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Abstract

Numerous neural imaging and electrophysiological markers have been identified as cor-

relates of pain, however, none have provided for the reliable, quantitative measurement

of a human’s perceptual experience. In order to construct a more principled under-

standing of the cortical signals indicative of acute and chronic pain, this study takes two

approaches, respectively. Part 1 elucidates where, when, and how noxious sensory in-

put translates into magneto- and electroencephalography (M/EEG) evoked responses in

primary somatosensory cortex (S1). Specifically, Part 1 uses a biophysically-principled

model of a cortical column, Human Neocortical Neurosolver (HNN), to simulate the cir-

cuit mechanisms underlying the early-latency laser-evoked potential (LEP) versus me-

dian nerve stimulation-evoked potential (MNEP). The HNN model demonstrates that

the early-latency LEP (i.e., the Aδ-N1 complex) emerges from S1 as the unique result

of a phase-locked burst of proximal drive (from lemniscal thalamus to S1 layer 4) and

distal drive (from high-order cortex or non-lemniscal thalamus to S1 layer 2/3). Fur-

thermore, the inter-spike interval of pre-synaptic inputs occur at a theta period (125

ms) and gamma period (25 ms), respectively. Part 2 examines the transient nature of

spectral EEG activity in humans with resting-state chronic pain (i.e., lumbar radicu-

lopathy). Motivated by the understanding that governing mechanisms of “rhythmic”

neural activity begin and end in finite time, Part 2 compares four features of spectral

events (i.e., count/epoch, power, duration, and frequency span) between the chronic

pain and healthy control populations in empirically-determined frequency bands. Cen-

tered around 40 Hz, spectral event analysis revealed that three of the four features

(count/epoch, peak power, and frequency span) were significantly different between the

two populations for the eyes open condition and two of the four features (count/epoch

and frequency span) where significantly different between the two populations for the

eyes closed condition. Overall, the results of this study predict that specific bursts of
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rhythmic events facilitate transfer of pain-related information and call for a more tar-

geted investigation for their use as both biomarkers and underlying circuit mechanisms.
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Introduction

In the U.S. alone, an estimated 11.3% of the population reports experiencing chronic

or high levels of pain on a regular basis [3]. Despite the obvious need for targeted

neuropathic pain therapies, most treatments rely on one-size-fits-all approaches with

limited efficacy and numerous negative side effects. Mainstream oral medications (e.g.,

oxycontin), for instance, are assigned in prototypical dosages, and often derive from

highly addictive substances. In uncontrolled settings, such medications have contributed

to large-scale abuse (and even death) in what has become a national opioid crisis. Spinal

cord stimulation (SCS) presents an attractive alternative, though it requires invasive

surgery, operates in a mostly open-loop paradigm, and correspondingly reports varying

levels of efficacy [4, 5]. Only with considerable effort and over multiple appointments can

a clinician hope to achieve an adequate stimulation configuration that reduces excessive

pain and increases patient mobility. To open the door for more effective therapies,

researchers have called for a more principled search for pain “biomarkers” that 1) allow

for increased pain classification accuracy and 2) provide functional understanding to

underlying neural circuitry for targeted modulation of pain-related information [6–8].

The search for reliable, physiologically-relevant measures of pain is no simple task:

pain processing integrates across the cognitive, emotional, and sensory dimensions of

neural activity [6, 9–11], as well as numerous physical locations in the brain forming

what has become known as the “pain matrix” [6, 10–14]. The pain matrix is typically

thought to include the thalamus, primary (S1) and secondary (S2) somatosensory cor-

tices, anterior cingulate cortex (ACC), prefrontal cortex (PFC), and insula, however,

the relative involvement of these areas remains poorly understood and might, indeed,

include other brain structures like the cerebellum [15]. Furthermore, certain prolifically

used imaging modalities like functional magnetic resonance imaging (fMRI) rely on

indirect measures of brain activity and lack millisecond-scale precision [6]. The blood-
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oxygen-level-dependent (BOLD) signal measured by fMRI cannot account for spiking or

inter-neuron circuit dynamics and its limited precision in the time domain causes sig-

nificant blurring in the spatial domain due to fast timescale activation of different brain

regions. A similar limitation emerges for time and frequency-domain analysis (regardless

of the modality) that only considers average responses across time or trials: spontaneous

processes that govern context dependency via a resting brain state get washed out or

misinterpreted [16, 17]. Therefore, the shortcomings of traditional approaches for finding

and interpreting pain biomarkers (e.g., solving for sequential activation of pain matrix

regions via fMRI or isolating shifts in the peaks of average spectral power [18–20]) can

be mitigated by leveraging methods that translate between sensor and neural circuit,

have millisecond-scale precision, and address spontaneous events in single-time-series

resting state activity.

This study takes two separate paths in order to predict events in magneto- and elec-

troencephalography (M/EEG) measures of acute and chronic pain, respectively, that

contain circuit-level significance. Under the hypothesis that the underlying circuit mech-

anisms of the evoked acute pain M/EEG response differ from those of non-painful sensory

stimuli, Part 1 runs simulations on a computational biophysically-principled model, Hu-

man Neocortical Neurosolver (HNN), of the primary neuronal activity responsible for

M/EEG signals [21–23]. As discussed more in Section 1.2, HNN exhibits laminar and

morphological structure, two classes of inputs simulating “feedforward” and “feedback”

drive, and excitatory and inhibitory connections that preserve the functional significance

of neocortical neuronal circuits. Upon accurate simulation of experimentally observed

evoked responses, the synaptic input parameters represent precisely timed circuit per-

turbations that encode transmission of nociceptive information to the neocortex. Part 2,

on the other hand, identifies transient spectral events that arise spontaneously in resting

state EEG of chronic pain versus normal human subjects. Thus, Part 2 addresses the

confounding influence of chronic pain on stochastic brain states under the hypothesis

that the number, magnitude, and breadth of high-power spectral events account for a

substantial change from healthy resting state activity.
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Part 1

Biophyisically-principled

neuromodeling of the

early-latency, nociceptive evoked

M/EEG response in S1

1.1 Background

Nociceptive stimulus to the hand evokes its earliest M/EEG response in contralateral

S1 [2, 24, 25], specifically area 3b/1 [26–28]. As reflected in Figure 1.1, non-nociceptive

median nerve stimulation [29–37] (and more broadly tactile hand stimulation [21, 31])

evokes an initial response in a topologically similar region of contralateral S1. Although

most previous studies have analyzed the nociceptive and non-nociceptive sensory early-

latency evoked responses separately, here we consider the cortical circuit mechanisms

underlying each waveform in relation to the other. Specifically, we consider the circuit-

level origin of the early-latency laser evoked potential (LEP) Aδ-N1 complex, originat-

ing from cutaneous laser stimulation to the hand and transmitted primarily through

Aδ fibers [2, 26, 27], in reference to the median nerve evoked potential (MNEP) Aβ-

N20 complex, originating from transcutaneous electrical median nerve stimulation and

transmitted primarily through Aβ fibers [38].
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Laser stimulationMedian nerve stimulation

Figure 1.1. Equivalent current dipole (ECD) location (area 3b/1) and orientation of

the Aβ-N20 (from contralateral median nerve stimulation) and Aδ-N1 (from contralat-

eral laser stimulation). Both images represent ECD activation within the left hemisphere

due to right-hand stimulation, oriented upward/anterior (left) and downward/posterior

(right). For the image corresponding to median nerve stimulation (left), note that the

axial plane is flipped about the medial axis. Adapted from Kanno et al. (2003), Fig. 3

[29] and Jin et al. (2018), Fig. 3 [2].

Given that both the Aβ-N20 complex and Aδ-N1 complex source-localize to loca-

tions on the posterior wall of the central sulcus, we characterize each waveform by first

considering the orientation of their respective equivalent current dipoles (ECDs). The

initial N20 deflection of the Aβ-N20 complex ECD points upward with reference to the

surface of the cortex and indicates electrical current flow up toward the surface of the

cortex [35]. Conversely, the initial N1 deflection of the Aδ-N1 complex ECD points

downward and indicates electrical current flow down from the surface of the cortex. (As

discussed in more detail later, bulk current flow in the cortex primarily travels through

the long distal dendrites of pyramidal neurons that span multiple layers of the cortex.

Since distal dendrites extend normal to the surface of the cortex as in Figure 1.2, they

are generally oriented parallel to each other and thus contribute the most to net current

flow within a cortical column.)
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Figure 1.2. Reconstruction of a layer 5 pyramidal neuron from the rat somatosensory

cortex. Stereotypical morphology includes the soma, basal dendrites that extend mini-

mally from the base of the soma in many directions, apical dendrites (among which is a

long distal dendrite) that extend upward from the apex, and an axon that projects from

the bottom of the soma (not shown). Adapted from Chen et al. (2003), Fig. 6 [39].

While the ECD orientation of the Aδ-N1 in Figure 1.1 appears to differ slightly from

that of the Aβ-N20, nociceptive projections to S1 are known to activate populations

closer to the crown of the post-central gyrus (i.e., occupying a topological region be-

tween areas 3b and 1) [27, 28]. Such a location supports a more downward-pointing

ECD orientation in order to remain normal to the brain’s surface. With this in mind,

now consider the stereotypical early-latency Aβ-N20 complex shown in 1.3. The wave-

form exhibits two primary deflections, upward then downward, followed by a congruent

(but last drastic) secondary pattern. While the exact timing of the N20 and P35 deflec-

tions possesses a certain amount of inter-population and inter-experimental variability,

the relative progression of a small upwards deflection followed by a considerably larger

7



downward deflection appears ubiquitous throughout the literature [1, 29–37].

0 20 ms

P35

N20

Figure 1.3. Evoked response to median nerve stimulation with its stereotypical primary

deflections, N20 and P35, across different experimental paradigms and data sources.

Blue: ECD, originally in units of dSPM, is extracted from an image supplied by Alexan-

dre Gramfort [40]; orange: ECD, originally in units of nAm, is extracted from Figure 2

in Lin et al. (2003) [36]; yellow: ECD, originally in units of nAm, is computed from the

MNE-Python somatosensory dataset [40, 41]; and purple: EEG Cc-Fz is read directly

from the dataset in Lenoir et al. (2017) [1]. Each waveform is rescaled to orient the

N20 deflection upward with a total waveform euclidean norm of 1. Note that the blue,

orange, and yellow waveforms represent estimated source-space dipoles, while the purple

waveform represents the EEG sensor-space ERP measured at the C3 and C4 electrodes

(contralateral to stimulation) referenced at Fz.

It is important to note here that we draw a distinction between the ECD of the

early-latency MNEP and the ECD of the Aβ-N20. Since any given sensor-space wave-

form can emerge from multiple ECDs, the ECD that contributes the most to a given

sensor-space deflection (e.g., Aβ-N20) is not necessarily the same as the ECD that con-

tributes the most to the response’s entire waveform (e.g., the successive N20, P35, etc.

deflections that together compose S1’s evoked response to contralateral median nerve

stimulation). Numerous researchers have demonstrated that the neural generators of the

8



Aβ-N20 and Aβ-P35, respectively, may be distinct [30, 33–35]. For example, Wikstrom

et al. demonstrated that multi-dipole modeling extracts two noticeably different ECDs

corresponding to different deflections in the MNEP (Figure 1.4) [35]. Furthermore, Wik-

strom et al. showed that 1) a multi-source model outperforms a single-source N20 model

in goodness-of-fit when reproducing the forward-solution and 2) the respective N20 and

P35 ECDs have functionally different responses to modulation of the median nerve inter-

stimulus-interval. Therefore, any single ECD identified as “most characteristic” of the

early-latency MNEP may in practice correspond to either (or a combination) of the two

major sensor-space deflections, N20 and P35, depending on the optimization routine.

A similar distinction applies to any reference in the following pages to the ECD of the

early-latency LEP (i.e., Aδ-N1 complex ) versus the ECD of the Aδ-N1 deflection.
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N20 ECD N20 ECD

P35 ECDP35 ECD

Figure 1.4. Forward-solution waveforms of different dipoles calculated with the as-

sumption that the MNEP N20 and P35 deflections are better explained by two separate

sources. The top waveform corresponds to the N20 ECD, the middle waveform cor-

responds to the P35 ECD, and the bottom plot represents the goodness-of-fit for the

N20 source alone (dotted line) and the combination of the two sources (solid line). The

left and right sides denote experimental paradigms where median nerve stimulation is

applied with a 5 s and 1 s inter-stimulus-interval, respectively. Adapted from Wikstrom

et al. (1996), Fig. 5 [35].

Broadly speaking, the ECD of any arbitrary response gives insight into the structure

and dynamics of its corresponding neocortical circuit. Dipole location and orientation

show the primary direction of current flow through the distal dendrites of cortical pyra-

midal neurons (Figure 1.5): either ascending from deep layers toward the surface of

the brain or descending from superficial layers toward deep layers. Also, timing of ECD

peak deflections represent windows of maximal current flow in one direction or the other.

Finally, the relative amplitude of one ECD to another (measured as root mean squared

error from baseline) scales proportionally with the number of pyramidal neurons that

contribute current flow to the combined ECD normal to the surface of the brain.
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Figure 1.5. Mechanistic origin of the electromagnetic fields measured by M/EEG. Pri-

mary currents traveling down the distal dendrites of pyramidal neurons in the neocortex

produce a net dipole, which in turn creates an electromagnetic field. Reproduced from

the Encyclopedia of Computational Neuroscience [42].

Given the observation that the respective ECDs corresponding to the Aδ-N1 complex

and Aβ-N20 complex originate from reasonably similar topographic locations and axis

orientations, we make two hypotheses regarding the primary underlying dipole circuits

of each response.

Hypothesis 1 The primary underlying circuits responsible for the Aδ-N1 complex and

Aβ-N20 complex ECDs, respectively, are functionally congruent. As such, each circuit

can account for both responses given the same local network components, local network

connectivity, and similar types of inputs (originating from lemniscal thalamus and non-

lemniscal thalamus or high-order cortex).

As a consequence of the first hypothesis, we address the mechanisms significant to

nociception more directly in the second:

Hypothesis 2 A change in the number and timing of inputs adequately accounts for

the difference in LEP versus MNEP, thus isolating a circuit mechanism unique to noci-

ception.

In other words, we expect to find that the early-latency nociceptive evoked response

emerges differentially from its non-nociceptive, MNEP control due to specifically timed

perturbations of the same S1 circuit. If both hypotheses are true, the input configuration

(i.e., number and timing of inputs) form a characteristic mechanism of the nociceptive
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evoked response in S1. Such a mechanism can be tested further for in vivo physiological

support. On the other hand, if one or both hypotheses prove to be false, we demonstrate

that a reduction of the two respective ECD circuits to one circuit is shortsighted. It

should be noted here that for the scope of this study, Hypothesis 1 and 2 are not

intended to be conclusively accepted or rejected. Rather, they are asserted in order

to create a tangible framework that allows for simulation experiments to guide future

neurophysiological experiments. Such an approach enables computationally-informed

predictions of neural dynamics to be found that would have otherwise been difficult (if

not impossible) to find. As addressed further in Part 2 of this study, a corollary of

Hypothesis 2 extends to a more general, non-time-locked paradigm by predicting that

the number, magnitude, and breadth of high-power spectral events, measured at a given

EEG electrode, account for a substantial change from healthy resting state activity.

1.2 Testing circuit mechanisms with HNN

Part 1 of this study employed use of HNN, a biophysically principled model of somatosen-

sory cortex [23], to simulate the current dipole circuits underlying M/EEG (Figure 1.5).

More specifically, HNN simulates the primary current flow up and down the distal den-

drites of a pyramidal neuron by incorporating it into the model shown in Figure 1.6) [21,

22, 43]. Two classes of synaptic inputs simulate perturbations of the cortical circuit com-

ing from the peripheral nervous system through the lemniscal thalamus (i.e., proximal

inputs) or from top-down control through non-lemniscal thalamus or high-order cortex

(i.e., distal inputs). Distinguishing between these inputs allows the model to simulate

circuit drive that initially pushes current flow up from the soma or pushes current flow

down toward the soma from superficial layers. Furthermore, proximal and distal inputs

drive inhibitory basket cells at different latencies given the distance and number synaptic

connections separating inital activation from each basket cell. While many parameters

play a significant role in determining modes of HNN’s high-dimensional dynamical sys-

tem, this study primarily focuses on modulating the type and relative timing of circuit

inputs (guided by the hypotheses asserted above).
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Proximal (feedforward) 
drive to the granular 
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to supragranular layers 
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Figure 1.6. Schematic of the laminar HNN model. Each vertical section of a 10x10

grid contains a layer 2/3 (L2/3) pyramidal cell (at the upper plane) and a layer 5 (L5)

pyramidal cell (at the lower plane). Additionally, 35 inhibitory basket cells per layer are

distributed among the pyramidal cells in conjunction with a series of local and excitatory

input (proximal and distal drive) connections.

Prior to running simulations, the median nerve stimulation inverse solution was

extracted from MNE-Python somatosensory dataset [40, 41] by solving for the minimum

norm estimate [44] and then selecting the vertex that contributed the largest normal

component (to the surface of the brain) over the 0-42 ms post-stimulus time window. The

resulting waveform (i.e., the yellow trace in Figure 1.3) was used as a reference for HNN

simulations of the early-latency MNEP ECD. The LEP ECD waveform was retrieved

from Li Hu and represents the group average ECD of contralateral early-latency LEPs

isolated through independent component decomposition [2]. See Jin et al. (2018) [2] for

specific details regarding experimental procedure and the inverse solution of the Aδ-N1

complex.

1.2.1 Early-latency MNEP emerges from sequential proximal and dis-

tal drive events

Solving first for the HNN simulation parameters pertaining to the Aβ-N20 complex,

simulations sessions were run iteratively to create the modeled average waveform shown

in Figure 1.7. Layer-specific activity (Figure 1.9) and neuron spiking (1.8) were also

considered. The model variables associated with the input number, type, timing, and

AMPA and NMDA weights for layer-specific pyramidal and basket cells were manually
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modified. Furthermore, model variables associated with local connectivity for AMPA,

NMDA, GABAA, and GABAB weights onto layer-specific pyramidal cells were modi-

fied. All simulations for both waveforms were run with a 0.025 ms integration time-step,

100 trials/simulation, and a 5 ms Gaussian smoothing window.
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Figure 1.7. Simulation of the Aβ-N20 complex. This simulation is conducted with 100

trials (grey) to form the trial average (black) and compared via root mean squared error

(RMSE) to the experimentally observed ECD (purple). A proximal (red) input occurs

at t = 20 ms and two distal (green) inputs occured at t = 32 and 82 ms. The top plots

denote time histograms corresponding to each input.
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Figure 1.8. Spiking of the simulated dipoles of the Aβ-N20 complex. Top: time

histograms of distal (green) and proximal (red) inputs, middle: raster plot of individual

cell spiking (organized by cell-type), and bottom: time histograms corresponding to the

combined spiking of all cells per cell type.
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Figure 1.9. Layer-specific simulated current dipoles of the Aβ-N20 complex.

1.2.2 Early-latency LEP emerges from phase-locked bursts of proximal

and distal drive

Once the modeled Aβ-N20 complex was articulated, all local connectivity parameters

remained constant while adjustments were made to the number, type, and timing of

inputs. As shown in Figure 1.10, HNN modeling of the Aδ-N1 complex is best described

in four stages. Each stage corresponds to an informed modification of the simulation

inputs that attempts to account for most prominent temporal features first, followed by

less prominent. Arriving at the model simulation determined in stage 4, Figure 1.11

demonstrates that decreasing the proximal presynaptic inter-spike-interval (ISI) from

125 ms to 100 ms (a −20% change) or increasing the distal presynaptic ISI from 25 ms

to 35 ms (a −40% change) results in a poorer match to the empirically observed ECD

(> 10% change). While it is hard to say how the nonlinear nature of the HNN model
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might affect gain changes associated with more drastic modifications to the input timing

ISIs, this study assumes that a local minimum of the average RMSE cost function has

been reached in the stage 4 simulation.
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Figure 1.10. Simulations of the Aδ-N1 complex at four stages. All simulations are

conducted with 100 trials (grey) to form the trial average (black) and compared via root

mean squared error (RMSE) to the experimentally observed ECD (purple). Proximal

(red) and distal (green) inputs are assigned successively as follows: a) add three proximal

inputs at t = 120, 145, and 170 ms; b) add one distal input at t = 145 ms; c) add a

three-spike burst of distal inputs 25 ms apart, starting at t = 120 ms; and d) adjust the

last distal input to occur earlier at t = 195 ms. The top plots denote time histograms

corresponding to each input. Note that the same local network and cellular parameters

determined for the modeled Aβ-N20 complex ECD are used here.
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Figure 1.11. Decreased Aδ-N1 complex matching due to deviations in the input timing

at stage 4. Starting off at the model simulation shown in stage 4 (Figure 1.10.d) (a),

decreasing the proximal presynaptic ISI from 125 ms to 100 ms renders an average

RMSE of 8.33 (b). On the other hand, increasing the distal presynaptic ISI from 25 ms

to 35 ms renders an average RMSE of 8.84 (c).

1.3 Discussion

HNN modeling of the Aβ-N20 complex demonstrated that non-nociceptive early-latency

MNEP, emerges from a distinctly successive proximal versus distal drive process. In
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keeping with the traditional understanding of the mechanisms governing this response

(Figure 1.12) [31, 32, 35, 45, 46], the initial N20 deflection is produced by proximal

“feedforward” drive to the granular layer. Contrary to traditional understanding, how-

ever, is the requirement for a successive distal input at t = 32 ms post-stimulus. In

particular, the HNN model failed to produce a large enough P35 deflect and successive

N45 deflection when the distal input was excluded. While this is an interesting finding

in and of itself, such a result would need in vivo laminar validation confirming that there

is, indeed, a large current sink measured in the supragranular layers around t = 32 ms

and that such a sink is the product of reliable, precisely-timed distal drive from either

high-order cortex or non-lemniscal thalamus.

Figure 1.12. Traditional understanding of the circuit mechanisms behind the MNEP:

a) excitatory drive from lemniscal thalamus enters the granular layer of area 3b, resulting

in an initial depolarizing current being driven up the distal dendrites from the soma of the

pyramidal cells, b) after a small time delay, inhibitory drive from activated basket cells

reaches the pyramidal cell’s soma, causing a net downward flow of current, a secondary

excitatory drive excites the soma of the pyramidal cells and once again drive current

up the distal dendrites, and d) secondary activation of the basket cells results in more

inhibitory drive to the soma of pyramidal cells, resulting in another downward net

current. Reproduced from Wikstrom et al. (1996), Fig. 6 [35].

For the Aδ-N1 complex, the HNN model provides a convincing account of the initial

N1 downward deflection (lasting 125 ms), however, the circuit appears to be unable

to adequately reproduce subsequent deflections in the waveform. At stage 1 (Figure

1.10a), the basic structure of the waveform is caused by activation of the L5 basket cells

which supply heavy amounts of inhibition to the soma of L5 pyramidal via GABAB
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neurotransmitters. Since activation of GABAB receptors is associated with a notably

long decay constant, a net hyperpolarizing current dominates the L5 pyramidal cell for

a long time, driving current down the distal dendrites. The other proximal inputs play

a similar role, though are spaced 125 ms apart in order to allow for upward deflections

at t = 275 and 375 ms. Adding distal inputs in the following stages provide excitability

to the pyramidal somas, allowing the system to recuperate more quickly from hyperpo-

larization.

Interestingly, the simulated dipole scaling factor for the Aδ-N1 complex (2500) was

significantly larger than for the Aβ-N20 complex (30). This implies that the ECD of

the Aδ-N1 complex was formed by an estimated 500,000 versus 6,000 cells and might

indicate that the Aβ-N20 complex is significantly more spread out in area 3b of S1 (i.e.,

fewer single-neuron dipoles have a common normal component to the surface of the

brain). The experimental observation that median nerve stimulation activates various

populations in area 3b differently might explain why the Aβ-N20 complex is so robust

yet of reduced magnitude [30, 33–35].

Noting that the presynaptic inter-spike-interval is ∼25 ms, the distal drive in (c)

and (d) of Figure 1.10 indicates a 40 Hz gamma burst. While interpretation of a sup-

posed “gamma” burst is open ended, some have argued that gamma might regulate a

synchronous feedforward process that grades with nociceptive stimulus intensity rather

than perception [47]. Such a notion is also supported by the observation that the Aδ-N1

complex appears to mediate motor over perceptual or autonomic responses [30]. Prox-

imal drive occurring every ∼25 ms, on the other hand, indicates an 8 Hz theta (or low

alpha) burst. Since theta is a well-known correlate of chronic pain and is often found

to up-regulate in chronic pain subjects, nociception ascending to S1 might involve the

same thalamocortical loop regulated by the reticular thalamic nucleus [47–49].

It is not hard to see that none of the mechanisms associated with the Aδ-N1 com-

plex are in themselves unique. As presented by Mouraux and Iannetti (2009), LEPs

can at times be explained by other sources of sensory input [50]. Thus, nociceptive

somatosensory activity may not be entirely encoded by the Aδ-N1 complex.

Hypothesis 1 asserted that neural circuits producing the Aδ-N1 complex and Aβ-N20

complex ECDs were functionally congruent, and Hypothesis 2 extended Hypothesis

1 by predicting that the number and timing of proximal versus distal inputs could
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account for the difference between the two waveform complexes. Therefore, tuning and

simulating the HNN model under both hypotheses rendered a few key predictions for

further inquiry:

1. The Aδ-N1 complex emerges from coinciding bursts of proximal and distal drive,

phase locked to burst onset.

2. The proximal burst occurs with a 125 ms ISI (i.e., an 8 Hz theta frequency), and

the distal burst occurs with a 25 ms ISI (i.e., a 40 Hz gamma frequency).

Future work should test these predictions via laminar S1 recordings in an animal

model and experimental paradigm that isolates activation of the Aδ and Aβ fibers, re-

spectively. We expect the initial evoked response following Aδ activation to differentiate

from Aβ activation in that the former arrives significantly later (consistent with the Aδ

fiber conduction velocity) and with two coinciding bursts to the granular and supragran-

ular layers. These bursts should be of a high-theta/low-alpha and gamma frequency,

respectively, with appropriate correction for the shift in frequency bands for the spe-

cific animal model. Furthermore, we expect laminar multi-unit activity to support the

spiking associated with the HNN Aδ-N1 complex model at stage 4.
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Part 2

Spectral event analysis in

resting-state chronic pain EEG

2.1 Background

Lumbar radiculopathy (LR) is a well-documented source of chronic pain and is com-

mon in patients with failed back surgery syndrome [5, 51]. Despite its prevalence, LR

and other sources of chronic pain remain particularly difficult to treat given our limited

understanding of the cortical mechanisms governing perception of non-evoked, “sponta-

neous” pain. Numerous research groups have demonstrated signatures of both evoked

[52–55] and chronic [18–20] pain in the frequency domain, however, these signatures lack

a unified understanding that translates to both evoked and non-evoked pain.

In order to address the limitations of previous analysis methods, Part 2 of this

study begins by asserting that all neural states have a beginning and end point. A

cortical 40 Hz gamma oscillation, for instance, can arise at the onset of an inhibition-

excitation interaction between pyramidal cells and fast-spiking interneurons [56, 57].

The circuit mechanisms that govern such a rhythm’s creation or demise thus rely on

precisely timed activation of various brain structures and their smaller, neuron-level

components. Despite their simple underpinnings, other classes of supposedly oscillatory

activity turn out to be far from constant rhythms [16]. For instance, reduced beta (14-

29 Hz) activity associated with attention and detection tasks turns out to be better

characterized as a reduction in beta event (defined as a transient peak in the time-

frequency domain with high beta power relative to the median power spectral density)
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probability rather than reduced oscillation amplitude [17, 43]. Yet, the probability

of beta event occurrence has profound implications on cognitive processes given its

propensity to modulate bottom-up saliency. Given our interest in the pain matrix,

Part 2 of this study identifies bursts of rhythmic activity to inform the building blocks

of the larger pain-encoding system. Most importantly, Part 2 considers resting state

chronic pain activity without averaging out transient, spontaneous processes significant

to the chronic pain brain state. To do this, we begin by characterizing each single-

epoch, time-frequency response by its fluctuation from median power spectral density

(PSD). This allows us to 1) identify frequency bands that exhibit temporal fluctuations

containing large amounts of high-power events compared to that of healthy controls

and 2) detect individual high-power events on a single-time-series basis. Once spectral

events of a frequency band of interest are found, their respective features in the time-

frequency domain (i.e., count/epoch, peak power, frequency-width, and time-width) can

be measured for comparison between the two groups.

2.2 Materials and Methods

2.2.1 Human EEG trials

This experiment measured resting-state EEG for 42 human subjects. 20 subjects had

a diagnosis of lumbar radiculopathy (LR), 20 were age and sex-matched healthy con-

trols (±3 years), and 2 were healthy controls without an age match. Note that for the

purpose of the present analysis, only trials from age-matched subjects were included in

analysis. All subjects were screened for pre-diagnosed psychological disorders, were not

taking opioid medication, could read and write English, and were instructed to abstain

from coffee two hours prior to recordings. Furthermore, each LR subject reported a

pain score of at least 5 on the 0-10 visual analog scale, while healthy controls reported

a score of 0 at the time of recording. EEG recordings were collected using the Stat-

Net/MicroEEG system with 16 electrodes (placed according to the International 10/20

system), a common reference positioned halfway between Fz and Cz, and a ground. All

recording sessions were sampled at 250 Hz for a duration of 5 minutes each, beginning

with the subject’s eyes open and alternating between eyes open and eyes closed every 60

seconds. Each subject was seated comfortably in a quiet, secluded room and instructed
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to relax.

2.2.2 Preprocessing and epoch selection

First, all electrode channels for each subject were visually inspected and marked for

excessive amplitude or noise due to poor electrode connection. Since the channels cor-

responding to electrodes C3, CZ, F8, FP1, and FP2 passed visual inspection for all sub-

jects, further analysis was restricted to these channels to maximize use of the sampled

population. Raw EEG signals were then high-pass filtered at 1 Hz (1-1.5 Hz transition

band, 80 dB stop band attenuation), low-pass filtered at 124 Hz (120-124 Hz transition

band, 60 dB stop band attenuation), and notch filtered from 57-63 Hz (55-57 Hz and

63-65 Hz transition bands, 100dB stop band attenuation) using forward-reverse FIR

filters. Following filtering, segments from each time series were binned according to

their corresponding eyes open/closed condition. To account for artifacts, each 1-second

bin of a given segment was tested against a validated support vector machine artifact

detection classifier [58] and marked for rejection when positive. Among the artifact-free

bins belonging to a segment, adjacent bin pairs were selected as single epochs for anal-

ysis. Given our need to characterize average resting state activity among presumably

stochastic epochs, any subject along with its age-matched pair were discarded if less

than 10 epochs (of a given combination of subject, condition, and channel) survived

artifact detection. Thus, for the eyes open condition, subjects 8, 16, 18, 22, 27, 28, 31,

38, and 39 were omitted from analysis. For the eyes closed condition, only subjects 16

and 28 were omitted (due to lack of an age-matched, LR counterpart).

The time-frequency response (TFR) was calculated for each epoch by convolving in

the time domain with a Morlet wavelet (width = 5) for frequencies ranging from 1-50

Hz. Spectrograms were cropped to eliminate edge effects, leaving each spectrogram to

span 6-50 Hz in the frequency domain and 0-1072 ms in the time domain.

2.2.3 Identifying frequency bands of interest

All analysis was conducted for each combination of the selected channel and eyes open/closed

condition separately. In keeping with the approach set forth by Shin et al. (2017), spec-

tral events were characterized by first normalizing each TFR spectrogram by the median

power spectral density (PSD), calculated across all epochs of a subject, eyes open/closed
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condition, and channel combination) [17, 59]. With the understanding that spectral

events define topographic regions in the time-frequency domain of highest factors-of-

the-median (FOM) power, we subsequently sought to find frequency bands where the

bulk level of transient spectral activity diverged between the LR and healthy groups.

The procedure for identification of frequency bands of interest was conducted as follows:

1. Compute the average subject-specific TFR (averaged across epochs).

2. Compute the average subject-specific PSD.

3. At each frequency value, perform a two-tailed Wilcoxon rank sum test (tested

at α = 0.05 significance following Bonferroni correction for multiple comparisons)

comparing the distribution of RL subject-specific PSD values to that of the healthy

groups.

2.2.4 Spectral event detection and feature comparison

Given that the above procedure identified a band of interest for only one channel, C3,

spectral event detection was conducted at 42-43 Hz for C3, eyes open epochs, and 38-43

Hz for C3, eyes closed epochs. This portion of the analysis used the SpectralEvents tool-

box (https://github.com/jonescompneurolab/SpectralEvents) which characterized four

event features: count/epoch, peak power, frequency-width (F-span), and time-width as

in Shin et al. (2017) [17]. Note, however, that here we implemented an alternative

event-finding method (findMethod=3), that does not allow for overlapping events to

occur in a given suprathreshold region. Furthermore, it ensures that any within-band,

suprathreshold activity will register an event. The procedure was as follows:

1. Threshold the normalized, single-epoch TFR (at 6 FOM) in the frequency band

of interest.

2. Find local maxima.

3. Discard maxima of lesser magnitude in each suprathreshold region, respectively,

such that only the greatest local maximum in each region survives. All preserved

maxima (i.e., that are now separated into unique suprathreshold regions) charac-

terize the center locations corresponding to each event in the time-series.
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4. Define event counts/epoch as the number of events in the given epoch.

5. Define event power as the FOM value at the maxima (i.e., event center) for a given

event.

6. Define event duration as the full-width at half-maximum along the time dimension

for a given event.

7. Define event F-span as the full-width at half-maximum along the frequency di-

mension for a given event.

8. If more than one local maxima in a region have the same greatest value, their

respective event timing, frequency location, and boundaries at full-width half-

maximum are calculated separately and averaged.

Figure 2.1 shows event locations in time-frequency space for ten epochs associated

with a LR subject.
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Figure 2.1. Spectral event detection in ten sample epochs for the 18th LR subject, eyes

open. The top spectrogram displays the average TFR over all epochs. The ten bottom

spectrograms display randomly sampled, single-epoch TFRs with their corresponding

waveforms. Note that the ten bottom spectrograms only show activity in the frequency

band of interest (42-43 Hz) and the left and right sides show the same TFR before

and after median-PSD normalization, respectively. White dots correspond to the time-

frequency coordinates of isolated spectral events calculated from the median-normalized

TFR.

Once the spectral events were labeled and characterized, probability histograms were

constructed for each feature. A two-tailed Wilcoxon rank sum tests was performed (at

α = 0.01 significance, following Bonferroni correction for multiple comparisons) for each

feature, comparing the aggregate probability histogram between the LR and healthy

groups.
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2.3 Results

2.3.1 Only one frequency band near 40 Hz and over somatosensory

cortex separates spontaneous EEG activity in LR versus healthy

subjects

Only one electrode channel (C3, over the left somatosensory cortex) of five contains

a frequency band that significantly diverged in normalized spectral activity between

the LR and healthy groups. Figure 2.2 and Figure 2.3 demonstrate this result for the

eyes open condition, and Figure 2.4 and Figure 2.5 demonstrate this for the eyes closed

condition. Interestingly, the statistically significant frequency band is very similar in C3

for both the eyes open (42-43 Hz) and eyes closed (38-43 Hz) cases.
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Figure 2.2. Characteristic median-normalized time-frequency domain activity for

channel C3 (eyes open), compared between the LR versus healthy groups. The group

average (a-b) is averaged across all subject-specific average TFRs (c-d). In (e-g), ma-

roon corresponds with the LR group median and black corresponds with the healthy

group median. In (g), the orange region (42-43 Hz) indicates statistically significant

PSD differences between the two groups (two-tailed Wilcoxon rank sum test corrected

for multiple comparisons at 0.05 significance, p < 0.0011). Confidence intervals are

computed using a 10,000 iteration bootstrap procedure.
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Figure 2.3. Median-normalized PSDs for all channels besides C3 (eyes open), compared

between the LR versus healthy groups. Maroon corresponds with the LR group median

and black corresponds with the healthy group median. No frequency values for channels

CZ (a), F8 (b), FP1 (c), and FP2 (d) contain statistically significant PSD differences

between the two groups (two-tailed Wilcoxon rank sum test corrected for multiple com-

parisons at 0.05 significance, p > 0.0011). Confidence intervals are computed using a

10,000 iteration bootstrap procedure.
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Figure 2.4. Characteristic median-normalized time-frequency domain activity for

channel C3 (eyes closed), compared between the LR versus healthy groups. The group

average (a-b) is averaged across all subject-specific average TFRs (c-d). In (e-g), ma-

roon corresponds with the LR group median and black corresponds with the healthy

group median. In (g), the orange region (38-43 Hz) indicates statistically significant

PSD differences between the two group (Wilcoxon rank sum test corrected for multiple

comparisons at 0.05 significance, p < 0.0011). Confidence intervals are computed using

a 10,000 iteration bootstrap procedure.
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Figure 2.5. Median-normalized PSDs for all channels besides C3 (eyes closed), com-

pared between the LR versus healthy groups. Maroon corresponds with the LR group

median and black corresponds with the healthy group median. No frequency values

for channels CZ (a), F8 (b), FP1 (c), and FP2 (d) contain statistically significant PSD

differences between the two groups (Wilcoxon rank sum test corrected for multiple com-

parisons at 0.05 significance, p > 0.0011). Confidence intervals are computed using a

10,000 iteration bootstrap procedure.

32



2.3.2 The LR group exhibits 40 Hz spectral events at a different rate

and with a different frequency-span compared to the healthy

group

For the eyes open condition, 42-43 Hz spectral event analysis demonstrates that the

feature distributions of counts/epoch (i.e., event rate), power, and event F-span are sig-

nificantly different between the LR and healthy groups (Figure 2.6). For the eyes closed

condition, 38-43 Hz spectral event analysis demonstrates that only event counts/epoch

and F-span are significantly different between the LR and healthy groups (Figure 2.7).

Therefore, event rate and F-span differentiate between the LR and healthy groups re-

gardless of the eyes open/closed experimental condition.
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Figure 2.6. Probability histograms of spectral event features (counts/epoch, power,

duration, and frequency span) in the 42-43 Hz range for channel C3, eyes open. From

left to right: LR subjects, healthy controls, and subject aggregates from the respective

groups. Maroon denotes the aggregate histogram for LR and black denotes the aggregate

histogram for healthy subjects. *statistically significant difference between the aggregate

feature distribution of the LR group compared to the healthy group (Wilcoxon rank sum

test corrected for multiple comparisons at 0.01 significance, p < 0.0025).
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Figure 2.7. Probability histograms of spectral event features (counts/epoch, power,

duration, and frequency span) in the 38-43 Hz range for channel C3, eyes closed. From

left to right: LR subjects, healthy controls, and subject aggregates from the respective

groups. Maroon denotes the aggregate histogram for LR subjects and black denotes the

aggregate histogram for healthy subjects. *statistically significant difference between the

aggregate feature distribution of the LR group compared to the healthy group (Wilcoxon

rank sum test corrected for multiple comparisons at 0.01 significance, p < 0.0025).

2.4 Discussion

The first finding of Part 2 of this study demonstrates that only one frequency band

(40.5 ± 2.5 Hz) differs significantly in spectral fluctuation between the LR and healthy

groups. Such activity emerges from the C3 electrode over the somatosensory cortex
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and is roughly conserved across the eyes open and eyes closed experimental conditions.

While there is a slight difference in the boundaries of the isolated frequency bands be-

tween the eyes open (42-43 Hz) and eyes closed (38-43 Hz) conditions, its statistical

significance remains to be determined in a subsequent study. Second, the separation

between prominent high-power spectral fluctuations of the two groups corresponds to

a statistically significant difference in spectral events. The observed aggregate distri-

butions of spectral event counts/epoch (eyes open and eyes closed), power (eyes open),

and frequency span (eyes open and eyes closed) differ between the LR group compared

to the healthy group, while event duration does not.

The extent of chronic pain’s causal influence on gamma spectral events (or vice versa)

remains unknown, however, the increase in event counts/epoch points toward a more

nuanced underlying mechanism. First, Figure 2.2 and Figure 2.4 show a notable (how-

ever statistically insignificant) downward deflection in the median-normalized beta band

for LR subjects experiencing chronic pain. Conservative correction for multiple compar-

isons may have falsely rejected a band of beta activity containing downregulated beta

events correlating with chronic pain symptoms. Therefore, increased gamma events at

approximately 40 Hz could easily be the result of some intermediate process that upreg-

ulates feedforward (bottom-up) drive via rumination. Rumination—a state of focused

awareness of pain—might produce an attentive state that downregulates beta events

(associated with mediation from high-order cortex [60, 61] or non-lemniscal thalamus)

in favor of ascending drive from lemniscal thalamic pathways [43]. When ascending

projections from lemniscal thalamus dominate, excitation/inhibition interactions that

create bursts of 40 Hz activity are more likely to emerge given the increased direct acti-

vation of parvalbumin interneurons [56, 57]. Further deactivation of lateral inhibition via

thalamocortical dysrhythmia also creates irregular formation of random gamma events

and is a widely observed phenomenon associated with chronic pain [18, 47, 49, 62, 63].

Evidence from previous studies also demonstrates that a downregulation of spontaneous

beta events should result in a higher contribution of low alpha (8-14 Hz) in time-averaged

spectral activity [22, 43, 64]. Gating of feedforward activity through the regulation of

beta events thus accounts for the experimentally observed lower-frequency shift in dom-

inant alpha peak power associated with prolonged pain sensitivity in numerous cortical

regions [55, 65].
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On one hand, the gamma spectral events observed in this study might be the result

of heightened perceptual attention rather than pain, specifically. Conversely, it could be

that a heightened state of perceptual attention helps define the chronic pain “brain state”

by forcing saliency corresponding to a targeted somatotopic region. Such a mechanism

might explain pain’s ability to selectively modulate an individual’s perceptual experience

and provide considerable context dependency.

Another particularly intriguing feature of the results occurred in the variability of

the PSD plots shown in Figure 2.2, Figure 2.3, Figure 2.4, and Figure 2.5. The amount

of inter-subject variability contained in the median-normalized PSD traces among LR

subjects exceeded that of the healthy subjects. By visual inspection, this trend is most

noticible in channel C3—the channel with a statistically significant frequency band of

interest. Interestingly, Li et al. (2018) shows that the for evoked fast-pain perception,

inter-stimulus variability increased with pain rating [66]. While the circuit mechanisms

underlying chronic and evoked pain are vastly different, EEG variability in response to

increased pain sensitivity might be a conserved process.

Since statistical tests in this study were conducted on the observed distributions

of aggregate features across subjects, bias from a small subset of subjects may have

influenced comparisons between the LR and healthy groups. It should also be noted

that we used a small sample size (n=16 for eyes open and n=20 for eyes closed) to

approximate population-level effects in LR compared to healthy human subjects. To

reduce such bias, future work should address the inter-subject variability of spectral

event features in a larger number of subjects (n > 100 for each category).
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Conclusion

This study examined a microcosm of dynamics in the pain matrix by isolating millisecond-

scale events in the neocortex with circuit-level significance. While Part 1 specifically

targeted S1, Part 2 considered activity originating from five electrodes where the only

electrode exhibiting significant spectral event activity (C3) was located over S1 in the

left hemisphere. For transmission of ascending nociceptive information, “events” are

inputs to the equivalent current dipole responsible for an evoked response. For rest-

ing state, spontaneous pain, “events” are blips in spectral power that become visible

only in the single-epoch time-frequency domain. Taken together, Part 1 and Part 2

make experimental predictions that call for validation in animal models as well as (for

Part 2) implementation in a pain classifier that attempts to measure the usefulness of

gamma spectral event features for separating chronic pain subjects from healthy sub-

jects. Lastly, the methods of both parts outline a novel approach for addressing the

circuit mechanisms underlying cortical pain processing.
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