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Pain is an innate response most commonly arising from sensory and emotional stimuli reflecting
injury or illness. Brain structures such as the anterior cingulate cortex, insula, and thalamus have
been previously implicated in neural pain networks. However, the strength and nature of the
relationships between pain structures have yet to be fully characterized. Intracranial
electroencephalography (iEEG) is a method to record neural electrophysiology from cortical and
subcortical regions of the brain, and its high spatial and temporal resolution has been used to
identify neurophysiological networks associated with various conditions and cognitive states.
Here, we collected pain reports using the 0 to 10 clinical visual analog scale and recorded multi-
day iEEG in patients undergoing clinical seizure monitoring (n=5). For each pain report, 5-
minute windows of iIEEG from more than 87 channels were extracted, and neural features such
as total power-in-band, correlation, and coherence were calculated and used as inputs in subject-
specific pain classification models. Across subjects, multi-channel logistic regression models had
a 76 + 9% accuracy in classifying binarized pain states (low vs. high pain) and multi-channel
random forest models had 64 + 21% accuracy in classifying discrete VAS scores (0—10). The
best-performing model had a 95% classification accuracy of discrete VAS scores. Our results
indicate that subject-specific pain networks can be constructed from multi-day iEEG and be used
to predict reported pain intensities. The machine learning paradigm described here can help

inform closed-loop neuromodulation and pharmacological approaches for treating pain.



INTRODUCTION

Pain, a multidimensional sensory and emotional experience, is commonly experienced
postoperatively, with approximately 75% of patients reporting medium to severe acute pain
following surgery [1]. Acute pain that persists beyond the typical recovery period of an injury or
operation can transition into chronic pain, a condition affecting more than 20% of the global adult
population and the leading cause of disease and disability burden [2]-[4]. Unfortunately, there is
no universal treatment for pain due to its high subjectivity and variation across type of stimuli and
an individual’s mood, attention, memory, and more [5]. Common acute pain management
strategies involve the prescription of pain medicines such as opioids, which while highly effective,
increase the risk of misuse and addiction [6], [7]. Behavioral practices such as therapy, hypnosis,
and yoga may also be effective but are not suitable for all subjects [8]. Neuromodulation
techniques, such as deep brain stimulation, have been shown to be highly effective in subjects
where the sources of pain were known and stimulation in those areas was feasible [9].
Unfortunately, source localization and stimulation technologies remain expensive and invasive
[10], [11]. Fundamentally, pain relief is constrained by two factors: insufficient mechanistic
explanations and inadequate tools for assessing an individual’s experience of pain.

Traditional models of pain outline pathways that terminate in various circuits of the brain
[12]-[14]. Generally, pain is understood to arise along the nociceptive or neuropathic pain
pathways. In the nociceptive pain pathway, noxious stimuli induce peripheral sensitization in the
nociceptors, increasing action potential firing and signal transmission in the dorsal horn of the
spinal cord. The dorsal horn neurons induce central sensitization, a cascade of biochemical
reactions that work to transmit nociceptive information to the thalamus of the brain where the
central processing of pain signals occurs. In contrast, neuropathic pain involves the direct injury
to nerves in the peripheral or central nervous system. In a similar manner to nociceptive pain,
neuropathic pain induces central sensitization in response to stimulus-independent activity and
direct damage to nerve fibers.

Following central sensitization, pain signals received by the thalamus are believed to flow
to other regions of the cerebral cortex, inducing unique responses based on concurrent emotional
and environmental states [12]. Neuroimaging has highlighted the interconnectedness of pain
structures in what is known as the pain matrix [15]. These structures are postulated to exist in
regions involving the primary somatosensory cortex, secondary somatosensory cortex, anterior
cingulate cortex, prefrontal cortex, insular cortex, amygdala, thalamus, cerebellum, and
periaqueductal gray matter. It is further hypothesized that within the pain matrix, the lateral pain
pathway is correlated with sensory aspects of pain and the medial pain pathway is associated with
emotional aspects [16]. Other approaches to identifying pain circuitry have analyzed lesions in the
brain. For example, Recent investigations using neural electrophysiology data gathered from
electroencephalography, electrocorticography, and magnetoencephalography have demonstrated
the promise of analyzing neural activity for the characterization of pain under various stimuli [17].
Where imaging methods provide critical spatial information, electrophysiological methods provide
temporal information that can capture neural events as they unfold.

Neural events can be fluctuations in electric potential across regions of the brain that are
thought to be the result of active cellular processes, such as synaptic activity, which reflect signal
transmission to and from other regions [18]. Functional connectivity analysis involves methods
for assessing neural activity and can be applied to both neuroimaging and electrophysiology to



derive insights about neurological disorders, cognitive states, and behaviors [19]. For example,
networks constructed from functional connectivity analysis have been able to distinguish between
subjects with Alzheimer’s disease and those with healthy aging, as well as between depressed
subjects and healthy subjects [20], [21]. Other classifications have been made using functional
connectivity analysis in regards to epilepsy, memory, and multiple sclerosis [22]-[24]. For pain
assessment, functional connectivity analysis has been applied in fMRI data to differentiate between
varying intensities of heat-induced pain in a non-clinical setting [25].

Here, we develop a machine learning paradigm for classifying subject-specific pain states
from post-surgical fluctuations in pain using single-site and functional connectivity analysis on
intracranial electroencephalography. Our subject dataset comprises subjects with drug-resistant
epilepsy undergoing seizure monitoring who experience varying pain over their 7-10 day stay in
the hospital. The intensity of a subject’s pain was recorded at unscheduled intervals using the
visual analog scale (VAS), reported numerically from 0—10. We time-synchronized the subject’s
neural activity to these pain reports and extracted both temporal and spectral features, such as
Spearman’s correlation, total power-in-band (PIB), and coherence. These features were then used
to construct and implement in pain networks at three levels: single-channel, dual-channel, and
multi-channel (Figure 1). Using generalized linear models (GLM), classification and regression
tree (CART), and ensemble methods, we aim to identify pain networks that can classify subject-
specific pain intensity. The identification of suitable pain networks advances investigations into
neural mechanisms of pain on two fronts by (1) identifying electrophysiological relationships
involved in pain processing and (2) demonstrating pain profiles that can highlight unique, subject-
specific responses to pain for use in informing neuromodulation methods and other pain
management strategies.
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Fig. 1. Neural decoding paradigm. a) Windows of neural activity are time-synchronized with
subject pain reports at varying intensities recorded with the visual analog scale (VAS). Neural
predictors are extracted from the windows of activity and used as inputs to pain prediction
models. b) Single-channel, dual-channel, and multi-channel models were investigated by



combining neural activity time-series. Models increased in complexity with the addition of
channels and feature types.

METHODS

Neural Data Acquisition

Intracranial electroencephalography (IEEG) electrodes were implanted in subjects with
intractable epilepsy (n=5) at Harborview Medical Center (HMC) for seizure monitoring and the
identification of epileptogenic zones. Data collection was facilitated in conjunction with the EEG
and Neurophysiology Laboratory at HMC. All experiments were approved by the University of
Washington Institutional Review Board. Informed consent was obtained for all subjects.

Neural electrophysiology data was recorded wusing either implanted stereo-
electroencephalography (SEEG) electrodes or subdural multi-contact electrocorticography (ECoG)
grids. sEEG electrodes (PMT Corp, USA) range from 8 to 16 individual recording channels per
electrode and have a 0.8 mm diameter with 3.5 mm spacing. ECoG grids (Ad-Tech, USA) consist
of 8-64 individual recording channels and have a 2.3 mm diameter with 10 mm spacing between
contacts. Electrode implant locations were clinically determined, resulting in varying electrode
coverage across subjects (Figure 2). Neural electrophysiology was sampled at 500 Hz in up to 256
total electrodes over 5—7 days.

Data was preprocessed with a notch filter to remove line noise at 60 Hz and its harmonics
at 120 Hz and 180 Hz. Since local field potential activity typically lies within the 0.1-200 Hz
range, a 200 Hz Sth-order Butterworth low-pass filter was applied to remove high frequency
activity. Preprocessed data was visualized for quality and identification of potentially unusable
recording channels due to excessive noise or artifacts.
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Figure 2. Subject channel coverage in a) sagittal view and b) axial view. Subjects 2, 3, and 5 have
surface ECoG electrodes concentrated in one hemisphere, and Subjects 1 and 4 have bilateral
sEEG.

Pain Intensity Reports

Subjects were asked to report their pain intensity based on the visual analog scale (VAS)
throughout their stay in the hospital. The VAS is widely used as a means of measuring pain and
consists of an interpretable horizontal line representing different pain intensities from left to right,
0 being no pain and 10 being the worst pain imaginable [26]. The time of VAS reporting, pain
intensities, pain descriptors (mild, moderate, and severe), location of pain, and pain patterns (none,



intermittent, and continuous) were recorded. VAS scores were recorded several times a day as part
of routine clinical care over the duration of the subject’s stay. In our subjects, we recorded a range
of 27-60 VAS scores (Table 1).

In our binary classification task, we further defined subject-specific "low" and "high" pain
states by using the median intensity of the subject's VAS distribution as the dividing threshold. In
practice, these thresholds can be defined by an appropriate clinical assessment.

Feature Extraction
Our five subjects had between 87-200 iEEG implanted electrodes and a range of 27-60
pain intensities recorded (Table 1).

Table 1. Subject Profiles
Subject  Age  Sex Channels VAS Scores  Type

1 24 F 129 27 sEEG, bilateral

2 33 F 93 37 ECoG, right hemisphere
3 43 M 113 56 ECoG, left hemisphere
4 32 M 200 37 sEEG, bilateral

5 20 M 87 60 ECoG, right hemisphere

Windows of neural activity surrounding each instance of VAS reporting were extracted
and subsequently used for pain state classification. We defined a total window size of 5 minutes,
which comprised the 2 and a half minutes before and after the VAS was collected. We made an
assumption that the subject’s pain did not significantly change during this 5-minute window. Each
neural window was further divided into 10, 30-second epochs.

In single-channel models, we computed the total power-in-band for each of the canonical
frequency bands: delta (0.1-4 Hz), theta (4-8 Hz), alpha (8—12 Hz), beta (12-30 Hz), gamma (30—
55 Hz), and high gamma (65-200 Hz). To compute the total power in each band, we applied a 2nd
order Butterworth filter with the cutoff frequencies specified above and a Hilbert transformation
to obtain its analytical signal, which was subsequently squared and summed across the epoch to
obtain the total power-in-band.

In multi-channel models, we further computed connectivity measures between channels,
including Spearman’s correlation coefficient and coherence across all bands. These connectivity
measures were selected to capture behaviors associated with inter-channel oscillatory similarities,
both in the time domain with correlation metrics and in the frequency domain with coherence [19].

Single-channel Pain Classification

For each channel, a univariate logistic regression model using Scikit-learn (Python v. 3.9)
was fit to map the relationship between the total power-in-band estimates and the binarized
subject-reported pain intensities [27]. We fit the model on 70% of the data and tested on the other
30%. Model accuracy was computed individually across all combinations of single-channel and



frequency band. We also evaluated single-channel classification performance of the discrete VAS
scores, in contrast to the binarized VAS scores, using linear discriminant analysis.

Bottom-up Network Construction and Multi-channel Pain Classification
We selected the 10 channels with the highest model performance from the single-channel
logistic regression models as pain network candidates. Pain networks were constructed by

assessing connectivity measures between all channel pairs. Spearman’s correlation coefficient
yielded

Nchannels (nchannels - 1)/2

additional features, and coherence calculations included

Npands * Nchannels (nchannels - 1)/2

features to represent each of the canonical frequency bands. In total, these connectivity measures
constituted k& additional features, where

k = (1 + nbands) * Nehannels (nchannels - 1)/2-

The data was divided into 70% training data and 30% testing data. In multi-channel binary
classification, random forest, decision tree, and multivariate logistic regression models were
constructed using Scikit-learn (Python v. 3.9) [27]. In addition to binary classification, these same
models, excluding logistic regression, were used in predicting discrete VAS scores. Additionally,
linear regression and random forest regression models were trained and evaluated against a
continuous 0 to 10 scale. Feature importance was evaluated by computing the Gini impurity in the
decision tree and ensemble models [28].

Top-down Network Construction

Lastly, we constructed pain networks by computing connectivity metrics across all possible
channel pairs. First, we binarized the VAS scores and separately averaged connectivity measures
(e.g., Spearman’s correlation coefficient) for channel pairs in the “low pain state” and the “high
pain state.” Pain networks were constructed via thresholding of the connectivity values, where
increasing the threshold reduced the number of network connections. Furthermore, a differential
pain network was constructed by thresholding the difference between the connectivity values of
the high pain state and the low pain state to yield approximately 10 channels. Finally, the channels
selected from the top-down network construction were compared to the bottom-up network
construction.

RESULTS

Across all 5 subjects, a total of 217 pain intensities were clinically recorded, with an
average recorded intensity of 4.3 + 2.5 and an average within-subject range of 7.2 + 2.4. Not all
subjects reported pain intensities that span the entire VAS (0-10) scale. Additionally, subject
electrode coverage varied in location, type, and duration of recording. Due to these differences and
the anticipated subjectivity of pain, we developed subject-specific models for pain prediction.



Single-channel Pain Prediction

We first assessed the prediction performance of single-channel models (Figure 3). Logistic
regression models were trained using total power-in-band (PIB) values to predict binary pain states
(low vs. high). Every combination of recording channel and canonical frequency band (delta, theta,
alpha, beta, gamma, and high gamma) constituted a unique instance of the model. For example, in
subject 1, there were 774 logistic regression models, representing 129 channels by 6 frequency
bands. The maximum prediction accuracy across all subjects was 99.1%, trained used PIB values
from the beta band of the inferior frontal gyrus pars opercularis of Subject 2. We applied a
benchmark null comparison of the best performing model by randomizing the labels and as
expected in a binary classification problem with roughly equal labels, the logistic regression model
accuracy was 50.5%. All subjects had a maximum prediction accuracy greater than 68%, with
subject-specific averages ranging from 54.9-64.8%.

Next, we trained linear regression models to predict continuous pain intensity using the
same PIB values. The best performing model had an R? of 0.71 and was trained using PIB values
from the high-gamma band of the middle frontal gyrus of Subject 2. In most instances, the linear
regression model performed poorly, with most models having R? < 0.20 across subject.

Classification of discrete VAS scores was performed using linear discriminant analysis
(LDA) models trained on the PIB values. The best performing LDA model was again in Subject 2
at 77%, trained using PIB values from the beta band of the temporal pole. Subject 5 had the lowest
maximum classification accuracy at 26%, with the model trained using PIB values from the delta
band of the middle temporal gyrus. For reference, a null model in each subject is expected to yield
a prediction accuracy of

1
|{intensities}|

where |{intensities}| represents the unique number of intensities reported for a given subject
assuming uniform classes. The VAS distribution was not uniform for each patient, and the null
test for Subject 2 provided a reference classification of 56% (see Discussion).
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Fig. 3. Pain prediction models trained on total power-in-band (PIB) in individual channels. a)
Reported visual analog scale (VAS) pain distributions. b) Best performing logistic regression
model trained using normalized total PIB values across pain reports. ¢) Best performing linear
regression model trained using normalized total PIB values across pain reports. F'P — frontal pole;
IFGpo — inferior frontal gyrus pars opercularis;, LHH — left hippocampal head; LOCsd — lateral
occipital cortex superior division;, SFG — superior frontal gyrus, MFG — middle frontal gyrus; IFG
— inferior frontal gyrus; LHT — left hippocampal tail.

Dual-channel Pain Prediction

We constructed pain networks using the top 10 channels from the highest performing
logistic regression models (Table 2). We constrained network size to 10 channels to reduce
computational complexity as would be required in real-time pain decoding. These channels were
recruited from all regions at all frequency ranges. Across subjects, 21 of the 50 top-performing
models utilized PIB values from the gamma or high-gamma bands (see Supplementary Table 1).
PIB values from the beta-band were involved in 12 of the 50 models. Delta PIBs only presented

in 2 of the models.



Table 2. Bottom-up Network Construction

Subject Type Top 10 Channels

1 sEEG, bilateral Middle frontal gyrus (n=2), frontal pole (n=2), cingulate
gyrus (n=2), postcentral gyrus (n=2), precentral gyrus
(n=1), paracingulate gyrus (n=1)

2 ECoG, right Inferior frontal gyrus (n=2), temporal pole (n=2),
hemisphere precentral gyrus (n=2), middle frontal gyrus (n=1),
supramarginal gyrus (n=1), central opercular cortex (n=1),
frontal orbital cortex (n=1)

3 ECoG, left Middle frontal gyrus (n=4), inferior frontal gyrus (n=3),
hemisphere superior temporal gyrus (n=2), precentral gyrus (n=1)
4! sEEG, bilateral Hippocampus (n=3), anterior cingulate cortex (n=2),

amygdala (n=2), occipital frontal (n=2), posterior cingulate
cortex (n=1)

5 ECoG, right Occipital cortex (n=5), inferior temporal gyrus (n=2),
hemisphere angular gyrus (n=2), supramarginal gyrus (n=1)

From these pain networks, we evaluated connectivity metrics of each channel pair for
prediction performance of both binary pain states and the discrete VAS scale (Figure 4).
Spearman’s correlation coefficient was computed between channel pairs for every pain report
and used to train binary logistic regression and linear regression models. In binary decoding,
correlations within the precentral gyrus had the highest prediction accuracy of pain intensities at
76% in Subject 2. The lowest binary decoding performance was in Subject 5, with a performance
of 54%. With linear regression, Subject 2 correlations between the inferior frontal gyrus and
precentral gyrus had the highest association with pain intensities, with an R? of 0.46. Spearman’s
correlations had a poor association with pain intensities in Subject 5, having a maximum R? of
0.04.

I'ECGL, an electrocardiogram signal was initially included in the top 10 performing channels as it demonstrated a
binary classification accuracy of 75.7%. ECG signals have been previously used in attempts to decode acute pain
[29]. For the purposes of network construction, the next top-performing channel was selected in place of ECGL to
better model neural dynamics.
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correlations. Channel connections and R? values for the best performing models are reported. Ideal
pain prediction shown in gray.

Multi-channel Pain Prediction

Next, we trained classifiers using features extracted from the 10-channel pain network,
including Spearman’s correlation coefficient and coherences between channel pairs, as well as
individual PIBs (Figure 5). Model performances were assessed in predicting both binary pain
states (Table 3) and the discrete VAS scale (Table 4). The best performing model in both
assessments was random forest, with a binary prediction average of 80% and discrete VAS
prediction average of 65% across all subjects. Evaluating the testing dataset with an error tolerance
of + 1 VAS provided for a discrete VAS prediction average of 83% under random forest
(Supplementary Table 3). Notably, Subject 2 consistently had the highest model accuracies
across both binary and discrete VAS classification tasks. Feature importance was calculated by
averaging the decrease in Gini Impurity for each feature of the random forest model, revealing that
the total PIB values had the greatest contribution in model prediction among the feature types
except for in Subject 4, where inter-channel correlations and coherences also had a higher percent
contribution (see Supplementary Figure S4). It should be further noted that model prediction was
lowest in both classification tasks for Subject 4.



Table 3. Multi-channel Binary VAS Prediction

Logistic

Linear Discriminant

Regression Decision Tree Random Forest Analysis
Subject gr
Test Null Test Null Test Null Test Null
1 66.7 494 72.8 54.3 81.5 49 4 58.0 50.6
2 94.6 48.6 96.4 43.2 100 52.2 100 55.9
3 77.4 47.6 70.2 470 80.4 49 4 56.0 48.8
4 70.3 64.9 63.1 58.6 75.7 64.9 61.3 49.5
5 68.9 52.2 69.4 54.4 77.2 48.3 56.7 45.0
Mean 75.6 52.5 74.4 51.5 83.0 52.8 66.4 50.0
Table 4. Multi-channel Discrete VAS Prediction
Logistic Decision Tree Random Forest Linear Discriminant
. Regression Analysis
Subject

Test Null Test Null Test Null Test Null

1 58.0 18.5 61.7 24.7 70.4 19.8 40.7 19.8

2 91.0 34.2 83.8 39.6 94.6 54.1 80.2 36.0

3 57.1 28.0 57.7 244 68.5 36.3 20.2 7.7

4 36.9 30.6 38.7 28.8 31.5 30.6 33.3 22.5

5 472 13.9 4.4 10.0 56.1 18.3 233 12.8
Mean 58.0 25.0 57.3 25.5 64.2 31.8 39.5 19.8
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Top-down Network Construction

Lastly, we constructed networks by evaluating Spearman’s correlations between all channels,
averaging across the low and high pain states. We calculated a difference matrix by subtracting
the low pain state correlation matrix from the high pain state. We then applied a threshold to the
difference matrix to create pain networks involving the channel connectivity values that varied the
most.
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An example comparison between the bottom-up and top-down networks can be seen in
Figure 7. For the bottom-up approach, we selected channels based on their individual performance
in classifying low vs. high pain state from frequency features, whereas in this top-down approach,
we measured an average connectivity map between the low vs. high pain state. Traditional
connectivity methods utilize cross-correlations, but these can be computationally expensive when
conducted on all possible channels. Our bottom-up approach builds off previously successful
models to establish a pain network. Notably, both approaches draw from the precentral gyrus,
middle temporal gyrus, frontal pole, and cingulate gyrus for Subject 1. Subjects 2, 3, and 5 also
shared regions across the network construction types, with the middle temporal gyrus and
precentral gyrus amongst common channels. In subjects 2, 3, 4, and 5, top-down networks relied
heavily on local connections and single-site ‘hubs’, where one channel is correlated with many
others (see Supplementary Figure S7). In Subject 4, all channels selected in the top-down
network were from the left hippocampal tail, which was not included in the bottom-up network.



Fig. 7. Subject 1 comparison between bottom-up (using top 10 of the best performing channels
in logistic regression) and top-down (using cross-correlations across all possible channels and
applying a threshold).

DISCUSSION

We developed a machine learning paradigm to assess single-site, dual-site, and network-
level models in predicting reported VAS scores (0-10) in humans (n=5). In binary pain
classification, we demonstrated that single-channel logistic regression outperformed multi-channel
logistic regression in in three out of five subjects. The best performing single-channel model was
trained using beta band power of the inferior frontal gyrus in Subject 2 and had a classification
accuracy of 99%. However, multi-channel random forest models outperformed single-channel
logistic regression in decoding binary pain states in four out of five subjects. In discrete VAS
prediction, we demonstrated that multi-channel models outperformed single channel models. In
both binary and discrete VAS prediction, the multi-channel random forest model performed the
best across subjects with mean accuracies of 80% for binary classification and 65% for discrete
prediction. Feature importance for the random forest models using the Gini impurity measure
revealed that the PIB values had a greater influence on model performance than channel pair
correlations and coherences in four out of five subjects. These results indicate that (1) multi-
channel PIB features outperform single-channel PIB features, likely due to it providing more
information about pain responses across brain networks, and (2) PIB values are more predictive of
pain fluctuations compared to connectivity measures such as correlation or coherence, which is
surprising due to our prior understanding that pain networks interact to create the subjective
experience of pain.

The best single-channel models were trained using PIB values from channels in the
precentral gyrus (Subjects 1, 2, and 3), middle frontal gyrus (Subjects 1, 2, and 3) and inferior
frontal gyrus (Subjects 2, 3, and 5). These regions and others from the frontal lobe that were
included in our networks have been previously identified in neuroimaging studies [30]. Subject 4
had channel coverage that differed substantially from the other subjects. The channels in the best-
performing models of Subject 4 were in pain structures including the anterior cingulate cortex and
the emotion and memory regulating regions of the amygdala and hippocampus [31]. The occipital
region appeared in Subjects 4 and 5, which is usually associated with visual processing and



perception, but has also been implicated in pain networks in rodents [32]. The best performing
models across all subjects utilized PIB values from the beta band, gamma band, and high-gamma
band. A notable region of interest occurred in the middle frontal gyrus of Subject 2, in which beta
PIB values had high accuracy across several channels. The beta band in the middle frontal gyrus
has been previously associated with the attention circuits of the brain [33]. Attention has been
linked as a factor in increasing pain perception [34]. It is possible that the activation of the MFG
in this subject corresponds to greater attention to their pain, indicated by the larger power-in-band
values in the higher pain state compared to the lower pain state.

Subject 2 had the highest average prediction accuracy across subjects, and we hypothesize
that this is attributable to the bimodal distribution of Subject 2’s recorded VAS intensities. In
Subject 2, half of the reported pain intensities were zero with the other half greater than zero,
whereas other subjects had VAS scores that were more normally distributed, clustering around
fours, fives, and sixes, as exemplified by Subject 4 (Figure 1). Since the median was drawn
between a 0 and 1 VAS score for Subject 2, in binary tasks this meant classifying between a “yes”
and “no” pain state. Controlling for subject-specific VAS distributions was not performed in this
study but has been performed using a thermal grill illusion [35]. Future iterations of pain decoding
may rely on additional measures such as the McGill Pain Questionnaire, which identifies sub-
scores for both affective and sensory pain, previously associated with different neural structures
[36]. Alternative approaches may account for pain medications or locations of pain.

The identification of these pain circuits can serve as reliable biomarkers for pain
management strategies. Of particular interest are neuromodulation techniques which can directly
affect signal transmission and has been used to treat subjects with chronic pain. The structures
typically targeted in DBS for chronic pain relief are the thalamic ventral posterolateral and ventral
posteromedial nuclei, periaqueductal gray matter, periventricular gray matter, posterior
hypothalamus, nucleus accumbens, and anterior cingulate cortex [37]. In closed-loop deep brain
stimulation, recordings from the regions of subject-specific pain circuitry may inform delivery
and/or effectiveness of stimulation and enhance treatment efficacy [11].

There remain limitations to the study at present. First, the subject population is limited to
patients with drug-resistant epilepsy who have invasive electrode implants for clinical monitoring
purposes. Modeling brain activity from subjects with epilepsy may add confounds to neural
electrophysiology because epilepsy is associated with changes in the electrical activity of the brain,
mostly in the case of seizures [ 14]. In the current study, neural signals were analyzed and visualized
to avoid overlap with epileptiform activity also known as ictal activity. However, it is unknown if
these pain-related signals differ in subjects who do not have epilepsy. Currently, access to
intracranial neural activity of subjects without epilepsy is limited. The main advantage of these
datasets is the higher spatial and temporal resolution attained by iEEG, as opposed to non-invasive
electroencephalography, occurring on the scalp.

Two different iIEEG modalities were utilized for subject recording, sSEEG and ECoG, based
on clinical needs. While both iIEEG modalities are biased toward the frontal and temporal lobes
for subjects with epilepsy, ECoG is typically employed in cases where the laterality of the seizure
onset zone is known and sEEG is typically used in cases where laterality is unknown [38]. The
pain networks we identified in this study were limited by the type of electrode in addition to
electrode placement. Our results did not indicate a difference between subjects with sSEEG and
ECoG recordings with respect to pain decoding. However, further expansion of population size



within both modalities is required to draw conclusions regarding whether the type of iEEG
modality influences overall decoding performance.

A second limitation of the study is that since these subjects are undergoing seizure
monitoring, the pain they report primarily consists of postoperative pain from the implantation of
electrodes. Moreover, the subjects may be on anti-epileptic drugs and/or various pain medications,
resulting in electrophysiology that may differ from everyday instances of pain such as from
touching a hot stove or striking a finger with a hammer. In addition, the pain levels reported by the
patients tended to decrease across their hospital stay. Our study at present takes the VAS scores at
face value which may not reflect the variability in pain experiences in everyday life or across pain
conditions.

The population size is another area for further investigation. Here we present data from
five subjects, in which the pain-state decoding model is personalized to their neural activity. While
some of our models recruited from pain structures previously implicated in the pain literature,
applying these methods to additional subjects would allow for significance testing and further
confirmation of pain-related neural electrophysiology. Due to differences in electrode coverage
across subjects, group conclusions regarding pain networks would require significant overlaps in
electrode placement, which may be possible with increased population size. Finally, there is an
ongoing need for diverse subject populations, especially considering the uniqueness of an
individual’s pain experience.
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performing logistic regression models. b) Example feature calculations; Spearman’s rank
correlation coefficient computed for all combinations of channels in the pain network for a single
pain report. ¢) Visual representation of the pain network for a single pain report. d) Receiver-
operator-curve comparing results for binary classification (low vs. high pain). e) Feature
recruitment in the best performing full VAS classification model, random forest, as measured by
mean decrease in Gini impurity.
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Fig S3. Subject 3 Network Results. a) Pain network selection in Subject 3 using the top 10 best
performing logistic regression models. b) Example feature calculations; Spearman’s rank
correlation coefficient computed for all combinations of channels in the pain network for a single
pain report. ¢) Visual representation of the pain network for a single pain report. d) Receiver-
operator-curve comparing results for binary classification (low vs. high pain). e) Feature
recruitment in the best performing full VAS classification model, random forest, as measured by
mean decrease in Gini impurity.
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Fig S4. Subject 4 Network Results. a) Pain network selection in Subject 4 using the top 10 best
performing logistic regression models. b) Example feature calculations; Spearman’s rank
correlation coefficient computed for all combinations of channels in the pain network for a single
pain report. ¢) Visual representation of the pain network for a single pain report. d) Receiver-
operator-curve comparing results for binary classification (low vs. high pain). e) Feature
recruitment in the best performing full VAS classification model, random forest, as measured by
mean decrease in Gini impurity.
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Fig S5. Subject 5 Network Results. Multi-channel pain prediction using correlation, coherence,
and power-in-band values across pain reports. a) Pain network selection in Subject 5 using the
top 10 best performing logistic regression models. b) Example feature calculations; Spearman’s
rank correlation coefficient computed for all combinations of channels in the pain network for a
single pain report. ¢) Visual representation of the pain network for a single pain report. d)
Receiver-operator-curve comparing results for binary classification (low vs. high pain). e)
Feature recruitment in the best performing full VAS classification model, random forest, as
measured by mean decrease in Gini impurity.



VAS 3

7,

0,005, 70w

s s

<3
1

L\
AN

fr. oy ")
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unlabeled, test sample. Shown here are samples from Subject 5, values indicate Spearman’s
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Fig S7. Network comparisons using the bottom-up approach (where channels are identified from
the highest performing logistic regression models in the binary prediction task) and top-down
approach (where channels are identified by applying a threshold to a difference matrix of
Spearman’s correlations between binarized low and high pain states.



Supplementary Table 1. Top-performing models for network selection

Logistic Regression

Subject Region Channel Band Accuracy (%)
1 Middle frontal gyrus MFG15 high-gamma 74.1
Paracingulate gyrus PG23 high-gamma 74.1
Frontal pole FP7 gamma 74.1
Cingulate gyrus CGad4 alpha 72.8
Postcentral gyrus PGl11 high-gamma 72.8
Precentral gyrus PG6 high-gamma 72.8
Middle temporal gyrus MTGpd9 gamma 71.6
Cingulate gyrus CGad3 gamma 71.6
Postcentral gyrus PGI12 beta 71.6
Frontal pole FP13 high-gamma 70.4
2 Inferior frontal gyrus IFGpol beta 99.1
Temporal pole TP10 beta 97.3
Precentral gyrus PGl11 gamma 97.3
Middle frontal gyrus MFG9 beta 97.3
Inferior frontal gyrus IFGpt2 gamma 97.3
Temporal pole TP11 beta 96.4
Frontal orbital cortex FOC2 beta 96.4
Supramarginal gyrus SGad2 beta 95.5
Central opercular cortex COCl1 gamma 95.5
Precentral gyrus PGl beta 95.5
3 Precentral gyrus PG7 beta 81.5
Middle frontal gyrus MFG7 alpha 80.4
Middle frontal gyrus MFG15 theta 79.2
Superior temporal gyrus STG6 high-gamma 79.2
Inferior frontal gyrus IFG7 beta 79.2
Inferior frontal gyrus IFG6 theta 79.2
Inferior frontal gyrus IFGS alpha 79.2
Middle frontal gyrus MFG14 theta 78.6
Superior temporal gyrus STG1 high-gamma 78.6
Middle frontal gyrus MFG2 gamma 78.6
4 Hippocampus RHHS8 delta 77.5
Occipital frontal ROF6 high-gamma 77.5
Hippocampus LHH6 gamma 77.5
Posterior cingulate cortex RPCCI16 high-gamma 76.6



Hippocampus RHH6 delta 76.6
Occipital frontal LOF6 beta 76.6
Amygdala RA12 theta 75.7
Amygdala RA7 alpha 75.7
Anterior cingulate cortex RACCS8 alpha 75.7
Anterior cingulate cortex LACCS6 gamma 75.7
Occipital cortex LOCsd2 high-gamma 68.3
Occipital cortex LOCsd6 theta 67.8
Occipital cortex LOCsd1 beta 66.7
Supramarginal gyrus SGpd2 theta 66.1
Angular gyrus AG4 alpha 65.6
Angular gyrus AGI theta 65.6
Occipital cortex LOCid9 theta 63.9
Occipital cortex LOCid8 gamma 63.3
Inferior temporal gyrus ITGpdl theta 63.3
Inferior temporal gyrus ITGpd4 gamma 62.8




Supplementary Table 2. Top-performing models ranked by region across subjects
Region Frequency
Middle frontal gyrus 6
Occipital cortex

Inferior frontal gyrus
Precentral gyrus
Hippocampus

Angular gyrus

Frontal pole

Anterior cingulate cortex
Occipital Frontal
Postcentral gyrus
Superior temporal gyrus
Cingulate gyrus
Supramarginal gyrus
Temporal pole

Inferior temporal gyrus
Amygdala

Paracingulate gyrus
Posterior cingulate cortex
Middle temporal gyrus
Frontal orbital cortex

— == = = NN DN DN NN NN W R W

Central opercular cortex




Supplementary Table 3. Multi-channel Discrete VAS Prediction (+ 1)

LOngtl.C Decision Tree Random Forest Linear Discriminant
) Regression Analysis
Subject
Baseline +1 Baseline +1 Baseline +1 Baseline +1

1 68.0 58.0 61.7 63.0 70.4 70.4 40.7 44 4

2 91.0 92.8 83.8 86.5 94.6 97.3 80.2 85.6

3 57.1 82.1 57.7 80.4 68.5 87.5 20.2 38.1

4 36.9 85.6 38.7 75.7 31.5 89.2 333 76.6

5 47.2 71.7 44 4 63.9 56.1 68.9 23.3 45.6

Mean 58.0 78.0 57.3 73.9 64.2 82.6 39.5 58.1




