuator based devices would enable controlled contact,
but these can be noisy, and it would be complex to ensure that the stimulus could be delivered

to the same spatial spot where the focal sensations were elicited.

Biomimetic stimulation and adaptation are two complementary approaches for future
sensory neuroprosthetics [23]. As discussed above, natural textures can be encoded via
appropriate stimulation. It remains to be seen if clinical ECoG electrodes are capable of the
same degree of percept modulation, but the principles are worth further exploration. The
development and implementation of ECoG arrays with smaller electrodes and tighter spacing,
which have already been used to delivery more finely patterned percepts [149], provides

support for the utility of studying these with smaller ECoG arrays. Smaller percepts, for
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tasks such as object manipulation, would be progress towards more biomimetic stimulation.

Adaptation utilizes an individual’s ability to learn to use a novel stimulus. This has been
demonstrated in rodents who used stimulation in S1 to learn to respond to invisible infrared
light [273], and in primates using feedback delivered by ICMS to guide a motor task [65]. On a
biological level of adaptation, sensory cortex exhibits plasticity where following neurological
damage, regions adjacent to the damaged region undergo remapping to process sensory
signals from the lost regions [39]. Afferent sensory signals themselves can result in plasticity
changes [67], and a well known example is humans is the reorganization of the cortical
representation of fingers in Braille readers [67]. More concretely studying plasticity, perhaps
as measured through evoked potentials in sensory cortex, concurrently with the learning of
the use of a sensory neuroprosthetic, would provide insight into the mechanisms and most

efficacious ways to implement stimulation for sensory restoration.

As mentioned above, ECoG arrays with tighter electrode spacing are under development.
Advances in materials science and electronics are enabling the creation of robust intracra-
nial arrays with thousands of electrode contacts, with closer spacing than is currently used
clinically. Current ECoG arrays based on silicone and platinum have been extended to mi-
croECoG arrays [54]. Further reductions in electrode diameter and increases in array density
are enabled by micromanufacturing techniques, and in particular, microelectricomechanical
systems (MEMS) technologies. Platinum electrodes and polyimide foil substrates similarly
have been patterned using micromachining, allowing for electrode contact diameters of 1
mm with electrode spacings between 2 and 3 mm [241]. Through these MEMS technologies,
electrode arrays with tighter spacings and smaller diameters can be constructed and placed
across large regions of cortex and within sulci (Fukushima et al. 2014). Fukushima et al.

created an array with 0.8 mm diameter electrodes and 1.8 mm spacing [95].

MicroECoG arrays have recently been used to resolve finer features of cortical activity,

particularly in the broadband gamma range, for measurement of phonetic features in single
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electrodes [182]. Arrays with electrode diameters of 0.87 mm and spacings of 1.68 mm have
resolved cortical activity patterns with response peaks less than the standard clinical spacing
of 1 cm apart, pointing to the advantages seen with smaller electrode arrays [292].Novel, thin
film MEMS arrays are being implanted in humans [197], illustrating the translation of these
materials and manufacturing techniques to humans. The ability to place more electrodes

within a given area could allow for finer patterning of stimulation.

Advances in materials science are enabling electrodes and arrays made of other materi-
als, such as glassy carbon [102,131]. Glassy carbon electrodes have higher charge injection
capacities (CIC, which is the amount of charge that can be injected before irreversible chem-
ical reactions take place) than traditional platinum electrodes, and require less stimulation

current to activate neurons [131]

Combinations of ECoG and penetrating electrode arrays are also being constructed for
recording and stimulating both surface and deeper structures simultaneously [102,139,211].
Currently being used in animal models, such arrays will open the door to a better under-

standing of network-wide and across cortex effects of stimulation.

For the plasticity induction protocols, as mentioned in the limitations section, the degree
of overlap between potentiation of CEPs and positive rehabilitation needs to be determined.
These questions cannot be adequately addressed in our patient population, and the testing
of these protocols should be translated into humans with sensory and motor deficits over a
longer term period. Questions of the optimal duration of stimulation are yet to be addressed,
as prior work in six individuals with stroke treated epidural cortical stimulation found that
less than four hours of stimulation a day resulted in motor improvements, while longer dura-
tions resulted in increases in spasticity [307]. This makes clear the need for further research
into how long cortical conditioning sessions should be. As activity dependent stimulation
demonstrates clear advantages over open-loop stimulation, the amount of time for maximal

recovery may depend on exactly when stimulation is delivered, rather than simply the total



261

duration for which it is delivered.

An interesting extension enabled by working with individuals implanted with DBS elec-
trodes is the effect of DBS stimulation on motor cortical excitability and potentials. Stimulat-
ing VIM in patients with Essential Tremor has been shown to increase MEP magnitude [191],
and future research could explore the effect of thalamocortical neuromodulation on plasticity
induction.

Recent advances in hardware have allowed both real time artifact cancellation and wireless
communication with 128 channels of local field potential recording in NHPs [317]. Other im-
plantable devices with microelectrode arrays in NHP model have included wireless charging
and data transfer capabilities [35], which are critical for an out-of-hospital device. The devel-
opment of wireless technologies, as well as real time simultaneous stimulation and recording
techniques, opens the door to explorations of the neural basis of naturalistic behavior and
long-term effects of closed-loop stimulation. Recent work in non-human primates has demon-
strated both wireless recording and stimulation of motor regions over a 6 month time period,
with no observed neurological or behavioral consequences [235]. This points to the future
translatability of wireless long-term ECoG implants with both recording and stimulation.

Such implants would be useful for both sensory and motor neuroprosthetics.
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Appendix A
MACROSCOPIC RESISTIVITY APPENDIX

Here are additional plots of the recorded waveforms for the rest of our subjects.

Subject # # Channels Discarded Specific Channels

1 3 [17, 18, 19]

2 9 (23, 27, 28, 29, 30, 32, 44, 52, 60]
3 1 [57]

4 4 (2, 3, 31, 57]

5 4 [1, 49, 58, 59]

6 10 [57-64]

7 5 (1, 9, 10, 35, 43]

Table A.1: Channels excluded by visual inspection for resistivity values calculated in Table

A2
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Figure A.1: Average recorded waveforms for subject 1. The x-axis units are in milliseconds,
while the y-axis units are in millivolts. The stimulation channels are represented by the
blank channels. The channels not included in supplementary analysis (17, 18, 19) are shown
in Table A.1. Discarding these channels did not change the resistivity values appreciably, as

shown in Table A.2.
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Figure A.2: Average recorded waveforms for subject 2. The x-axis units are in milliseconds,
while the y-axis units are in millivolts. The stimulation channels are represented by the
blank channels. The channels not included in supplementary analysis (23, 27, 28, 29, 30, 32,
44, 52, 60) are shown in Table A.1. Discarding these channels did not change the resistivity

values appreciably, as shown in Table A.2.
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Figure A.3: Average recorded waveforms for subject 4. The x-axis units are in milliseconds,
while the y-axis units are in millivolts. The stimulation channels are represented by the blank
channels. The channels not included in supplementary analysis (2, 3, 31, 57) are shown in
Table A.1. Discarding these channels did not change the resistivity values appreciably, as

shown in Table A.2.
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Figure A.4: Average recorded waveforms for subject 5. The x-axis units are in milliseconds,

while the y-axis units are in millivolts. The stimulation channels are represented by the blank

channels. The channels not included in supplementary analysis (1, 49 , 58, 59) are shown

in Table A.1. Discarding these channels did not change the resistivity values appreciably, as

shown in Table A.2.
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Figure A.5: Average recorded waveforms for subject 6. The x-axis units are in milliseconds,
while the y-axis units are in millivolts. The stimulation channels are represented by the
blank channels. The channels not included in supplementary analysis (57 — 64) are shown
in Table A.1. Discarding these channels did not change the resistivity values appreciably, as

shown in Table A.2.
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Figure A.6: Average recorded waveforms for subject 7. The x-axis units are in milliseconds,
while the y-axis units are in millivolts. The stimulation channels are represented by the blank
channels. The channels not included in supplementary analysis (1, 9, 10, 35, 43) are shown
in Table A.1. Discarding these channels did not change the resistivity values appreciably, as

shown in Table A.2.
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Figure A.7: The means and standard deviations of the data for the eighth subject. The means
and standard deviations of the magnitudes of the stimulation artifacts for each stimulation
pair and polaritiy for the eight subject following our signal extraction algorithm are plotted
versus the electrode number. The mean is the mean voltage across all trials within the
extracted region illustrated in Figure 3.11. The standard deviation is the standard deviation
of the means of extracted regions from each individual trial. The blue and green lines indicate
the stimulation electrodes. The stimulation artifact was not measured at the stimulation

electrodes. Note the reproducibility of the measurements.
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Figure A.8: Average recorded waveforms for subject 8. The x-axis units are in milliseconds,

while the y-axis units are in millivolts. The stimulation channels are represented by the

blank channels. We show an example of far apart electrode separation to highlight that the

recorded signals are of high quality even when the stimulation pair is not adjacent, as it was

for the first seven subjects.
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Subject # Channels Flat Spherical  Flat Flat Flat Spherical ~ Spherical  Spherical
# Discarded Three-Point Three-Point Four-Point Four-Point Four-Point Four-Point Four-Point Four-Point
Mean Median Standard ~ Mean Median Standard
Deviation Deviation
1 3 3.27 3.01 3.54 3.45 1.27 3.12 2.99 1.17
2 9 2.74 2.32 3.42 3.44 1.34 2.62 2.57 1.08
3 1 2.97 2.62 3.41 3.25 0.96 2.74 2.71 0.70
4 4 2.76 2.42 3.17 3.08 1.05 2.45 2.31 0.92
5 4 2.67 2.48 3.07 3.13 1.28 2.64 2.64 1.16
6 10 4.55 4.07 5.35 5.38 1.84 4.57 4.65 1.77
7 5 2.44 2.52 3.19 2.79 1.79 2.61 2.25 1.68

Table A.2: Table showing the resistivities by subject after qualitatively removing bad chan-

nels
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Appendix B
ARTIFACT REJECTION APPENDIX

B.1 Array-wide processed signals

To better illustrate the performance of our algorithm across all channels processed, we high-
light two subjects, where we used one set of parameters for all of the channels. Parameter
tuning for subsets of channels would result in better performance of the algorithm, but we

seek to highlight that with one global set of parameters reasonable performance is achieved.
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Figure B.1: Average time-series responses following processing across cortex. Gray window
highlights stimulation time period, example data file 1. Blue bipolar waveforms indicate
the stimulation channels. Cortical reconstruction for this subject, with the corresponding

stimulation waveforms plotted over the stimulation electrodes.
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Figure B.2: Average time-frequency responses following processing across cortex for example
data file 1. Black bar indicates the beginning of the stimulation window. Blue bipolar

waveforms indicate the stimulation channels.



308

1 2 3 4 5 6 7 8
e = L S -'r__-—-
9 10 11 12 13 14 15
s = e A -q:-ih—.— B ] s -l

17 18 19 20 21 22 23
25 26 27 28 29 30 31 32
o g — P . Y +,—_.-
33 34 35 36 37 38 39 40
M 42 43 44 45 46 a7 48
49 50 51 52 53 54 55 56

57 58 59 60 61 62 63 64

Figure B.3: Average time-series responses following processing across cortex. Gray window
highlights stimulation time period, example data file 2. Blue bipolar waveforms indicate
the stimulation channels. Cortical reconstruction for this subject, with the corresponding

stimulation waveforms plotted over the stimulation electrodes.
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for figure B.2
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Appendix C
RESPONSE TIMING APPENDIX

C.0.1 Digital touch probe latency

In order to assess reaction times to natural haptic touch via mechanical means, we measured
the latency between contact of the digital touch probe to the surface and the digitally regis-
tered contact. Previous literature [61] and corresponding work with our group demonstrated
the digital touch probes to have an average onset latency of 1.04 ms £+ 0.48 ms standard
deviation. To account for experimenter variability and possible hardware sensitivity changes
over time, we characterized the latency in onset of the digital touch probes by comparing
the registered digital touch probe output relative to an electrical short circuit that triggered
on digital touch probe contact with a surface with 294 touches (Figure C.1).

Each trial was registered on the Tucker Davis Technologies RZ5D analog inputs via the
front panel, and the two triggered onsets were subtracted from one another to calculate an
onset latency. We calculated a mean onset latency of 5.83 ms, a standard deviation of 3.26
ms, and a median onset latency of 5.24 ms (Figure C.2).

Based on these measurements, we acknowledge that our response timing results are min-
imally shifted towards a faster reaction time for natural, haptic touch by an average of
approximately 6 ms. Adjusting the current findings for these delays (measured reaction
times by the mean onset latency) does not significantly impact our results or interpretations.
To specifically illustrate this, we recalculated the statistics after adjustments. These result-
ing p-values, shown in Table C.1, are nearly identical with respect to the originally estimated

p-values and thus do not change our conclusions.
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Figure C.1: Example electrical short circuit and digital touch probe signal traces. Time
course of pull-up electrical short circuit relative to the digital touch probe onset. Each touch
probe onset was compared to the electrical short circuit that preceded it, as indicated by
the horizontal black bars, and these onset latencies were used to generate the distribution of

latencies in Figure C.1.

Subject Experimental Condition p-value

Digital Touch Probe vs.

1 200 ms 2.101e-15
2 100 ms 1.834e-7
200 ms 2.900e-4
400 ms 9.369¢-6
800 ms 9.046e-6
3 200 ms 0.033
400 ms 7.019e-8
800 ms 1.609e-10
4 200 ms 2.225e-3
400 ms 1.125e-4
800 ms 1.422e-4

Table C.1: Adjusted statistics for haptic touch compared to DES. Adjusted p-values, by
adding on the latency for the digital touch probe to the haptic response times, and subse-

quently comparing them to the DES conditions.
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Electrical short circuit vs. digital touch probe

mean = -5.8253 ms
median = -5.2429 ms

-25 -20 -15 -10 -5 0
difference between the electrical short circuit
and digital touch probe onset (ms)

Figure C.2: Distribution of onset delays for digital touch probe. Distribution of latencies
between an electrical short circuit and the registered application of contact onset using the
digital touch probe. Not visualized or included in the calculations are 3 outliers at 63, 68,

and 69 ms, due to light or inconsistent experimenter force application.
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Appendix D

CONCURRENT STIMULATION AND WAVEFORM
MODIFICATION APPENDIX

D.0.1 Analog touch probe latency

In order to assess response times to natural haptic touch via mechanical means, we measured
the latency between contact of the analog touch probe to the surface and the digitally regis-
tered contact. Previous literature [61] and corresponding work with our group demonstrated
the digital touch probes to have an average onset latency of 1.04 ms + 0.48 ms standard
deviation at construction, and a mean onset latency of 5.83 ms, a standard deviation of 3.26
ms, and a median onset latency of 5.24 ms after extensive use [45]. We built new analog
touch probes, and characterized the latency in onset of the analog touch probes by comparing
the registered digital touch probe output relative to an electrical short circuit that triggered
on electrical touch probe contact with a surface.

Each trial was registered on the Tucker Davis Technologies RZ5D analog inputs via the
front panel, and the two triggered onsets were subtracted from one another to calculate an
onset latency. We discarded any trials where the analog sensor registered contact before the
electrical short circuit, or where the difference was greater than 40 ms. We calculated a
mean onset latency of 5.62 ms, a standard deviation of 4.92 ms, and a median onset latency

of 3.99 ms (Figure D.1).
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Electrical short circuit vs. analog touch probe
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Figure D.1: Distribution of latencies between an electrical short circuit and the registered
application of contact onset using the analog touch probe. Not visualized or included in the

calculations are outliers with a difference less than 0 or greater than 40 ms.
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Appendix E
BETA-OSCILLATION TRIGGERED STIMULATION
APPENDIX
Subject Current (mA) Phases set to be delivered Age Gender Grid side and location Reason for failure
SS1 Unknown Unknown 42 F 48 channel right frontal No evoked potentials recorded
SS2 1.5 90° 270° 39 M 48 channel left tempo- Seizure
ral/occipital

SS3 2 90° 270° 25 M 64 channel right side grid Possible abnormal anatomy due

to schizencephaly

Table E.1: Beta stimulation supplemental subject demographics. Subjects (SS, supple-
mentary subjects) for whom beta-oscillation triggered stimulation was attempted, but not

successfully completed or carried out.
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6ghase difference and time delay as registered on an oscilloscop$4
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Figure E.1: Oscilloscope test of real time filter. A pure sinusoidal signal generated at fre-
quencies between 12 and 20 Hz was fed into an oscilloscope, as well as our hardware and
closed loop processing chain. We triggered stimulation on the TDT, and fed the stimulation
into the oscilloscope. We subsequently calculated the phase difference, and delay in millisec-
onds, at each sinusoidal frequency, between the ideal and actual phase of stimulation. The

IIR nature of our real time filter can be seen due to the non-linear changes in phase.
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Operatlon of Real Tlme F|Iter|ng with Stlmulatlon Blanking
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Figure E.2: Real time tracking of triangular waveform. Generated triangular waveform
fed through TDT processing chain and band pass filtering. High amplitude signal around
9.7e4 ms represents a “null” trial condition where no stimuli are supposed to be delivered,
while the higher amplitude signal beginning around 9.9e¢4 ms represents conditioning stimuli
set to be delivered on the peak of the beta filtered signal. Black vertical lines indicate

start of stimulation trigger, and subsequent blanking of the signal before bandpass filtering.

Distortion immediately after black vertical line indicates effect of blanking the signal before

bandpass filtering.
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Supplemental Subject 1 Supplemental Subject 2 Supplemental Subject 3

Figure E.3: Cortical reconstructions of the three subjects in supplementary table E.1 not

included in analysis (did not complete study protocol
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Figure E.4: Map of CEPs across cortex for subject 1. Pink channels indicate the stimulation

channels, while gold indicates the trigger channel. Note the complex and variable morpholo-

gies across the cortex, with primarily local responses. The scale bar in the lower right applies

to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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Figure E.5: Map of CEPs across cortex for subject 2. Pink channels indicate the stimulation

channels, while gold indicates the trigger channel. Note the complex and variable morpholo-
gies across the cortex, with primarily local responses. The scale bar in the lower right applies
to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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Figure E.6: Map of CEPs across cortex for subject 3. Pink channels indicate the stimulation
channels, while gold indicates the trigger channel. Note the complex and variable morpholo-
gies across the cortex, with primarily local responses. The scale bar in the lower right applies
to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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Figure E.7: Map of CEPs across cortex for subject 4. Pink channels indicate the stimulation
channels, while gold indicates the trigger channel. Note the complex and variable morpholo-
gies across the cortex, with primarily local responses. The scale bar in the lower right applies
to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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Figure E.8: Map of CEPs across cortex for subject 5. Pink channels indicate the stimulation
channels, while gold indicates the trigger channel. Note the complex and variable morpholo-
gies across the cortex, with primarily local responses. The scale bar in the lower right applies
to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.
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Figure E.9: Map of CEPs across cortex for subject 6. Pink channels indicate the stimulation

channels, while gold indicates the trigger channel. Note the complex and variable morpholo-

gies across the cortex, with primarily local responses. The scale bar in the lower right applies

to all subplots within the image. We are unable to simultaneously record and stimulate from

the stimulation channels, so any signal visualized there should be disregarded.



325

270°

i M

4020 0 20 40 40200 20 40

- R
. 3
. :

i

100
20200 2040 w0 nw

| e
B R
3 L)
Time (ms) s)
270° Random
¢ 100 100
o Y 50 50
“
o
L} 0 o

4020 0 20 40 4020 0 20 40 4020 0 20 40 4020 0 20 40

Ampitudo (1)
3 gg
3

Amplitude (1 V)

88088

270°

N

<

e Camone e ma wmoma
w0 s" 100 s *
5 i ;‘
o 2 0 o El
g g
50
fa . 1§
wmomp  wwomw wwome  wmend
Time (ms)

Open-Loop Playback Control

e W

“w
e Wm0 ki 020 BW
~w -
©
0 S g zo 0
3 » s
g A )
0 2o 0 H /
T\ B . S
NG 2 } £
s A/ g w0 “w©
wmome  wmeno wwomm  w0m0 ;w0
ime (ms) Time (m)

Figure E.10: Randomly selected real-time filtered conditioning trains. For each subject
and condition where the beta-filtered channel was continuously recorded, we randomly sub-
selected 4 beta bursts with greater than 5 conditioning stimuli delivered to assess the degree of
retriggering in our experiment. Time 0, as well as the red line, indicates the time of stimulus
delivery. Individual colored lines indicate trials within a beta-burst, while the thicker black

line indicates the average waveform at the time.
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Figure E.11: Example of real time beta filtering, stimulation, and blanking. The red lines
indicate time of delivery for the conditioning pulses, and the black lines indicate test pulses.
Test pulses that were <500 ms after the end of a beta burst were considered probe pulses
for that beta burst condition, and pulses greater than 2 seconds away from the end of a beta
burst were baseline pulses. The shaded regions represent the null condition, where the beta

RMS was exceeded, but no stimuli were delivered
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Figure E.12: Histogram of the number of conditioning stimuli delivered in a given beta burst

across stimulation conditions and subjects. Subjects that had more than one test condition

were subdivided by conditioning paradigm used.
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Figure E.13: Across subject linear mixed model residual plot. Plot of the residuals for the

linear mixed model for all of the subjects.
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Figure E.14: Quantile-quantile/normality plot. Quantile-quantile (QQ)/normality plot illus-

trating the theoretical quartiles and sample quartiles for the data following the linear mixed

model fit for all of the subjects.
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Appendix F
PAIRED PULSE STIMULATION APPENDIX
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Predictor Numerator Df Denominator DF Sum Square Er- Mean Square Er- F Value Pr(>F)
ror ror

Stimulation Level 3 16532 40612918 13537639 792.87 < 22e—16

Condition 3 16534 1560763 520254 30.47 < 22e—16

Channel Location 1 16536 91354963 91354963 5350.47 < 22e—16

Disease 1 11 176 176 0.0103 0.921
Scaled Residuals

Min First Quartile Median Third Quartile Max

-3.46 -0.53 -0.069 0.45 6.20

Predictor Estimates Confidence Interval p-value

Stim Level Intercept 196.49 105.88 — 287.11 < 0.001

Stim Level - Linear 101.10 97.03 — 105.16 < 0.001

Stim Level - Quadratic -8.37 -12.37 —-4.36 < 0.001

Stim Level - Cubic 0.52 -3.43 — 4.46 0.797

A/B 25 -21.18 -27.49 — -14.86 < 0.001

A/B 200 15.33 9.99 — 20.68 < 0.001

A/A 200 3.75 -4.05 - 11.54 0.346

Parkinson’s 9.77 -178.81 — 193.38 0.921

Channel Location 199.90 194.54 — 205.25 < 0.001

Random Effects

a? 17074.20

T00 21332.62

ICC 0.56

Observations 16551

Marginal R?/ Conditional R? 0.204/0.646

contrast estimate SE df t.ratio p-value

base - A/B 25 21.18 3.22 16534.43 6.58 < .0001

base - A/B 200 -15.33 2.73 16532.80 -5.62 < .0001

base - A/A 200 -3.75 3.98 16532.62 -0.94 0.782

A/B25-A/B 200 -36.51 3.83 16535.84 -9.53 < .0001

A/B25-A/A 200 -24.92 4.83 16534.48 -5.16 < .0001

A/B 200 - A/A 200 11.59 4.45 1652.45 2.60 0.046

Table F.1:

Model fit for the effect of different conditioning paradigms across subjects.

ANOVA results on the linear model fit. Following confirmation of statistically significant

main effects, we proceeded to do post hoc testing for each of the individual stimulation lev-

els and conditioning types. We did pairwise comparisons with a Tukey correction between

the different estimated marginal means to demonstrate the significance of different condition-

ing paradigms. The Marginal R? represents the variance explained by the fixed effects, while

the Conditional R? represents the variance explained by both the fixed and random effects.

o? represents the within-group variance, 7o represents the deviance from the expected mean

between the different groups, while ICC represents the intraclass correlation coefficient.
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Predictor Df Sum Square Error Mean Square Error F Value Pr(>F)
Stimulation Level 3 902626 300875 196.74 < 2.2e—16
Condition 2 428936 214468 140.17 < 2.2e—16
Residuals 818 1251583 1530

Scaled Residuals
Min First Quartile Median Third Quartile Max
-101.643 -27.249 -3.256 24.191 240.394
Predictor Estimates Confidence Interval p-value
Stim Level Intercept 94.47 90.56 — 98.39 < 0.001
Stim Level - Linear 68.86 63.39 — 74.43 < 0.001
Stim Level - Quadratic -10.47 -15.84 - -5.11 < 0.001
Stim Level - Cubic 1.62 -3.63 — 6.88 0.545
A/B 200 5 min 26.37 19.73 — 33.01 < 0.001
A/B 200 15 min 53.94 47.58 — 60.29 < 0.001

Observations 824
R?/ adjusted R? 0.515/0.513

Contrast

Estimate SE df t.ratio p.value

base - A/B 200 5 min
base - A/B 200 15 min
A/B 200 (5 min - 15 min)

-15.26  3.67818-4.531 < 0.0001
-61.88  3.22818-19.19 < 0.0001
-46.62  3.73 818-12.509 < 0.0001

Table F.2: Model fit for the length of paired pulse conditioning. ANOVA results on the linear

model fit. Following confirmation of statistically significant main effects, we proceeded to do

post hoc testing for each of the individual stimulation levels and conditioning types. We did

pairwise comparisons between the different estimated marginal means to demonstrate the

significance of different conditioning paradigms
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Predictor Numerator Df ~ Denominator DF Sum Square Er- Mean Square Er- F Value Pr(>F)
ror ror
Stimulation 3 2337 18910360 6303453 862.84 < 2.2e—16
Level
Condition 1 2338 9568 9568 1.31 0.2526

Scaled Residuals

Min First Quartile Median Third Quartile Max
-4.2344 -0.5650 -0.0938 0.4350 8.6339
Predictor Estimates Confidence Interval p-value

Stim Level Intercept 246.78 170.80 — 314.76 0.086

Stim Level - Linear 178.31 171.39 — 185.23 < 0.001
Stim Level - Quadratic -19.05 -25.98 — - 12.13 < 0.001
Stim Level - Cubic 11.31 4.38 — 8.23 0.545

Awake 5.01 -3.57 — 13.60 0.253

Random Effects

o2 7305.50

T00 2375.15

ICC 0.25
Observations 2344

Marginal R?/ Conditional R? 0.455/0.589

Table F.3: Model fit for the level of sedation effect on EP magnitude within one subject.
ANOVA results on the linear model fit. The key result is that we fail to reject the null
hypothesis that there is no statistically significant difference between the differing arousal
states of the patient. The random effect for this subject was the particular channel analyzed,
as there were two conditioning pairs which elicited EPs in this subject. The Marginal R?
represents the variance explained by the fixed effects, while the Conditional R? represents
the variance explained by both the fixed and random effects. o2 represents the within-group
variance, Ty represents the deviance from the expected mean between the different groups,

while ICC represents the intraclass correlation coefficient.
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Changes in EP magnitude
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Figure F.1: Individual subject and channel peak-to-peak values for various stimulation am-
plitudes. The different colors indicate which experimental conditions are being considered

(baseline, A/B 25, A/B 200, or A/A 200). The differences from baseline are computed from
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Figure F.2: Quantile-quantile plot for linear mixed model for all subjects. In order to assess

the fit of our model, we visualized the quantile-quantile plot following our linear mixed model
fit
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Normal Q-Q Plot
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Figure F.3: Quantile-quantile plot for linear mixed model for all subjects. In order to assess
the fit of our model, we visualized the quantile-quantile plot following our linear mixed model

fit
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