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Abstract

Spinal cord stimulation (SCS) is a surgically implanted therapy for chronic pain
that delivers electrical stimulation to the spinal cord. Despite significant technological
and clinical improvements, the th erapeutic success of SCS has plateaue(North et al.,
1993; Taylor et al., 2014)in part due to incomplete understandin g of how changing
stimulation parameters (i.e. amplitude, pulse duration, and timing) affect the neuronal
circuitry that modulates pain perception. The work in this dissertation uses
computational modeling and in vivo neural recordings to understand how do rsal horn
circuitry changes in response to neuropathic painand predict optimal stimulation
parameters for SCS.

Computational models are important tools for studying and predicting neural
circuit responses and the first part of this dissertation concerns the development of novel
computational models . The models are subsequently used to predict responses to
neuropathic pain, and the models quantified distinct shifts in responses observed in
experimental recordings, demonstrating their validity as a tool for understanding
mechanisms of action of SCSMultiple single unit recordings in the dorsal horn
replicated the predictions made using the computational models and predicted that
correlations between neurons could be used as a biomarker of neuropathic pain and
stimulation efficacy. Model-based designuncovered multifrequency stimulation

parameters and temporal patterns of stimulation that optimized neural responses and



present promising avenues for improving clinical efficacy. We also used the
computational m odel to predict the mechanism of action of a novel modality of SCS and
validated our predicted mechanism of action through experimental recordings.

Overall, this thesis work improve d our understanding of dorsal horn circuits and the
mechanisms of action underlying multiple modalities of SCS , developed new strategies
for optimizing stimulation parameters, and demonstrated the effectiveness of optimized

stimulation parameters in preclin ical models.
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1. Introduction

Part of this chapter was previously published in the Springer Handbook of
Neuroengineeringnd is used with permission (Titus et al., 2021a) This review chapter

was published in collaboration with Nathan Titus.

1.1. Introduction to SCS for Chronic Pain

Spinal cord stimulation (SCS) is a well-established treatment for chronic pain.
Despite substantial research effort and significant technical advances, clinical success
rates have remained stagnant for half a century. Only through increased understanding
of the neural mechanisms that drive SCS efficacy will the field improve outcomes for the

large patient population suffering from chronic pain.

1.1.1. Background of Chronic Pain

Pain serves a protective role, notifying the brain of injury and preventing further
damage. However, sensitization can result in nervous system dysfunction and lead to
chronic, maladaptive pain. Chronic pain is one of the most frequent and compellin g
reasons for seeking medical attention; 25.3 million American adults (11.2% of the
population) self -reported experiencing pain every day for three months in a recent NIH
survey (Meyr & Saffran, 2008; Nahin, 2015) Additionally, chronic pain is debilitating; it
decreasespsychological health, social well-being, economic security, and work
productivity (Elliott et al., 1999). The secondary costs associated with chronic pain in the

United States are estimated to be $600 billion annually (Gaskin & Richard, 2012). Pain is
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a difficult disease to treat because the experience of pain depends on more than just the
propagation of measurable pain signals, and some patients perceive pain even in the
absence of an identifiable injury. The experience of pain includes a sersory component
@?31T EOwi UU0OUnR? AWEOCEWEQW?EI T 1T EUDPYI 2wOUwl OOUDPOOE
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experience. The experience of pain, especially chronic pain that lasts formonths or years,
is unique to the individual. Treatments for chronic pain need to address both the
neurophysiological basis for aberrant pain signals that lead to chronic pain and the
psychological impact of the disease (Perl, 2007)
Opioids are the one of the most cmmmon treatment options for chronic pain but
are plagued by concerns about progressive tolerance, addiction, and abuse(Rosenblum
et al., 2008) Opioid misuse occurs in 20-30% of patients and addiction in ~10% of
patients (Vowles et al., 2015) These rates led to almost 50,000 deaths related to opioid
misuse in the United States in 2017, more than double the rate from 201ZWONDER,
2018) The covid-19 pandemic exacerbated opioid misuse, and opioid misuse led to
70,000 deaths in 2020 (WONDER, 2020)Other pain management treatment options such
as nonopioid pharmacological treatments, physical therapy, surgical intervention,
steroid injections, or RF ablation have mixed efficacy across etiologies(Rosenblatt &

Catlin, 2012).



Spinal cord stimulation (SCS) is a surgically implanted device therapy that is
FDA -approved to treat chronic pain conditions including complex regional pain
syndrome, failed back surgery syndrome, and other peripheral neuropathies that are
refractory to other treatment options. SCS has been usedor over four decades, ~50,000
systems are implanted every year, and it is becoming more cost effective than other
forms of pain management (Linderoth & Foreman, 2017; North et al., 1993; Zhang et al.,
2014a) Despite significant advances in SCS technology and the understanding of pain
physiology over that time, treatment outcomes have not sign ificantly improved ( Figure
1.1). SCS research seeks new forms of therapy, further understanding of the mechanisms

of action, and engineering development to increase clinical success.

1.1.2. History and Background of SCS

While the use of electricity to treat pain dates back to Ancient Greece, the
application of electrical stimulation to the spinal cord dates back to the 1960s.
Preliminary studies by Patrick Wall demonstrated tha t electrical activation of large
diameter afferents suppressed transmission of neural activity related to pain, and
activity in small diameter afferents facilitated transmission (Wall, 1964). These
experiments led Melzack and Wall to propose the Gate Control Theory, which
hypothesizes that stimulating large diameter afferents could suppress pain by activating
inhibitory mechanisms in the dorsal horn (Melzack & Wall, 1965). Later experiments by

Wall and Sweet demonstrated that peripheral stimulation of large diameter fibers



generated artificial percepts characterized by a tingling sensationt commonly known as
paresthesiat that appeared to interfere with the pain signal (Wall & Sweet, 1967) This
practical application led to work conducted at Case Western Reserve University by
Norman Shealy and J. Thomas Mortimer, who developed the first spinal cord

stimulation electrodes to target large diameter afferents in the dorsal columns (see Sect.
1.2.1SCS Anatomy: Dorsal Columns) (Shealy et al., 1967b)Initial experiments in cats
demonstrated that SCS decreased sensitivity to painful stimuli. Subsequently, SCS was
successful in a series of patients with chronic pain, indicating that activation of afferents
in the dorsal columns was just as effective if not more effective than peripheral
stimulation (Shealy et al., 1970; Shealy et al., 1967a; Shealy et al., 1967b)

These results led to commercial development, and the first SCS device from
Medtronic was introduce d in 1968 (Deer & Mali, 2016). Since SCS was developed prior
to the Medical Device Regulation Act in 1976, the FDA grandfathered the procedure into
an approved medical treatment in 1984. As SCS grew in popularity, new companies
were attracted to the market. St. Jude Medical (formerly Advanced Neuromodulation
Systems, now Abbott) developed the Genesis ystem approved in 2001, Boston Scientific
(formerly Advanced Bionics) followed with the Precision system in 2004, and Nevro
started high frequency stimulation with the Senza system approved in May 2015
(Administration, 2001, 2004, 2015) Today, SCS is FDA approved for treatment of failed

back surgery syndrome (FBSS), chronic regional pain syndrome (CRPS), and is



approved in Europe for peripheral ischemia and refractory angina pectoris (Song et al.,
2014a) Conventional SCS refers to the original systems (and later iterations) that apply
stimulation at a rate of 30-100 pulses per second at regular intervals above the sensory
threshold. Increased competition led to significant technological innovation including
novel treatment paradigms, new lead designs, and MRI compatibility, but the overall
efficacy of SCS did not significantly improve (Zhang et al., 2014a) Innovation in recent
years has introduced a wave of novel paradigms and targets for SCS including high
frequency stimulation, burst stimulation, and high -density programming (Linderoth &
Foreman, 2017) but more data are required to draw conclusions about changes in

efficacy resulting from these new paradigms (Figure 1.5).

1.1.3. Motivation for SCS Research

From the perspective of patients and physicians, SCS is often a therapy of last
resort after previous options have failed. SCS has a clinical success rate of 60%, with
EOPOPEEOWUUEET UUwWET | D01 E wE Biguke w5) GHrylldenal.] EVUEUD OO w
2018) This is more effective than standard pain management technigues but may not be
high enough for patients to choose an invasive medical procedure (Kumar et al., 2007)
To determine candidacy, patients undergo a short-term trial -lead implantation. During
the procedure, patients undergo placement of trial leads and remain awake to provide
feedback to the physicians. After placement, the patient undergoes several days of active

programming during which they might consider dozens of programming



manipulations, and based upon the results during the trial period, they decide whether
to undergo implantation of a permanent device. The time for active programming may
not be sufficient because, in addition to the large parameter space of conventional SCS,
the benefits from some newer SCS therapies may not be apparent until more than a day
has passed(Thomson et al., 2018) Approximately 75% of patients who undergo a trial
will receive a permanent implant, and approximately 60% of permanently implanted
patients will experience clinically successful outcomes [29]. For those patients whose
treatment is successful, SCS impartamportant therapeutic relief and even a patrtial
alleviation of pain is worth the cost for many patients.

However, the 55% of patients from trial to post -implantation who discontinue
treatment or receive clinically unsuccessful treatment represent an opportunity and
necessity for improvement. Even with the growing SCS market and the substantial
challenge of treating chronic pain, the mechanisms through which SCS achieves
analgesic effects are complex and remain poorly understood. SCS efficacy varies by the
anatomical location of pain, the pain etiology or condition, and SCS parameters (de Vos
et al., 2014b; Kapural et al., 2015; North et al., 2016; Taylor et al., 201,4)ut the origins of
these effects are notcompletely understood. A clear understanding of the mechanisms of
SCS promises to improve success rates, reduce financial cost, increase efficacy, bolster
satisfaction, and broaden candidacy. Here we summarize knowledge regarding the

mechanisms of SCS anddentify potential areas for improvement.



1.2. SCS Anatomy
1.2.1. Neural Targets

The neural targets of SCS and the required level of activation for these elements
to achieve therapeutic relief are still unclear, particularly with novel forms of stimulation
(Croshy et al., 2017; Song et al., 2014bJurthermore, the anatomical target for
stimulation has a significant impact on the utility of SCS for various pain conditions.
Here we examine the organization and anatomy of potential neural targets. Figure 1.2
provides an overvi ew of the relevant anatomy and pathways for both sensation and

SCS.

1.2.1.4 Afferent/Descending Terminals

Sensory fibers in the periphery cluster into nerve bundles that innervate
particular dermatomes, or areas of the skin. The bundles of afferent fibers form spinal
nerves, enter the spinal cord in discrete bundles along the dorsolateral aspect of the
cord, and create a specific rostracaudal organization of dermatomes within the cord.
Afferent fibers are separated into three major subgroups determined by diameter,
Oal OPOEUPOOOWOOEEOPUAWEOEWUI UOPOEUPOOwWXxEUUI UODO
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types also separates into multiple functional classes, which may also affect the location



where fibers arborize. For example, MRGPRD+ Gfibers arborize locally or across
multiple spinal segments depending on which dermatome they innervate (Olson et al.,
20179 w EEPUDPOOEOOAOWE]I UUEDPOwI PET UwUUEUax] UwWEET 1 L
which states that specific forms of sensay inputs have unique anatomical pathways. For
example, itch receptor circuits may be distinct from pain circuits (Duan et al., 2018)
However, in general, these exclusive afferent pathways do not extend to processing in
the dorsal horn because interneurons respond to multiple sensory modalities (Seal,
2016) While some subpopulations of interneurons can be identified by the subtypes of
afferent inputs (Uta et al., 2010; Wang & Zylka, 2009) the difficulty identifying
overarching and consistent classes for dorsal horn interneurons makes it challenging to
extend these findings (see Sectl.2.1SCS Anatomy: Dorsal Horn) (Braz et al., 2014)

In contrast to the abundance of data on afferent terminations, relatively little
work has focused on the termination patterns of axons descending from supraspinal
centers. Descending axons originate from sveral locations in the brain; the rostral
ventrolateral medulla (RVLM), the dorsal raphe nucleus (DRN), and the locus coeruleus
(LC) of the inferior brain are the best understood. Axons descending from these brain
areas tend to travel through the dorsolateral funiculi before turning 90° at the
appropriate spinal segment and terminating in the ipsilateral dorsal horn; however,
some axons descend at least partially through the DH and even travel to the

contralateral horn (Hee Jung & Basbaum, 1989)Many descending axons branch



multiple times and arborize in both the SDH and DDH (Light, 1985). For the most part,
termination patterns appear relatively non -specific. However, they show a preference
for the lateral aspect of the dorsal horn, and some evidence suggests that, unlike other
laminae, lamina | does not contain serotonergic axons terminations (Jones & Light,

1990)

1.2.1.2 Peripheral/Roots

Humans have 12 cranial nerves and 31 pairs of spinal nerves divided along the
spinal cord. Axons from peripheral receptors travel along peripheral nerves to the dorsal
root ganglia (DRG), which contains the afferent cell bodies. Electrical stimulation of
peripheral nerves and the dorsal roots generally targets only a single nerve or root,
making it a more precise therapy than other neural targets of stimulation. This precision
makes it well-suited for treatment of local pain conditions such as Chronic Regional Pain
Syndrome (CRPS)or mononeuropathies. For example, occipital nerve stimulation is
used to treat pain in the face, as well as migraines. and stimulation here also appears to
have a therapeutic benefit for focal pain conditions (Deer & Pope, 2016) Neuropathic
pain conditions may lead to similar changes in the DRG as the dorsal horn and direct
electrical stimulation may reverse some of these changes (see Seci.4.2 Mechanisms of

SCS: Changes During Neuropathic Pain) (Krames, 2015)



1.2.13. Dorsal Columns

The dorsal columns are one of several spinal pathways that transmit information
from the periphery to supraspinal n uclei. The dorsal columns, or dorsal funiculi,
EOOUUDPUUUI w ¢ WEROOWEOOOEUI UEOUwWxUONI EUDOT wOOwWU
These fibers divide into the fasciculus gracilis for the lower body and the fasciculus
cuneatus for the upper body. The fibers are further organized anatomically along the
mediolateral and dorsoventral axes. As one ascends rostrally, newly entering fibers in
the tract are appended lateral to existing fibers and tend to reach their most dorsal
position several spinal segments rostral to the dorsal roots where they enter.
Mechanoreceptive fibers are also generally medial to proprioceptive fibers (Niu et al.,
2013; Smith & Bennett, 1987)For SCS electrode placement, this somatotopic
organization implies el ectrodes should be placed two segments above the spinal
segment corresponding to the painful dermatome (see Sect.1.2.2 SCS Anatomy:
Electrode Lead/Paddle Placement) (Mendell & Wall, 1965). This organization also means

that dorsal column stimulation can activate axons corresponding to multiple

dermatomes (i.e., a large region of the body surface).

1.2.14. Dorsal Horn
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laminae. Cells within the dorsal horn process sensory information and relay output to

the contralateral brain while the ventral horn processes motor information. Lamina | is
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very thin and contains mostly excitatory interneurons and some projection cells (Todd,
2010) Lamina Il contains more inhibitory neurons but no projection cells, and together,
these two laminae make up the superficial dorsal horn (SDH). Most projection cells in
the SDH are high threshold or nociceptive specific (NS) neurons because they respond
only to painful st imuli (Simone et al., 1991; Todd, 2002)
The deeper laminae of the dorsal horn (DDH) contains both inhibitory
interneurons and projection neurons. Unlike most of the projection neurons in the SDH,
many of these projection neurons are wide-dynamic range (WDR) neurons that respond
in a graded fashion to increasing stimulus strength (Simone et al., 1991) The SDH and
DDH also differ in afferent fiber innervation. T T 1 w2 # ' wUl ETI DYT UwbOx U0 wi UO
| PET UUOWEUUWUT T w##' wUI EI BYI UwbOxUUwWi UOOw o wi PE
the DDH and NS neurons in the SDH relates to this difference in fiber termination sites.
Finally, the SDH and DDH mainly project to diffe rent supraspinal targets, but projection
axons from both regions pass through the gray commissure and ascend contralaterally
through the anterolateral tract of the spinal cord.
Classifying the inhibitory and excitatory interneurons in these circuits has
proved challenging. In other areas of the nervous system, function correlates with
morphology, but this appears to be true only partially in the spinal cord. Grudt and Perl
identified four major types of dorsal horn neurons based on morphology: islet cells,

vertical cells, radial cells, and central cells (Grudt & Perl, 2002). Islet cells are always
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inhibitory and vertical cells are usually excitatory, but the relations hip between
morphology and function does not appear to extend further. There are subclasses of
each of these morphological types based on the pattern of firing they exhibit (tonic,
bursting, delayed, or adapting) (Todd, 2017; Yasaka et al., 2010Neurons can also be
classified based on their neuropeptide expression and this approach has been used to
identify RET -, somatostatin-, dynorphin -, and neurotensin-containing neurons as
potentially useful classifiers of interneurons involved in neuropathic pain (Abraira et al.,
2017; Cui et al., 2016; Duan et al., 2014; Todd, 201 M®owever, the limited success
classifying dorsal horn neurons indicates the complexity of the various dorsal horn

circuits and our incomplete understanding of their functions.

1.2.15. Supraspinal Centers

Activity influenced by the application o f SCS travels through multiple ascending
pathways to modulate both perception and subsequent descending activity ( Figure 1.3).
Dorsal column axons termin ate in the dorsal column nuclei (DCN) within the brainstem.
Cells within the DCN respond to low -threshold mechanical stimuli, spatially filter
incoming signals (perhaps to localize the stimulus epicenter), and relay this information
to the contralateral ventral posterolateral nucleus of the thalamus (VPL), which is related
to sensory perception (Kramer et al., 2017) There are also multiple ascending pathways
from the dorsal horn. Superficial dorsal horn output neurons project to the lateral

parabrachial nucleus (LPB), the periaqueductal gray matter (PAG), and the VPL, which

12



receive collaterals from approximately 95%, 50%, and 5% of lamina | projection neurons,
respectively (Polgar et al., 2010) LPB projections drive activity in the amygdala and
anterior cingulate cortex (ACC) which are related to emotion, aversion, and fear
EOOEDPUDOODOT OwUOwWUIT | wUUxI1 Ui PEDEOWEOUUEOWI OUOwx
component of pain (Bushnell et al., 2013) Projection neurons within the deep dorsal

horn also target the PAG and VPL but appear to have a different purpose. Like the DCN
pathway, the deep dorsal horn pathway probably modulates sensory perception in the
VPL while the PAG filters and relays information to the dorsal Raphe nucleus (DRN)
and RVLM (Hudson & Lumb, 1996). The DRN and RVLM are major sources of
descending axons and complete the loop back to the dorsal horn. In summary, the dorsal
column and deep dorsal horn pathways converge in the VPL, probably to localize

stimuli and compare relative intensities, while the superficial dorsal horn pathway

modulates the emotional interpretation of the stimulus.

1.2.2. Electrode Lead/Paddle Placement

Efficacy of SCS for chronic pain patients is typically determined using
percutaneous leads during a trial implantation period of several days. Physicians insert
the SCS lead through gaps between the lumbar vertebrae Figure 1.4A) into the epidural
space and advance the electrode rostrally, typically to the thoracic vertebral levels.
Physicians plan SCS lead location by mapping patient pain prior to the procedure, and

SCS leads are placed with the aid of fluoroscopy during the procedure. Physicians may
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also rely on patient feedback regarding pain relief and paresthesia, a feeling of tingling
caused by electrical stimulation. During implantation, programmers test stimul ation
sites to confirm maximal paresthesia overlap with the pain region (see Sect.1.4.4
Mechanisms of SCS: Conventional SCS). After the trial, physicians use either a
cylindrical lead or a paddle lead for permanent implantation and sometimes add
additional leads to increase the coverage, or body area over which stimulation produces
paresthesia and / or pain relief (Figure 1.4B & Figure 1.4C).

The trial lead implantation represents one area of potential improvement in the
practice of SCS: the ability to predetermine patient candidacy and optimal stimulation
location. Many patients go through the trial period but do not receive adequate
therapeutic benefit to proceed to implant. Improved patient scree ning could reduce the
overall healthcare burden, but relatively little research has focused on pre-implantation
patient selection (Atki nson et al., 2011) The intradural space is large compared to the
diameter of the spinal cord, which has traditionally limited the spatial resolution of the
applied therapy. Nevertheless, therapy efficacy depends on accurate lead placement.
Even small changes in mediolateral position of the lead may add substantial benefit or
significantly change the coverage area(Moffitt et al., 2009). This has led to patients
undergoing secondary lead implantation and the increased use of dual lead
implantations (Kapural et al., 2015) The trial lead implantation represents an expensive,

invasive, and stressful process for patients, and some choose to forgo the percutaneous
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period (De Caroalis et al., 2017) The field would benefit from a noninvasive method of
determining responders, which would improve lead placement, patient candidacy, a nd

satisfaction.

1.3. Biophysics of SCS
1.3.1. Parameter Selection

The SCS parameter space is largeRigure 1.5), and this makes it challenging to
select effective parameters including which electrode contacts are active, pulse repetition
rate, stimulus pulse duration, pulse shape (e.g., symmetric vs. asymmetric), and
stimulation intensity (voltage or current). With technological advances, the scope of
parameters has grown to include individual current distribution across contacts,
multiple waveforms, and closed -loop stimulation (Haider et al., 2018; Hegarty, 2012)
Effective parameters are determined in an outpatient setting where the patient works
with a programmer to develop several sets of parameters (programs) to use when they
leave the clinic. This approach may work for conventional SCS, but for novel paradigms
with long wash-in times, successful programming can take weeks and more time may be
required to evaluate stimulation programs (Thomson et al., 2018) Even for conventional
SCS, typical parametes have a broad range. Typical settings span 18 mA pulses of 200
600 us duration repeated from 20-100 pulses per secondMiller et al., 2016); however,
we understand little about how these parameters affect the efficacy of SCS. It might be

tempting, for example, to select the rate based on a dose response curve, i.e., the higher
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the rate of stimulation the greater the effect, but modeling of conventional SCS suggests
that efficacy is a non-monotonic function of rate, and the optimal rate may also depend
on the progression of neuropathic pain (see Sect.1.4Mechanisms of SCS)Zhang et al.,
2014b; Zhang et al., 2015)Burst and KHF SCS paradigms use quite different parameters:
burst SCS uses a passively chargéalanced waveform with 1 ms monophasic pulses
repeated 5 times every 2 ms with bursts every 25 ms(Figure 1.5), and KHF-SCS
paradigms are actively charge-balanced pulses of 36200 ps repeated from 1,00810,000
pulses per second. Both burst and KHF SCS paradigms useulse magnitudes similar to
conventional stimulation, but both paradigms are titrated to subsensory amplitudes.
Some experimental evidence regarding KHF-SCS grouped frequency and pulse width
POUOWEwWUDOT Ol wxEUEOI Ul UwE O E(Willetei aE, @018 T2 harE U wE O wi
pulse widths reduce the likelihood of suprathreshold stimulation while the high

frequency increases the charge delivered, but high frequency stimulation also requires
substantially more power. Computational optimization methods can search this large
parameter space(Cassar et al., 2017)and with better patient selection, it may be possible

to reduce the impacts of patient-to-patient variabil ity in anatomy and disease state.

1.3.2. Lead/Paddle Design

One of the primary areas of engineering innovation over the past two decades is
the design of the leads used to deliver SCS. Original leads had problems with migration

and incomplete coverage of the pain area because they had few contactgShealy et al.,
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1967a) Modern leads have 832 electrode contacts and fall into two categories. First are
percutaneous leads: cylindrical in shape and typically implanted in pairs. Second are
paddl e leads, which require a laminotomy for implantation and usually contain at least
two columns of contacts. Pain physicians use percutaneous leads for the trial because
they can be implanted in outpatient settings and have a lower operating time than
paddle leads (Babu et al., 2013) In many cases, these leads remain implanted
permanently; however, the cylindrical leads typically used for percutaneous stimulation
may provide inferior coverage and/or require 50-60% more energy than paddle leads.
These deficiencies are explained by the cylindrical electrode contacts, which also deliver
current both toward and away from the spinal cord (Babu et al., 2013; Holsheimer &
Buitenweg, 2015; Howell et al., 2014) Several studies showed that paddle leads are more
effective than percutaneous leads, perhaps due to reduced rates of lead migration for
paddle leads (North et al., 2005; Villavicencio et al., 2000) Holsheimer et al. proposed
that the larger dimensions of paddle leads also cause increased CSF compression,
reducing shunting effects and bringing the electrodes closer to the spinal cord
(Holsheimer & Buitenweg, 2015).

Preventing lead movement has also been a significant area of technical
innovation. Early leads would frequently migrate leading to repeat surgeries. A series of
ten studies between 2004 and 2011 reported lead migration rates of 27% (Eldabe et al.,

2016) New systems anchor paddle leads to the dura, limiting lead m igration. Two
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studies in 2014 employing new anchoring techniques reported lead migration rates of
less than 3%(de Vos et al., 2014b; Eldabe et al., 2016; Gazelka et al., 201Bew leads
also have increased numbers of contacts and decreased spacing along the array sthat
even with some lead movement, performance can be improved by optimizing the charge
delivered to different contacts (Moffitt & Peterson, 2011). Computational models and
clinical studies showed that leads placed closer to the midline are better for bilateral
dorsal column activation an d reduce discomfort, which is believed to result from dorsal
root activation (Holsheimer & Buitenweg, 2015). The goal for lead placement is often the
midline of the spinal cord for even paresthesia coverage and maximum dorsal column
activation; however, the spinal cord is 1 to 2 mm offset in 40% of patients so only 27% of
patients will get symmetrical paresthesia, even with placement along the vertebral
midline (Barolat et al., 1991)

While both percutaneous and paddle leads were designed for conventional
spinal cord stimulation, new KHF and burst stimulation paradigms use very similar
leads. DRG stimulation leads are designed for a smaller target and have smaller
diameters, smaller contact sizes, and fewer contacts to accommodate anatomical
differences. Pain physicians implant DRG leads through a contralateral incision and
place them along the superior aspect of the DRG Figure 1.1 & Figure 1.4Biv) (Deer et al.,

2014; Deer & Pope, 2016; Takazawa et al., 2017)
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1.3.3. Closed Loop Control

Patients typically rely on multiple SCS programs throughout the course of the
day because changes in body posture alter the geometry of the spinal column. These
changes in geometry affect the intensity of the stimulation as the spinal cord moves
closer to or farther from the electrode and results in ineffective or uncomfortable
stimulation (Ross & Abejon, 2014) Closedloop SCS paradigms are intended to adjust
stimulation to account for postural changes. One approach uses accelerometer readings
to estimate posture and adjust stimulation int ensity. This method improved pain relief
in 80% patients according to a survey of 30 patients(Kallewaard et al., 2011) Another
device records stimulation -evoked compound action potentials using inactive lead
contacts to estimate the degree of DC axon activation Figure 1.4D) (Russo et al., 202Q)
In one study, closed-loop SCS reduced pain by at least 50% in 82% of patients compared
to 60% in patients with equivalent programs but without closed -loop control (Mekhail,
2019)(Mekhail et al., 2020) These data suggest that proper amplitude selection and

control are important for effective SCS therapy.

1.3.4. Electric Fields in the Spinal Cord

Application of an electric current through stimulation electrodes generates an
electric field through out the area surrounding the active contacts. The electrical
properties of the surrounding tissue, including the electrical resistivity and relative

thickness, have a significant effect on the area of influence and strength of this field.
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Stimulation curr ent must pass through the epidural tissue, dura, and cerebrospinal fluid
(CSF) before reaching the surface of the spinal cord. Optimal stimulation should
efficiently direct electric fields towards and along neurons, axons, and terminals within
the spinal cord that generate pain relief. Most SCS leads/paddles have at least eight
contacts, but most SCS stimulation programs limit active contacts to fewer than four
because of the complexity of the parameter spacegHegarty, 2012).

Finite element method (FEM) modeling allows quantification of the electric fields
within the spinal cord. FEM models are mathematical models of current densities
flowing from the stimulation leads through multiple volumes of tissue with predefined
conductivities and geometries. For SCS, relevant tissues include the white and grey
matter of the spinal cord, CSF, the dura, vertebral bone, and muscle. FEM models use
these tissue properties to calculate the distribution and magnitude of electric potentials
at asample set of positions throughout the stimulated volume. The potentials calculated
by the model scale linearly with the input current, and to handle time -dependent
changes most models employ the quastistatic approximation, which assumes that the
capacitance of the tissue has a negligible effect on the distribution of potentials over
time.

For most SCS programming, the primary current path reaching the spinal cord
flows elliptically from one stimulation pole to the other ( Figure 1.6) (Jensen &

Brownstone, 2019) In humans, the CSF layer shunts currents between the poles because
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it has a low resistivity and large cross-sectional area compared to the diameter of the
spinal cord, and up to 90% of the current travels via the CSF rather than activating
neural elements (Struijk et al., 1993) Addit ionally, this makes the surface of the spinal
cord approximately isopotential within a transverse slice; therefore, current travels
radially into/out of the cord underneath the contacts and parallel to the surface of the
cord in between contacts (Figure 1.6). However, regions of strong electric field can be
U001 T UIE2 wOOPEUEWOO! wUPET wOUWEOOUT I UwEaAawEENUUU
columns of contacts or multipl e leads placed across the dorsal columngMoffitt et al.,
2009) For example, the LUMINA study demonstrated improved performance with a
novel three-dimensional targeting system that adjusts energy delivery through different
contacts depending on anatomical factors and paresthesiacoverage determined by the
patient (Veizi et al., 2017) A programming algorithm establishes electric field direction
by using generalized anatomies to design complex fields and programming the contact
currents accordingly. Advanced field design may help overcome variation in anatomical
features like CSF thickness in which even small changes can result in substantial
alterations of stimulation threshold (Howell et al., 2014); however, it remains to be
determined how much generalized anatomies and electrode positions influence field

design.
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1.3.5. Characterization of Neural Targets

Positioning of the SCS leads and selection of stimulation parameters affect which
neural elements are activated by SCYHolsheimer & Buitenweg, 2015; Mcintyre & Girill,
2002) While conventional SCS is usually simplified to dorsal column stimulation, it is
importa nt to recognize that SCS may be influencing a variety of other neural targets, and
newer paradigms of SCS almost certainly depend on neural targets besides the dorsal
columns. The dorsal columns are the most commonly considered target of SCS because
they experience the largest electric field strengths and dorsal column axons are large
myelinated fibers (Holsheimer & Buitenweg, 2015). Additionally, the elliptical field lines
imply that the imposed fields are partially oriented along the principal axis of dorsal
column axons, increasing the magnitude of the source driving polarization of the fiber
(Howell et al., 2014).

Dorsal roots may also be activated by SCS because afferent fibers curve prior to
entering th e spinal cord, and this potentially increases the excitability of these axons
(Chakraborty et al., 2018; Gustafsson & Jankowska, 1976)Apart from stimulation
paradigms like DRG stimulation that target these elements, activation of dorsal roots by
SCS is considered an undesirable side effect because it is likely responbie for
uncomfortable, off -target symptoms experienced at higher amplitudes of conventional
SCS. Given the success of peripheral therapies, it is probable that some activation of

dorsal roots may be beneficial but would require additional stimulation sites more
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caudal to conventional placement. The DRG is also the location of the T-junction where
sensory fibers split between the stem axon and the central projections. Deer et al.
proposed that this junction might act as either a blocker or low pass filter fo r
propagating action potentials (Deer et al., 2014; Deer & Mali, 2016; Kames, 2015)
Neuropathic injury may lead to bursting activity in DRG neurons and several studies
showed a decrease in the frequency of this bursting and reduced calcium influx
following DRG stimulation (Amir et al., 1999; Koopmeiners et al., 2013) While DRG
stimulation is a viable therapeutic option, it remains to be seen whether the mechanisms
of action differ from those of dorsal column stimulation (Deer & Masone, 2008; Deer et
al., 2019; Deer & Mali, 2016; Pope eal., 2017) Furthermore, the original studies by
Patrick Wall showed activation of peripheral fibers leads to inhibition in the dorsal horn,
indicating that peripheral nerve stimulation acts through a mechanism similar to that of
dorsal column stimulation (Sdrulla et al., 2015; Wall & Gutnick, 1974) Peripheral nerve
stimulation has demonstrated benefits for facial pain and may be effective for other pain
conditions as well (Deer et al., 2014; Weiner & Reed, 1999)

After the dorsal columns and dorsal roots, the SDH experiences the next
strongest fields, and has become a principal area of study for novel stimulation
paradigms. In particular, this region contains small -diameter afferent axon terminals
and descending axon terminals from pontine and medullary brain centers that target the

dorsal horn and could be modulated by SCS currents (Todd, 2010). Axon terminals in
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the dorsal horn could also be a site of action potential initiation because terminals
aligned with an electric field have the lowest thresholds for activation of any neural
element (Aberra et al., 2018a; Rattay, 1999; Rattay & Aberham, 1993; Wang et al., 2018)
Terminals also serve as the site of information transmission between neurons. Action
potential transmission has traditionally been considered a digital phenomenon, but
neurotransmitter release at the terminals may be subject to analog modulation (Clark &
H&ausser, 2006) Even subthreshold fluctuations at terminals may exert a large enough
effect to alter the amount and dynamics of transmitter release. There is a strong dorso
ventral cell organization (Todd, 2010)in the SDH, including islet cells, inhibitory
interneurons whose dendritic arbors cover huge rostro -caudal extent (Grudt & Perl,
2002) However, it is unlikely that cells in the dorsal horn are directly activated by
conventional SCS as the discomfort threshold appears to be wel below the threshold

required to activate directly neurons in the dorsal horn (Holsheimer & Buitenweg, 2015).

1.4. Mechanisms of SCS
1.4.1. Dorsal Horn Circuitry

The gate control theory as conceived by Melzack and Wall is a simple
approximation of dorsal horn circuitry and was the impetus for conventional SCS. The
focus of the gate control theory is WDR and NS pain projection neurons because thee is
a strong correlation between the firing rate of WDR and NS neurons and pain intensity

(Dubner et al., 1989; O'Neill et al., 2015; Simone et al., 1991Furthermore, changes in
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WDR firing rates during SCS parallel behavioral effects on pain(Guan, 2012; Linderoth
etal., 20099 w3 T 1 wli EVU]l wEOOUUOOwWUT T OUawxOUPUUwWUT ECwOEU
inhibitory interneurons in the substantia gela tinosa, and that these neurons inhibit pain
projection neurons (Melzack & Wall, 1965). However, the gate control theory cannot
explain some features of SCS. For example, acute pain perception remains even when
chronic pain is suppressed. Additionally, there appear to be different gating
mechanisms for various dorsal horn pathways. In the SDH pathway, excitation appears
OPOEUI w" wyp/ *" o wWwEDEWOWEBO®YO WS w311 Ul wEl OOUwIi 11 E
vertical and transient central cells in lamina Il that project to lamina | NS cells. While
most studies of dorsal horn circuitry focused on this ventral to dorsal drive from lamina
[I/1l to projection neurons in lamina |, there is a parallel dorsal to ventral excitatory
drive towards projection neurons in deeper laminae (Braz et al., 2014) Inhibitory
interneurons also gate this pathway, but the different gating mechanisms and neural
microcircuits require further research. While the basic conception of gate control
remains valuable, the interactions between the various dorsal horn circuits illustrate that
the actual mechanisms of SCS are substantially more complicated Figure 1.7).
In addition to gate control theory, the center -surround architecture of peripheral
receptive fields governs dorsal horn circuitry. Center -surround neural network

architectures enable precise discrimination and amplification of peripheral stimuli (Beck
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& Hallett, 2011; Blakemore et al, 1970) Since WDR neurons receive graded excitation

from the center of their receptive fields, we can detect both low and high intensity

UUDPOUOPOWODPOl WEWET 1T wOEOEDOT WwOOWEOBE wWUT 1T SwU

response to a bee sting is to rub the surrounding area to make it feel better because
activating low threshold receptors in the surrounding areas inhibits the pain response in
the center area. Additionally, pinching the region immediately surrounding the sting
will increase the pain experienced at the sting, but pinching far away from the sting will
not affect the pain at all. Center-surround architecture explains these features: zone 1
corresponds to the center area where the stimulus input is (stinging), zone 2 is the
immediately surrounding area that amplifies high threshold stimuli (pinching), and
zone 3 is the full surrounding area that inhibits the center area (rubbing) (Hillman &
Wall, 1969). Imaging and electrophysiological recordings also demonstrated
heterogeneous inhibitory and excitatory inputs to dorsal horn neurons that are
consistent with this center-surround architecture (Hillman & Wall, 1969; Kato et al.,
2011; Luz et al., 2010; Menétrey et al., 1977)maging studies showed a significant
rostral-caudal extent for interneurons in superficial laminae, which serve to extend
substantially the area of the peripheral receptive field (Kato et al., 2009) These
intersegmental connections are strengthened after application of an inflammatory pain
stimulus, leading to expanded receptive fields (Hylden et al., 1989). Clinical

observations also indicate that pain areas spread or move over time in SCS patients,
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although it is unclear if this is due to a decrease in pain in the treatment area or the
spread of hyperexcitability to additional areas (Bains et al., 2015) These changes may
also lead to a spread of excitation and synchronous activity to additional areas,
indicating that excitatory connections between receptive field areas may increase with

pain (Ruscheweyh & Sandkuhler, 2003; Schoffnegger etl., 2008)

1.4.2. Changes during Chronic Pain
The progression of chronic pain reduces the overall inhibitory drive in the dorsal
horn, and several mechanisms appear to contribute to this loss of inhibition. While 30 -
40% of neurons in the dorsal horn are inhibitory, these neurons are most concentratedin
lamina Il -lll. Local inhibitory neurotransmitters are limited to GABA and glycine, but
there are several additional modulators released from descending terminals, including
peptides and monoamines, that can have inhibitory effects (Sandkuhler, 2009b)
Inhibitory mechanisms can be further classified by their location: GABAergic inhibition
is concentrated in lamina | and lamina llo while glyci nergic inhibition is concentrated in
lamina Ili and lamina lll (Takazawa et al., 2017) In the dorsally directed pathway
EPUEUUUI EWEEOYI Ow/ * " wwOl UUOOUWEUT wUOET UwUOOPE w
silent in healthy conditions (Lu et al., 2013) However, neuropathic pain conditions or
ExxOPDEEUDOOwWOi wUUOUaETI ODOI OWEOWEOUET OO0PUUWOI wi O
(Lu et al., 2013; Miraucourt et al., 2007; Petitjean et al., 2015)urthermore, knocking out
I *" wwdl UUOOU wD 6 mdséniesisEute pairte3pohsésUbut decreases
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neuropathic pain responses measured through paw withdrawal thresholds (Malmberg
et al., 1997) Together, this evidence indicates that acute pain responses are mediated
UOT UOUT T w ywEOEwW" wi PET UwbOxUUUwWUT EVUwWmEdHelr EUOa wUE
hand, disinhibition along this pathway allows non -OOEDEIT xUDYI wbOi OUOGEUD OO
fibers to drive superficial pain circuits. This might be a mechanism that contributes to
allodynia, the generation of pain by a non -painful stimulus. Consistent with this
potential mechanism, disinhibition of the other excitatory interneurons along this
pathway also amplifies the pain response.
Neuropathic pain also disrupts other inhibitory mechanisms including
presynaptic inhibition of afferent fibers, afferent driv e to inhibitory interneurons, down
regulation of GABA, and reduced mIPSCs (Guo & Hu, 2014; Leitner et al., 2013; Takkala
et al., 2016) GABA and glycine also appear to have different effects on dorsal horn
circuitry. Recordings of lamina Il neurons showed that excitatory EPSCs remain intact
after nerve injury but the amplitude of GABA (but not glycine) IPSCs and frequency of
mIPSCs decreased following nerve injury (Moore et al., 2002b) However, other groups
also found a reduction in the amplitude of glycinergic IPSCs in lamina I/1l following SNI
that was complemented by a shift from glyciner gic to GABAergic inhibition (Coull et al.,
2003; Imlach et al., 2016)While studies showing transition to GABAergic inhibition
i OEVUUI EwWOOWOEODPOEW( ¥( ( OwUl EUVUET Ew(/ 2/ wEOxODPUUEI
following SNL is entirely glycine mediated, indicating that GABA and glycine regulate
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different areas of the pain pathway (Lu et al., 2013p w( ONT EUDP OO wWOI w" 0 O0x Ol Ul v
Adjuvant (CFA), an inflammatory pain model, also leads to a decrease in mIPSCs and a
shift towards primarily GABAe rgic inhibition. However, unlike in neuropathic pain
models, this is accompanied by an increase in EPSC amplitude(Takazawa et al., 2017)
GABA and glycine both activate hyperpolarizing chloride conductances, so even
if chronic pain does not compromise release of these neurotransmitters, dysfunction in
chloride homeostasis would affect inhibition across the entire network. Dysfunction of
the chloride transporter KCC2 occurs in neuropathic pain conditions and leads to a
depolarizing shift in the chloride revers al potential. This depolarizing shift means that
inhibitory ionotropic receptors no longer have a strong inhibitory effect on their targets.
In extreme conditions, where the depolarizing shift makes the reversal potential greater
than the resting potential of the postsynaptic target, the inhibitory synapses begin to
have an excitatory effect (Coull et al., 2003; Lavertu et al., 2014)Changes in KCC2
function may be mediated by microglial cells through brain -derived neuroptrophic
factor (BDNF), although BDNF may directly alter interneuron firing rates as well (Braz
et al., 2014; Coull et al., 2003) Furthermore, blocking KCC2 transporter function mimics
the changes in spinothalamic cell firing rates that occur during nerve injury, and
restoration of KCC2 function restores the normal firing conditions (Lavertu et al., 2014)
These reslts also predicted that the changes that occur due to loss of KCC2 function

affect NS projection neurons but not WDR projection neurons, and this is another
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example of different modes of disinhibition for different dorsal horn circuits ( Figure 1.3
and Figure 1.7).

Collectively, this evidence indicates that there are multiple mechanism s that lead
to disinhibition and hyperexcitability in the dorsal horn in models of chronic pain
(Sandkuhler, 2009b) Furthermore, the progression of neuropathic pain can lead to a
combination of these different changes, making it difficult to address the disease of pain
by treating a single factor (Ratte & Prescott, 2016) Pharmacological intervention can
target individual mechanisms, but neuropathic pain likely includes multiple
dysfunctions. Different modes o f SCS may be able to counter multiple mechanisms of
disinhibition; new waveforms and SCS paradigms may enable successful treatment in
patient populations where pharmacological treatment was unsuccessful. Further, SCS in
combination with pharmacological alt ernatives is beneficial for some patients who were
nonresponders to SCS alongLinderoth & Foreman, 2017). This is encouraging for the
future of SCS because it indicates that treatments and devices that can act through
multiple mechanisms may successfully treat patients where one form of therapy alone

was unsuccessful.

1.4.3. Computational Models

Computational models of SCS fall into three general categories Figure 1.8). First,
FEM models are used to investigate which targets may be activated by SCS, to design

and compare electrode configurations, and to determine how parameter settings affect

3C



electric fields in the spinal cord. Second, researchers use morphologically and
biophysically -realistic models of neural elements to determine the responses of potential
neural targets to stimulation and explain empirically observed cell responses to SCS.
Third, computational models of interconnected networks of neurons are used to
understand how SCS influences the processing and transmission of information in
neural circuits.

Some very practical results have come from such computational models. FEM
modeling showed that the CSF shunts most of the current injected during SCS, and that
the thickness of this layer is a major factor in determining perception thresholds.
Average dorsal CSF thickness varies with spinal level from ~2.57 mm and differs by an
average of 60% between individuals (Babu et al., 2013; Holsheimer et al., 1995;
Holsheimer & Buitenweg, 2015), which almost certainly affects stimulation efficacy.

FEM models are used alongside biophysical neuron models to quantify the responses of
neural elements to different stimulation paradigms. By implementing a biophysical

model of the neural elements of interest and applying the FEM -calculated electrical
potentials along the geometry of the neural element, one can simulate the response of
differ ent neural elements to different stimulation paradigms. For example, these
integrated models can be used to quantify how different electrode configurations and

stimulation parameters affect activation thresholds.
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Holsheimer and colleagues used FEM models with biophysical axon models to
explore how different electrode configurations affected the relative activation of axons in
the dorsal columns and dorsal roots. In conventional SCS, the therapeutic range is
defined as the amplitudes between the perception threshold (activation of a single
element) and the discomfort threshold, which is 40-60% higher, according to clinical
data. Normally, perception threshold is attributed to dorsal column activation while
discomfort threshold is related to dorsal root activation (Struijk et al., 1993) However,
this work by Holsheim er et al. suggests that perception threshold can also be
determined by dorsal root activation, and the amplitude for uncomfortable stimulation
should substantially exceed the activation thresholds of the first dorsal root axons
(Holsheimer & Wesselink, 1997). This conclusion is especially relevant within the
modern context of subperception SCS since this work suggests that someproportion of
the dorsal columns could be stimulated without reaching the perception threshold.
Additionally, one clinically significant prediction resulting from this study was that a
guarded tripole electrode configuration (a cathode flanked on either s ide longitudinally
by an anode) leads to greater paresthesia coverage by activating dorsal column axons
originating from multiple spinal levels. Conversely, monopolar and bipolar stimulation
at therapeutic amplitudes activated only dorsal root axons, and t herefore, paresthesia
coverage would be limited to a single dermatome (Holsheimer & Wesselink, 1997).

These predictions areconsistent with empirical studies showing activation of a single
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dermatome with monopolar stimulation compared to multiple dermatomes with a
tripolar configuration (North et al., 1993) (Figure 1.4). This group also predicted that the
increased curvature of dorsal root fibers in the dorsal root entry zone reduces the
threshold for activation, and that increasing cerebrospinal fluid thickness leads to a
higher percentage of dorsal root fibers activated because of the relative differences in
distance between the electrodes and dorsal column vs. dorsal root fibers(Struijk et al.,
1993)

However, not all computational predictions yield meaningful clinical results.
Holsheimer et al. also predicted that a transverse tripolar electrode configuration, with
three contacts aligned mediolaterally across the spinal cord, would improve spatial
selection of dorsal column fiber activation and clinical efficacy (Holsheimer, 2002). While
this configuration improved control of paresthesia coverage, the electrode was highly
sensitive to mediolateral positioning and did not improve pain relief (Oakley et al., 2006;
Slavin et al., 1999) Finally, in some cases, FEM modeling may actually preempt
technological advances. One study examined the impact of placing electrodes
intradurally, below the dura mater and adjacent to the spinal cord (Howell et al., 2014)
FEM modeling of intradural SCS showed a 90% reduction in the energy required to
activate dorsal column axons and improved fiber selectivity; however, this promising
prediction has yet to affect clinical placement because of the increased risksassociated

with intradural placement.
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The second class of computational models attempts to quantify the cellular
responses to SCS. Several groups tried to classify dorsal horn neurons by firing
behavior, location, morphology, or neuropeptide expression; however, little is known
regarding how these neuron subtypes are affected by SCSAbraira et al., 2017; Grudt &
Perl, 2002) Many models of these cells were built to understand physiological behavior
relevant to chronic pain. For example, Radwani et al. demonstrated that Cavl.3, an L-
Type calcium conductance, was important for the generation of wind -up in d eep dorsal
horn neurons (Radwani et al., 2016) Wind -up refers to an increase in the response of a
neuron to repeated stimuli; this is commonly measured in WDR neurons to a series of
stimuli at c-fiber amplitudes (Li et al., 1999) Similarly, another group implicated
persistent calcium and sodium currents in wind -up with a model of a lamina | neuron
(Prescott & De Koninck, 2005) Another potential effect of chronic, neuropathic pain is
alteration of the reversal potential of inhibitory synapses. Prescott et al. used a single cell
model to show that even small depolarizing shifts in the reversal potential (5 -15 mV)
were sufficient to compromise inhibitory control of this model neuron (Prescott et al.,
2006) These findings help explain why SCS efficacy sometimes depends on
pharmacological interventions (Linderoth & Foreman, 2017), and it suggests that non-
responders to conventional SCS might be treated by stimulation paradigms that depend

less on classical inhibitory mechanisms (Crosby et al., 2015)
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Instead of studying cell behavior explicitly related to ne uropathic pain, several
groups studied the role of different ion channels in creating diverse firing behaviors. A
large number of ion channels experience changes in function or expression during
neuropathic pain (Cregg et al., 2010) and it is imp ortant to understand the role these
channels play in cell behavior. For example, Balachandar and Prescott demonstrated that
changes in the low threshold and inactivating potassium currents are sufficient to
produce tonic, phasic, gap, and delayed firing behaviors in dorsal horn neurons
(Balachandar & Prescott, 2018; Ruscheweyh & Sandkihler, 2002Melnick et al.
generated computational models of tonic and gap firing, and implicated sodium
currents in firing adaptation (Melnick et al., 2004a; Melnick et al., 2004b) Since sodium
currents activate much more quickly than potassium currents, these models might
provide insight into how parameters like SCS frequency influence the activity of
individual cells in the dorsal horn , and with the advent of subperception SCS, there is a
need to examine the direct influence of SCS on these cells. Similar modeling work in the
brain has led to the identification of unusual potential mechanisms; one group
demonstrated a potassium mediated depolarization blockade caused by electrical
stimulation at >130 pulses per second(Bellinger et al., 2008) which might be especially
relevant for KHF -SCS.

The third type of models combines information from multiple biophysically -

realistic neuron models in an interc onnected network to study the effects of SCS on
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neural circuit function. For example, Aguiar et al. demonstrated how afferent fiber and
interneuron inputs combine to generate wind -up in a wide -dynamic range neuron
(Aguiar et al., 2010). Zhang et al. developed this model further and demonstrated
inhibition of WDR responses mediated through A -fibers according to the gate control
theory (Aguiar et al., 2010; Zhang et al., 2014b; Zhang et al., 2015furthermore, the
network described in Zhang et al. predicted SCS frequency-dependent responses of
WDR neurons that matched clinical observations and matched a subset of responses
observed experimentally in projection neurons (Zhang et al., 2015) This model was also
modified to reflect the changes that occur during different neuropathic p ain models
including loss of GABAergic inhibition or shifts in chloride reversal potential. These
results demonstrate the potential utility of network models. Predicting the responses of
validated biomarkers that are correlated with pain enables rapid test ing of thousands of
stimulation paradigms and optimization of stimulation parameters to improve outcomes

for patients (Cassar et al., 2017)

1.4.4. Conventional SCS

Conventional SCS is based on the predictions of the gate control theory;
activation of large diameter afferents inhibits projection neuron activity. Evoked
Compound Action Potentials (ECAPS) recorded along the dorsal columns during
epidural SCS confirmed that conventional SCS activates the dorsal columns, causing

orthodromic propagation to supraspinal centers, antidromic propagation towards
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peripheral receptors, and antidromic propagation into the dorsal horn (Parker et al.,

2012; Parker et al., 2013)Dorsal column stimulation also leads to paresthesia in the

dermatome corresponding to activated fibers and inhibits excitatory influences in the
UxDOEOWEOUUEOwWI OUOB wsYI OWEUDI | WEEUDPYEUDOOWOI w
C fiber eEPSCs, and this inhibition is conserved in nerve-injured mice (Sdrulla et al.,

2015 w EEPUDPOOEOOaAaOwW ¢ wi PEI UwE E U b targeisprdihuinE UDY 1T UwE
turn, exert inhibitory influence over WDR projection neurons. WDR firing increases in

response to painful stimuli, and this increased activity is subsequently reduced by 50 Hz

SCS(Qinetal.,, 2007 w' OPIT YI UOwl PYI OwUT ECwUT 1T Ul wEUT wOEOa w
can be diverse. The effects on NS neurons in the SDH are less clear but SDH circuits also

have responses beyond what the gate control theory predicts (Zhang et al., 2015)

Further, SCS decreases the concentration of glutamee, potentially counteracting the

hyperexcitability caused by the progression of neuropathic pain (Cui et al., 1997) SCS

may also increase the concentration of GABA, which further helps decrease the

concentration of glutamate (Ultenius et al., 2013) Some studies indicate that up to 50%

of the effect of conventional SCS comes from descending inhibition through activation of

supraspinal centers and increased serotonin and noradrenaline release in the spinal cod

(Barchini et al., 2012; Linderoth & Foreman, 2017; Lu & Perl, 2007; Saade et al., 2015)

These studies examinedthe effect of SCS before and after transection of the dorsal
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columns rostral or caudal to the stimulation site. However, other studies indicated a less
pronounced effect from this feedback loop (Yakhnitsa et al., 1999) It is more difficult to
study the effects of descending inhibition in humans, but Schuh -Hofer et al. measured a
16% increase in inhibition during SCS using a conditioned pain modulation test due to

descending influences (Schuh-Hofer et al., 2018)

1.4.5. Novel SCS Paradigms

Despite clinical success, the mechanisms ohew, non-traditional SCS paradigms
remain unclear. These paradigms include KHF SCS and burst SCS. KHF SCS is typically
applied at amplitudes below the threshold to evoke a concomitant paresthesia with
frequencies of either 1.2 kHz or 10 kHz; on the other hand, burst SCS has been applied
both above and below the paresthesia threshold. There is a growing body of evidence
that these new paradigms do not activate the dorsal column axons, unlike conventional
SCS(Linderoth & Foreman, 2017). However, novel paradigms may still share many
similarities with conventional SCS since most patients that fail with one paradigm also
fail with other paradigms (Dematrtini et al., 2019). In fact, even novel paradigms still use
paresthesia to place and test the electrode contacts during the trial implant even though
most novel paradigms effect pain reli ef without paresthesia (Deer et al., 2018; Thomson
et al., 2018) Here we describe these novel paradigms and hypotheses for their

mechanisms.
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1.4.5.1 Burst SCS

Dirk De Ridder introduced and championed burst SCS starting in 2010 (De
Ridder et al., 2010 w# 1 W1 DEE]I Uz Uwl UOUx wET UPT Ol EwPUOwUOOwWODC
thalamo-cortical relay neurons (De Ridder et al., 2010) Early adopters hypothesized
Ul EQWE wo O WIOWD®B0 B Wix & U U1 evokededctivity Wddl®idogeise B O O
efficacy and limit side -effects. The SUNBURST randomized controlled trial (RCT)
provided level Il evidence for burst SCS in 2017; burst SCS provided superior efficacy,
substantially reduced or eliminated paresthesia, and was highly preferable when
compared to conventional, tonic SCS(Deer et al., 2018)
As with other novel paradigms of SCS, the dominant mechanism of pain -relief
has yet to be determined, but several groups suggested that burst SCS increases or
differentially recruits supra -Ux DOEOQwO1 ET EOPUOU WOl wxEDOwUI OPI1 1 8
EEGs to show that burst SCS activated more areas of the brain related to emotional
processing than tonic SCS(De Ridder & Vanneste, 2016) De Rdder has described this as
the medial-pathway of pain transmission (as opposed to the traditional anterolateral
pathway). This is also supported by the observation that burst SCS can provide pain
relief in the absence of local GABA transmission (Crosby et al., 2015) However,
reexamination of burst SCS amplitudes reduces the credibility of this theory. Burst
stimulation was designed to be a super-paresthetic paradigm, for example, Crosby et al.

applied stimulation at 90% motor threshold (MT), which is well above the perception
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threshold (Shechter et al., 2013)It was only after the advent and initial success of
paresthesia-free SCS around 2013 that burst SCS began focusing on the subparesthetic
domain where it also proved effective in providing pain relief. Therefore, data obtained
from research applying burst SCS above the perception threshold should be revisited
before it is used to explain the mechanisms of clinical application of paresthesia-free,

burst SCS.

1.4.5.2 Subperception SCS

Subparesthetic modalities gained popularity after the results of the 2015 SENZA
RCT for HF10 therapy (10 kHz SCS) provided level 1l evidence that paresthesiafree SCS
can produce superior pain relief when compared to conventional SCS (Kapural et al.,
2015) Since then, this result has been reproduced by the SUNBURST RCT foburst SCS
and the PROCO RCT for 1 kHz SCYDeer et al., 2018; Thomson et al., 2018 here has
been little head to head comparison between these paradigms, but one small study
reported burst SCS at subparesthetic amplitudes was slightly more effective than 10
kHz SCS in failed back surgery syndrome patients as reported by visual analog scale
scores(Muhammad et al., 2017). Additionally, the PROCO RCT showed 1 kHz SCS
could provid e similar reductions in pain as 10 kHz SCS while using less energy as
reported by using an electronic diary numeric rating scale.

As these paradigms are comparatively new, the mechanism(s) of action remain

unclear, but several studies eliminated dorsal column activation as a potential
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mechanism. KHF-SCS is delivered at amplitudes that are subthreshold for activation of
dorsal column axons (Croshy et al., 2017) subthreshold for sensory perception
(Chakravarthy et al., 2018; De Carolis et al., 2017and that do not generate neuronal
firing in somatosensory relay neurons (Song et al., 2014b)Since dorsal column fibers
cannot sustain firing at the stimulation frequencies used in subperception SCS, one
theory proposed that the activity of individual axons desynchronizes in response to high
frequency stimulation. (Linderoth & Foreman, 2017). This activity would still activate
the traditional inhibitory mechanisms, but desynchronized inputs to the DCN might
result in patterns of activity that fail to propagate sensory information to the VPL and
therefore do not generate paresthesia. However, desynchronized activation of DC axons
is unlikely because mechanical sensation remained intact during SCS, and sensory
stimulation still generated normal responses in the DCN (Song et al., 2014h)Another
hypothesis stated that subperception SCS blocks dorsal column activity based on work
in peripheral nerves showing that high frequency stimulation can block conduction
(Kilgore & Bhadra, 2004; Kilgore & Bhadra, 2014; Van Den Honert & Mortimer, 1981).
However, both computational and experimental studies showed that block is
unachievable at therapeutic amplitudes (Crosby et al., 2017; Lempka et al., 2015)0One
group showed selective block of small diameter fibers in a computational model of 10
kHz SCS(Arle et al., 2016) However, this hypothesis directly contradicts other

computational modeling work studying AC conduction block in peripheral ner ves
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(Pelot et al., 2019) and it is not clear how block of dorsal column axons, which do no't
relay pain information, would result in pain relief.

A novel hypothesis that requires additional testing is that subperception SCS
directly influences local, SDH neurons. This mechanism proposes that rather than
evoking activity, subperception SCS modulates the activity of cells in the SDH related to
pain transmission. While no direct evidence exists for this theory, it aligns with certain
observations regarding subperception SCS. First, projection cells in the SDH tend to
terminate in regions of the brain related to the affective component of pain with very
few terminating in the thalamus, and subperception SCS affects activity in affective pain
regions of the brain (Polgar et al., 2010; Sivanesan et al., 2019%econd, unlike
conventional SCS, 10 kHz SCS does not appear to reduce thermal hypersensitivity(Song
et al., 2014b) While DDH WDR neurons respond to heat and cold, some projection cells
in the SDH respond only to mechanical stimuli (Puskar et al., 2001) However, the SDH
hypothesis still fails to explain many experimental observations. In a double -blinded
trial of 11 patients (no control, no randomization), HF10 therapy was successfully
applied to peripheral nerves, which suggests that KHF -SCS does affetactivity in axons
of passage despite substantial evidence that it does not affect dorsal columns in the
spinal cord (Finch et al., 2018) FEM modeling of human SCS and animal research
suggests that HF10 neither activates nor blocks action potential transmission in dorsal

column axons, which suggests that its mechanism of action originates in other neural
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elements (Crosby et al., 2017; Lempka efal., 2015) However, peripheral nerves do not
contain any other classical neural targets, and it is unclear how stimulation is creating an
analgesic response that lasts for hours after stimulation ends. One study suggests KHF
SCS may actually heat tissue enough to affect neural activity (Zannou et al., 2019)
Another possibility is that stimulation influences glia, which play a large role in the

development and maintenance of chronic pain (Vallejo et al., 2017)

1.4.6. Lead Placement

With conventional SCS, leads are placed (and active contacts chosen) to
maximize paresthesia coverage because the amount of paresthesia ovedp correlates
with therapy efficacy (North et al., 1991b). However, subperception SCS modalities do
not produce paresthesia. Most burst and subperception SCS studies still rely on
paresthesia coverage to place and choose active, electrical contacts, but in some cases, a
purely anatomical approach is used, and lead locations and contacts are selected without
assessing paresthesia. Notably, a retospective study of HF10 paresthesia found that
many patients experience significant benefit despite having no paresthesia overlap using
traditional parameters (De Carolis et al., 2017) Collectively, these results suggest that
theories regarding lead placement, paresthesiacoverage, and efficacy need to be
revisited with increased scientific rigor . Information fr om such studies would lend

insight into the potential mechanisms underlying different SCS paradigms.
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Reanalysis of data on pain-paresthesia overlap and SCS efficacy suggests that
lead placement may be more complex than simply maximizing paresthesia coverage or
using a purely anatomical approach (Figure 1.9). A small number of points at the
extremes (circled points) appear to have contributed disproportionately to the
EOOEOUUDOOUOWUI OOYDOT wlT 1 Ul wx CAy@&1a)end 01 U0 wOT 1 w
suggests that paresthesia overlap percentage is correlated with therapy efficacy for HF10
SCS but not conventional SCSHowever, if the results are binned into qu artiles of pain-
paresthesia overlap, one sees the reason for the incongruent results: physicians should
probably aim for 25-75% pain-paresthesia coverage Figure 1.9b). This conclusion is
consistent with the implications of the center -surround architecture described
previously (see Sect.1.2.1Mechanisms of SCS: DorsaHorn Circuitry): it may be more

important to stimulate dermatomes neighboring the painful areas than those directly

overlapping the pain area.

1.4.7. Supraspinal Mechanisms

Mounting evidence suggests that different SCS paradigms may not modulate
activity along the same ascending pathways(Sivanesan et al., 2019)One study
comparing conventional, 10 kHz, and burst SCS reported multiple differences in cortical
responses between thethree paradigms (Bocci et al., 2018) Since each SCS paradigm
may affect cortical activity differently, it may be that pain suppression can also be

accomplished through multiple pathways. Conventional SCS drives dorsal column
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activity, which inhibits activity in the dorsal horn and drives DCN activity. Other

studies showed that burst SCS reduced spontaneous activity in the DCN compared to
conventional SCS, while subperception SCS appears to have no effect on activity in the
DCN (Song et al., 2014b; Tang et al., 2014These differences implicate the DCN as the
source of paresthesia during suprathreshold SCS and suggest that the orthodromic
propagation of SCS driven activity does not contribute to overall pain relief or patient
satisfaction. Dorsal column stimulation also inhibits the activity of DDH projection cells
and thereby reduces the encoded stimulus intensity relayed via this pathway to the VPL
(Zhang et al., 2014b) Unfortunately, little is known about how different SCS paradigms
pOI OUI OET wUOT T w2#' w?EI I 1 EUDYI 2wxEUIl PEAOQWEUUwWxI U
explain why some SCS paradigms are preferred to others, despit reporting similar
degrees of pain reduction (Demartini et al., 2019; Kriek et al., 2017)

Feedback to spinal circuits from brain centers modulated by SCS may contribute
to pain relief by different paradigms of SCS. Retrograde tracing studies implicated the
DRN, LC, and RVLM as the principal centers of descending modulation. The DRN is a
large source of serotonergic cells, the LC contains noradrenergic cells, and the RVLM
synthesizes a large variety of neurotransmitters (Aicher et al., 2012; Bruinstroop et al.,
2012; Tork, 1990) Additionally, opioid medications target the RVLM, indicating the
importance of this brain center to pain relief. GABA, glycine, glutamate,

norepinep hrine, serotonin, and opioids are all released by descending axons onto dorsal
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horn neurons (Millan, 2002), and it can be difficult to identify the function of particular,
descending axons. Many descending axons release neurotransmitter volumetrically
instead of synaptically in the DH (Ridet et al., 1993) additionally, the influence of certain
neurotransmitters may differ according to network sta te or neuron subpopulation
(Millan, 2002).

SCS also modulates activity in descendingcenters. In the RVLM, SCS selectively
facilitated activity in serotonin -OD Ol WET OOUWEOE w? . %%¢Sang et@OU wpEOUD
2013b) The role of SCS in the LC is less clear. While SCS drives incased activity and
adrenergic synthesis in the LC (Song et al., 20133)there are contradictory results on
adrenergic expression and antagonism in the spinal cord (Sivanesan et al., 2019)For
now, the prevailing theory is that t he LC is involved in supraspinal modulation but not

in direct modulation of the spinal cord.

1.5. Challenges to Clinical Translation
1.5.1. Timing of SCS as a Treatment

The use of SCS to treat chronic pain is growing, but it remains a late stage
therapy for many patients because of the invasive procedure and mixed success rates.
However, SCS is more costeffective and reduces pain in more patients than
conventional medical management for many indications. For example, SCS reduces pain
more than reoperation for failed back surgery syndrome (Manca et al., 2008; North et al.,

1991a; North et al., 1995; North et al., 1993and novel SCS paradigms have increased
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clinical success for CRPS and mononeuropathiegDeer & Mali, 2016; Pope et &, 2017)
Furthermore, SCS remains more effective for neuropathic pain compared to nociceptive
pain (Linderoth & Foreman, 2017) Some preclinical models indicated that early
treatment could improve the outcomes for SCS, but a clinical study has yet to validate
this idea (Son et al., 2013; Sun et al., 2017; Tilley et al., 201%) some cases, pain can
completely disappear after SCS implantation and studies investigating the treatment
efficacy relative to diagnosis would be beneficial f or determining if there is a way to
increase the rate of responders. Retrospective reviews confirmed that SCS efficacy might
increase during the weeks or months following implant but decrease in the months to
years afterwards. It is unclear if changes in effects of SCS on pain are due to actual loss
of efficacy, continued disease progression (e.g., loss of inhibitory mechanisms in the

DH), or a shift in patient perspective (Taylor et al., 2014; Zhang et al., 2014a)

1.5.2. Human vs. Rat Differences
1.5.2.1. Anatomy

It is important to consider anatomical differences between rats and humans
when translating mechanistic understanding from preclinical models to human
applications. Specifically, the rat spinal cord is a couple millimeters thic k and
surrounded by only a thin layer of CSF; while the human 1 -2.5 cm thick intradural space
is usually quite large compared to the 5-10 mm diameter of the spinal cord.

Additionally, the rat dorsal horn laminae have greater mediolateral extent relative to a
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human, which also means they are relatively thinner dorsoventrally, and the rat SDH
more closely follows the surface of the cord (Figure 1.6). Therefore, translation of
preclinical mechanisms that depend on the spatial distribution of the electric field and

SDH activation should consider these differences.

1.5.2.2. Comparison of Human Pathology and Preclinical Models

One major challenge to successful translation of SCS research from animal
models to the clinic is the mismatch of pathophysiology. The most common preclinical
neuropathic pain models are nerve injury models that involve ligation or transection of a
specific nerve branch, nerve, or spinal root. Pathologies resulting from nerve injury
models occur within hours to days, but most SCS patients have suffered from chronic
pain for years beforehand. Additionally, the different nerve injury models exhibit a
range of effect strengths, durations, and locations, but all produce hyperexcitability in
the spinal cord and hypersensitivity in the peripheral region corresponding to where the
nerve injury occurred (Decosterd & Woolf, 2000; Tal & Eliav, 1996) While some chronic
pain patients do exhibit mechanical hypersensitivity or postural hyperalgesia, patient
pathologies matched by preclinical, mechanical hypersensitivity represent only 20 -40%
of the patient population (Foreman & Linderoth, 2012; Hansson, 2003; Jensen &
Finnerup, 2014). Mechanical hypersensitivity is a readily measurable dependent
variable, but its relevance for paradigms that take hours to establish effective pain relief

in humans is not clear (Song et al., 2014b; Thomson et al., 2018)
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1.5.2.3. Measuring Pain Perception

Paw withdrawal threshold is the most common method for measuring pain in
preclinical models; it is responsive to stimulation, easy to perf orm, and the uninjured,
contralateral paw can serve as a casenatched control (Baba et al., 2003; Bradman et al.,
2015; Song et al., 2014bRecently, two other pain assessment methods have grown in
popularity: conditioned -place preference and nocifensive behavior analysis(Fan et al.,
1995; Sufka, 1994)Conditioned -place preference allows free exploration of a segmented
space with different treatment conditions for each segment. The amount of time an
animal spends in each area serves as the output measurement. Nocifensive behavior
assessment involves recording, quantifying, and comparing spontaneous behaviors like
guarding, licking, or biting. Since these methods quantify conscious behavioral choices,
study outcomes might correlate better with human patient outcomes on pain perception;
however, each of these strategies depend on the accurate interpretation anl
discrimination of voluntary behavior. Identifying an objective, reliable, involuntary, and
measurable biomarker of perceived pain would significantly improve the translational
quality of preclinical experiments. While some biomarkers have been proposed, they are
still too difficult to record in awake, moving animals (Zhang et al., 2014b) Additionally,
there are few biomarkers that can be recorded in humans, and thus it is difficult to

assess the utility of a potential marker of perceived pain.
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Clinical studies also have several limitations because they rely on patient
perception as the primary indicator of chronic pain intensity since there is no universal,
objective biomarker. Thus, the most important outcome of SCS clinical studies is the
patient self-reported pain score, and device performance is judged by the ability to
reduce pain scores by >50%. Even if a biomarker existed, there is a substantial affective
component of pain which can only be judged by the patient and must be considered.
Other forms of evaluation attempt to quantify the affective component by aski ng the
patient to evaluate the qualities of their pain, quantify the effect of their pain on their
quality of life, or record daily pain diaries. The way pain is evaluated may continue to
evolve as closed loop SCS is developedDeer et al., 2019) With closed loop SCS, patients
can evaluate their satisfaction with different programs throughout the day and the
device can automatically update or test new patterns. However, it will be increasingly
important to consi der placebo effects. Until the advent of subperception modalities, SCS
treatments could not be compared to placebo, new modalities were compared to
conventional SCS treatments(Kapural et al., 2015) Future clinical design should
consider placebo controls.

Neuroimaging revealed how healthy patients respond to acute pain percepts and
how these pain percepts change in patients with chronic pain. Such studies identified
possible hyperactivity across the resting network as well as specific differences in

connectivity in regions associated with processing pain (Martucci & Mackey, 2018).
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Other studies identified changes in neurotransmitter release, increased glial reactivity,
and decreased opioid binding rates (Ceko et al., 2013; Zatorre et al., 2012)Chronic pain
also appears to change neural structure; patients with chronic pain have decreases in
gray matter, possibly due to accelerated aging from chronic pain, changes in gray matter
structure from neuroimmune cells, or decreased tissue water content (Martucci &
Mackey, 2018) Collectively these results show that there are changes that occur with
chronic pain, but it is unclear whether pai n alters the brain directly or indirectly through
lifestyle changes. Some groups are evaluating whether SCS reverses these changes or
protects against these changes. For example, subperception SCS appears to modulate
theta band activity in rats experiencin g thermal hyperalgesia, and conventional SCS
appears to modulate the affective brain network in fMRI studies (Bentley et al., 2016;
Deogaonkar et al., 2016; Koyama et al., 2018 Neuroimaging biomarkers would be
useful for identifying cand idates that benefit from SCS and for assessing SCS success

rates.

1.5.3. Limitations in Computational Models

While computational models of neurons, neural circuits, and electric fields are
powerful tools for SCS research, there are several limitations common tothe current
generation of models. First, pain circuits are complex and involve multiple feedback
mechanisms. Therapeutic efficacy depends on some combination of glial activation, scar

tissue growth, axonal sprouting, plasticity, and feedback loops between the spinal cord
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and the brain, but models rarely include such features because they are complex, poorly
understood, or difficult to validate. Secondly, computational models are used to predict
pain perception (for human patients) or the behavioral manifes tation of pain perception
(preclinical), but models cannot directly represent perception or behavior. Instead,
modeling depends on proxy measurements that correlate with hypersensitivity in

animal experiments (Zhang et al., 2014b) but little is known about how these proxies
relate to perception. In addition, FEM models might accurately represent the geometry
and tissue properties of a single patient, but interpatient variability and geometrical
changes (e.g., lead migration) may limit the scope of application or accuracy (Howell et
al., 2014) Finally, there is a dearth of fundamental physiological data necessary for
accurate parameterization of models of SCS. Taking biophysical models as an example:
currents typical of a single sodium channel isoform can depend on cell-type, pain state,
sub-cellular region, and time since injury (Chahine & O'Leary, 2011). Meanwhile, the
typical model sodium current is based on estimations of inward currents fr om healthy,
DRG somas or brain cells and modified from equations developed to model
hippocampal/thalamic cell behavior (Traub et al., 1991) Further, there are no data that
characterized the responses of these currents to trains of stimulation pulses at

frequencies greater than 100 Hz.
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1.6. Conclusions

The advent of SCS n the 1970s has provided life-changing therapeutic relief for
patients with chronic pain. Major advances in SCS technology led to increased battery
life, decreased infection rates, decreased lead migration rates, and a host of new
stimulation paradigms bei ng introduced over the last decade including burst SCS,
subperception SCS, andclosed loop SCS. Understanding of the mechanisms of SCS lags
far behind these technological advances. While gains in efficacy may be possible through
purely empirical approaches, a better understanding of the mechanisms of action will
lead to meaningful improvements in efficacy and responder rates. Conventional SCS
activates dorsal column axons and increases inhibition in the dorsal horn but requires
careful titration of stimulation location and intensity and the patient population that best
benefits from this therapy is still not well defined. Future research should focus on
stratifying the candidate population and pain states into groups that do and do not
respond well to SCS and developing methods to assign patients to these groups.
Subperception SCS has eliminatedparesthesia, probably because it neither activates nor
modulates dorsal column activity. These paradigms may influence the activity or
synaptic release of dorsal horn neurons, afferent terminals, or descending terminals;
however, there is no direct evidence to support activation of any neural element. Study
of these paradigms would benefit from increased quantification of the relationship

between lead placement and efficacy.
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The poor understanding of the relationship of lead placement, paresthesia-
coverage, and therapy efficacy emphasizes the need to redesign SCS trial procedures.
Preliminary studies in CRPS patients demonstrate SCS trial procedures did not result in
an increase in the success ratéRisson et al., 2018; Simopoulos et al., 2@). Further, one
study implanted patients that did not have adequate pain relief after an SCS trial and
found that 42% of the patients had at least a 50% reduction in pain six months later
(Oakley et al., 2008) While this study was in a small cohort of patients, the results
guestion the benefit of trials for SCS (Eldabe, 2019) Furthermore, subperception SCS can
take hours to days to produce pain relief, making successful programming of the SCS
device within the tr ial period even more challenging. Despite this, most SCS centers
continue to use a trial prior to permanent implantation.

Computational models are essential to study certain aspects of the mechanisms
of SCS, and FEM models coupled with biophysical axon models have proven effective
for the study of conventional SCS. However, the unconventional parameter space and
lack of dorsal column modulation for subperception SCS emphasizes the need to
examine the direct effects of SCS on neural targets other than the drsal columns and
roots. Research in this area will need to expand the range of modeled neural elements.
This research may also need to identify and characterize new biomarkers correlated with
pain relief. It will be equally important to validate computati onal model predictions

while considering the limitations of animal models of neuropathic pain. Animal models
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of pain do not match human pathology, relative stimulation field strengths, or response
time, and further research is required to understand how th ese models translate to
human conditions.

Finally, it is essential that research in this area is pragmatic because, for many,
SCS represents the last resort to improve quality of life. This chapter addressed several
instances of SCS paradigms developed wthout an understanding of the underlying
physiology but that have still provided clear benefits for patients. However, only by
exploiting an increased understanding of analgesic mechanisms will we be able to

increase pain relief and improve patient outcome s.

1.7. Specific Aims

Spinal cord stimulation (SCS) is a surgically implanted therapy for chronic pain
that delivers electrical stimulation to the spinal cord. Despite significant technological
and clinical improvements, the therapeutic success of SCS has plataued (North et al.,
1993; Taylor et al., 2014)in part due to incomplete understanding of how changing
stimulation parameters (i.e., amplitude, pulse duration, and timing) affect the neuronal
circuitry that modulates pain perception. Pain levels are correlated with the activity of
projection neurons in the dorsal horn and my research will quantify SCS efficacy by
measuring changes in projection neuron activity. This dissertation work describesthe
development of computational models to study mechanisms of action of SCS

Subsequently, | used the computational models and engineering optimization to design
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novel stimulation patterns and test ed the efficacy of these patterns usingin vivo

experiments.

1.7.1. Quantifying the Effects of Spinal Cord Stimulation (SCS) in a
Novel Network Model of Nociceptive Processing in the
Superficial Spinal Dorsal Horn

Chapter 2 describes the development, validation, and example uses for a
computational model of the superficial spinal dorsal horn. Despite increasing evidence
that the superficial dorsal horn is a crucial component of nociceptive processing,
electrophysiological and computational modeling studies of spinal cord stimulation
have focused on the responses ofwvide -dynamic range (WDR) neurons in the deep
dorsal horn because WDR neurons receive both A and C- fiber inputs. However,
nociceptive-specific (NS) neurons in lamina | also integrate sensory inputs and project
supraspinally, and their responses may be important for understanding the mechanisms
of SCS. Furthermore, while significant work has been done to understand individual
neurons in the superficial dorsal horn, our understanding of the network behavior is still
lacking. The model designed in this chapter reproduced shifts in projection neuron
excitability that occurred during the progression of chronic pain in different conditions
(Costigan et al., 2009; Coull et al., 2003; Moore et al., 2002a)he model also predicted
frequency-dependent responses to SCS observe@xperimentally and optimized
stimulation parameters for various pain conditions when combined with an existing

model of the deep dorsal horn circuits (Zhang et al., 2014b)
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1.72.Spinal Cord Stimulation and AD
Changes in Neural Population Correlations Degraded by
Neuropathic Pain

Chapter 3 describes the development of a distributed model of the spinal dorsal
horn, and validation of the computational model through neural recordings in urethane
anesthetized rats. Previously, a computational model of dorsal horn neurons was used
to quantify the responses of wide dynamic -range (WDR) neurons - a proxy for pain
intensity - to peripheral afferent activity and SCS (Zhang et al., 2014b) However, the
simplified center -surround receptive field (RF) connections in that model are insufficient
to provid e an accurate representation of the frequency dependenceof SCS responses.
The biophysical network model developed in chapter 3 accounts for the spatial effects of
stimulation through a distributed center-surround architecture and served as a tool to
guantify neuron responses to different SCS parameters Model responses were
compared to the responses of dorsal horn neuronsrecorded in anesthetized rats to
electrical stimulation under different neuropathic pain conditions . To model effects of
neuropathic pain, | applied either bicuculline, a GABA a receptor antagonist, applied VU
0463271(abbreviated VU), an antagonist of the K-ClI transporter KCC2, or induced a
chronic spared nerve injury in animals (Coull et al., 2003; Decosterd & Woolf, 2000;
Duggan & Foong, 1985; Lavertu et al., 2014; Mapplebeck et al., 2019; Takazawa et al.,
2017; Takazawa & MacDermott, 2010) Clustering responses of putatively excitatory

neurons showed inhibiting, exciting, adapting, and gating clusters of responses,
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matching computational model predictions and prior experiments that focused
specifically on projection neurons (Zhang et al., 2015) Additionally, SCS increased
correlations between neurons, but changes in neural correlation were reversed by
neuropathic pain, indicating that correlations may be a biomarker for stimulation
efficacy. Finally, the model enabled identification of stimulation parameters optimized

to specific chronic pain statesthrough multi -frequency stimulation.

1.7.3. Surround Inhibition Mediates Pain Relief by Low Amplitude
Spinal Cord Stimulation: Modeling and Measurement

In chapter 4, the computational model was used as a tool to predict mechanism
of action for novel low -frequency (10-200 Hz), subperception spinal cord stimulation
applied below the perception threshold (Metzger et al., 2021) Using the integrated
computational model and in vivo measurements, responses ofdorsal column axons and
dorsal horn neurons were quantified in responses to different combinations of
stimulation parameters (placement, pulse width, frequency, and amplitude) . In vivo
results agreed with computational models of dorsal horn neurons, showing maximum
inhibition of dorsal neurons at 80% of the predicted sensory threshold Inhibition of
dorsal horn neurons also depended heavily on spatially targeted stimulation and correct
parameter selection. Theseresults support the hypothesis that low frequency
subperception SCS generates rapid analgesia by activating a small number ofdorsal
column axons which inhibit dorsal horn neuron activity. However, intrathecal

administration of bicuculline shifted neural responses to low -amplitude stimulation in
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both the model and experiment, suggesting that analgesia is dependent on segmental,

GABAergic mechanisms.

1.7.4. Optimized temporal patterns of spinal cord stimulation

Chapter 5 describes the use of the computational modelfrom chapter 3 as a tool
to design temporal patterns of stimulation. | assessed the performance othe optimized
patterns designed by the computational model in urethane anesthetized rats. While a
variety of optimization strategies exist for highly complex, multidimensional problems, |
used a genetic algorithm because it has been implemented specifically for design of
neural stimulation patterns (Cassar et al., 2017)l identified optimized patterns that
reduced model WDR firing rate , or increased stimulation efficacy, compared to constant
frequency stimulation patterns. In addition to increasing efficacy, patterns were also
optimized to decrease the average stimulation frequency to improve device battery life.
Additionally, patient respons es to SCS depend on their pain condition and patterns
were optimized t o decrease patientto-patient variability by minimizing the variance of
responses across different modeled pain conditions. An optimized pattern tested in vivo
had similar effects on net excitation and inhibition of dorsal horn neurons while
improving stimulation efficienc y. The optimization and validation of temporal patterns
of SCS represent goromising initial assessment of the potential uses of optimized

temporal patterns of stimulati on for pain relief.
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Figure 1.2: Anatomical targets of spinal cord stimulation. Mechanosensory information

from cutaneous receptive fields travels along sensory (afferent) fibers, which terminate

in spinal cord segments organized by peripheral region. The cell bodies of primary,

somatosensory fibers are located in the dorsal root gandion. After the dorsal root
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signals. Circuitry in the dorsal horn processes this information and projection neurons

relay the output along the anterolateral pathway to supraspinal centers. Electrical leads

placed within this system modulate neural e lements to inhibit the transmission of pain

information. Electrical stimulation may target several points along this pathway:

peripheral nerves, the dorsal root ganglia (DRG), or the dorsal columns.
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Figure 1.3: A connectome of the sensory pathways relevant to spinal cord stimulation.
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supraspinal centers. Nodes are grouped anatomically as indicated by the box borders.
Arrows bet ween nodes represent the primary direction of information flow through the
nervous system, but almost all targets have reciprocal connections as well. Arrows
colors indicate the primary influence of axons projected along the connection. Node
color indicate s the net influence of conventional SCS on each node. Finally, nodes are
grouped into individual pathways of ascending information indicated by node shape;
note that the DCN and DDH pathway converge at the VPL.
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the spinal column. The spinal root corresponding to a particular vertebral level
innervates a given dermatome as shown in A. For example, the T12 spinal root contains
nerves innervating part of the lower torso, enters the spinal cord under the T12 vertebra,
travels some distance rostrally through the spinal column, and then enters the spinal
cord at segment T12. A typical SCS electrode placement and corresponding region of
paresthesia are shown in Bi and Ci respectively. Changing the pulse shape or lead
placement as shown in Bii-iv mig ht correspond to differences in the regions of
paresthesia experienced such as those shown in Ciiiv. Recent advances in SCS
technology have led to closed-loop paradigms similar to the example in D: the SCS
parameters for active contacts are tuned by usingrecordings of potentials from the
dorsal columns at rostral inactive contacts.
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Figure 1.5: Examples of selected SCS parameters and comparison of clinical SCS
paradigms. Example waveforms are approximat ely to scale according to typical
paradigm amplitudes. The time scales of the waveforms are to scale. The boxed region
compares high frequency paradigms on a smaller time scale.
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Figure 1.6: Distribution and magnitude of potentials generated by 1 mA SCS using

finite element models of the human (left) and rat (right) spinal cord. The top images
are transverse sections from each model. The bottom image is a sagittal section of the rat
dorsal columns (dotted line) zoomed in on the region between a pair of bipolar SCS
contacts. Arrows shows the direction and relative magnitude of electric fields

throughout the cord in this plane, and color represents potentials generated at each
position.
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neurotransmitters throughout the dorsal h orn. Arrows label primary changes from
chronic pain and SCS, see text for more details
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Figure 1.8: Example of how each of the major computational model categories is used
to predict neural responses to SCS. First, FEM models determine the voltage
distributions generated in the tissue by SCS, which correspond to changes in
extracellular voltages along a neuron. Second, cell modeling predicts the responses of
neurons to changes in extracelluar voltages due to stimulation. Finally, these cells can
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Figure 1.9: A comparison of published data regarding paresthesia overlap and

treatment efficacy after an extended duration of implant for conventional and HF10
SCS. The original studies concluded that pain relief with conventional SCS correlates
with paresthesia overlap but that with HF10 does not. However, these conclusions were
heavily influenced by a small number of points at the extremes (circled in red), which
may be indicative of poor electrode placement. If these points are removed, HF10 SCS
pain relief corre lates with paresthesia overlap but conventional SCS pain relief does not.
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Even if the points are not removed, binning the points into groups of 25% paresthesia
overlap (N of each group shown inside the bars) shows that 25-50% paresthesia overlap
may be preferable for HF10 while 25-50%, 5075%, and 75100% of paresthesia overlap
do not show increasing efficacy for conventional SCS.
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2. Quantifying the Effects of Spinal Cord Stimulation
(SCS) in a Novel Network Model of Nociceptive
Processing in the Superficial Spinal Dorsal Horn

Part of the work in this chapter was done in collaboration with Nathan Titus.
Nathan contributed results demonstrating the direct field effects of high frequency

stimulation on SDH neurons (Figure 2.8).

2.1. Introduction

While the ability to sense pain is an important protective mechanism, chronic
pain is maladaptive and affects more than 40 million adults in the United States. These
patients experienced pain every day for at least three months, and 26% also were unable
to work, go to school, or use transportation because of their pain (Pitcher et al., 2019)
Spinal Cord Stimulation (SCS) is a growing therapy for treatment of chronic,
neuropathic pain with ~50,000 new devices implanted each year (Sdrulla et al., 2018)
Since the initial SCS device was implanted SCS hardware has dramatically improved
leading to increased battery life, better lead designs, and tunable electric field shaping.
However, these improvements have not translated to increased clinical efficacy as SCS
reduces pain by at least 50% in about 60% of patientgTitus et al., 2021a)

Our understanding of the mechanism of action of conventional SCS is based on
the gate control theory (Melzack & Wall, 1965), which proposed that activation of large
EPEOI Ul Uw ¢ wi PEI UUWEEUDYEUI wbOi PEDUOUawOIi ET EOD
horn neurons that transmit pain information to supra spinal centers. Epidural spinal cord
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stimulation activates axons in the dorsal columns and action potentials propagate both
orthodromically to supraspinal centers and antidromically into the dorsal horn.
Electrophysiological and computational modeling stud ies investigating mechanisms of
action of SCS primarily focused on of neurons in the deep dorsal horn (DDH) because
the activity of projection neurons in the DDH is correlated with pain and DDH

projection neurons are inhibited by SCS (Foreman et al., 1976; Foreman & Linderoth,
2012; Hillman & Wall, 1969; Qin et al., 2007; Simone et al., 1991; Zhang et al., 2014b)
While these studies have demonstrated the importance of the gate control theory for
SCS, they also revealed additional complexity within dorsal horn microcircuits (Zhang
et al., 2015)

The superficial dorsal horn (SDH) also processes nociceptive and non
nociceptive information and may also play a role in mediating responses to SCS.
Outputs from the dorsal horn to higher order pain centers can be traced back to the
organization of inputs from primary sensory neurons in the Rexed laminae of the dorsal

w- OEPEI xUDPYIl w ywEOEwW" wi PET UUWUEUT 1T Owdi UUO

Qu

I 6uod
and projection neurons from lamina | are generally nociceptive -specific (NS) cells that

respond only to painful inputs. Non -OOEDPEIT xUDYIl w ¢ wi PEI UUWUEUT I Uw(C
laminae (1l through V), and projection neurons from lamina V are generally either

wide -dynamic range (WDR) cells that integrate information from both nociceptive and

non-nociceptive inputs, or low threshold (LT) cells that only respond to non -nociceptive

73



information (Schouenberg & Sjolund, 1983) However, neuropathic pain alters circuit
responses to sensory inputs, and one symptom of neuropathic pain is mechanical
allodynia, or pain from innocuous mechanosensory inputs (Boyle et al., 2019;
Miraucourt et al., 2007; Peirs et al., 2021; Peirs et al., 2015; Todd, 201 Rjechanical
allodynia is a prevalent pain condition in humans (Jensen & Finnerup, 2014)and the key
marker of pain responses in preclinical models of chronic pain (Decosterd & Woolf,
2000; Polgar etal., 2009 w- | UUOOUwWUT ECwI BRx Ul UUwUT T wowbUOI O4:
o/ *" DAWDOWOEOPOEW( ( OvrOEOPOEW( ( (WExx] EUWUOOWET wE
behavior because these excitatory interneurons feedforward onto other excitatory
interneurons including transient central cells and vertical cells that, in turn, feedforward
onto pain projection neurons in lamina I. Knocking out / * " meurons in the dorsal horn
preserved acute pain responses, but decreasd behavioral neuropathic pai n responses
(Malmberg et al., 1997) While normally under tonic inhibition, neuropathic pain may
unmask this neural pathway, allowing non -nociceptive inputs to excite NS cells.
Allodynia is also frequently used as a behavioral marker of SCS efficacy so
understanding the development of allodynia in neural circuits and predicting responses
of these circuits is crucial to understanding mechanisms of action of SCS.
We developed and validated a biophysical network model to simulate the effects
of SCS on the superficial dorsal horn and characterizedvariations in response across

multiple chronic pain conditions. We built models of several types of excitatory and
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inhibitory interneurons as well as a nociceptive specific projection neuron based on
experimental recordings during healthy and neuropathic ¢ onditions (Abraira et al., 2017;
Cui et al., 2016; Duan et al., 2014; Takazawa et al., 2017; Takazawa & MacDermott, 2010)
We validated the network responses in the model by examining the response of the NS
neuron to several different types of mechanical inputs under normal and neuropathic
conditions. We then quantified the effects of SCS on themodel network and
demonstrated that responses to acute pain are preserved during SCSWe combined the
superficial dorsal horn model with a previously published model of the deep dorsal

horn circuits to predict optimize d stimulation parameters for both circ uits under
neuropathic pain conditions . Finally, we used the model to quantify potential direct
effects of high frequency (>1 kHz) stimulation on the dorsal horn network and found

that inhibitory effects were modest and likely do not account for the full t herapeutic
effect of this SCS modality. Our network model reproduces specific features of
neuropathic pain and provides a mechanistic understanding for the effects of SCS on

dorsal horn circuits.

2.2. Methods

We developed and validated a computational model of a network of neurons in
the spinal superficial dorsal horn ( Figure 2.1). This network consists of individual
compartmental models of inhibitory and excitatory interneurons in addition to a

nociceptive-specific projection neuron. We tuned the biophysics of the individual

75



neurons and the synaptic connections between them based on electrophysiological
recordings and realistic responsesto synaptic inputs (Lu et al., 2013) We performed the
simulations in Python 2.7 using the NEURON v7.5 extension module (Hines et al., 2009)
Network cells
The dorsal horn network architecture is generally described as feedforward
excitation directed in a ventral -dorsal direction with tonic inhibition to gate the
excitation (Cheng et al., 2017; Duan et al., 2018; Peirs & Seal, 2016; Peirs et al., 202D
capture the cellular diversity described by prior experiments, we used five types of
neurons in the model: two excitatory interneurons, two inhibitory interneurons, and a
projection neuron. The excitatory interneurons are based on specific populations that
I RDU0wPDUT POwWUT 1 WEOUUEOwWI OUOGO6 wOl UUOGOUwWUT EVwI B x
o/ *" WAWEOEwWDPOUI UOI EPEUAWOEOPOEW( (WwET OO0UBw/ *" mw
PDOxUUUwi UOO wO O parstandidediohwér® énta glgtamiterdic interneurons
in lamina Il and then on to lamina | projection neurons (NS). The We combined the
intermediary central transient cells and vertical cells into a single type of excitatory
interneuron (VERT). The firing ra te of the NS projection neuron represents the primary
output of the model because NS projection neuron firing rates are correlated with the
magnitude of pain (Simone et al., 1991)
Synaptic inhibition in the dorsal horn is mediated primarily by GABA and

glycin e. Most inhibitory interneurons in the dorsal horn exhibit tonic firing behavior
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(Abraira et al., 2017; Lee et al., 2019)and both subtypes are based on previous
biophysical computational neuron models of inhibitory interneurons  (Melnick et al.,
2004b) The inhibitory neurons are dis tinct because experimental recordings indicate
that the type of inhibition varies within the depth of the dorsal horn. Inhibitory neurons
in lamina I/llo tend to be GABAergic (Bardoni et al., 2013 Takazawa et al., 2017;
Takazawa & MacDermott, 2010) while neurons in lamina Ili/lll are primarily glycinergic
(Takazawa et al., 2017) The difference in inhibition by location is important for dorsal
horn network behavior because tonic neurons in lamina | tend to have lower firing rates
than tonic neurons in deeper lamina (Ruscheweyh & Sandkuihler, 2002) and glycinergic
postsynaptic potentials (PSPs) exhibit shorter decay times than GABAergic PSPs.
Model neuron geometries and biophysics

We modeled eachtype of neuron four compartments representing the dendrites,
soma, axon hillock, and axon and with biophysical characteristics based on prior
computational models and patch -clamp recordings from dorsal horn neurons (Zhang et
al., 2014b) The geometries of each neuron are defined in Table 1: dendrites and axons
are defined as cylinders, somas as spheres, and axon hillocks as tapered cones for each
model neuron.

The biophysics of each neuron were implemented with Hodgkin -Huxley type

interneurons exhibit a variety of different firing behaviors including delayed -spiking,
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regular-spiking, single -spiking, and adapting -spiking. Previous computational modeling
work demonstrated that different spiking patterns may occur by changing the densities
of different ion channels (Balachandar & Prescott, 2018) Specifically, the relative
concentrations of Kv1-type potassium, a low-threshold non -inactivating channel, and
inactivating A -type potassium-controlled transitions between tonic -spiking, single -
spiking, gap-spiking, delayed -spiking, and regular -spiking activity in a modified

Morris -Lecar model. The A-ty pe potassium conductance controls the transition between
regular-spiking and delayed -spiking while the K v1-type potassium controls the
transition to single -spiking. The A -type potassium channel was modified from a
previous model, and we scaled the conductance of the A-type potassium in the model
cell dendrite, soma, and axon hillock to control different firing patterns (Ruscheweyh &
Sandkuhler, 2002)

To implement adapting -spiking behavior in the excitatory interneurons, we used
Hodgkin -Huxley sodium channels with both a fast (h r) and a slow (hs) sodium
inactivation gate (Equation 2.1 - Equation 2.7).Vr was set to 5 mV, and we altered
delayed spiking, gka was scaled by a factor of 1 and s was set to 10mV. For adapting
spiking, gka was scaled by 0.75 and s was set to 19.6 mV. For regular spiking, gka was
scaled by 0.7 and s was set to 14.8 mV. For SCS simulations, neuron parameters were

randomly selected from a range of 0.7 to 1 for gka and 10 to 196 mV for Vs to simulate a
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heterogeneous group of neurons (Figure 2.9). Vis was also varied within the same range
for VERT neurons to switch between delayed firing and adapting behaviors.
Equation 2.1
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Inhibitory interneurons were based on prior models of inhibitory interneurons in

the substantia gelatinosa (Melnick et al., 2004a) Both model inhibitory interneurons
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have the same geometry but slightly different biophysics to account for the higher tonic
firing rates of inhibitory interneurons in the deeper dorsal horn. The GLY model neuron
had a 25% lower potassium conductance, 5% lower sodium conductance, and 20%
larger axial resistance than the GABA model neuron.

Nociceptive projection neurons in lamina | receive polysynaptic inputs from
other populations of excitatory interneurons (Lu et al., 2013; Peirs et al., 2021; Peirs et al.,
2015) The model NS projection neuron was based on a previous model of a wide-
dynamic range (WDR) projection neuron . One important feature of these model WDR
neurons is wind -up, or a frequency-dependent sensitization in response to repetitive
nociceptive input. Wind -up is thought to rely on L -Type calcium currents and NMDA -
mediated excitation from an excitatory interne uron (Aguiar et al., 2010; Radwani et al.,
2016; Zhang et al., 2014b)While wind -up has been observed in dorsal horn neurons in
both superficial and deep laminae, potentiation from repeated C -fiber inputs is larger in
wide -dynamic range neurons than nociceptive specific neurons and larger in deep
dorsal horn neurons than superficial dorsal horn neurons (Schouenberg & Sjo6lund,
1983) To account for minimized wind -up in our model, we reduced the conductance of
L-Type calcium channels. However, NMDA -receptor-mediated excitation from
excitatory interneurons was preserved in our model because the primary input to LI
projection neurons may be NMDA -receptor dependent (Miraucourt et al., 2007), and the

transition from acute to chronic pa in following nerve injury is mediated by NMDA
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receptor activation (Inquimbert et al., 2018). Inhibition of L1 projection neurons is
primarily GABAergic but contains both GABAergic and glycinergic components so we
included both GABAergic and glycinergic inhibition in the model (Inquimbert et al.,
2018; Luz et al., 2014; Torsney & MacDermott, 2006)
Network architecture/synaptic connections
The architecture of the model (Figure 2.1) was based on the gate cotrol theory,
computational modeling and experimental work demonstrating synaptic connections in
the superficial dorsal horn, and prior analyses of microcircuits in dorsal horn networks
(Braz et al., 2014; Cui et al., 2016; Lu et al., 2013; Petitjean et al., 2015; Prescott & Ratte,
2012; Todd, 2002; Todd, 2010)Iindividual synapses are described by a dual-exponential
eqguation with rise and decay time constants (Destexhe et al., 1998; Zhang et al., 2014b)
[TUDxT 1T UEQwWEI T 1T UI OUwPpOxUUUWEUI wuUl xUl Ul OUI EwEa w
& ! OWEOEw&+8 wOOEI Owll UUOOUwWUI EI PYI wi REPUEUOUA

eREPUEUOUa wOl UUOOUWEUI wEOOOI EUI EwEaw ,/ wWEOEuwW- ,
neuron to the VERT neuron to the NS neuron. The VERT and NS neurons receive tonic

PO PEPUDPOOWI UOGOWUT T w& ! wEI OO6OwkT POT wUOT T w/ *" ww
GLY cell. However, both GABAergic and glycinergic inhibitory synapses are present

because while one form of inhibition is dominant, inhibitory receptors often colocalize in

lamina I-Il (Keller et al., 2001; Todd, 2017)For comparisons to slice work, the model
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temperature was set to 24° C. For comparisons toin vivo data, model temperature was
set to 36° C.
Network inputs
Afferent inputs from A - and C- fibers represent peripheral mechanosensory
POxUUUVUWEOCEW ¢wbOxUUUWEOUOWDOEOUETI EwWEEUDYDUa wT I
model, primary afferent fibers are represented as a NetStim object in Python. Input
times for A - and C- fibers were based onrandomly generated input times for the type of
input (ongoing pain, brush/pinch, or stimulation) plus a delay based on conduction
velocity assuming a 100 mm distance between stimulus origin and the dorsal horn
network. Conduction velocities were randomly selected for each fiber from a normal
EPUUUPEUUPOOWEEUTI EwOOwWwxUEOPUI T EWUEDT T Uwmp ¢ 06wk w
ud Kk wOYy U0 w" 0 wy wa whidakpér & Cenaveb®, IPH) AAtteyedtIspikksuwére U O w
drawn from a homogeneous Poisson process with means based on experimental
recordings. For model simulations of responses to neuropathic pain, we used firing rates
recorded from primary afferents in response to nerve in jury and peripheral neuromas
® dwdw 1Ows wl wl & (Liwetal O2000pWak &uGutniokd 1074), vattKaue -
third of the afferent A-1 PET UUwi BRT DED UD O naishid b BION wiEd WE YD OU U
UG Wy ugikes ettt = 4) (Kajander & Bennett, 1992; Liu et al., 2000)For specific
mechanosensory inputs, we based the A and C- fiber mean firing rates on responses to

controlled -force mechanosensory and electrical inputs (Sdrulla et al., 2015; Slugg et al.,
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2000) Recwitment of afferent fibers roughly matches a sigmoidal curve, so for

increasing pressure inputs, afferent inputs were fit to a sigmoidal equation ( Equation

2.8) where arepresents the maximum firing rate, brepresents the slope of the sigmoid,

and crepresents the shift as a function of the strength of the mechanosensory input, x

(gmm2Kkwep dwédw %O wWEwWAWNSYOWEwad wydht OWEwWA wAdl OQw" ou

Equation 2.8

o
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Brush and pinch inputs were modeled based on steady state activity recorded in
Ei T 1T UI OUwi PET UUwPPUT wUxPOIl wUDOT UWEUEPOwWI UOOWE W
k8 Whw' ayoauwy dtut'wddOwx DOET Ow owdw uows whwNdYw a0w"
pinch inputs, ongoing spontaneous activity was reduced to show responses to

Ol ET EOPEEOQWUUPOUOCEUPOOwWp dwdw uows wlhwhdk w aOw"

inputs were modeled as cOOUUEOUwi Ul gU1 OEaAawhOxUU0UwUOwWUT 1T w ¢u
i Ul gUl OEa wOi wUUDPOUOEUDPOOS w2pOET WEEUDYEUDPOOWOI w
antidromic propagation back to the periphery, and potential collision with peripherally

generated spikes, we included a gike collision model, although excluding the spike

collision model did not significantly change results.
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2.3. Results
2.3.1. Model cells match firing behavior recorded experimentally

The model neuron responses replicated well electrophysiological recordings
from dors al horn neurons (Figure 2.2). The inhibitory glycinergic and GABAergic
inhibitory neurons in the model exhibited tonic firing ( Figure 2.2Ai), and the excitatory
excitatory PKCy neuron exhibited delayed firing, adapti ng, and regular firing behaviors
(Figure 2.2Aiv -vi). The NS projection neuron exhibited tonic behavior with a constant
step current input ( Figure 2.2Avii). With inputs from peripheral fibers representing a
mechanical pinch, the NS neuron responded similarly to experimentally recorded cells
(Figure 2.2B). Additionally, following simulated neuropathic pain inputs, the NS neuron
began to exhibit bursts of activity ( Figure 2.2C). The firing rates of all neurons in the
model fit within the range ( Figure 2.2D) from published data (Abraira et al., 2017; Boyle
et al., 2019; Cui et al., 2016; Gong et al., 2019; Lu et al., 2013; Luz et al., 2014; Melnick et
al., 2004a; Melnick et al., 2004b; Punnakkal et al., 2018)w3 1 I wOOETI Ow/ * " wwE OE w5
changed between firing behaviors depending on the input current and several state
variables controlling the biophysical behavior (see Methods, Figure 2.9) (Balachandar &

Prescott, 2018)

84



2.3.2. Shifts in NS neuron output in neuropathic pain follow
predictions from experimental recordings

The functional consequences of neuropathic pain include an increase in
hyperexcitability paired with a decrease in inhibition throughout the dorsal horn. Nerve
injury leads to an increase in primary afferent activity and drives activity in the dorsal
horn (Wang et al., 2005; Wang et al., 2007)urther, pharmacological disinhibition or
nerve injury shifts the threshold of NS neurons that project along the spinothalamic tract
(STT), but not WDR-STT neurons(Lavertu et al., 2014) Initial NS neuron activity in the
baseline model had a mechanicalthreshold of ~40 g/mmz2., and this matched well with
experimental measurements. Nerve injury decreased the threshold for recorded NS-STT
neuron activity and amplified activity in the 40 ¢ 80 g/mmz2range. Dorsal horn
recordings following nerve injury show a significant decrease in GABA-mediated IPSP
amplitude to neurons in lamina Il and reduced glycine -mediated IPSP amplitude to
[ *" wwOl UU OO U uim 6t BnteoMbpBreudt 4l.( 2002b)implementing effects of
nerve injury in the model, by adding baseline activity to afferent fibers and reducing
GABAergic inhibition by 50%, led to a similar shift in the magnitude of normalized
responses of NS neurons Figure 2.3A). Shifting the reversal potential of inhibitory
synapses also amplified model NS activity by an amount similar to that following
application of VU 024551, a KCC2 recepta blocker that shifts chloride reversal potential
(Figure 2.3B). We also quantified shifts in excitability in the model by finding the first

point when model firing rates exceeded 10% of the normalized peak activity. The trends
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across different neuropathic pain model variants matched trends observed
experimentally from pharmacological inhibition ( Figure 2.3C). Interestingly, loss of
GABAergic and glycinergic inhibition had comparable effects on the shifts in activity
that occurred, indicating that loss of either type of inhibition alters somatosensory

processing.

2.3.3. NS neurons are inhibited at frequencies > 30 Hz with
conventional constant frequency SCS

We quantified changes in NS neuron activity in response to SCS frequencies from
1 to 150 Hz. Further, we recognized that a single set of network weights and cell firing
behaviors may not adequately represent the diversity in SDH neuron responses to
stimulation, especially given the limited data available to validate specific synaptic
weights. Therefore, we generated 100 network instantiations, by randomly va rying the
VERT neurons (Table 2) and measured the range of responses. Effects of stimulation
frequency were nonmonotonic, and model NS neurons were excited by low freq uencies
between 1 and 20 Hz and inhibited by higher stimulation frequencies ( Figure 2.4). Initial
excitation of NS neurons at low stimulation frequencie s was due to activation of the
I *" wwdl UUOOOwPT PET wUI EIl PYT EWEPUI E0Ow ¢wi PEI UwbOd
model NS neurons. Complete inhibition of NS neurons occurred around 50 Hz and
remained for frequencies up to 150 Hz (Figure 2.6). Stimulation at these frequencies

inhibited both the vertical and NS neuron and overwhelmed excitation from the PKC
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neuron. Across the range of network states we simulated, the magnitude of responses
changed, but most model responses were still inhibited by frequencies > 50 Hz,
indicating that inhibition in the network was strong enough at 50 Hz to overcome any

changesin baseline activity of the excitatory model neurons.

2.3.4. Acute responses to brush and pinch inputs are amplified in
neuropathic pain and preserved during SCS

Allodynia, defined as painful responses to non -nociceptive inputs, and
hyperalgesia, defined as increased sensitivity to nociceptive inputs, are two common
symptoms of neuropathic pain (Boyle et al., 2019; Cheng et al., 2017; Deuis et al., 2017;
Jensen & Finnerup, 2014; Peirs et al., 2021; Sandkuhler, 2009a)e quantified changes in
model NS neuron activity to low -threshold (brush) and high -threshold (pinch) inputs
under neuropathic pain conditions to simulate allodynia and hyperalgesia, respectively.
In the default network state, pinch inputs, but not brush inputs, led to activation of the
NS neuron. Reducing glycinergiciOT PEPUDPOOwWOT wUOT T w/ * " wwdOl UUOOwWUC
and NS neurons, mimicking a response similar to allodynia ( Figure 2.5A). Loss of
GABAergic inhibition, loss of KCC2 function, and loss of both GABAergic and
glycinergic inhibition amplified model NS activity to brush and pinch inputs, indicating
that loss of GABAergic inhibition also plays a role in the development of allodynia and

hyperalgesia in SDH neural circuits.
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Neural circuits in the deep dorsal horn (DDH) are often considered distinct from
SDH circuits because of the presence of different projection neurons and dstinct fiber
inputs. To compare the effects of allodynia and hyperalgesia in the SDH versus the
DDH, we quantified effects of different pain models on responses of wide -dynamic
range (WDR) projection neurons in a previously published computational model (Zhang
et al., 2QL4b). Brush inputs inhibited spontaneous activity in the model WDR neuron,
consistent with the principles of the gate control theory, but amplified responses to
brush inputs after loss of glycinergic inhibition were only observed in the SDH model,
as the model WDR neuron did not substantially change its firing rate ( Figure 2.5B).
However, the model WDR neuron did increase its firing rate following loss of
GABAergic inhibition and loss of KCC2 function, indicating that allodynia and
hyperalgesia in the deep dorsal horn is more dependent on the type on disinhibition.

Clinical SCS does not inhibit acute pain, although the gate control theory predicts
that it should. We modeled the response of NS neurons to pinch inputs and found that
responses were preserved, although slightly decreased, during 50 Hz SCS Figure 2.5C).
#DUI EUwb O x U abducUibets Géid stillablego excite NS neurons, explaining
how acute pain can propagate through the dorsal horn network while chronic pain is
inhibited. Furthermore, responses to pinch stimulation were only preserved in the

model NS neuron as 50 Hz SCSed to inhibition of acute pain in the model WDR

88



neuron. These results support the hypothesis that SDH and DDH circuits process

distinct sensory inputs and may have different responses to SCS.

2.3.5. NS neuron responses shift with modeled neuropathic pain
states

A previous study indicated that changes to a network model of the deep dorsal
horn to represent neuropathic pain shifted the response of WDR neurons and altered the
SCS frequency that produced maximal WDR inhibition (Zhang et al., 2014b) We
combined the deep dorsal horn model with our superficial dorsal horn model to
guantify the effects of SCS frequency on both WDR and NS model neuron activity. To
connect the models, we added an inhibitory connection from the inhibitory interneuron
in the deep dorsal horn model to the glycinergic inhibitory interneuron in the superfic ial
‘‘‘‘‘ EOO00I EUDOOWI UOOwW
interneuron in the deep dorsal horn ( Figure 2.9). These connections preserved the
respective architectures of each model while implementing an excitatory drive from the
SDH to the DDH and an inhibitory drive from the DDH to the SDH (Braz et al., 2014)
In the baseline model frequencies between 3080 Hz completely suppressed both
WDR and NS neuron activity ( Figure 2.7). Variance in WDR neuron responses across
model states was larger at higher frequencies, due to variance in the strength of direct
dwi PET UwbhpOxUU0UwWOOwWUT T wOOET Owe#1wdil UUOOB w1l EVE
OOEI Ow- 2wOl UUOOWEEUPYPUAWEUWOOPWI Ul gUI OEDPI Uwpd
activity increased without the glycinergic gate. However, loss of glycine rgic inhibition
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did not substantially alter the model WDR neuron frequency response as the DDH
model is primarily subject to GABAergic inhibition. Loss of GABAergic inhibition in the
DDH model increased baseline responses and increased both the variance ad mean
response of WDR neurons at higher stimulation frequencies (>100 Hz). We observed a
similar effect in the SDH model, but over stimulation frequencies between 1 - 50 Hz.
Additionally, model WDR neurons exhibited a small peak in responses around 75 Hz .
Collectively, these changes narrowed the range of effective frequencies in both models
to 50- 60 Hz and 80- 100 Hz. Finally, shifting the reversal potential of inhibitory
synapses led to a substantial shift in the frequency response curve of the modelWDR
neuron, as the degree of SCS8nediated inhibition decreased from 40 to 150 Hz. Further,
model NS neurons were excited by SCS from 20t 40 Hz, and SCS did not lead to net

inhibition of combined NS and WDR neuron activity.

2.3.6. Modeling predicts that direct field effects from kHz frequency
stimulation do not substantially alter network activity

While conventional stimulation applied at 1 -200 Hz activates dorsal column
axons (Parker et al., 2012; Parker et al., 2013high frequency spinal cord stimulatio n
(HF-SCS) applied at frequencies >1kHz and relevant clinical amplitudes does not appear
to activate dorsal column axons or block the transmission of mechanical inputs to the
dorsal column nuclei (Crosby et al., 2017; Song et al., 2014bHowever, HF-SCS still
provides clinical p ain relief, although on a longer time scale than conventional

stimulation, indicating that it has a different mechanism of action than conventional
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stimulation (North et al., 2016; Shechter et al., 2013We hypothesized that HF-SCS
could directly modulate activity in neurons in the superficial dorsal horn.

We used the SDH network model to quantify the firing of NS neurons resulting
from the combined effects of direct modulation of multiple SDH cells. We quantified the
direct field effects of HF-SCS on individual model neurons using a rat scale FEM Eigure
2.8A) and three-dimensional morphologically realistic and biophysically -based models
of the vertical cell, NS cell, and GABAergic cell, the most superficial neurons in the
model (Figure 2.1). The properties of the morphologically realistic version of each model
neuron were tuned to match the validation data from the original lumped cell models
(Figure 2.2) (Ascoli et al., 2007) We did not detect any substantial changes in the firing
rate in the vertical neuron from HF -SCS. HFSCS increased the firing rate of both the NS
and GABA cells, and the amount of excitation was dependent on the baseline firing rate
(Figure 2.8Bii). 1.2 kHz stimulation had a more pronounced effect on the firing rate of
both the NS and GABAergic cell than 10 kHz. Although HF -SCS exdied both the NS and
GABA cells, changes in model NS activity were less than 1 Hz at relevant baseline firing
rates. Thus, HFSCS may be directly modulating cells in the superficial dorsal horn, and
the changes in activity depend on the baseline firing rate of the model neuron.

We quantified changes in NS neuron resulting from the network effects of HF -
SCS by injecting current into the GABA and NS cells that increased their firing rates by

the same amount as the direct field effects Figure 2.8C). The direct effects of HFSCS

91



depended on the baseline firing rate of model neurons and modeled neuropathic pain

increased the baseline activity of model NS neurons, so we increased direct current

inputs to the NS neuron to account for underlying changes in firing rates. In the default

Ol UPOUOWUUEUI OwUUPOUOEUDPOOwWUI EUET Ew- 2wOl UUOOWE
EQEwWDOEUI EUI Ew- 2 wll U UEUWDKWEYEUWD YEbuusaiwi El VAW WyuyEu% U B Qi ¢
replicated the magnitude of effects observed in the default network model. It is

noteworthy that the lowest stimulation amplitude was associated with the largest

inhibitory effect as HF -SCS is typically applied below perception thresholds.

2.4. Discussion

We designed and validated a network model of the spinal SDH and quantified
responses of NS neurons to mechanicainputs and electrical stimulation during
neuropathic pain. The model enabled synthesis of a broad range d experimental data
and replicated individual neuron firing behavior and shifts in network activity in
responses to neuropathic pain. Further, the model reproduced development of allodynia
and hyperalgesia during various neuropathic pain models, validating its use as a tool to
study how individual neurons in the SDH contribute to neuropathic pain. We used the
validated model to quantify responses to SCS and found several key results that build
on our understanding of the mechanisms of action of SCS.First, we showed how acute
pain related signals can propagate through the dorsal horn network even during SCS.

Second we identified underlying responses to SCS for SDH NS neurons during
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neuropathic pain, which, when paired with a network model of the DDH, led to
identification of optimal stimulation frequency ranges for each condition. Finally, we
found that direct field effects of HF -SCS alter activity in SDH neurons but are likely not
sufficient to explain pain relief from HF -SCS.Collectively, these results demonstrate the
implementation and use of a novel computational model of the superficial dorsal horn

network.

2.4.1. Model design and responses to mechanical inputs

The superficial dorsal horn is an important site involved in processing sensory
information and tran smitting this information to supraspinal centers. While key features
of superficial dorsal horn circuits have been described (Boyle et al., 2019; Peirs et al.,
2021; Peirs et al., 2015)here is still significant diversity in the firing behavior of
individual neurons (Abraira et al., 2017) Additionally, severaldifferent classification
systems exist for dorsal horn neurons, including morphology, firing pattern, and
neuropeptide expression (Grudt & Perl, 2002; Todd, 2017) However, function only
partial ly correlates with these classification systems(Yasaka et al., 201Q)We identified
key neurons in the superficial dorsal horn circuit and replicated a range of characteristic
i PUDPOT WEIT T EY D OU U thefirifig"behavior® eudgbrieratéddyrandomly
varying the expression of various ion channels or the properties of those ion channels

PPUI POw/ *" mwWEBEW5$13wlOl UUOOBUOWUUxxOUUDOT wxubpodUu
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diverse firing behavior could emerge by varying the proportion s of various ion channels
(Balachandar & Prescott, 2018)
Synaptic connections within the model were based on paired cell recordings,
where available (Lu et al., 2013) and previous computational models describing dorsal
horn microcircuits (Melnick et al., 2004a; Prescott & Ratte, 2012; Zhang et al., 2014b)
Connections were tuned such that the baseline firing rate of the NS neuron was within a
100 Yw' AawUEOT I wheDrEruwag sileat/urtdér mowmal conditions but unmasked
by reduced glycin ergic inhibition (Lu et al., 2013; Luz et al., 2010; Miraucourt et al.,
20076 w( OwUT 1T wUUx1 Ui DEDE OwE O UrakyQndér @aidimibition, " wwOl U U C
but neuropathic pain can unmask activity. Spared nerve injury, a preclinical model of
neuropathic pain, or application of strychnine, and antagonist of glycine, unmasks
EEUDYPUawbOw/ * " wwdi UU qddimbéieEau,QI9E MichucouttetE OO OE a Ob
al., 2007; Petitiean et al., 2015; Sivilotti & Woolf, 1994 T DOl WEEOEUDPOOwWOI w/ * " w
can reverse touch-evoked allodynia (Malmberg et al., 1997) We found that activation of
/I *" wwOl UUOOUWEOUOEWUOOEUOW- 2wll UUOOWUT UxOOUIT Uw
glycinergic inhibition, explaining development of allodynia in glyc inergic pain models
(Figure 2.5A) (Lu et al., 2013; Miraucourt et al., 2007; Petitjea et al., 2015; Sivilotti &
Woolf, 1994).
SCS was originally developed based on the gate control theory to treat pain, but

the gate control theory predicts that SCS should also treat acute pain. However, early
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clinical rep orts found that SCS did not increase the threshold for induced cutaneous
pain, except for in cases where hyperalgesia and allodynia were already present
(Lindblom & Meye rson, 1975; Nashold et al., 1972)Other clinical case reports have
indicated that acute thermal pain may be decreased during SCS(Hylands -White et al.,
2016) but SCS is generally thought to block the neuropathic rather than the nociceptive
component of chronic pain (Meyerson & Linderoth, 2006). Our SDH computational
model provides a potential explanation for how SCS -mediated inhibition can suppress
chronic pain, but not acute pain. Ongoing chronic pain led to spontaneous firing in the
model NS neuron that was suppressed through activation of inhi bitory interneurons.
However, strong direct EEUDYEUDOOwWOI w ywEOCEwW" wi PEI UUwPDUT wC
still drive NS activity during SCS ( Figure 2.5B).
Activation of model NS neurons occurred through the direct nociceptive
pathway from ¥y WEOE w" wi PEI UUOwPT PET wUOIl UOPOEUI wbOwOE O
POEPUI EUwx EUT bBnpusuntéepedlanhinaewnnasked in neuropathic pain
conditions. GABA and glycine appear to have distinct roles along these SDH neural
pathways, and chronic nerve injury models lead to loss of GABAergic inhibition in
lamina I/ll and a loss of glycinergic inhibition in lamina Il  (Coull et al., 2003; Imlach et
al., 2016; Moore et al., 2002b)_oss of both glycine and GABA shifted and amplified
network responses to mechanical inputs Figure 2.3 and Figure 2.5) indicating that both

forms of inhibition are important for preventing allodynia and hyperalgesia. While loss
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of glycinergic inhibition unmasked the indirect SDH excitatory pathway through model

[ *" wwdl UUOOUOwW- 2wdl UUOOUWEUT wx UHDEED Da3uUOET Uw&
and loss of GABAergic inhibition also unmasked a response to low threshold inputs.

Each model of inhibition also increased the spontaneous activity of N S and WDR

neurons (Figure 2.6 and Figure 2.11), amplifying netwo rk activity , and potentially

further disrupting the inhibitory -excitatory balance in dorsal horn networks.

2.4.2. Model responses to conventional SCS shift during neuropathic
pain

In the baseline state (before addition of any neuropathic changes), frequenciesa
30 Hz suppressed model NS neuron activity across all model variants (changes in
neuron firing behaviors and synaptic connectivity, Figure 2.4). To capture some of the
heterogeneity present in dorsal horn projection neuron responses to SCS, we combined
the SDH model with a previous model of WDR neurons in the DDH. Across both
models, 30- 100 Hz suppressedNS and WDR activity, respectively, matching the range
of frequencies typically used clinically ( Figure 2.7) (Kumar et al., 2007; Oakley & Prager,
2002) Additionally, 50 Hz generated the greatest reduction in the range of responses
across model variants, an indication of the effect across patient responsesOne
advantage of combining the SDH and DDH models is a better indication of the variance
in responses to stimulation at low (1 ¢+ 50 Hz) versus high frequencies (80t 150 Hz). The

SDH model exhibited significantly more variability in the responses across model states
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at lower frequencies while the DDH model exhibited increased variance at high
frequencies.

Loss of glycinergic and GABAergic inhibition is a consistent marker of
neuropathic pain and may contribute to loss in SCS efficacy over time (Costigan et al.,
2009; Dubuisson, 1989; Foreman et al., 1976; Moore et al., 2002b; Sandkuhler, 2009b
Taylor et al., 2014) Across the combined SDH and DDH models, loss of GABAergic
inhibition led to a more pronounced decrease in SCSmediated inhibition than loss of
glycinergic inhibition. Prior studies found that SCS leads to increased release of GABA
in the dorsal horn (Cui et al., 1997) and GABA release occurred only in animals where
SCS suppressed mechargal allodynia (Stiller et al., 1996) Althou gh, the role of
GABAergic mechanisms in SCSmediated inhibition of the DDH circuit has been
guantified (Zhang et al., 2014b) the SDH network model response helps explain
effective frequency ranges for SCS and predicts that 50 Hz stimulation remains the most
effective frequency with compromised GABAergic mechanisms. Loss of function of the
KCC2 receptor has also been implicated as a mechanism of neuropathic pain and may
contribut e to loss of SCS efficacyCoull et al., 2003; Doyon et al., 2016; Lavertu et al.,
2014) The combined responses of the SDH and DDH models indicate that loss of KCC2
receptor function substantially reduces SCS-mediated inhibition across the entire dorsal
horn network. However, increases in net activity were primarily due to direct excitation

Ol we#1wdl UUOOUVUwEaAaw ¢wbOxU0UwWPOwWUT T w##' OWEUwWUT |
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curve emulated the NS frequency response curve during loss of GABAergic inhibition.
However, the inability to restore inhibition in this pain state may be an indication of

non-responders to SCS where therapy is ineffective.

2.4.3. Direct field effects of HF-SCS on the SDH likely do not explain
therapeutic efficacy

The dorsal horn has been proposed as a potential target for HRSCS(Jensen &
Brownstone, 2019; Lee et al., 202Mecause HFSCS does not appear to block or activate
DC axons (Crosby et al., 2017; Song et al., 2014pand the spinal dorsal horn experiences
similar electric fields as the dorsal columns during stimulation. Additionally, direct
activation of dorsal horn neurons could explain why HF -SCS does not generate
paresthesia, the tingling sensation that accompanies conventional SCS and is sometimes
unpleasant for patients. Inhibitory islet cells have been suggested as a potential direct
target for HF -SCS because they typially exhibit tonic firing and have long dendritic
trees that extend along the electrodes(Jensen & Brownstone, 2019)We used an islet cell
morphology with biophysics consistent with the model GABA cell but found only small
increase in neural activity at relevant amplitudes that were dependent on the underlying
firing rate and the amplitude of stimulation ( Figure 2.8). We also observed only small
changes in activity of NS neurons, and no changes in activity of VERT neurons. Direct
effects of 1.2 kHz stimulation were larger than 10 kHz stimulation. However, when we
combined all the direct effects in the SDH model, stimulation did not substantially

reduce model NS neuron activity and the magnitude of both direct effects and network
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effects observed in our model does not account for thelarge clinical benefits observed
with HF -SCS(Al -Kaisy et al., 2014; Thomson et al.2018). These results agree with prior
work that has also indicated it is unlikely that either HF -SCS or conventional SCS is

directly activating SDH neurons (Rogers et al., 2021)

2.4.4. Limitations

The results in this study are limited by the large parameter space for constructing
model neurons and quantifying responses to stimulation parameters. We replicated a
variety of individual neuron responses and synaptic connections within the model, but
the model can only account for a subset of the potential firing behaviors and neural
microcircuits within the dorsal horn. We incorporated an additional model of the DDH
to account for additional microcircuits, but recordings of dorsal horn projections
neurons indicate that there may be microcircuits distinct from those that we modeled
(Zhang et al., 2015) Additionally, we only included five types of neurons in the
computational model, but the neural population of the superficial dorsal horn is far
more diverse and may contribute to additional diversity in responses (Abraira et al.,
2017; Todd, 2010)We did not consider the effects of supraspinal inputs on the SDH
network because they are difficult to quantify in a com putational model. However,
supraspinal effects contribute to the analgesic effect of spinal cord stimulation (Barchini
et al., 2012; Linderoth & Foreman, 2017; Saade et al., 26}, and may be important for

understanding frequency -dependent SCSmediated inhibition .
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For the HF-SCS simulations,direct activation of neurons depends on their
morphology and orientation (Aberra et al., 2018b) While we sampled realistic dorsal
horn morphologies, accounting for alternative neuron m orphologies, orientations, or
neuron positions relative to the electrode was not considered. Additionally, we
simplified direct field effects on dorsal horn neurons by injecting a current that
replicated the net effect. However, this approach ignores potential subthreshold effects

or alterations in the synaptic release properties that could alter SDH network responses.
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Figure 2.1: Superficial dorsal horn network model architecture and synaptic

connections. A) The model contains five types of neurons, two inhibitory interneurons,

two excitatory interneurons, and a nociceptive -specific (NS) projection neuron. There are

three types of primary afferents A¢ Ow ¥ OWEOE w" wi PET UU&uauw 1 EVWEEUUA
peripheral inputs into the dorsal horn network model. Spinal cord stimulation is

the model are connected in a ventral-dorsal direction with inhibitory interneuro ns

gating inputs at each point. B) Synaptic connections for each model neuron. C) Example

model inputs and outputs. Activity in mechanoreceptive (A ¢) and nociceptive (Ay and

C) fibers is represented as spike trains. The PK@uneuron is silent and normally d oes not

fire in the default model condition.
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Figure 2.2: Responses of individual cells compared to experimental responses. A,

glycinergic inhibitory neuron (Melnick et al., 2004a) Aii, adapting vertical neuron (Gong

et al., 2019) Aiii, phasic excitatory neuron (Abraira et al., 2017) Aiv, delayed firing
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(pA): i(10,30,100), ii €25,25,75), iii, ¢40,20,60), iv £20,30,75), v* (50), vi (50), vii{

25,35,75). *No experimental amplitude given. B, NS neuron response to pinch input

(Hylden et al., 1986). C, Emergence of bursting in NS neuron following nerve injury

(top) or modeled neuropathic pain input (bottom) (Keller et al., 2007) D, f-I curves for
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interneurons (Abraira et al., 2017; Boyle et al., 2019; Gag et al., 2019; Punnakkal et al.,

2014) NS projection neurons (Luz et al., 2014) and inhibitory interneurons (Boyle et al.,

2019; Cui et al., 2016; Melnick et al., 2004b; Punnakkal et al., 2014; Zhang et al., 2014b)
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Figure 2.3: Network model reproduces shifts in responses to graded mechanical

inputs under neuropathic pain conditions.  A) Response of model and experiment
(Lavertu et al., 2014)NS neurons to increasing pressure inputs under normal conditions
and after nerve injury or modeled neuropathic pain. Model NS response replicates the
shift in excitability that occurs in nerve injured animals. Threshold is defined as the

point when the NS neuron firing rate is larger than 10% of the normalized maximum
firing rate. Model responses are simulated for experimental data for response of afferent
fibers to increasing mechanical inputs (Slugg et al., 2000)
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show the range of responses with randomized synaptic connection parameters. Black
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Figure 2.5: Model responses to mechanical inputs without SCS and with SCS. A)
Example responses of PKGoand NS model neurons to brush and pinch inputs with
different neuropathic pain conditions. B) Median changes in model NS and WDR

neuron firing rates during brush and pinch compared to spontaneous activity for each
neuropathic pain model. Error bars show 75% percentile of responses. C) Example traces
in response to brush and pinch inputs before and during 50 Hz SCS. Top, model NS
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Figure 2.6: Example NS model neuron responses to 5 seconds of SCS at 10 Hz and 50
Hz. A) NS neuron response curve with a 50% reduction in the strength of glycinergic
synapses, 50% reduction in the strength of GABAergic synapses, and +8mV shift in
reversal potential of both GABAergic and glycinergic synapses. B) WDR neuron
example baseline response and responses to modeled neuropathic pain conditions.
Random afferent spike time inputs to the model are identical across pain models but not
across frequencies.
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Figure 2.7: Network model responses to constant frequency stimulation during
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Figure 2.8: Network model responses to kilohertz frequency stimulation at different
amplitudes under different neuropathic pain conditions. A) Superficial dorsal horn
neurons experience direct electric fields from SCS that are comparable to dorsal column
axons. An FEM of the rat spinal cord was used to study how direct field effects of
kilohertz frequency spinal cord stimulation propagate through the superficial dorsal

horn netwo rk. Bi) Spatially extended models of SDH model cells. Bii) Changes in firing
rate in SDH model cells depend on their baseline firing rate. Grey boxes show the range
of baseline firing rates of neurons with pain inputs in the SDH network model. C) Field
effects of kHz SCS were modeled as direct current inputs into GABA and NS cells
titrated to produce firing rate effects equivalent to those from direct simulations of kHz
frequency SCS. D) Changes in firing rate observed in NS neurons under various
neuropathi c pain conditions with modeled 1.2 kHz (i) and 10 kHz (ii) stimulation at
various amplitudes. Changes in firing rate are measured relative to the normal model
state without stimulation (0 4 A 0
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Figure 2.11: Example model WDR neuron responses to 5 seconds of SCS at 10 Hz and
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Neuron Dendrite (cylinder  Soma Axon hillock (cone Axon (cylinder
[diameter, length])  (sphere [initial diameter, final [diameter,
[diameter]) diameter, length]) length])

[38 m300 & 25e m [2e mle m9e i [1e m1000 & n
VERT
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GLY
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Table 2.1: Model neuron geometries .
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Source Target Synapse Type Maximum Conductance (gmax, NS)

Glycine

Glycine

PKCo VERT AMPA 14

VERT NS AMPA 4.52

*A bLocal *IN Local AMPA
———_
*A bLocal *WDR AMPA

Table 2.2: Synaptic connections in the model and maximum conductances. *Model
synaptic connections in the deep dorsal horn model (Zhang et al., 2014b)
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Synapse Rise Time Constant, ; U Fall Time Constant, » | Reversal Potential, Esyn
(ms) (ms) (mv)

AMPA 0.1 5
NMDA 20 100 0

200 3000 0
0.1 20 -70
0.1 10 70

Table 2.3: Parameters of different model synapses .
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3.Spinal Cord Stimulation and

Reverses Changes in Neural Population Correlations
Degraded by Neuropathic Pain

3.1. Introduction

Chronic pain decreases psychological health, social weltbeing, and work
productivity, and is one of the most frequent and compelling reasons for seeking
medical attention; 25.3 million American adults (11.2% of the population) self -reported
experiencing continuous pain for at least three months (Elliott et al., 1999; Meyr &
Saffran, 2008; Nahin, 2015)Opioids are the most prevalent treatment option for chronic
pain but are plagued by concerns about progressive tolerance, addiction, and abuse
(Rosenblum et al., 2008) Spinal cord stimulation (SCS) is a surgical device therapy used
to treat chronic pain conditions including chronic regional pain syndrome, failed back
surgery syndrome, and fibromyalgia. Since the inception of SCS, novel electrode designs
have enhanced electric field steering, rechargeable pulse generators have reduced the
need for replacement surgeries, and better designs have decreased the incidence of lead
fracture and migration (Foreman & Linderoth, 2012; Manola et al., 2007; Oakley et al.,
2006) Approximately 50,000 systems are implanted every year (Sdrulla et al., 2018) and
SCS produces superior outcomes to opioids(Kumar et al., 2007)and may significantly
reduce opioid usage in pain patients (Gee etal., 2018) However, despite these advances,
only ~60% of recipients meet the clinical definition for pain relief ¢ defined as a 50% or

greater decrease in patientreported pain scorest and treatment outcomes have not
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improved significantly over time (Linderoth & Foreman, 2017; North et al., 1993; Zhang
et al., 2014a) Furthermore, outcomes depend on pain etiology and pain relief appears to
decline over time (Hayek et al., 2015; Taylor et al., 2014; Zhang et al., 2014a)
Understanding how pain progression alters neuron activity as well as responses to SCS
will enable design of novel stimulation paradigms to improve therapeutic efficacy.
SCS therapy arose from the gatecontrol theory, which posits that activation of
large-EPEOI Ul Uwx1 UBDxT 1T UEOQWEIT I 1 Ul OUUWEEUUaABDOT wbOOOE
TEUI wbOwlT 1 wWEOUUEOWI OUOwWOT wOT T wUxPOEGwWEOUE WEa
turn, inhibit pain -transmitting projection neurons (Melzack & Wall, 1965). Neuropathic
pain can decrease inhibition within the dorsal horn through several mechanisms
including loss of GABA (Braz et al., 2012; Moore etal., 2002b; Sandkuhler, 2009aand a
shift in the reversal potential of chloride ions (Coull et al., 2003;Lavertu et al., 2014;
Mapplebeck et al., 2019) Understanding how SCS parameters influence neural activity
in neuropathic pain is key to improving and optimizing treatment. Although previous
studies have measured the responses of isolated projection neurons to SCS, there is little
understanding of the effects of SCS on multi-neuron network activity in neuropathic
pain. Furthermore, the development of multichannel stimulators with precise control
over the electric field distribution provides the possibility for therapeutic enhancement
through spatially -selective activation of ascending sensory fibers in the dorsal columns

(Feirabend et al., 2002; Oakley et al., 2006 However, the effects of SCS on spatially

11¢



distributed neural responses remain unknown, and thus it is not clear how such
technological advances can be exploited to improve therapeutic efficacy.

We developed and validated a biophysical network model and recorded
simultaneously multiple single units in vivo in the dorsal horn to quantify both changes
in the dorsal horn network in chronic pain and neuron responses to stimulation. The
architecture of the computational network model accounted for center -surround
receptive field (RF) organization because simplified RF connections (Zhang et al., 2014b)
do not account for the important observations that local and surround peripheral RFs
contribute distinct excitatory and inhibitory inputs to dorsal horn neurons  (Hillman &
Wall, 1969) or that receptive fields may shift as pain progresses (Hylden et al., 1989) A
spectrum of experimental data, including patch clamp recordings (Kato et al., 2011)
single cell imaging (Luz et al., 2010) and single unit recordings (Foreman et al., 1976;
Menétrey et al., 1977)demonstrate the importance of accurately representing surround
RFs, particularly as centersurround architectures are ubiquitous across sensory systems
(Beck & Hallett, 2011; Blakemore et al., 197Q)We recorded from the lumbar dorsal horn
and stimulated different branche s of the sciatic nerve to target electrical stimulation to
specific RF areas, i.e., center and surround.

We characterized variations in responses across multiple chronic pain states by
generating model network states representing different modes of disinh ibition induced

by neuropathic pain (Sandkuhler, 2009b)and identified cellular and network properties
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that contributed most to pain progress ion as well as therapeutic relief by afferent
stimulation. We quantified the variability in neural output due to these changes as a
function of SCS frequency, clustered the responses, and found that clusteraveraged
responses matched previously published recordings of projection neuron responses to
SCS(zZhang et al., 2015) To compare with model responses to disinhibition in vivo, we
applied bicuculline, a GABA a receptor inhibitor, or VU0463271, a KCC2 receptor blocker
that shifts chloride re versal potential, and we quantified responses to stimulation
following a spared nerve injury model that unmasked behavioral allodynia (Decosterd
& Woolf, 2000). We found both non-monotonic and monotonic clu ster-averaged
responses for neurons inhibited and excited by | O1 EUUPEE OwU b EU Qe @wo i
ES)and increases in neuralactivity following thesemodels of neuropathic pain that
were similar between the computational model and neurons recorded in vivo.

Different neuropathic pain states reduced correlations between neurons across
the model network relative to the healthy network state. In vivo, stimulation increased
correlations between putatively inhibitory neurons, but addition of pharmacological
agents that reduce inhibition in the dorsal horn reversed these changes in correlations
EOUT wEl | OUI wiES Ehuk decrénéek incoelation across the dorsal horn
network was associated with the progression of neuropathic pain. Finally, we identified
combinations of SCS frequencies applied across multiple receptive fields in the model

and in vivo that inhibited neural activity more than single frequency stimulation alone.
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Collectively, these results demonstrate how the progression of neuropathic pain affects
the dorsal horn network, identifies novel biomarkers for pain and therapeutic efficacy,

and demonstrates how optimized SCS parameters can improve therapy.

3.2. Methods

Animal setup

The setup for our recordings has been described elsewherg(Zhang et al., 2015)
Briefly, we recorded dorsal horn (DH) neurons from 42 male Sprague -Dawley rats (300
5009). Rats were anesthetized with isoflurane (3.0% inhaled, Abbott Latoratories) and
urethane (1.2 g/kg subcutaneous injection, Sigma Aldrich). Rats were monitored for a
response to pinching the hindpaw and a second (0.4 g/kg) and third (0.1 g/kg) dose were
given if rats showed a withdrawal reflex. Rats were mounted on a ste reotaxic frame on
top of a heating blanket, and we monitored their respiration, heart rate, and temperature
throughout the experiment to ensure they stayed within a physiological range (Gaymar
T/Pump and PhysioSuite; Kent Scientific, Torrington, CT). We performed a tracheotomy
to maintain respiration, exposed the sciatic nerve at the branch point of the tibial,
peroneal, and sural branches, performed a laminectomy from L1 to T13 spinal segments,
and resected the dura over the exposed spinal cord segments. V& used cuff electrodes to
stimulate the entire sciatic nerve or individual branches (Microprobes for Life Science,
Gaithersburg, MD). We stimulated the tibial branch and the peroneal branch using two

cuff electrodes for dual frequency optimization experime nts. In a subset of naive
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animals and in SNI animals we inserted a custom four contact electrode with 0.6mm x
0.6mm platinum iridium coated contacts underneath the T10 -T11 vertebrae (Dyconex,
Zurich, Switzerland). Stimulation was applied at 60 -70% motor threshold based on
amplitudes used in prior experiments for conventional spinal cord stimulation (Smits et
al., 20136 w, OUOUwWUT Ul UT OGEUwPT Ul wEl U1 UOPOI EwUUDOT wk
stimulation site. We applied gallamine triethiodide (1ml/hour at 0.2 g/ml i.p. injection,
Santa Cruz Biotechnology, Dallas, TX) to paralyze the animal following motor threshold
testing.
Spared nerve injury

A subset of animals underwent an additional surgical procedure to induce nerve
injury using a spared nerve injury (SNI) model prior to acute recordings to induce
mechanical hypersensitivity (Decosterd & Woolf, 2000). We performed an initial
behavioral assessment prior to the surgery to assess animals baseline respons@onin et
al., 2014; Chaplan et al., 1994)For the surgical procedure, general anesthesia was
induced using an isoflurane vaporizer (4% for induction and 2% for maintenance). We
also applied a single dose (5.0mg/kg) of a local anesthetic (Carprofen, 50mg/ml, Sigma
Aldrich) at the incision site prior to the procedure. We trimmed the fur and cleaned the
area on the left hindlimb using iodine and 70% isopropyl alcohol. We used blunt
dissection to expose the sciatic nerve at the branching point where the three terminal

branches (tibial, sural, and common peroneal) emerge. The tibial and peroneal branches
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of the sciatic nerve were ligated using 5-0 silk suture and a ~3 mm section of each branch
was resected distal to each ligation. We cleaned the incision area and sutured it shut
using 5-0 vicryl. Ani mals were monitored following the procedure and we performed
behavioral assessments on day 3, 5, 7, and 14. The recovery period of-T4 days was
selected based on the time taken for rats to develop mechanical sensitivity following SNI
and prior studieson 1 | 1 1 E U-ESudiidwing rferve injury (Decosterd & Woolf, 2000;
Sdrulla et al., 2015) Four out of five animals developed mechanical hypersensitivity
and were included in subsequent acute recording experiments.
Neural recordings, unit classification, and sorting

The procedure for neural recordings has been described elsewhere(Zhang et al.,
2015) Briefly, following motor threshold testing and paralysis, we inserted 16 - or 32-
contact acute recording electrodes (Neuronexus, Ann Arbor, MI) to record neural
Ul Ux 00U IES.Elgcrodesdwere slowly inserted into the lumbar spinal cord just
medial to the dorsal root entry zone at a 30-45° angle along the rostralcaudal and
medial -lateral axis. Individual units were filtered, amplified, and identified online using
a 32channel MAP recording system (Plexon, Dallas, TX). Single units were sorted again
in offline analysis (Offline Sorter V3, Plexon) using the first three principal com ponents,
waveform energy, and waveform amplitude at each time point (slice). We evaluated
Ul UxOOUIT UwoOi wEOUUEOwWI OUOwU OB BERID(BYE®A0jancE DI 1 1 Ul
150 Hz). We stimulated on the tibial branch of the sciatic nerve for periph eral nerve
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stimulation or over T10-T11 for dorsal column stimulation. We used brushing and
electrical stimulation as a search stimulus to identify units in the receptive field of
interest. We also attached a bipolar cuff electrode along the sciatic nerve poximal to the
branch point and stimulated at 50-60 times motor threshold to drive C -fiber activity.
We applied bicuculline methiodide (Alfa Aesar Haverhill, MA) or VU0463271
(Tocris Bioscience, Bristol, UK) intrathecally over the spinal segment where we were
Ul EOQOUEDOT wi UOOwi 60006pDHOT WEUWOI EVU0wWOOI WEOOBEOWOI
71 5 OWEPEUEUOODPO] wbOwysNUwWUEODPOI wUOOUUPOOWOU W
Hamilton syringe. We waited 20 -30 minutes following application of the drug before
starting another recording block.
We sorted individual units based on their responses to mechanical stimulation
and based on their waveform shape. Responses to brush, pres, pinch, and crush
stimulation were evaluated over a 15 second window for each stimulus with 10 seconds
in between. For mechanical stimulation, we brushed the ipsilateral hindpaw with a
camel-hair paintbrush for brush, used mild pressure with forceps for press, moderate
pressure with an arterial clip for pinch, and heavy pressure using forceps for crush.
Neurons were classified as nociceptive-specific (NS) if they only responded to pinch and
crush or only crush, wide -dynamic range (WDR) if they responded w ith increasing
firing rates to each successive stimulus, and low-threshold (LT) if they only responded

to brush/press stimulation. Neurons that did not show significant responses to

122



mechanical stimulation or did not fit within these response groups were cl assified as NA
but were included in subsequent waveform classification. We also classified individual
units using their waveform shape because prior studies have found a functional
difference between dorsal horn neurons based on their waveform shape (Lee et al.,
2019) Neurons were classified as either monophasic or biphasic using a custom
classification algorithm based on fitting each waveform to a double exponential (Snyder
et al., 2016)and normalizing the peak amplitude to +/ - 1. The algorithm extracts the time
between peaks, the heght of each peak, the spread of each peak, and the rise/fall time of
the waveform for classification. Units are sorted using a gaussian mixture model and
assigned to monophasic or biphasic groups if the confidence of cluster membership was
at least 60%. Pior experiments have indicated that monophasic neurons are putatively
excitatory (pEX) and biphasic units are putatively inhibitory (pIN) based on the
expansion of receptive field size and patterns of activity. We identified responders to
stimulation based on procedures described previously (Zhang et al., 2015) Briefly, we
generated poststimulus time histograms (PSTH) of neural responses at each frequency
after blanking the stimulus artifact. We determined the optimal number of bins for the
PSTH using objective criteria and sampled spontaneous activity from before the trial
using the same bin width and artifact blanking times (Shimazaki & Shinomoto, 2007).
We identified neurons that were responders to stimulation if their activity was

significantly different from spontaneous act ivity (z>1.96) in three consecutive bins.
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We used the same procedure for clustering responses recordedn vivo as for
model neurons. Individual unit activity was normalized across all frequencies such that
the largest change in activity was +/- 1 depending on the direction of the response
(Lemay & Grill, 2004). Responses were clustered based on their first two principal
components using fuzzy c-means. based on the first two principal components of their
response to all amplitudes.
Computational model network architecture and biophysics:
We used an existing biophysically validated computational network model of the
dorsal horn as the basis for each node in the distributed network model (Zhang et al.,
2014b) The model consisted of primary afferent fibers that conveyed info rmation from
the peripheral receptive field to the model neurons that represented central sensory
processing within the dorsal horn. Peripheral spatiotemporal inputs to the model were
conveyed through three types of primary afferents: large diameter affere OUU wop ¢ AWEOOY I
UOUET wbOi OUOEUDOOwPT POT wUOEOOT UwUT pOOawbdal OPOE
convey nociceptive information. The afferent fibers communicated information through
spike trains whose inter-spike intervals were drawn from a homogeneou s Poisson
process representing biological spike rates with propagation delays drawn from
published conduction velocities (Harper & Lawson, 1985). SCS inputs were applied
through ¢ wi PET UUB w2DOET w2" 2wbOxUUUWEUI WweUUUOI EwUO

stimulation site to the network, we assumed a 100-mm distance between the stimulation
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site and the network and implemented a spike collision model between orthodromic
peripheral inputs and SCS inputs. There are three types of model neurons: inhibitory
(IN) interneurons, excitatory (EX) interneurons, and wide -dynamic range (WDR)
projection neurons. Briefly, neuron dynamics were based on patch-clamp recordings
from substantia gelatinosa and deep dorsal horn neurons (Aguiar et al., 2010; Melnick et
al., 2004b; Prescott & De Koninck, 2005)Each neuron was modeled using a Hodgkin-
Huxley type membrane and consisted of four segments ¢ a dendrite, soma, axon initial
segment (hillock), and axon. The ionic currents in each component of the neuron and the
compartment sizes match the earlier model.
The network architecture of the model was multilayered with individual nodes
representing processing within different zones and inhibitory and/or excitatory
connections between nodes representing connections across the entire receptivdield
(Figure 3.4A). The connections within each node (Figure 3.4Ci) were based on the gate
control theory and prior computational models of the dorsal horn (Aguiar et al., 2010;
Melzack & Wall, 1965)8 w, OET OQw( - wbOUI UOT UUOOUWUI ET BDYIT Ewb Ox
interneurons received inputs from C fibers and the IN interneur on, and WDR projection
Ol UUOOwWUI EI BYI EwPOxUUUwWI UOOwWw ¢Ow uOwEOEwW" wi PEI
The connections between zones Figure 3.4Cii) were based on experimental recordings
of surround inhibition showing three distinct zones (Hillman & Wall, 1969) . Zone 1

receives information from primary afferents in the center of the receptive field, zone 2
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from the area immediately surrounding zone 1, and zone 3 from the peripheral areas of
the receptive field (Figure 3.4A). Zone 2 sends both inhibitory and high threshold
excitatory inputs to zone 1. Inhibition from zone 2 increases the focality for painful
stimuli while the high -threshold excitatory inputs increase the magnitude of signals for
larger stimuli. Zone 3 and sends only inhibitory inputs to zone 1. Inhibitory connections
between zones were from the surround IN interneuron to the local EX interneuron and
local WDR projections neuron. Excitatory connections between zones were from the
surround EX neuron to the local WDR projection neuron. Note that the connections were
bidirectional because the surround of the zone 1 receptive field area is the center of
another receptive field area. Therefore zone 1 also sent inhibitory connections to zone 2
and zone 3 nodes. The weight of the connections was modified from the weight of
surround inhibition in Zhang et al. (2014b) so that the baseline firing rate of the zone 1
WDR neuron in the default network state did not change. The total conductance of
inhibitory synapses from local IN to local WDR was 5.3 nS for both glycinergic and
GABAergic connections. The total conductance of GABAergic inhibition was 5.8 nS for
surround IN to local W DR synapses and 7.3 nS for surround IN to local EX synapses.
The total conductance of AMPA connections was 2.2 nS for local EX to local WDR
synapses and 1.5 nS for surround EX to local WDR synapses. We assumed a standard
synaptic delay of 1 ms although changing this parameter did not have a significant effect

on model output. The membrane dynamics of the individual neurons, the neuron model
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neuron geometries, and the total conductance of synapses between primary afferents
and model neurons were unchanged from Zhang et al. (2014b). All simulations were
conducted in the NEURON simulation environment v7.4 and v7.5 (Hines & Carnevale,
1997)with a time step of 0.0125 ms and secondorder implicit Crank -Nicholson
integration. Simulations depicted 21 second periods with SCS turned on for the latter 10
seconds. The first second of data was discarded to allow the model to initialize, so
comparisons between the baseline response and SCS response were performed with 10
seconds of data each.

Model inputs and validation:

Primary afferent fibers were represented in the model with a NetStim object in
-%$41. - 6wWS$EET wOOET wbOwUIT T wOI UPOUOWUIT El BYT EWEOWD
and 30 C fibers. For the default network state, interspike intervals were drawn from a
Poisson distribution with mean spike rates recorded from dorsal root ganglia neurons in
rats with neuropathic pain (2.2 spikes/s for A fibers and 1.5 spikes/s for C fibers) and one
third of the A fibers exhibited bursting behavior. For bursts of activity, the intrab urst

firing rate, interburst time, and number of spikes per burse were all drawn from a

UOET Uwoi wUx b OI U o(katandér & Bentktt, 2992; LiGetaly 2080uFokthe
normal mod el state, 50% of peripheral afferents were active in zone 2 and 25% were

EEUDYI wbOwaodl wt wi OUWxEPOwWhOxUUUWUT UOUT T wx1l UDx



fibers were active for SCS inputs in the default model state. The spread of pain and SCS
to surround zones was implemented by activating small diameter nociceptive fibers (C

To test edge effects in the model we expanded the number of nodes in the model
from 5 to 13 and applied default neuropathic pain inputs with the same statistical
properties to every node in the model. Edge nodes were added with the same
connectivity scheme and connection weights between nodes remained the same as
defined by the network architec ture. For comparison with data in Foreman et al. (1976),
we applied Poisson spike trains through afferent inputs with average spike rates
matching mechanical pinch input (9 spikes/s for A fibers and 2.5 spikes/s for C fibers). 1
"aw2" 2wk EUWE x ferénB inEZandJXouly t¢ meBslure the impact of surround
inhibition in the model. We found that two nodes per surround zone was sufficient to
replicate surround excitatory and inhibitory effects. Therefore, we used five nodes for
the center nodes in the madel ¢ one node in zone 1 and two each in zones 2 and 3. To
ensure that edge effects did not alter the center node responses, we increased the
number of nodes in the model and measured the activity of all the nodes in the model
(Figure 3.11). We delivered spike trains with the same average rates along the afferent
fiber inputs for each node. We found that using nine nodes meant the center five nodes
were not influenced by the activity in the edge nodes. For the remainder of our

simulations, we used nine nodes and discarded the responses of the four edge nodes. To
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validate network responses to single pulses of SCS, we reproduced the finding from
Foreman et al. (1976) that pojection neuron activity induced with a mechanical input
was inhibited by dorsal column stimulation in surround receptive field areas. We

simulated stimulation of afferent fibers in zone 1 of the model with a spike train with

statistical characteristicsOE UET POT wUOT EVwOI wE wx(Slugdet &1.]2008)0 w? x DOE

We also appliedal’ 4 wOOET Ol Ew2" 2wbPOxUU0wl0OwUT I wEOUUEOQWEO

in zone 2 and measured the change in firing rate of the zone 1 WDR neuron relative to
baseline with no SCS input. Model responses matched the relative amount and time
course of inhibition from experimental stimulation ( Figure 3.4D).

Hillman and Wall (1969) identified three distinct zones in receptive fields based
on their responses to monotonically increasing peripheral electrical stimulation that we
sought to reproduce with the model: zone 1 stimulation caused a steady increase in the
number of impulses recorded from the zone 1 cell, zone 2 stimulation caused an initial
decrease in zone 1 firing rate at low stimulation intensities followed by an increase at
high stimulation intensities, and zone 3 stimulation caused a decrease in zone 1 firing
rate at all intensities (Figure 3.4E) (Hillman & Wall, 19 69). For comparison with their
data, we applied Poisson spike trains through afferent inputs with average spike rates
(1.3 spikes/s for A fibers and 0.5 spikes/s for C fibers) matching mechanical press that

would generate WDR firing rates of at least 5 Hz and up to 20 Hz (Slugg et al., 2000) We

also adjustedthe? U1 Ul UT OOE~>» wUUDPOUOUUwWDPOUI OUPUa woIi w
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fits to match the experimental threshold of 2V, represented increasing stimulus intensity
EAWEEUDYEUDPOT WEWOEUT I Uwx1 UET OQUET T wOi wET 1 U1 00w
fibers and generated input-output curves for comparisons with experimental data

(Sdrulla et al., 2015) Consistent with Hillman and Wall, low stimulation intensities

produced both inhibitory and excitatory responses in zone 1 but only inhibition if

surround zones 2 and 3 were involved. Higher stimulation intensities increased zone 1

WDR activity from stimulation in zones 1 and 2, with zone 3 still producing only an

inhibitory effect due to a lack of excitatory connection s between zones 1 and 3Sdrulla et

al., 2015; Slugg et al., 2000)

Sources of variation within the model:

The Monte Carlo method relies on repeated random sampling of inputs to
compute results for uncertain scenarios. Here we generated random network states by
varying several parameters in three categories: stimulation, mechanisms, and
biophysical parameters. Stimulation parameters represented possible changes to the SCS
program through the spatial complement of fibers that was activated or modifying the
frequency. Biophysical parameters represented stochastic differences in the
conductances of projection neurons that change excitability (Ratte & Prescott, 2016)
Network parameters represented the changes in network states that occur due to

progression of neuropathic pain and los s of inhibition in the network. See Table 1 for a

description of each parameter and the constraints used for the Monte Carlo simulations.
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Randomized network states were generated with latin hypercube sampling (LHS) of
input parameters except SCS frequency. LHS geneates a square grid of M intervals for
N variables within the range for each parameter, where M is the number of trials, with
parameter sampling drawn from a uniform distribution within each M to ensure a good
representation of the variability. Each network state was tested at 1, 10, 30, 50, 100, and
150 Hz because these frequencies were identified as important points in the Zhang et al.
(2015) model due to activation of different microcircuits within the network model from
relative activation of different i nputs. Monte Carlo parameter inputs were generated in
MATLAB (R2018a, Mathworks, Natick MA).

Statistical analyses were conducted in JIMP (JMP Pro 13.0.0, Cary, NC) and
, 3+ ! w6l wEEOEUOE Wiotmodifyirg edcH of thefndinupamBracters o ©
using the sum of squares of the effect (S&ect) variability divided by the total sum of
squares (Setw, Equation 3.1). The effect sizes of interactions were calculatedusing the
sum of squares of the interactions between two parameters. We repeated the analysis for
zone 1, zone 2, and zone 3 WDR model neurons. For zone 2 and zone 3 model WDR
neurons the effect sizes of individual parameters were averaged within zones. We
measured the interaction effects of different parameters to see if different simulated pain
conditions interacted to affect the variance of the model responses.

Equation 3.1
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Clustered model responses:

We used principal components analysis-derived coefficients to normalize the
variable firing rate between model neuron types. The coefficients were derived from the
correlation matrix of the model neuro n outputs ¢ the firing rate normalized to baseline
across each of the trials, not the instantaneous firing rates used for the correlation
calculations (Lemay & Grill, 2004). Although the inputs to each node in the model were
unique, inputs within a zone shared the same statistical properties so we averaged the
correlations prior to calculating principal components. For clustering responses, we
calculated the scores for the first two principal components of the individual model
neuron whose responses was being clustered. We used fuzzy emeans (FCM) clustering
to group model responses because it is an iterative clustering method like k-means but
assigns a probability for cluster membership, and the membership function is a
sigmoidal curve rather than a step function. This was appropriate for analysis of the
Monte Carlo results because the cluster boundaries in component space were diffuse
rather than sharp. The objective function for fuzzy ¢ -means clustering (J») is calculated
by finding the distance of each data point (xi) from each cluster center (g). D is the total
number of data points and N is the number of clusters in the data. The algorithm is
initialized by randomly assigning a likelihood of cluster members hip to the fuzzy
x EUU DB U D O §EqUatid ILR Tihepkacation of the cluster centers Equation 3.3) and

the fuzzy partition matrix ( Equation 3.4) are updated on each run through the algorithm
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until the solution converges. The value of m, the exponent of the fuzzy partition matrix p
in the objective function, controls the fuzziness of the boundaries between clusters. We
used the default value of 2.0 for m, a maximum of 500 iterations, with a min imum
improvement of 1 e-5). We repeated the procedure iterating from one to five clusters, N.
We used the Davies-Bouldin evaluation and silhouette method to determine the optimal
number of clusters in the data set (Davies & Bouldin, 1979; Rousseeuw, 1987)We used
the weighted average of the probability of cluster membership and each individu al
frequency response to calculate the average frequency response for each cluster. We

repeated this same analysis for neurons recordedin vivo.

Equation 3.2
0 A o @
Equation 3.3
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Equation 3.4
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Network correlations:
We used the spike time tiling coefficient (STTC) to calculate correlations between

neurons across the network (Cutts & Eglen, 2014) Unlike other correlation metrics, the
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STTC is not confounded by firing rate and there were large differences between
instantaneous firing rates of neurons recorded in vivo and the STTC is also bounded
between 0 and 1 so we could canpare across experiments.We calculated correlations
without SCS over a five second period after allowing the model to initialize for three
seconds. We calculated correlations during SCS from immediately after SCS was
initialized to account for SCS onset dfects. To find the correlation across zones, we
averaged the correlations between the model neurons within each zone. To calculate
correlation differences for a given model state, we subtracted the correlation matrix for
the reference state.
Optimization Simulations:

For dual frequency optimization simulations we used frequencies of 0, 10, 30, 50,
90, and 150 Hz in zone 1 and 0, 10, 30, 50, 90, and 150 Hz in zone 2. We calculated the
change in firing rate of zone 1 and zone 2 model WDR neurons and then compared the
response to stimulation in zone 1 alone. For example, we compared 10 Hz zone 1, 50 Hz
zone 2 stimulation to the response of 10 Hz stimulation in zone 1 alone. We also
calculated correlations between all model neurons for each frequency pair and
compared to zone 1 stimulation alone. For triple frequency optimization simulations, we
UUT Ewi Ul gU1 OEPT UwlOi whOwk Owhy Owhik wo uk Yw' dadwbOwa O
and 3. The simulations were run for 21 seconds with SCS applied betveen 11 and 21

seconds. We measured efficiency by adding together the SCS frequencies applied in each
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zone. We measured efficacy as the percent reduction in the normalized firing rate of the
WDR neurons averaged across all three zones. The efficacy score as calculated using a
weighted average of the efficacy across all three zones. We used equal weighting for all
three zones although changing the weighting to between 25% and 50% for each zone did
not significantly change the output of the efficacy score. We also calculated a correlation
score using the difference between the sum of correlations between inhibitory neurons
and the sum of cross correlations between inhibitory and cross correlations. For each
score component, we calculated the zscore across dl29,791 possible combinations of
frequencies. All components fit a normal distribution (Anderson -Dahling test, p<0.05).
The optimized score was the sum of the efficiency and efficacy scores with efficacy

weighted three times as much as efficiency.

3.3. Results

3.3.1. Classification of neurons recorded in vivo and effects of
neuropathic pain

We recorded multiple units simultaneously from the dorsal horn of urethane -
anesthetized rats (Figure 3.1A). Using brush as a search stimulus, we identified units
that responded to mechanical stimulation on the ipsilateral hindpaw and classified
neurons based on their responses to brush, press, pich, crush (BPPC) mechanical
stimulation ( Figure 3.2Ai -Aiii) as well as waveform shape (see Methods, Figure 3.2B).
Neurons with monophasic waveforms were classified as putatively excitatory (pEX)

while neurons with biphasic waveforms were classified as putatively inhibitory (pIN)
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(Lee et al., 2019; Snyder et al., 2016We quantified changes in in vivo neural activity
following three distinct interventions that lead to disinhibition within the dorsal horn:
intrathecal application of VU0463271 (VU), an inhibitor of the K+/Cl - co-transporter
KCC2, intrathecal application of bicuculline (BICU), a GABA a receptor antagonist, and
spared nerve injury (SNI), a well -established model of chronic neuropathic pain [18, 22,
37]. When we classified neurons by physiological response, VU and BICU increased the
mean activity for most NS, WDR, and LT neurons, and the population activity in SNI
animals was higher for NS neurons and LT neurons, but not for WDR neurons;

however, changes in mean firing rate were not significant for physiological

classifications (Mann-Whitney U -test, Figure 3.2C-D). When we classified by waveform
shape, VU significantly increased activity for pIN neurons, but not pEX neurons,
matching responses from prior experiments that characterized neural responses to a
KCC2 inhibitor ( Figure 3.2Ei) (Lee et al., 2019)BICU significantly increased spontaneous
activity in both pEX and pIN neurons. Overall, 72% of pIN neurons and 80% of pEX
neurons increased activity following application of BICU, a | arger proportion than prior
experiments that found an increase in spontaneous activity in 42% of projection neurons
following application of BICU ( Figure 3.2Eii) (Zhang et al., 2015) We also examined the
spontaneous activity of all pEX and pIN neurons in naive and SNI animals and found
that pEX neurons in SNI animals, but not pIN neurons, had significantly higher

spontaneous firing rates than neurons recorded in naive animals (Mann-Whitney U -test,
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p<0.05,Figure 3.2F). However, this comparison could be confounded by the specific
position of the recording electrode which was slightly different across animals.

We also compared population responses to mechanical inputs across different
pain models. For physiological classification s, VU unmasked a larger response to brush
but not crush inputs in pIN neurons. BICU also unmasked a larger response in pEX
neurons to brush inputs, and a larger response to both brush and crush inputs in pIN
neurons. Elevated responses to brush inputs indicate that both pharmacological models
may unmask a new excitatory pathway for low -threshold inputs to specific neural
populations, but crush may already saturate excitation within the dorsal horn network
(Figure 3.10A-B) (Peirs et al., 2020; Peirs & Seal, 20168ICU also unmasked additional
neurons that were not present earlier in the recording in two of five animals. While
neurons recorded in SNI animals did not exhibit a significant change from naive animals
for brush or crush inputs, these animals did exhibit allodynia within 14 days of the
initial procedure ( Figure 3.9). Additionally, we recorded more pIN neurons on average
in naive animals, but more pEX neurons in SNI animals, indicating that additional
circuits may be active in the chronic pain model (Figure 3.10C). These results reveal that
the disinhibition associated with chronic pain generally amplified neural activity and
produced somewhat heterogeneous changes in reural response across pain models: loss

of GABAergic inhibition amplified all network activity, changes in Cl - reversal potential



altered responses to low-threshold inputs and pIN neuron activity, and SNI primarily

amplified pEX neuron activity, although p IN neuron activity also increased.

3.32.Neur al r e s p cES @re ketetogenavbs, but clustered
responses emerge

We stimulated both the dorsal columns to quantify responses to spinal cord
stimulation and branches of the sciatic nerve to quantify responses to selective
stimulation targeted to specific RF zones. Both forms of stimulation primarily target
OEUT | WEDEOI (Phrkkuet 3,201, Bdruldkual., 2015) WE OE wbP F wlOUT w ¢
1 Ol EUUDE E OwESEEErD 6 Btilv@afian @pplied in vivo in either location.
Changes in neural responses varied from strong inhibition, through no response to
strong excitation to stimulation frequencies from 10 to 150 Hz (Figure 3.3A-B). Higher
stimulation frequencies generated greater inhibition, particularly of pIN neurons ( Figure
3.3C). Approximately two thirds of the simultaneously recorded neurons were
responders to stimulation at least one frequency (Figure 3.3D), and the humber of
responders did not differ substantially by frequency. We analyzed frequency -dependent
change in activity using two methods. First, we categorized individual neurons based on
whether they responded to stimulation and if so, whether they w ere either inhibited or
excited by stimulation ( Figure 3.16). Second, we clustered responses across frequencies
O wESHn principal component space using fuzzy c-means clustering, an iterative
method that handles overlap between clusters by assigning a probability of cluster

membership (Figure 3.3E). We repeated thisprocedure using two to five clusters and

13¢



found that four clusters optimally delineated the distribution of model responses
(Rousseeuw, 1987; Tibshirani et al., 2000 WEQw? DOT PEPUDPOT » wEOUUUI UOWE
T EUDPOT 2 wEOQUUUT UwbkbT 1T UT woOI UU OO wU80 bz theClhicdlyu E UT wU U
observed effective range (Oakley & Prager, 2002) and increase at higher frequencies
(100150 Hz), andE OW? EEEx UDPOT » wEOUUUI UwUT ECwPEUWUT T wbOY
response clusters matched remarkably well previous classifications of projection neuron
responses to SC§Zhang et al., 2015)
Response clustering suggested that the stinulation frequencies that were most
effective at inhibiting neural activity varied across the different modes of disinhibition,
(i.e., different models of neuropathic pain). In naive animals, stimulation was mostly
inhibitory, with 39% of pEX neurons classi fied as inhibited and 19% classified as excited
across all frequencies, but the proportion of pEX neurons inhibited by stimulation
decreased for each of the pain models Figure 3.16). VU led to the greatest increase in the
proportion of pIN neurons that were excited by stimulation, but this change did not
appear to be frequency dependent. VU also led to a substantial increase in the
percentage of neurons within the exciting cluster (16% and 32% for pEX and pIN,
respectively, Figure 3.3F). The percentage of pINneurons that responded increased from
87% in the naive condition to 93% after application of VU (Figure 3.3G). Interestingly, 90

Hz stimulation was the only frequency that increased the proportion of pEX neurons

that were inhibited ( Figure 3.16B) and both 10 Hz and 90 Hz stimulation reduced the
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mean activity of pEX neur ons despite the net increase in activity from disinhibition
(Figure 3.3H-I), indicating that specific stimulation frequencies may maximize
inhibition.

Application of BICU had a smaller effect on neuron responses to stimulation
compared to the other pain models. Across all stimulation frequencies, BICU shifted the
percentage of pEX neurons that were inhibited by 7% (Figure 3.16) and increased the
percentage of pEX neurons in the inhibiting cluster by 9% (Figure 3.3F). Additionally,
the net effect of stimulation on pEX and pIN neurons following application of BICU was
inhibitory and 30 -90 Hz led to similar levels of inhibition, as in naive animals ( Figure
3.3H-I). However, BICU substantially decreased the proportion of neurons that
responded to stimulation, and only 55% of pEX and 58% of pIN neurons responded
compared to 77% of pEX and 87% of pIN neurons in the naive condition (Figure 3.3G).

. YT UEOOOwWPT POl WExxOPEEUDPOOWOI w! (" £8OEUI EUI E wli
similar effects on individual neuron respon ses as in naive animals, although the
population of responders to stimulation may be smaller.

SNI led to a greater increase in the proportion of pEX neurons excited by
stimulation than either of the other two pain models, and this increase in excitation w as
particularly pronounced for low frequencies ( Figure 3.16B-D). SNI also led to a
substantial increase in the percent of neurons in the adapting cluster (17% and 13% ér

pEX and pIN neurons, respectively, Figure 3.3F) and the mean effect of stimulation
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frequencies between 10 and 30 Hz was excitatory for both pEX and pN neurons (Figure
3.3H). However, stimulation frequencies from 90 Hz to 150 Hz led to a much smaller
percentage of pEX neurons that were excited by stimulation and 150 Hz stimulation led
to net inhibition of pEX neurons ( Figure 3.3H). These changes in frequencydependent
responses for individual pain models indicates that specific parameter combinations
may be necessary for different types of heuropathic pain.
C-fiber sciatic stimulation drove additional activity throughout the network, and

¢ES in combination with C -fiber sciatic stimulation led to a net increase in neural
activity compared to sciatic stimulation alone. While responses were still heterogeneous
(Figure 3.17A-B), the strongest net increases in excitation occurred at 50 Hz for both pEX
and pIN neurons (Figure 3.17C). We also compared the effect of ¢ES stimulation
neurons were classified as inhibited and 36% classified as excited compared taheir
activity during C-fiber stimulation alone ( Figure 3.17D). Only two response clusters
1 Ol Ul 1 E u&B id tbmbingation with C -fiber sciatic stimulation: an exciting cluster
and an inhibiting cluster ( Figure 3.17E). Application of VU or SNI led to a substantial
increase in the percentage of pEX and pIN neurons in the exciting cluster compared to
naive animals. Application of BICU also increased the percentage of pIN neurons that
were excited, but also increased the percentage of pIN neurons that were inhibited.

. YT UEOOOwUI {FES (S stiatld stith@ation ¢n individual pain models were
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UP OB OE UwU O wUES kot Ardicating thad the effi E U U wESiwere due to the
temporal properties of stimulation rather than the baseline activity of individual

neurons.

3.3.3. Validation of distributed network model and frequency
response

We implemented a distributed biophysical network model, incorporating a
center-surround architecture, to quantify the response of spinal neurons to the combined
effects of peripheral afferent, spinal segmental, and stimulation -generated neural
activity ( Figure 3.4A-C). Each node in the model represented a distinct area within the
receptive field (RF) with unique peripheral inputs. Each zone in the model was made up
of one or more nodes and represented an area with distinct excitatory and inhibitory
connections between the nodes: zone 1 was the center of the receptive field, zone 2 was
the immediate surrounding area with inhibitory and excitatory effects on zone 1, and
zone 3 was the edge of the receptive field with only inhib itory effects on zone 1 (Figure
3.4C) (Hillman & Wall, 1969) . The firing rate of the WDR neurons was the primary
outcome measure because projection neuron activity is correlated with pain intensity
(Simone et al., 1991and is used as a marler of SCS efficacy(Foreman et al., 1976; Guan,
2012)

We validated the model by comparing model neuron responses to experimental
recordings. Ongoing projection neuron activity generated by mechanical inputs was

inhibited by 1 Hz dorsal column stimulation in surround receptive fields (Foreman et al.,
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1976) and model WDR responses matched both the degree and time course of inhibition
measured experimentally (Figure 3.4D). Further, both the pattern and magnitude of
effects on zone 1 from stimulation of surrounding RFs matched experimental responses
from Lamina V projection neurons ( Figure 3.4E) (Hillman & Wall, 1969) , indicating that
the model network architectu re captures realistic centersurround RF behavior. We
guantified the SCS frequency dependence of model WDR responses in each zoneKigure
3.4F). Acrossall three zones we observed similar SCS frequency dependence with some
variability due to different levels of peripheral pain and SCS inputs (see Methods), and
these frequency response curves are consistent with prior measurements(Zhang et al.,

2014b)

3.3.4. Effect of neuropathic pain on neural activity and clustered
neural responses in the computational network model

We ran Monte Carlo simulations across 2,000 network states with bounded,
stochastically sampled parameters to quantify the effect size of different parameters on
the network model output. WechaUE E U1 UP a1l E wU? dnihé noimhlized fiibgb 4 | wop<
rate of model WDR neurons in zone 1 attributable to of important cellular and network
variables underlying pain -related disinhibition on SCS responses (igure 3.5A-C)
including: reduced drive onto inhibitory interneurons, reduced inhibition from
inhibitory interneurons to projection neurons, and a shift in the anionic reversal
potential of inhibitor y synapses due to a loss of function of the Ct transporter KCC2

(Table 3.1) (Costigan et al., 2009; Sandkuhler, 2009a)-urther, neuropathic pain can
14z



spread and move to new locations as the disease progresses, and we implemented
disinhibition in both the central and surro und nodes (Bains et al., 2015) Additionally,
we varied the maximum sodium and potassium conductances of the WDR neuron to
simulate heterogeneity in the population of projection neurons (Ratte & Prescott, 2016)
Finally, we altered the proportion of dorsal column fibers activated in each RF zone by
SCS to quantify the effects of spatial targeting and engaging surround activation on
model neuron activity. To determine how each parameter influenced the frequency
response curve, we recalculated effect sizes at eachGS frequency.
The greatest contributions to the variance in response to SCS across model states
were from loss of function of the KCC2 transporter, implemented as a depolarizing shift
in Cl-reversal potential (Erev: parameter 1), SCS frequency (parameter3), and
interactions between parameters (parameter 14) Figure 3.5D). The large effect of
compromised KCC2 function is consistent with the resulting at tenuation of inhibition
and, at high levels, inhibitory synapses switching to excitatory (Lavertu et al., 2014) To
clarify the effect of other model parameters, we recalculated the effect sizes of each
parameter in the 400 of 2,000 model variants whereEr remained at -70 mV. Between 1
EOEwt Yw' a0OwUT 1 wUOUT O1T U1 woOil w ¢ wbOx UINLaud OwUT 1 woo
and IN -WDRsuround (parameter 3) contributed most to determining the WDR responses,
PT DOl wEUwWK Yw' 4 wE OE wE E @bers activatédibyusCs (arameter 0 O wdi w ¢
11, 12) was the dominant contributor. Additionally, interactions between parameters

144



accounted for a large proportion of the total variance in model WDR neuron responses.
The interaction effect size includes all higher order interactions, and when considering
the effect size of just first-order interactions between parameters, interactions between
frequency, Eev, and SCSone1 contributed the most to the variance (Figure 3.5E-F). At 1
Hz, there were strong interactions between modes of disinhibition, while at higher
frequencies, interaction effects were dominated by Erv and SCSore1. The frequency-
dependent differences indicate that different mechanisms contribute to the response as
SCS frequency increases while the baseline state is dominated by the cumulative effects
or competition between modes of disinhibition. We repeated the analysis for model
WDR neurons in zones 2 and 3 fFigure 3.12) and the spread of pain, represented by
additional activation of small diameter C fibers (Pain z2, Painzs), contributed most to the
variance in the responses of surround WDR neurons, reflecting the importance of spatial
shifts in RF properties to pain progression. Collectively, these results emphasize that
SCS modulates both inputs from surround RF to the center RF and outputs from the
center to the surround.

We used the same procedure to cluster model neuron responses as for neurons
recorded in vivo. Three clusters optimally delineated the distribution of model responses
(Rousseeuw, 1987; Tibshirani et al., 200143% of the responses fell within the
?D01 PEPUDOT » wEOUUUIT UOwt Wi wi T OOwhwatihite OwUT T w?1 RE

21T EUDOT »Rgar©3BB)UAI bhodg inhibitory neurons fell within the exciting
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cluster, while all model excitatory neurons fell within  the inhibiting cluster ( Figure
3.5H). Model WDR neurons were split between the three clusters, with 42% in the
inhibiting cluster, 26% in the exciting cluster, and 31% in the gating cluster. Neuropathic
pain conditions elevated the baseline firing rate of WDR neurons in the model and
caused a shift from the inhibiting cluster to gating and exciting clusters across all model
neurons (Figure 3.51-J). The increased baseline firing rate from neuropathic pain
conditions (Figure 3.5) matched the elevated spontaneous activity and increased
responsiveness to mechanical inputs that we observed in neuronsin vivo after
pharmacological disinhibition ( Figure 3.2). In the model instantiations without a shift in
reversal potential or significant shift in GABAergic disinhibition (conditions resembling
the default state), 60% of neurons were in the inhibiting cluster, 37% were in the exciting
cluster, and 6% were in the gating cluster. In models with a shift in reversal potential of
at least 8mV only 34% of neurons were in the inhibiting cluster, 45% were in the exciting
cluster, and 22% were in the gating cluster. In models with at least a 25% reduction in
GABAergic inhibition 42% of model WDR neurons were in the inhibiting cluster, 38% in
the exciting cluster, and 20% in the gating cluster. This shift in cluster membership (i.e.,
response properties) matdhed the shifts of neurons recorded experimentally as
compromised KCC2 function after application of VU led to a much greater shift towards
excitatory responses than reduced GABAergic inhibition ( Figure 3.5J). Unsurprisingly,

given the shifts in cluster membership from neuropathic pain conditions, model WDR
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neurons in the exciting cluster also had higher baseline firing rates than model WDR
neurons in the gating and inhibiting cluster ( Figure 3.5K). Overall, the computational
model accounted for the diversity in neural responses to stimulation remarkably well

and described similar shifts in clustered neural responses following neuropathic pain.

3.3.5. Neuropathic pain decorrelated network activity and these
changes were reeSersed by AD

We calculated correlations between neurons using the spike time tiling
coefficient (Cutts & Eglen, 2014) which is independent of firing rate, to determine how
neuropathic pain and el ectrical stimulation altered population responses. In the model,
we compared changes in correlations between two different pain states to assess the
effects of neuropathic pain progression. First, the Cl- reversal potential was depolarized
by 8 mV in zone 1 (paineeA 8 w21 EOQOEQWUI T whpl1 DT T OUwWOI w ¢wbOxUU
halved and the weights of GABAergic inputs to WDR neurons were halved (pain ¢ re ).
Shifting the Cl- reversal potential led to a reversal in the cross correlations between
inhibitory and excitatory neurons ( Figure 3.6Ai) and reducing input weights and the
GABAergic conductance reduced inhibitory correlations and reversed cross correlations
(Figure 3.6Aii). SCS reversed these trends and reduced correléions between model
excitatory neurons (excitatory interneurons and WDR neurons) and reduced cross
correlations between model inhibitory and excitatory neurons ( Figure 3.6B).
Additionally, SCS amplified correlations between model inhibitory interneurons relative

to the baseline state with only stochastic peripheral inputs (Figure 3.6C). Changes in
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correlation were dependent on SCS frequency, and SCS 140 Hz increased cross
correlations in the model while 90 -150 Hz reduced cross correlations (rmANOVA,
p<0.001, posti OE w3 UOI a z U Righite 3.6DD We aby Guyntifiddihe time window
that maximized correlations in the model by shifting the width of the sliding window

used to calculate correlations (Cutts & Eglen, 2014) While SCS increased correlations in
the model with windows between 1 ms and 200 ms (rmANOVA, p<0.001), the change in
correlations we observed was maximized using a 10 ms window, indicating that the

fun ctionally significant timescale for correlations is consistent with the timescale of
synaptic inhibition for GABAergic and glycinergic synapses.

As in the model, pharmacological models of neuropathic pain (VU and BICU)
reversed the trends in correlations that we observed in naive animals. VU led to a
significant increase in correlations between all neurons, and population correlations
across all neurons were significantly different than the naive condition (post -hoc
3UO0I azUwUIl U0Owx @Y 6 §akichSbetiveert pANunBuroBsthkdiinEreaged® U U
correlations between pEX neurons and cross correlations, but correlations were not
significantly different from the naive condition (p =0.13). Pl UD x 1 | -BIaau ¢
modulated correlations in vivo and increased carelations between pIN neurons, reduced
correlations between pEX neurons, and reduced cross correlations (ANOVA, p<0.05,

post-I OEw3 UOI az UkiduieB.8FPpwx 3Y S Yk Ow
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# OU UE O wE ¢ES nddased aprrelations between pIN neurons, but it also
increased correlations between pEX neurons and cross correlations Figure 3.6Fii).
However, correlations between pIN neurons were still significantly larger than cross
correlations (ANOVA, p<0.05, post-Il OE w3 UOI1 a z UwU-ESiuSNuenidiysdeg k A8 w ¢
to a reduction in correlations between pIN neurons, and correlat ions were significantly
different than the naive condition (post -i OE w3 U0l az UwUl U0OOwx BYB Yk A8 w+ 1
changes in correlation after turning stimulation on were maximized with a sliding
window of 10 -20 ms Figure 3.6H), indicating that changes occurred on a synaptic
timescale. Taken together, these results suggest that correlations can be used as an
indicator of disease state, i.e., as a potential biomarker for disease progression and
therapeutic efficacy. Increases n correlations between inhibitory interneurons paired
with reduced correlations between inhibitory and excitatory interneurons after
stimulation indicate a healthy response to stimulation. Reduced inhibitory correlations
and increased cross correlations, @ no change in correlations after stimulation onset

may indicate ineffective stimulation.

3.3.6. Targeted dual frequency stimulation optimizes responses

It remains unclear how best to exploit the technical capabilities of modern SCS
hardware, which enables distributed delivery of different stimulation parameters to
different locations, and the model provides a tool to guide programming of an array of

distributed SCS electrodes. The results from aboveD OEDEEUT EwUT EQ WEDI i 1 Ul &I
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frequencies activated specific populations within the dorsal horn, and that neuropathic
pain shifted which frequencies were most effective at inhibiting neural activity.

However, multiple frequencies were still effective in each neuropathic pain condition, so
as a first step toward opti mization of the SCS paradigm, we quantified neuron response
to different combinations of frequencies delivered to center and surround RF areas in
vivoandDOwUT 1T wEOOx UUEUDOOEOQWOOET OF EG toeratlel EWUEUT T O
selective stimulation of center and surround RFs to testin vivo responses to dual
frequency stimulation. The tibial branch of the sciatic nerve innervates most of the
plantar surface of the rat hindpaw, and stimulation in this branch represented the center
RF. We attached a second cff to the common peroneal (CP) branch of the sciatic nerve
and stimulated with a second frequency simultaneously. Specific pairs of frequencies
inhibited pEX neuron activity more than stimulation with a single frequency alone

(Figure 3.7Ai). We identified optimal frequency ranges in each condition (naive, VU,
BICU) by averaging the effect across three neighboring frequency combinations. In naive
animals, optimal dual frequency stimulation reduced mean pEX neuron activity by 13%
compared to single frequency stimulation alone. Pharmacological intervention shifted
responses to dual frequency stimulation, but optimal dual frequency combinations were
still more effective than single frequency stimulation at reducing pEX neuron activity.
Dual frequency stimulation reduced pEX neuron activity by 7% after application of VU

and by 20% after application of BICU. However, as suggested by responses to single
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frequency stimulation, different frequency combinations were more effective under
different pain models. The frequency combinations that minimized WDR firing rates
also maximized correlations between inhibitory neurons and the cross correlation
between inhibitory an d excitatory neurons, reinforcing the utility of correlation metrics
as a biomarker of network changes in response to stimulation (Figure 3.7Aii).

In the model, we delivered one frequency to the center RF (zone 1) and one
frequency to the surround RF (zone 2) and quantified the change in zone 1 and zone 2
model WDR neurons relative to the change in firing rate with zone 1 stimulation alone
at the same fequency. Several pairs of frequencies increased substantially the inhibition
of WDR neurons compared to zone 1 stimulation alone (Figure 3.7Bi), and both the
magnitude of the effects in the model and the optimal stimulation frequencies were
comparable to responses quantified in vivo. In the default network state, dual frequency
stimulation reduced model WDR neuron activity across center and surround zones by
20% compared to single frequency stimulation alone. There was a similar inhibitory
effect from targeted dual frequency stimulation on the modeled pain states, including
shifted Cl- reversal potential (23% reduction to single frequency) anE wUl EUET Ew ¢ wb Ox
strength/GABAergic inhibition (20% reduction). While the model predicted similar
optimal center/surround frequency combinations for healthy animals and with reduced
GABAergic inhibition, the model did not predict the transition to lower  surround

frequencies with a shifted in reversal potential, indicating that VU may have unmasked
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additional inputs not included in our modeling framework.  Dual frequency stimulation
also increased correlations relative to single frequency stimulation in the default
network state and modeled neuropathic pain states (Figure 3.7Bii). Furthermore, dual
frequency stimulation shifted both the overall inhibition a nd shape of the response
curve, such that different zone 1 frequencies were optimal for each zone 2 frequency we
applied (Figure 7C). Overall, in vivo responses revealed a positive therapeutic effect with
optimal center and surround dual frequency combinat ions, and the computational
model replicated the trends we observed experimentally, validating its use as an

optimization tool.

3.3.7. Optimized model responses to triple frequency stimulation

Since dual frequency stimulation improved performance more than sing le
frequency stimulation alone, we used the distributed network model as an optimization
tool to determine whether combinations of three frequencies would show additional
improvements in efficacy. We quantified model neuron responses to all possible
combinations of three SCS frequencies from 0150 Hz in increments of 5 Hz (

Figure 3.8A). We used SCS frequency as a measure of efficiency (power
consumption) and quantified the firing rate of WDR neurons across all three zones to
measure efficacy (Figure 3.8B-C). We also quantified effectiveness by measuring the net
increase in correlations across the network with each frequency combination (Figure

3.8D). Effective and efficient frequencies appeared to be in opposition, with the mo st
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efficient combinations corresponding to lower frequencies and the most effective
combinations containing higher frequencies. Therefore, finding optimal parameter
combinations required combining efficacy and efficiency measures into an objective
function by combining the weighted z -score of the efficacy and efficiency components
(see Methods). We identified specific SCS frequency combinations that suppressed
WDR activity across all three RF zones while still preserving efficiency. These
combinations often required distinct frequencies being applied to each of the three
zones, thus providing guidance for SCS programming (blue dots, Figure 3.8E).
Additionally, these frequ ency combinations improved the correlation score, even though
this was not a component of the objective function. We compared our optimized
frequency combinations with 50 Hz SCS, the clinical standard (Oakley et al., 2008)
applied to zones 1-2 and zones 13, and to the best frequency pair from dual frequency
optimization. We found that 50 Hz SCS led to approximately 50% suppression of center
WDR neuron activity, while optimal dual and triple frequency combinations almost
completely suppressed center WDR neuron activity. However, while optimal dual
frequency stimulation only reduced surround WDR acti vity by 59%, optimal triple
frequency combinations reduced surround WDR activity by 94% and 97%. Optimal
triple frequency combinations did lead to a small tradeoff in efficiency due to the
increased stimulation frequencies in surround zones, but efficacy i mprovements are

more important for clinical outcomes. These results demonstrate the utility of the model
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as an optimization tool and suggest specific frequency combinations for improving

clinical efficacy.

3.4. Discussion

The onset of neuropathic pain leads to a loss of inhibition in the spinal dorsal
horn that influences the rates of neural activity. Using both a validated computation
model and in vivo recordings from populations of dorsal horn neurons revealed that
these changes in rate were also accompaniedy consistent changes in the pattern of
neural activity, as reflected in measures of correlation. Correlations between neurons
decreased across the network both in the model andin vivo across multiple different
models of neuropathic pain, including acute pharmacological interventions, as well as
the spared nerve injury model, and thus reflect a novel biomarker of pain progression.
Strikingly, the reduced correlation in neuropathic pain conditions could be reversed by
therapeutic electrical stimulation, del ivered either to the dorsal columns or to peripheral
nerves. The neural population responses in the model and in vivo were dependent on the
receptive field location and frequency of stimulation, and the validated model provided
the ability to optimize the parameters of stimulation. Dual frequency stimulation
suppressed activity of pEX neurons recorded in vivo and model WDR neuron activity
more than single frequency stimulation alone, supporting the benefits of spatially

targeted patterns of stimulation.
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3.4.1. Effects of neuropathic pain and disinhibition on neural activity

Neuropathic pain disrupts multiple inhibitory mechanisms in dorsal horn
circuits, leading to aberrant responses to norrnoxious and noxious stimuli. Nerve injury
models used to induce neuropathic pain, including SNI, reduce the amplitude of GABA &
IPSCs in lamina Il neurons and shift the reversal potential of inhibitory synapses due to
KCC2 receptor dysfunction (Mapplebeck et al., 2019; Moore et al., 2002b)We applied
BICU and VU intrathecally to mimic these specific alterations in inhibitory mechanisms
while recording multiple single units in the dorsal horn. Classifying neurons based on
physiological responses to mechanical inputs (Figure 3.2A) or waveform shape (Figure
3.2B) enabled us to sudy effects of pharmacological disinhibition on specific
subpopulations within the dorsal horn. Loss of KCC2 receptor function through
intrathecal administration of VU drove increased spontaneous activity in most WDR,
LT, pEX, and pIN neurons; however, changes in spontaneous activity were only
significant for pIN neurons ( Figure 3.2Ci, Figure 3.2Ei). Application of VU also
significantly increased evoked pIN neuron responses to brush, but not crush, and did
not significantly change pEX responses to brush or crush. These results are comparable,
but not identical to prior experiments that classified neuron responses based on their
waveform shape (Lee et al., 2019) That study also found a significant increase in
spontaneous firing rates in pIN neurons, but not pEX neurons following application of a

KCC2 inhibitor. However, they also found an increase in evoked responses across both
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pPEX and pIN neurons to vonFrey stimuli applied to the surround receptive field area.

We applied brush and crush inputs in the center receptive field area, so evoked increases
in pEX neuron responses may be dependent on precise spatial inputs and drive by the
excitatory surround receptive field area unmasked by neuropathic pain. Additionally,

the prior study characterized neural responses by firing type (adapting vs. non -

adapting) in addition to waveform shape, and without this additional information we

may have included other neurons in our analysis. Increased pIN neuron spontaneous
activity and re sponses to brush inputs are consistent with a decrease in tonic feedback
inhibition between populations of inhibitory interneurons due to a shift in reversal

potential (Ratte et al., 2014; Takazawa & MacDermott, 2010)

Reduced GABAergic inhibition following administration of BICU drove an
increase in activity across dorsal horn neurons. Most neurons within each physiological
and waveform classification group increased their spontaneous activity following
application of BICU ( Figure 3.2Cii, Figure 3.2Eii), matching prior recordings that
demonstrated increased spontaneous and evoked responses in dorsal horn WDR
neurons (Peng et al., 1996)BICU also increased evoked responses tdrush and crush
inputs across most neurons and unmasked additional neurons in some animals (Figure
3.10). The more pronounced network effects we observed with BICU comp ared to VU
may be due to the selectivity and potency of the individual drugs or due to the nature of

disinhibition. VU alters the driving force of inhibitory synapses, but the magnitude of
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disinhibition depends on the shift in the CI * reversal potential relative to the resting
membrane potential, the intrinsic excitability of the cell, and the frequency of excitatory
inputs (Prescott et al., 2006; Zhang et al., 2014bBICU is a GABAAa receptor antagonist
and reduces inhibitory con ductances, so while both VU and BICU alter GABAergic
inhibition, spinal microcircuits are complex and responses to disinhibition are difficult
to predict due to feedback inhibition and mixing between excitatory and inhibitory
inputs (Costigan et al., 2009; Prescott & Ratte, 2012; Ratte et al., 2013; Sandkuhler, 20Q9b)
Chronic nerve injury models lead to a variety of changes within the dorsal horn
beyond the potent and selective changes induced by pharmacological disinhibition. For
example, nerve injury may also lead to reduced afferent drive to inhibitory interneurons,
loss of GABAergic neurons, a shift from GABAergic to glycinergic inhibition, and
increased ectopic afferent activity (Laumet et al., 2017; Leitner et al., 2013; Moore et al.,
2002b; Sandkuhle, 2009a; Schoffnegger et al., 2008 5pontaneous activity of pEX
neurons was significantly higher in SNI animals ( Figure 3.2F) and more pEX neurons
were represented during recordings in SNI animals than in naive animals ( Figure 3.10C).
Both changes suggest increased excitability within the dorsal horn. All animals that
underwent the SNI procedure and were included in analysis developed mechanical
hypersensitivity, but we did not observe a significant increase in evoked responses to
brush, although the nerve injury may have distorted evoked mechanical responses.

Overall, each form of modeled neuropathic pain altered neural responses, but none of
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the interventi ons caused identical effects, reflecting the difficulty in finding optimal SCS
parameters as neuropathic pain progresses(Kumar et al., 2007) and suggesting that
parameters should be tuned to specific pain conditions .

We also designed and extensively validated a computational model that
incorporated a realistic center-surround architecture to quantify and characterize the
interactions between different contributors to chronic neuropathic pain. The model
reproduced heterogeneous excitatory and inhibitory synaptic effects from stimulation of
multiple recept ive fields (Figure 3.4), indicating that it could reproduce dorsal horn
circuit dynamics. We randomly combined changes in individual parameters
representing neuropathic pain ( Table 3.1) using a Monte Carlo approach to characterize
the variety in neural responses across many different pain states. Model instantiations
representing increased neuropathic exhibited significant increases in the baseline firing
rate of model WDR neurons (Figure 3.51) consistent with the changes we observedin
vivo and results from prior models (Aguiar et al., 2010; Zhang et al., 2014h)Increased
spontaneous firing rates were larger in model pain states with shifts in reversal potential
compared to model pain states with reductions in GABAergic conductances. While it
could not capture all changes observedin vivo, the model served as atool to study circuit

dynamics and interactions under neuropathic pain conditions.
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3.4.2. Interactions between pain models and stimulation parameters
alter responses in the computational model

11 Ux 00U I-Eswerédaependent on pain etiology, and the different modes of

disinhibition interacted to alter model neuron responses ( Figure 3.5A-C). Loss of
function of the KCC2 transporter contributed most to varianc e in the model responses,
and there appeared to be a shift in the mode of inhibition between low frequencies (1-30
Hz) and high frequencies (50-150 Hz) of stimulation (Figure 3.5D). At low frequencies,

¢ES could not completely inhibit the WDR neuron, and factors contributing to chronic
pain, particularly loss of KCC2 function, contributed most to model variance. However,
the activation of centerand surOUOE w ¢ wi PET UUwWPEUWE wx UPOEUVUAaA wWEOOD
variance at higher stimulation frequencies, where model WDR activity was modulated
EAawEOUT wbOi PEPUPOOwWI UOOwWUT 1 w( - UwEOEWEDPUI EQwi RE
Therefore, spatial overlap between the perception of paresthesia during stimulation and
the region of pain (termed paresthesia coverage) spanning both the center and surround
RF may better restore inhibition in the dorsal horn network. This potentially explains the
clinical observation that effective SCS is often accompanied by paresthesia coverage of
the pain area and suggests a positive treatment effect of extending stimulation coverage
beyond the center RF. Further, since pain areas tend to move and expand after device
implantation (Bains et al., 2015; Hayek et al., 2015; Kumar et al., 2007%)otentially
contributing to loss of efficacy over time, coverage of surrounding RFs could improve
Ul 1T UEx]I UUPEwWOOOT T YPUaBdws$i i1 EOVUwWOTl w ¢wWwEEUDPYEUDO
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receptor function, reflecting the clinical loss of therapy with pai n progression and
UUTTITUUDPOT wUl EOWUOEVUUVUUWEEUDYEUDOOWOI w ¢wi BEI UU
frequencies can mitigate weakened inhibitory drive.

Clustering of model responses representing 2,000 randomized network states in
component space producedti Ul I wx UPOEUVUa wEOQUUUI UUwEST we# 1wl PUD
frequency: an increase (exciting), decrease (inhibiting), and nonmonotonic decrease
ol EUDPOT A wU i-EBXrén0dndy inétdasad Fgure 3.5G). These clusters matched
three of the four identified from our in vivo recordings and previous recordings (Zhang
et al., 2015) but a cluster with a nonmonotonic increase in responses (adapting) did not
emerge. The lack an adapting cluster within our model responses could be due to
changes following neuropathic pain that we did not consider such as spike timing
dependent plasticity mechanisms (Lu et al., 2013; Luo et al., 2014; Pockett, 1995)
additional circuit architecture such as feedback inhibition that we did not incorporate, or
additional cellular diversity of neurons within the model (Lu et al., 2013; Prescott &

Ratte, 2012) Our model reproduced clustered responses with multiple iterations using
the Monte Carlo method of the default distributed network model, and transitions
between response types depended on specific network connections, such as local
surround inhibition (Prescott & Ratte, 2012) Additionally, despite implementing

multiple changes in dorsal horn circuitry that occur in neuropathic pain (Sandkuhler,

2009b) an inhibiting cluster of responses still emerged. Implementing each neuropathic
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pain state individually in the center node increased model WDR activity relative to the

E1 T EUOUwWOI Up OU GES(FIgureBI14) Hhétafbré) theuemergence of the

inhibitory cluster for model WDR neurons must be due to engagement of surround

POl PEPUDPOOWEOEwWPOUI UEEUDOOwWI I 1T EVUB w, OET Ows$ 7 wod
all excited model WDR neurons, but model EX neurons all fit within the inhibiting

cluster (Figure 3.5H) and the statistical properties of the C fiber input did not change

across trials. Therefore, increased model WDR activity at high frequencies was primarily

EUIl wOOw ¢ wi PEI UatoB Effedwhs dounBeriedby inHibRidh #rdin INs,

PT DPET wbhl Ul wEOUOWEEUDPYEUI EwEaw ¢wi PET UUwPOwWUT T w
and surround inhibition underlie both the inhibiting and gating clusters in a manner

dependent on SCS frequency andthe balance between inhibition and excitation. In

contrast, in the exciting cluster, and following some modes of neuropathic pain

progression, inhibition was never strong enough to overcome the excitatory inputs or

the input from the model IN was excitat ory due to changes in the CI reversal potential

resulting from compromised function of the KCC2 receptor. In the presence of these

ET EOT T UOwDOEUI EUI EWEEUDYEUDOOWOI w ¢owi PEI UUWEDE
directly increased WDR neuron activi ty. This latter finding may correspond to patient

pain states that fail to respond to SCS(Jang et al., 2008pecause no paameter

combinations in the range defined for our model could suppress the WDR neuron.
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Zone 2 and zone 3 node architectures were identical to that of zone 1, yet zone 2

and zone 3 WDR responses did not generally exhibit the gating response. Incomplete

dfiler activation altered the balance between excitatory and inhibitory effects so that
either effect dominated with increasing frequency, depending on the pain state of the
Ol UPOUOB w31 PUWOEUI UYEUPOOWPUwWUUxxOUUI EwEawUT 1 w
activation, frequency, and simulated pain conditions in the surround zones ( Figure 3.13).
Moreover, the appearance of excitatory response clusters in zone 2 and zone 3uggests
that stimulation parameters need to be optimized for suppression in surround zones as
well (Bains et al., 2015) Collectively, these results underscore the importance of
surround RF effects in pain and SCS and suggest that specific SCS parameters delivered
to specific spatial targets may restore SCS efficacy even with the progression of pain.
Additionally, we observed that dual frequency stimulation led to inhibition of neurons
with an e xciting response with single frequency stimulation alone, indicating that

optimizing stimulation parameters can reverse

3.4.3. In vivo neural responses to A BES and changes due to
neuropathic pain mirror model responses

We stimulated both peripheral nerves and t he dorsal columns in vivo to quantify
the effects of receptive field targeted stimulation before and after implementing different
models of neuropathic pain. While responses were heterogeneous, clustering responses
in component space produced four primary EQUUUT UUwOi wdl UU-EDwi pUDPOT wl

frequency previously identified from recorded projection neurons (Zhang et al., 2015)
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indicating that we captured the heterogeneity in neural responses to stimulation despite
not specifically identifying projection neurons. These results suggest that projection
neuron responses reflect responses of local circuit neurons, due to direct synapic
connections between them or because of similar synaptic inputs and support the
consideration of pain as a population response rather than due to the intrinsic properties
of individual neurons (Luz et al., 2010; Luz et al., 2014)While responses were not
significantly different across frequencies, we did find a net increase in inhibition as
stimulation fre quency increased, although increased inhibition was mostly present in
pIN neurons. Additionally, approximately one third of recorded neurons were
responders to at least one, but not all stimulation frequencies, supporting activation of
individual neurons o r circuits with specific stimulation frequencies, although net effects
across the population may be similar.

The computational model predicted that changes in reversal potential would
have a much larger effect on the variance in neural responses than chages in
GABAergic conductance. Models of neuropathic pain implemented in vivo led to a shift
in the clusters and net responses across the population that reflected the predictions
made by the computational model. Application of BICU increased overall neuron
activity but did not substantially alter responses to stimulation or the percentage of
neurons in each response cluster. Across the population, there was only a 2% increase in
x$7wOl UUOOUWEOE WA UwDOEUI EUI-EiddicatifgthatO1 UUOOU wl R E
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stimulation continued to activate similar microcircuits despite the significantly increased
spontaneous activity levels following application of BICU. Although we observed a
decrease in the percent of neurons that responded to stimulation, the net effect of ¢ES
frequencies between 3090 Hz was still inhibitory. Unlike BICU, application of VU
substantially increased excitatory responses, particularly in pIN neurons. A larger
proportion of neurons were in the exciting cluster compared to the inhibiting cluste r,
and this shift matched the increase in WDR neurons within the exciting cluster we
observed in computational model responses with a greater than 8 mV shift in reversal
potential. While increased activity in pIN neurons may lead to increased inhibition, i t
may also lead to a paradoxical increase in excitation depending on the population of
Ol UUOOU wWE E UES. EHislinErem&ednupINgneuron activity was accompanied by
that some pIN neurons unmasked by VU may be part of feedback circuits rather than
contributing to inhibition of pain within the dorsal horn network  (Sandkuhler, 2009b)
However, the computational model predicted a strong effect of shifting reversal
potential without unmasking additional neurons, indicating that the additional

excitation was due to a reduced effect of SCSmediated inhibition. Whi le BICU clearly
influenced dorsal horn network dynamics, these results predict that BICU may have a
stronger effect on dorsal horn neurons that are independent of SCSmediated inhibition

whereas VU directly influences circuits modulated by SCS.
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Our comput ational modeling results also predicted that multiple pain models
would have strong interaction effects at stimulation frequencies between 10 - 30 Hz. Our
invivoET UOOPEwxEDOWOOETI OOw2- (OWEOUOwWxUOEUEI EwOEUIT
ES at 10- 30Hz. Both pEX and pIN neurons were much more likely to fall within the
adapting cluster than in naive animals, and pEX neurons that were responders and
excited by stimulation were also much more prevalent ( Figure 3.3F, Figure 3.16B). pIN
neurons were also more likely to be excited at all frequencies except 90 Hz. These
observations perhaps explain why frequencies <30 Hz are not typically used for
conventional SCS as higher frequency stimulation is required to drive inhibition when
contributions between multiple elements of neuropathic pain models are present
(Carlson et al., 2007; Jaggi & Singh, 2011; Keller et al., 200Mtedici & Shortland, 2015;
Oakley & Prager, 2002; Radwani et al., 2016; Schoffnegger et al., 2008; Tan et al., 2018)
. Y1 UE ¢eSalso ingreased the percentage of pEX neurons excited by stimulation
across all frequencies compared to naive animals, so additional parameter optimization
may be necessary to reduce pEX neuron activity in chronic pain. The computational
model predicted that stimulation in surround receptive field areas would reduce model
WDR neuron activity more than stimulation in the center receptive field area alone. In
naive animals, we analyzed the interaction between recording positio n and peripheral

¢$ 2 wO OE E U b O-BSSaloikgthe: tibélbranch of the sciatic nerve led to inhibition

of pEX neurons when we placed the electrode in areas corresponding to the L3 and L4
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spinal root entry points but led to excitation in pEX neurons re corded from around the
L5 spinal root (Figure 3.15). Afferents from the tibial branch of the sciatic nerve are split
between the L4 and L5 spinal roots, so net inhibition in surrounding recording areas
(i.e., around the L3 spinal root) supports the hypothesis that activation of surround

receptive field areas leads to additional inhibition.

3.4.4. Network correlations

A common theme in neural systems is how variability in neura | activity across a
network is related to the behavioral or physiological output of the network (Doiron et
al., 2016) Correlations across a network may be driven by network inputs, the state of
the network, or the state of the neurons that governs stochastic processes such as
probabilistic vesicle release (Doiron et al., 2016) Between the baseline state and
stimulation, there was no change in the network connectivity, and the changes in
correlation between conditions were due to the presence of a synchronized, driven
input, i.e. stimulation. In contrast, implementation of the simulated neuropathic pain
conditions involved changing the state of the network rather than t he inputs, and the
changes in correlations that we observed in those cases were driven by changes in the
network properties. We did not incorporate neuron state in specific pain states, but
changing neuron conductances in the Monte Carlo simulations did no t contribute

substantially to the variance in the model (Shadlen & Newsome, 1998)
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The transition to chronic pain states in both the model and in vivo resulted in

EI EOUUI OEUDOOWET UPI 1 OwUT 1 wi PUD GHSuntréaged UwoOi WEDI |

correlations between inhibitory neurons and reduced cross correlations between
excitatory and inhibitory neurons ( Figure 3.6). The progression of the neuropathic pain
conditions limited the correlating effects of SCS across multiple stimulation frequencies
in the model, and both pharmacological disinhibition and SNI led to similar changes in
correlations in vivo. Furthermore, the mode of disinhibition influenced the changes in
correlation across the network. In the model, shifting reversal potential, which had the
largest effect on the variance of WDR firing rates, led to a significant increase in cross
correlations between inhibitory and excitatory neurons, as inhibitory neurons may drive
excitation rather than inhibition. We saw a similar effect after application of VU in vivo;
inhibitory, excitatory, and cross corr elations were all higher than in the naive state.
Reducing GABAergic inhibition by halving the conductance of GABAergic inputs to
6#1wOl UDUOOUWEOSEwWI EOYDPOT wUT 1T wkl BT T 0U0wWOI w
in correlations across the network in the model compared to the baseline model state.
Similarly, application of BICU also led to a net reduction in correlations, including a
reduction in correlations between pIN neurons. Changes in correlations following
spared nerve injury were more like the Bl CU condition, with reduced correlations across

the network compared to the naive condition.
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We draw several conclusions from the decrease in network correlations with
neuropathic pain. First, an increase in correlation across the network is associated with a
decrease in the precision of the information conveyed about a stimulus, but not
necessarily an overall decrease in the information (Moreno-Bote et al., 2014; Shadlen &
Newsome, 1998) Responses to pain are typically viewed in terms of rate coding, but
synchronization between neurons, particularly after a stimulus, may help integrate and
propagate input signals (Ratte et al., 2013)and disruptions in the temporal code of
projection neurons could alter how pain feels in addition to pain intensit y. Altering the
temporal properties of stimulation through burst SCS, which is characterized by a high
frequency 500 Hz pulse train delivered at 40 Hz, reduced the affective and emotional
components of pain in addition to providing pain relief (Falowski et al., 2021; Hagedorn
et al., 2021; Kirketeig et al., 2019)Increased correlaton within the network, such as
during SCS, may indicate more reliable information transmission across the network to
the output projection neurons and improved efficacy, while decreased correlation across
the network may correspondingly indicate reduced S CS efficacy Figure 3.6).
Collectively, these results demonstrate that correlation across the network may be an
important biomarker for characterizing the pain state and responses to SCS.
Furthermore, the spatial properties of the input stimulus, including the relative
activation of afferents from the center and surround RFs, contribute to the correlation

across the network, indicating that spatial targe ting across different zones may increase
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SCS efficacy by increasing correlations across the network(Litwin -Kumar et al., 2012;

Simmonds & Chacron, 2015)

3.4.5. Designing optimized SCS parameters

Model -based optimization enables efficient exploration of a very large parameter
space. Leveraging SCS technological advancements to improve patient outcomes
requires understanding how changes in stimulation parameters alter projection neuron
responses. Pain conditions led to increased activity in WDR model neurons in surround
zones(Figure 314K OWEOEw ¢ wi PEI UWEEUDPYEUDPOOwWPOWUUUUOBUODE
activity in both the center and surround zones ( Figure 3.5). Therefore, understanding
how to program stimulation contacts over dorsal column afferents originating from the
surround could improve therapy and mitigate the spread of pain to new areas,
particularly as modern high -channel count distributed electrode arrays enable
simultaneous application of different stimulation frequencies to afferents from the center
and surround RFs (Corporation, 2017). To understand the role of stimulation in multiple
areas, we tested dual frequency stimulation in vivo by targeting different peripheral
nerve branches. We identified pairs of frequencies that suppressed pEX neuron activity
more than single frequency stimulation. Interestingly, optimal frequency pairs also
increased network correlations more than center stimulation alone. Subsequently, we
found similar net effects and optimal frequency pairs in the computational model

(Figure 3.7). Dual frequency stimulation was also more effective at suppressing model
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WDR and pEX neuron activity and at incre asing correlations between neuronsthan
single frequency stimulation in neuropathic pain conditions, although pEX neuron
activity in vivo was more sensitive than model neurons to the specific frequency
combinations. While these results predict optimal effe cts from specific frequency
combinations, we were limited in the number of frequency combinations that we could
testin vivo, and we recognized that three frequency pairs could optimize responses
further. We used the model to identify optimal combinations of three frequencies that
suppressed WDR activity substantially more than dual frequency stimulation and

increased correlations while maintaining efficiency ( Figure 3.8).

3.4.6. Limitations

The model reproduced a wealth of diverse cellular and network responses, but
several limitations should be considered. First, the model did not account for the effects
of SCS on supraspinal circuits or descending inputs to the dorsal horn, although these
effects appear to contribute to SCSmediated responses(Saade et al., 2015)However, the
effects of supraspinal modulation remain unclear and therefore difficult to implement in
a computational model (Linderoth & Foreman, 2017). Second, the model assumptions
about connectivity between neurons were based on the gate control theory and dorsal
horn recordings, but exact synaptic connectivities are difficult to infer. While the ¢ lusters
identified through the Monte Carlo analysis of the model matched three of four clusters

identified from recorded projection neuron responses to SCS remarkably well (Zhang et
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al., 2015) the fourth adapting cluster did not emerge. Whi le the computational models
described in Zhang et al. (2015) relied on distinct microcircuits to reproduce a range of
effects, our model reproduced clustered responses with multiple iterations of a single
default network and transitions between responses depended on specific network
connections, such as localsurround inhibition (Prescott & Ratte, 2012) Experimental
responses to pharmacological disinhibition appeared to unmask additional neurons that
were originally silent, and this phenomenon was not included in the computational
model. Additionally, the model did not take into consideration the effects of SCS on
other projection neurons that also process nociceptive information such as superficial
nociceptive-specific neurons, nor does it fully account for cellular diversity and multiple
types of excitatory and inhibitory interneurons within the dorsal horn. However, the
Monte Carlo simulations indicat ed that responses were only weakly dependent on the
biophysical properties of the model neurons. Third, we approximated peripheral
afferent activity but did not consider other possible sources of noxious inputs, such as
thermal input. We limited this study to standard rate SCS, which is mediated by
EEUPYEUDOOWOI WEOUUEOWEOOUOOW ¢ WEROOUOQWEODOEWPI wE
frequency or burst SCS that produce pain relief at amplitudes that are subthreshold for
perception (Crosby et al., 2017) We used two different approaches to classify neurons
waveform shape and response to standardized mechanical inputs, and comparison of

responses were dependent on these classificationsThe waveform -based classification
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method is relatively new and lik ely requires additional study , although waveforms have
also been used to classify cortical neurons(Shin & Sommer, 2012; Snyder et al., 2016; Sun

et al., 2021)
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single units were recorded simultaneously using a 16- or 32-contact penetrating
electrode inserted into the lumbar spinal cord. Brushing along the ipsilateral hindpaw
was used as a search stimulus to identify units that responded to stimulation. We
I RxOUI EwUT 1 wWUEPEUPEwWOI UYT wUOWUUDPOUOE UfineD OEPYDE
amplitudes or the entire nerve at C-fiber amplitudes. In a subset of animals, spared
nerve injury procedures were performed and acute recordings were done 2 weeks later
after the development of mechanical hypersensitivity. In these animals, we stimulated
the dorsal columns two levels above the recording point (T10-T11) with a four -contact
electrode. B, Timeline of recording blocks. Spontaneous activity was recorded for 5-25
minutes to allow recordings to stabilize prior to starting trials. We evaluated neural
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without C -fiber sciatic stimulation at different frequencies (10, 30, 50, 90,150 Hz), and

EUEOwi Ul eEsIwithEisfarentdrequencies applied simultaneously to each cuff

electrode.
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Figure 3.2: Neuron classification and changes in activity from pain models.

Ai,

Example neuron physiological classification by responses to brush, press, pinch, and
crush mechanical inputs. Nociceptive -specific (NS) neurons primarily responded to

high -threshold (pinch/crush) inputs. Wide -dynamic range (WDR) neurons increased
their responses to inaeasing mechanical input strength. Low -threshold (LT) neurons
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primarily responded to brush/press inputs. Many units did not demonstrate a response
to mechanical stimulation (NA). Aii, All unit responses to mechanical inputs. Aiii, All

unit responses to medanical stimulation normalized to their maximum response. B,
Neurons were also classified by their waveform shape. Monophasic waveforms (red) are
putatively excitatory (pEX) while biphasic waveforms (blue) are putatively inhibitory
(pIN) (Lee et al., 2019)C, Changein spontaneous activity following pharmacological
intervention for physiological classification for VU (i) and BICU (ii). Each line represents
an individual neuron that was active before and after pharmacological intervention and
bold lines show mean response. The proportion of neurons that increase activity
following intervention is labeled for each plot. We did not detect changes in activity
across pain models for physiological classifications (Mann-Whitney U -test, p = 0.8, 0.57,
1 for VU and p =1, 0.3, 0.21 for BICU for NS, WDR, and LT neurons, respectively). D,
Population spontaneous activity in naive and SNI animals by physiological

classification. We did not detect changes in population activity for physiological
classifications (p = 0.71, 0.63,1&d 0.57). E, Same as (C), but for waveform classification
for pharmacological intervention with VU and BICU. VU increased pIN activity

(p<0.05), but not pEX activity (p=0.34). BICU increased both pEX and pIN activity
(p<0.05, p<0.01). F, Same as (D), buvif waveform classification in naive and SNI
animals. Population spontaneous activity was larger for pEX neurons in SNI animals
(p<0.05), but not pIN neurons (p=0.8).
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Figure 3.3: Responses of individualne UUOOUwUI EQUEI| E®RB Respded wlU Ow
of pEX neurons to different stimulation frequencies. All individual neuron responses are

Frequency (Hz)

Frequency (Hz)

shown and sorted from most inhibited to most excited within each stimulation
frequency. Plots show the change in firing rate normalized to the peak change in firing
rate (top) and the raw change in firing rate (bottom). B, Same as (A), but for pIN
neurons. C, Mean normalized change in activity for each neuron type. Error bars show

standard error. D, Neurons identified as re sponders (see Methods) to stimulation at each

frequency. Grey indicates non-responders, red and blue boxes indicate responders. E,
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Responses of all neurons clustered in component space using fuzzy emeans clustering.
Top row shows score plots for all responses along the first two principal components.
Shades represent the cluster identity determined through clustering for increasing
number of clusters from left to right. Clusters for excitatory responses are purple and
clusters for inhibitory clusters are g reen. Four clusters optimally divided the set of
responses identified in component space using two quantitative methods (Davies &
Bouldin, 1979; Rousseeuw, 1987)F, Percentage of neural responses in each cluster (left).
Colors correspond to the plot with four clusters in (E). Change in percentage of
responses in each cluster between each pia state and the naive condition (right). G,
Percentage of neurons that responded to stimulation for each pain model. H, Mean
change in normalized firing rate between stimulation on and stimulation off across alll
neurons for each pain model. I, Mean changein firing rates between stimulation on after
pharmacological disinhibition vs. before pharmacological disinhibition (left). Change in
firing rate of individual pEX neurons after pharmacological disinhibition (right).
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Figure 3.4: Architecture, validation, and parameters for computational model of

network effects of spinal cord stimulation (SCS). A, Representation of receptive field

with multiple zones on a rat foot. B, Synaptic connections for each neuron in the model.

"wbOw-1 UPOUOWEUVUET PUTI EOUUIT wi OUWEWUDOT Ol wOOET wpkb
and a wide dynamic range (WDR) pro jections neuron. SCS is represented as a constant

i Ul gUI OEawbhOxU0wlOwWUT 1 wEOUUEOWEOOUOOUWUT E0wxUO
fibers. The output of the node is the firing rate of the WDR neuron (Modified from

Zhang et al., 2014b). C ii, Distributed multinodal model architecture. Each circle

represents a node of the modelfrom (C, i) with unique inputs. The center node (zone 1)

receives excitatory inputs from zone 2 nodes and inhibitory inputs from both zone 2 and

zone 3 nodes. All connections betweennodes are from interneurons to WDR neurons.

Connections represented in the model are bidirectional (i.e., zone 2 excitatory

interneurons project to the zone 1 WDR neuron, and the zone 1 excitatory interneuron

projects back to zone 2 WDR neurons). The modelis extended to eliminate edge effects

for the center node. D, Time course of inhibition in zone 1 WDR neurons receiving a

pinch input after stimulation in zone 2. Responses are normalized to the baseline activity

of the neuron prior to stimulation. Grey | ines are six different model responses, black is

experimental data from Foreman et al. (1976). E, Normalized response of zone 1 WDR

neuron to increasing stimulus intensity in each zone. Black traces are experimental

results from Hillman and Wall (1969), gr ey traces are average model responses across 10

trials. We modeled increasing stimulus intensity by increasing the proportion of sensory

i PET UUwWUT EQwpbl Ul WEEUDYEUI EwbOwl EET wa OOl 6w 111U
inputs drawn from a homogeneo us Poisson process so that the baseline activity of the
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model zone 1 WDR neuron was between 5 and 20 Hz. The baseline activity of the
experimental neurons was at least 5 Hz. Note that the y-scale is different above and
below 100% to match Hillman and Wall (1969). F i, Response of WDR neurons to
stimulation in each zone from 1-150 Hz for the default network state. Traces represent
the average response over 10 trials. The shaded region represents the range between the
average minimum and maximum response for zone 2 and zone 3 across 10 trials.
Additionally, there was an increase in WDR activity in all three zones at ~80 Hz SCS due
to a small reduction in inhibitory (IN) interneuron activity despite increased drive to

WDRs from activated dorsal column fibers. Fii, Same as F i, but WDR responses are
normalized to the baseline firing rate in each simulation.
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Figure 3.5: Monte Carlo simulations used to determine the effect of individual
parameters on the response of model neurons to SCS. A, Inputs to the model that were
varied in simulations. See Table 1 for a detailed description of each parameter. B,
Changes in the input parameters generated 2000 different network instantiations. C,
Responses of 500 network versions versus stimulation input frequencies between 1 and
150 Hz. All responses are normalized to the baseline response with no SCS input. D,
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$1 1 1 E Uuidr Ba&h ofitloe Parameters in the models across all simulations and at

each SCS frequency. The rightmost seven columns show the responses for network

versions where the reversal potential was not changed. E, The strength of interaction

effects between parameters (purple block in D) across all simulations. See legend for

parameter numbers. The size of the dot represents the sum of squares of all interaction
ITTTTEOUwWi OUWEWUx] EPI PEWXxEUEOI Ul U w+ poithep DEUT wE
interaction between two parameters. ( OUT UEEUDOOU wP D URRwaE@Owl | 1 1 EL
not shown. F, Same as E, but for each stimulation frequency tested (from left to right 1,

10, 30, 50, 100, and 150 Hz). G, Individual types of neurons cluster in component space

and several classes of responses emerged from fuzzy eneans (FCM) clustering. Top plot

is a score plot showing all responses for the center WDR neuron along the first two

principal components. Bottom plot is the average frequency response for each of the

clusters identified in component space with the optimal number of ¢ lusters identified as

three (Davies & Bouldin, 1979; Rousseeuw, 1987)Responses are namalized to the

baseline response with no SCS input. H, Identity of neurons in each cluster in (G). All

inhibitory neurons fell within the exciting cluster, all excitatory neurons fell within the

inhibiting cluster, and WDR neurons were mixed between the t hree clusters. |, Baseline

response of WDR neurons for model pain states close to the default network state (no

pain), model states with a greater than 8 mV change in reversal potential (Eev), and

model states with less than 75% GABAergic inhibition across all zones (GABA). Each

pain state group is different from other groups (ANOVA, post -Il OE w3 U0l az UwUl U0Ow
p<0.001). J, Pie plots showing the proportion of neurons in the model in each cluster for

the model states in (I). K, Baseline response of WDR neuronsdr each cluster group in

(G). Dashed line represents the baseline firing rate for the default network state. Each

cluster group is different from other groups (ANOVA, post -I OEw3 U0l az UwUIl UUOwx ¢
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Figure 3.6: Changes in correlations across networks of neurons resulting from pain

condition and stimulation.

A, Changes in network correlations from neurons recorded

simultaneously in vivo. i, Changes in network correlations during peripheral nerve
stimulation in naive animals and after application of VU and BICU. There were
significant effects of pain model, correlation type, and interaction (ANOVA, p<0.05).
Changes in correlations were different between naive animals and after application of

VU (post-l OEw3 UOI

AzZU0wlUl U0O0Owx@YBYKkAOWEUUWOOUWET UpI 1 C

of BICU (p=0.13). IN correlations were different from EX correlations and cross
correlations in naive animals (post-i OE w3 UOI az UwUi UUO wret@icykd Y k A8 wbD D O
correlations during spinal cord stimulation in naive animals and animals that
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underwent a spared nerve injury procedure. There was an effect of pain type, but not

correlation type (ANOVA, p<0.05, p=0.65). Responses were different between naive

animals and SNI animals (post-hoc t-test, p<0.05). B, Responses across each frequency in

each condition. There was not a detectable effect of frequency on correlations for any of

the pain models (rmANOVA). C, Changes in correlations (IN ¢ cross) as the size dthe
PPOEOPwWUUI EwUOWEEOEUOEUI wEOUUI OEUPOOUE® UWET EOI
. OwbPEUWEDI | 1-ES O tonditich® @un-sapnple kstest, p<0.05). D, In the

default network state, stimulation increased correlations between inhibitory neuron s

(IN), reduced correlations between excitatory neurons (EX), and reduced correlations

between inhibitory and excitatory neurons (Cross). With the reversal potential shifted by

+8 mV, EX correlations and cross correlations were increased compared with thedefault

OOCEl OwUUEUI wedDUT wOT T WEOOEUEUEOET woOi w& ! 11U
inputs to inhibitory interneurons reduced by 50%, IN correlations were reduced

compared to the default model state. There were significant effects of correlation type,

pain model, and interaction between them (ANOVA, p<0.001). Groups connected by

stars are different within groups letters represent differences across pain models within
correlation types (post-l OEw3 U0l az UwUl U0OwxBYBYKkAGals Ow" T EOT |
individual neurons in the network in the default network state. F, Changes in

correlations in all individual neurons between pain states and the default network state.

Changes from shifted reversal potential (i) and reduced GABAergic inhibition (ii). G ,

Changes in correlation at each individual frequency. Letters represent frequencies that

were different (ANOVA, p<0.05, post-l OE w3 UOT az UwUT U0AB w' Ow" T EOT T w
Cross) when the time window used to calculate correlations is altered. All indi vidual

time points are different between SCS On and SCS Off conditions (two-sample kstest,

p<0.05).
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Figure 3.7: Effects of dual frequency stimulation.  Ai, Change in firing rate of pEX
neurons across animals in response to stimulation of the peroneal and tibial nerves with
distinct frequencies compared to tibial stimulation alone (see Figure 3.1, Figure 3.15). We
normalized changes in firing rate across all combinations for zone 1 and zone 2 neurons
individually and then combined responses to find net inhibition across the model. Blue
represents reduced firing rates while red represents increased firing rates. Grey boxes
delineate the optimal region for stimulation based on the average response of each
possible combination of four neighboring frequency pairs . ii, Change in correlation
across recorded neurons in naive animals, after application of VU, and after application
of BICU. Bi, Changes in model WDR neuron responses with zone 1 and zone 2
stimulatio n compared to zone 1 frequency stimulation alone. Colors represent the
average normalized change in firing rate across zone 1 and zone 2 model WDR neurons
relative to single frequency stimulation alone in zone 1. Modeled pain states are a +8mV
shiftinreYl UUEOwx OUI OUPEOWEOEWEwWkYu wUl EVEUPOOwWDPOw&
IN neurons. ii, Changes in correlations (IN + Cross) normalized to the peak change in
correlation. Blue represents increased correlations while red represents reduced
correlations. C, Normalized WDR firing rates and change in firing rate plotted
individually for a shift in reversal potential (Ci) and for reduced GABAergic inhibition

(Cii). Black line shows normalized WDR firing rates with no surround stimulation.
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Figure 3.8: The distributed model was used for spatial optimization for pain reduction

with multiple frequencies across each zone. A, Optimal zone 1 frequency for each pair
of frequencies in zones 2 and zones 3 t@roject the solution onto two -dimensional
frequency space. B, Representation of power consumption for each optimal frequency
combination. C, Percent of the baseline response of the model WDR neurons across all
three zones. D, Optimized score combining efficiency (B) and efficacy (C) for each
combination of surround frequencies with the optimal zone 1 frequency. E, Optimized
score across frequency combinations for all three zones using the percent suppression of
the maximum WDR response and the efficiency. The two best combinations are shown

in blue with their frequencies labeled in order by zone number. F, Optimized scores for
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