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Objective: We assessed the potential of using EEG to detect cold thermal pain in adolescents with and without chronic musculoskeletal pain.



Methods: Thirty-nine healthy controls (15.2 ± 2.1 years, 18 females) and 121 chronic pain participants (15.0 ± 2.0 years, 100 females, 85 experiencing pain ≥12-months) had 19-channel EEG recorded at rest and throughout a cold-pressor task (CPT). Permutation entropy, directed phase lag index, peak frequency, and binary graph theory features were calculated across 10-second EEG epochs (Healthy: 292 baseline / 273 CPT epochs; Pain: 1039 baseline / 755 CPT epochs). Support vector machine (SVM) and logistic regression models were trained to classify between baseline and CPT conditions separately for control and pain participants.



Results: SVM models significantly distinguished between baseline and CPT conditions in chronic pain (75.2% accuracy, 95% CI: 71.4%–77.1%; p < 0.0001) and control (74.8% accuracy, 95% CI: 66.3%–77.6%; p < 0.0001) participants. Logistic regression models performed similar to the SVM (Pain: 75.8% accuracy, 95% CI: 69.5%–76.6%, p < 0.0001; Controls: 72.0% accuracy, 95% CI: 64.5%–78.5%, p < 0.0001). Permutation entropy features in the theta frequency band were the largest contributor to model accuracy for both groups.



Conclusions: Our results demonstrate that subjective pain experiences can accurately be detected from electrophysiological data, and represent the first step towards the development of a point-of-care system to detect pain in the absence of self-report.
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Introduction

Chronic pain is the third leading cause of disability in adolescents aged 15 to 19 years old (1) and is estimated to affect 11%–38% of all children and adolescents (2, 3). Musculoskeletal pain is one of the most common types of chronic pain in pediatric populations and negatively affects activities of daily living and overall quality of life (4, 5). Chronic musculoskeletal pain is a dynamic condition modulated by physiological, psychological, and sociocultural factors, resulting in pain that can vary in its intensity, regularity, and predictability (6, 7). Children and adolescents with chronic pain typically see two to three physicians and wait between 12 and 24 months before being referred to a pediatric pain specialist (8–10), delaying treatments and interventions that can effectively manage pain. Ultimately, this has negative consequences in physical, academic, social, and sleep domains (5), with 32% of chronic pain patients missing ten or more days of school per year and 47% of those participating in sport quitting entirely (8). Furthermore, chronic musculoskeletal pain in adolescents has a negative financial impact on the child and their family (e.g. direct medical costs) as well as on the economy as a whole (e.g. productivity losses) (11, 12). As the pathophysiology associated with chronic pediatric pain is poorly understood, current clinical assessments are reliant upon physician interviews and observations, psychological screenings, and subjective rating scales (13).

More objective methods of diagnosing and prognosticating chronic pain are needed to improve medical management and quality of life. The need for objective biomarkers of chronic pain is particularly strong for children as they undergo changes in pain processing, perception, and response throughout development (14–16). Most clinical pain evaluations require children to self-report their pain. However, children may be less able to articulate their subjective pain experience (17, 18) or may be entirely nonverbal due to intellectual and/or developmental disabilities, which further precludes appropriate diagnosis and enrollment into effective treatment strategies. Electroencephalography (EEG) is well-positioned to fill this clinical gap, as it is a safe, reliable, and low-cost neuroimaging tool that can be translated into a point-of-care system (19, 20). Pain is also associated with complex temporal-spatial neural patterns (21); thus, the high temporal resolution of EEG systems is particularly suited for capturing information that represents the central mechanisms involved in chronic pain (22). Adults with chronic pain show altered EEG patterns compared to healthy controls, including increased frontal connectivity (23) and a shift towards increased power in higher frequency bands (24). Other studies investigate the neurophysiological response of healthy adults exposed to a tonic pain stimulus (e.g. the cold pressor task (CPT)), as this is thought to better mimic true pain responses compared to phasic pain models (25, 26). Several EEG features, including spectral power derived from both fast Fourier (27, 28) and continuous wavelet (29) transformations, functional connectivity (27), and time-frequency outcomes (30, 31), differentiate between resting (e.g. no pain) and tonic cold pain conditions in heathy participants, with frontal theta rhythms appearing particularly sensitive to cold pain (32).

Growing evidence suggests that EEG features can detect both acute and chronic pain, but several factors preclude the translation of these findings to pediatric participants. 1) Most of the available studies have been conducted exclusively with adult participants. As there are distinct patterns of brain activation between adults and children in both healthy (32) and chronic pain participants (33), it is likely that these findings do not translate to adolescents. 2) Quantitative sensory testing modalities, such as the CPT, are used in chronic pain patients to differentiate between pain mechanisms, quality, and/or neurophysiological correlates, which can help guide and personalize treatment (34, 35). To date, the literature evaluating EEG changes during a CPT has focused on healthy participants. As individuals with chronic pain have altered EEG patterns at rest (36), these changes may not translate to children with chronic pain. 3) Finally, movement artifacts in EEG are a common problem in pain research (29, 37), as pain can cause changes in facial expressions (38) and gross motor movement. Furthermore, most clinical pain assessments require behavioral ratings of pain (e.g. verbal indication, hand signal, or by moving a sliding scale) (27–29), which may intrinsically generate movement artifact in the EEG signal.

We address all three of the aforementioned limiting factors in the current study, with the long-term goal of developing an effective point-of-care system for the detection of pediatric pain. The objective of this study was to assess the potential of using EEG-derived features to detect cold thermal pain in adolescents with and without chronic musculoskeletal pain using machine learning (ML) and inferential statistics approaches. We hypothesized that EEG features would accurately classify resting state and tonic cold conditions regardless of whether ML or inferential approaches were modeled. Furthermore, we hypothesized that adolescents with chronic musculoskeletal pain would have unique neurophysiological responses to the CPT compared to healthy children.



Materials and methods

This is a sub-study of a larger project investigating clinical pain and EEG outcomes at rest and during thermal quantitative sensory testing (QST) in adolescents with and without chronic musculoskeletal pain. The methods of the larger study are described in Ocay et al. 2022 (In Review). The current study focused on comparing the classification accuracy of EEG features in healthy and chronic pain participants during no-pain (resting baseline) and pain (tonic cold) conditions using ML algorithms and inferential statistics approaches. All participants (and their parent, if younger than 14 years old at the time of enrollment) provided written informed consent. This study was approved by the Research Ethics Board at McGill University (A09-M17–17B).


Participants

Adolescents with chronic musculoskeletal pain were recruited from the Edwards Family Interdisciplinary Center for Complex Pain at the Montreal Children's Hospital, as well as spine and orthopedic outpatient clinics at the Shriners Hospitals for Children-Canada between October 2018 and June 2021. Participants with chronic musculoskeletal pain were included if they were between 10 and 18 years old, reported musculoskeletal pain once or more per week for at least the preceding three months, and could understand and complete the clinical outcomes associated with the larger study. Age-matched healthy controls with no history of musculoskeletal pain within the last three months were recruited through word of mouth and recruitment flyers placed in local magazines and on social media. Participants were excluded if they were unable to communicate in English or French, had diagnosed development delays, or had severe systemic disease resulting in functional limitations.



Thermal experimental pain condition

All participants underwent thermal QST previously described by our research group (39, 40). Only the cold thermal condition was used in this study. Each participant underwent a CPT, immersing their left forearm in cold water (12 °C) for 2 min. Participants verbally rated their pain every 15 s throughout the CPT, using a numerical rating scale ranging between 0 (no pain) and 10 (worst pain imaginable). An average pain intensity score of 10 (maximum value) was given if a participant was unable to keep their forearm submerged for the full 2-minute protocol.



Electroencephalography (EEG) methods


EEG recording and processing

A dry EEG headset (DSI-24, Wearable Sensing) was used to record electrical activity during an eyes-open resting state (i.e. no-pain) assessment and throughout the CPT. To investigate the effect of motor movement on EEG features, a subset of participants arbitrarily moved a computerized visual analogue scale (used in the tonic heat condition of the larger study) during the baseline assessment while the remaining participants completed the baseline with no voluntary motor movements.

EEG data was recorded at 300 Hz, referenced to the Pz electrode, and impedance was kept below 1 MΩ in accordance with manufacturer recommendations. Following data collection, the EEG signal was loaded into EEGlab (41), where it was preprocessed as follows: 1) data were bandpass filtered between 0.1–50 Hz; 2) EEG was re-referenced from Pz to A1 and A2 (ear lobe) electrodes; 3) bad channels, if present, were removed from the dataset; 4) an Independent Component Analysis was conducted to remove repetitive noise in the signal (eye blinks, eye movements, etc.); and 5) any remaining bad segments of EEG data were manually removed following a visual inspection of the signal and segments were rejoined (i.e. concatenated) at the boundary. Missing values resulting from the removal of noisy channels were imputed using the mean value from all existing data points for a given feature (e.g. column average).



EEG feature extraction

The preprocessed EEG was segmented into 10 s, non-overlapping epochs and analyzed in Matlab using custom scripts. All features described below were calculated at four frequency bands: 1) delta (1–4 Hz), 2) theta (4–8 Hz), 3) alpha (8–13 Hz), and 4) beta (13–30 Hz). Seven classes of EEG features were calculated for each 10-second epoch: spectral power, peak frequency, permutation entropy (PE), weighted phase lag index (wPLI), directed phase lag index (dPLI), and graph theory features (path length, clustering coefficient, small-world architecture, modularity, and node strength).

Spectral features, which assess the power of oscillatory components of the EEG signal, were computed using the spectopo function from EEGlab. Spectral power outcomes were generated using the multitaper method, with number of tapers K = 3 and a time-bandwidth product NW = 2. Peak frequency (Hz) was calculated as that with the largest power amplitude within each frequency band. Spectral power outcomes were generated for each channel, while peak frequency was calculated across all channels.

Permutation entropy assesses the information content of the EEG signal. The continuous EEG signal was mapped onto a symbolic sequence of motifs according to shape (slope, peaks, and troughs). This mapping is specified through an embedding dimension (number of samples included in each motif) and time lag (number of samples spanned by each section of the motif) (42). We selected an embedding dimension of 5 and time lag of 4 to ensure a sufficient deployment of the trajectories for the beta frequency band (43). Higher (approaching 1) normalized PE value indicates that the EEG signal contains predominately higher frequencies, while lower (approaching 0) normalized PE value implies that the EEG signal contains predominately lower frequencies. PE features were calculated for each channel.

Weighted phase lag index (wPLI) was used to calculate the degree of functional coupling across all electrode pairs, as this phase-based functional connectivity metric is minimally susceptible to volume conduction (44). For each channel, instantaneous phase of the EEG was calculated using a Hilbert transform. Then, the phase difference between each pair of electrodes was calculated and weighted by the magnitude of the imaginary component of the cross-spectrum. The wPLI ranges between 0 (i.e. no coupling) and 1 (i.e. strong coupling).

To determine the direction of the phase lead/lag relationships between electrode pairs, the dPLI was calculated (45). The dPLI ranges between 0 and 1: 0.5 ≤ dPLI ≤ 1 indicates that electrode 1 leads electrode 2, 0 ≤ dPL I≤ 0.5 indicates that electrode 2 leads electrode 1, and dPLI = 0.5 indicates no consistent phase lead/lag relationship between electrodes. Both wPLI and dPLI yield a 19 × 19 functional connectivity matrix, with each cell in the matrix representing the strength of the functional connection between a pair of electrodes. To generate the average connectivity value per electrode, we calculated the mean across each row of the matrix.

Graph theory analyses, which synthesize functional connectivity into graph representations to evaluate network-based outcomes, were performed using both weighted and binary networks. To create weighted networks, graphs were derived from raw wPLI matrices (e.g. continuous values between 0 and 1). To create binary networks, the wPLI matrices were transformed such that functional connections above a given threshold were set to 1 and the remaining connections were set to 0. The threshold was set to the percentage of connections required to maintain a minimally spanning graph for the baseline EEG; separate thresholds were calculated for each participant at each frequency band. All graphs (e.g. weighted and binary) were normalized against 100 random networks that shuffled the network's edges while preserving the degree and strength distributions. From the weighted and binary networks, we calculated graph theoretical properties of path length (46), clustering coefficient (47, 48), small-world architecture (47), modularity (49), and node strength. The code underlying the graph theory analysis is found in the Brain Connectivity Toolbox (50).

Ultimately, a total of 380 EEG features were calculated: 76 (19 channels  × 4 frequency bands) spectral power features, 4 (1 outcome  × 4 frequency bands) peak frequency features, 76 (19 channels  × 4 frequency bands) PE features, 76 (19 channels  × 4 frequency bands) wPLI features, 76 (19 channels  × 4 frequency bands) dPLI features, 36 (9 features  × 4 frequency bands) binary graph theory features, and 36 (9 features  × 4 frequency bands) weighted graph theory features.




Machine learning methods

We implemented a ML framework for an epoch-by-epoch binary classification of no-pain (baseline) vs. pain (CPT). As our prior work found significant differences in EEG features between healthy controls and chronic pain participants (Ocay et al. 2022, In Review), models were run separately for each group. As the range of possible values of the EEG features varied widely, a standard scaler normalization was applied to ensure equal weighting across all EEG features in the machine learning analysis. Across all groups and conditions, an observation space (i.e. total number of 10-second epochs on which EEG features were extracted) of n = 2,359 (Healthy: no-pain = 292 epochs, pain = 273 epochs; Chronic Pain: no-pain = 1039 epochs, pain = 755 epochs) was formed. The entire analysis pipeline was developed and implemented using scikit-learn (51).


Model selection

We evaluated multiple binary classification algorithms to identify the optimal ML approach to separate no-pain and pain conditions. These models included linear-discriminant analysis (LDA), support vector machines (SVM), and decision trees. To compare the ML approaches to more traditional inferential statistics methods, we also evaluated logistic regression models. For the SVM and logistic regression models, we conducted a hyperparameter sweep (0 to 1 by 0.1 steps, 2, 5, 10) of the regularization parameter C. Both linear and radial basis function kernels were also evaluated for the SVMs, while the gini and entropy criterion hyperparameters were tested for the decision trees. The LDA was conducted using only default hyperparameters in scikit-learn.

EEG epochs derived from a single participant are highly correlated; to ensure independence between the training and test sets, a leave-one-subject-out (LOSO) cross-validation scheme was used. The overall accuracy reported for each model was calculated as the average accuracy over all LOSO repetitions. The ML and logistic regression model (and their associated hyperparameters) with the highest classification accuracy were selected for subsequent analyses.

Feature importance of the final model was evaluated using the logistic regression model weights observed during the final model performance on the validation set, as model coefficients cannot be generated when using a radial basis function kernel for SVM models. As all features were normalized using a standard scalar prior to the machine learning analysis, no additional scaling of the model coefficients was performed.




Statistical analysis


Demographic information and effect of movement on EEG features

Independent sample t-tests (continuous data) or chi-square analyses (categorical data) compared demographic characteristics between chronic pain and heathy participants, with significance set at p = 0.05. Prior to the machine learning analysis, independent sample t-test were also conducted to evaluate differences in no-pain EEG features between those participants who performed small, arbitrary motor movements at rest compared to those completing the baseline fully at rest (i.e. no voluntary motor movements). Each EEG feature (power, peak power, etc.) was analyzed separately; within features, all channels and frequency bands were combined. Bonferroni corrections were applied based on the 7 classes of EEG features analyzed, setting the significance level at p = 0.007. Any EEG features determined to be significantly affected (p ≤ 0.007) by motor movements were removed from the dataset prior to the ML analysis. To provide further evidence regarding the effect of motor activity on baseline EEG features, Cohen's d values are reported and interpreted as negligible (d < 0.2), small (0.2 ≤ d < 0.5), medium (0.5 ≤ d < 0.8), and large (d ≥ 0.8) effect sizes.



Machine learning model performance

The full dataset was randomly split into an 80:20 train/test and validation dataset, implemented with the test_train_split function in scikit-learn. Model selection and initial model performance metrics were performed on the train/test set using the LOSO cross-validation scheme described above. Once the best models and their associated hyperparameters were selected, final model performance was determined using the validation set. To determine if particular EEG features contributed more strongly to the classification accuracy of the model, the final models were run on the full dataset (all EEG features combined) and on each EEG feature individually (PE features only, graph theory features only, etc.).

Permutation testing assessed the statistical significance of model performance. Model accuracy was calculated on 10,000 iterations through a permutated dataset, creating a null distribution of random accuracy. Model performance was deemed to be statistically significant if the accuracy of the true model (i.e. non-permutated labels) was greater than the permutated model at a level of p = 0.01. To establish 95% confidence intervals, a bootstrapping procedure was performed. Bootstrapped datasets were created by sampling from the original dataset with replacement. Similar to the permutation testing, model accuracy was calculated on 10,000 bootstrapped datasets to create a null distribution of classifier performance. The 95% confidence intervals were created using the 2.5 and 97.5 percentiles of the bootstrapped distribution. To compare between group (healthy vs. chronic pain) and model type (ML or inferential statistics), models were deemed to have significantly different classification accuracy if their confidence intervals did not overlap.





Results

A total of 160 adolescents (39 controls, 121 pain) completed the study. Both groups were similar in age (Control: 15.2 ± 2.1, Pain: 15.0 ± 2.0, t = 0.49, p = 0.62), but the chronic pain group had a significantly higher proportion of females (Control: n = 18 (46.2%), Pain: n = 100 (82.6%), χ2(1) = 20.3, p < 0.0001). The majority of participants in the chronic musculoskeletal pain group reported pain for more than 12 months (n = 85, 70.3%), while 22 (18.2%) reported pain between 6 and 12 months, and 14 (11.6%) report pain for less than 6 months. Most pain participants reported their pain frequency as at least once per day (n = 97, 80.2%) or every other day (n = 16, 13.2%), with the duration of each episode ranging from a few minutes (n = 17, 11.9%) to constant (n = 95, 66.4%). At baseline, no healthy participants reported any pain, while chronic pain participants reported a pain score of 3.4 ± 2.4 (t = −15.5, p < 0.0001). The average pain score recorded throughout the CPT was significantly higher than baseline for both healthy (6.1 ± 2.3, t = −16.6, p < 0.001) and chronic pain (6.7 ± 2.4, t = −10.4, p < 0.001) participants; however, there were no differences in the average pain rating between healthy and chronic pain groups throughout the CPT (t = −1.27, p = 0.21, Figure 1). Approximately half (n = 72, 45%) of participants performed arbitrary motor movements using the computerized visual analogue scale at baseline to examine the influence of motor movements on the EEG features.
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FIGURE 1
Subjective pain ratings before and after the CPT. Bar charts displaying self-reported pain scores (numeric rating scale 0–10) at baseline and during the CPT (average score throughout the condition). All healthy participants reported no pain (0) at baseline. Both healthy and chronic pain participants had significantly higher pain scores during the CPT compared to baseline. Chronic pain participants had significantly higher scores than healthy participants at baseline, but average pain scores throughout the CPT were not significantly different between groups. ***denotes significance at p < 0.001 level.



Voluntarily motor movement affects a subset of EEG features

Spectral power (p < 0.001, Cohen's d = 0.84), wPLI (p < 0.001, Cohen's d = 0.40), and weighted graph theory outcomes (clustering coefficient: p = 0.002, Cohen's d = 0.19; small-world architecture: p = 0.006, Cohen's d = 0.17; node strength: p < 0.001, Cohen's d = 0.38) significantly differed between participants who did and did not complete small, arbitrary motor movements during the no-pain EEG assessments. All of the remaining EEG variables were not significantly different between groups and had Cohen's d values <0.20 (negligible effect size), indicating that these outcomes were not affected by voluntary motor activity. Spectral power, wPLI, and weighted graph theory outcomes were removed from the dataset, with peak frequency, dPLI, PE, and binary graph theory features retained for the no-pain vs. pain classification analysis.



EEG classifies pain with 75% accuracy in chronic musculoskeletal pain participants


Model performance on the test/train sets

The SVM with radial basis function kernel and C = 0.9 yielded the highest classification accuracy of all ML models, while an L1 penalty and C = 0.1 produced the best performance for the logistic regression models. The SVM model distinguished between no-pain and pain conditions with 75.6% accuracy (95% CI: 71.9%–77.6%; p < 0.0001). The logistic regression distinguished between no-pain and pain conditions with 74.8% accuracy (95% CI: 71.1%–77.6%; p < 0.0001). No performance differences were observed between the SVM and logistic models, as evidenced by their overlapping confidence intervals. The performance of individual features is found in the Table 1. In both the SVM and logistic regression models, dPLI, PE, and peak frequency features significantly classified between no-pain and pain conditions as independent features.


TABLE 1 Test/train and validation set accuracies for the radial SVM and logistic regression models presented for the chronic pain and healthy controls groups.
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Final model performance on the validation set

Overall model performance was largely replicated on the validation set. Final model accuracy was 75.2% (95% CI: 71.4%–77.1%, p < 0.0001) for the SVM and 75.8% (95% CI: 69.5%–76.6%, p < 0.0001) for the logistic regression. In both instances, the model accuracy was within 1% point of the observed performance on the test/train set. For the SVM model, PE, dPLI, and peak frequency features could all significantly classify between no-pain and pain conditions as stand-alone features; only the binary graph theory features (53.7% accuracy, 95% CI: 48.0%–55.9%, p = 0.84) were unable to independently classify between the conditions. For the logistic regression model, all features accurately classified between no-pain and pain conditions (range: 58.6%–75.2% accuracy) at a level greater than chance (Table 1).




EEG classifies pain with 72%–74% accuracy in healthy participants


Model performance on the test/train sets

The highest performing SVM model in the healthy control group used a radial basis function kernel and C = 0.8, while the best performing logistic regression model was identical to the chronic pain participants (L1 penalty and C = 0.1). Model performance in the healthy control group was nearly identical to the chronic pain group, with the SVM classifying between no-pain and pain conditions with 74.4% accuracy (95% CI: 68.2%–78.4%, p < 0.0001) and the logistic regression classifying with 72.8% accuracy (95% CI: 65.9%–78.9%, p < 0.0001). PE features significantly classified between no-pain and pain conditions for both SVM and logistic regression models (SVM: 70.6% accuracy, 95% CI: 66.0%–77.9%, p < 0.0001; Logistic: 73.4% accuracy, 95% CI: 68.0%–80.0%, p < 0.0001, Table 1), while peak frequency features were significant stand-alone classifiers in the SVM model only (55.3% accuracy, 95% CI: 48.6%–65.1%, p = 0.008).



Final model performance on the validation set

Overall model performance was replicated for healthy participants using the validation set, with classification accuracy equivalent to test/train model performance as evidenced by the overlapping confidence intervals. The overall SVM model with all EEG features included classified between no-pain and pain conditions with 74.8% accuracy (95% CI: 66.3%–77.6%, p = 0.0007), while the logistic regression performed at 72.0% accuracy (95% CI: 64.5%–78.5%, p = 0.0003). For the SVM model, only PE features could independently classify between no-pain and pain at a significant level (72.0% accuracy, 95% CI: 66.3%–78.5%, p = 0.009). For the logistic regression model, both PE (74.8% accuracy, 95% CI: 66.3%–78.5%, p = 0.002) and peak frequency (54.2% accuracy, 95% CI: 48.6%–58.9%, p = 0.006) features could classify at a level above chance (Table 1).




Theta permutation entropy is most predictive of pain experience, with different regions of importance between groups

The most important features (i.e. the top 10% based on the absolute value of the model coefficient) for chronic pain and healthy participants are visualized in Figure 2. PE features were the most important feature for both groups, aligning with the individual EEG feature results presented above. PE features accounted for 89.5% (n = 17) and 68.4% (n = 13) of the most important features for chronic pain and healthy participants, respectively. The remaining features were derived from the dPLI analysis, with no peak frequency or binary graph theory features appearing in the top 10% of the logistic regression model coefficients. For both groups, the majority of features were in the theta (Pain: n = 7, 36.8%; Control: n = 8, 42.1%) and alpha (both groups: n = 5, 26.3%) frequency bands. Models in chronic pain participants place more importance on features in frontal (Pain: n = 7, Controls: n = 3) and central (Pain: n = 4; Controls: n = 2) regions; conversely, feature importance in healthy participants was predominantly in parietal (Pain: n = 1; Controls: n = 4) and occipital (Pain: n = 1; Controls: n = 4) areas.
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FIGURE 2
Baseline vs. CPT: feature importance. Most important features (top 10%) for classifying between pain and no pain conditions based on logistic regression model weights for chronic pain (A) and healthy (B) participants. Note: Model coefficients cannot be generated when using a radial basis function kernel for SVM models; thus, overall model feature importance was only explored using the logistic regression models. Solid boxes represent permutation entropy features, while stripped boxes indicate directed phase lag index features. No graph theory or peak frequency features were in the top 10% based on model coefficients. Positive model weights are predictive of tonic cold pain conditions, while negative model weights are predictive of no-pain conditions.


Models for both chronic pain and healthy participants highlighted the importance of PE features and the theta frequency band for the classification of cold thermal pain. Thus, we performed a secondary analysis on the classification accuracy of theta-derived PE features for each individual electrode, using the best performing SVM and logistic regression models and bootstrapping procedures described previously. Topographic maps and bar charts display the resulting classification accuracy in chronic pain (Figure 3) and healthy (Figure 4) participants. For chronic pain participants, classification accuracy ranged from 50.7% (T4) to 67.0% (T6) across individual electrodes. Higher, although more variable, performance was observed for healthy participants, with accuracies ranging from 46.7% (T4) to 74.8% (P3) across individual electrodes. Regardless of model type (SVM or logistic regression), temporal (T6), occipital (02), and frontal (Fz) electrodes had the best performance for chronic pain participants. However, PE theta models in the chronic pain group did not outperform healthy participants at any individual electrode. Parietal electrodes had the best classification accuracy for healthy participants across both models. In the logistic regression models, PE theta models in healthy participants had significantly higher classification accuracy in all parietal electrodes (Pz, P3, and P4) than chronic pain patients as evidenced by non-overlapping confidence intervals. For SVM models, only P3 and P4 electrodes outperformed the chronic pain group.


[image: Figure 3]
FIGURE 3
Individual electrode classification accuracy for chronic pain patients permutation entropy features (theta frequency band). Pain vs. no pain classification accuracy for each individual electrode and across all electrodes for PE (theta band) features only in chronic musculoskeletal pain participants. Topographic maps and bar charts are displayed for SVM models (A / B) and logistic regression models (C / D).



[image: Figure 4]
FIGURE 4
Individual electrode classification accuracy for health controls permutation entropy features (theta frequency band). Pain vs. no pain classification accuracy for each individual electrode and across all electrodes for PE (theta band) features only in healthy participants. Topographic maps and bar charts are displayed for SVM models (A / B) and logistic regression models (C / D). White circles designate electrodes where models in healthy participants had significantly higher classification accuracy than chronic pain participants.





Discussion

EEG can accurately discriminate between no-pain and pain conditions in children with chronic musculoskeletal pain and healthy youth. Classification accuracy reached 75.8% for chronic pain participants and 74.8% in healthy participants. No significant differences were observed between groups (healthy vs. chronic pain) or model types (SVM vs. logistic regression). We evaluated the most important features of model performance for each group, using the top 10% of logistic regression model weights. PE was most important EEG feature, while theta was the most significant frequency band for both groups. While features and frequencies were similar for both groups, models in adolescents with chronic musculoskeletal pain placed higher importance on features in the frontal region as opposed to healthy controls whose most significant contributors were in parietal regions.

Similar studies investigating no-pain and pain (tonic cold) conditions in healthy adult participants report classification accuracies ranging between 84.6%–93.3% (30, 31, 52–54). Due to small sample sizes (<40 participants) only one prior study used a hold-out set to validate their model, with accuracies dropping from 87.5%–93.3% on the training set to 70.9%–82.73% on the hold-out set (30). The validation accuracies from Kaur et al. (30) align with our findings; it remains a strong possibility that the remaining models may be overfitting their data, increasing their classification accuracy but limiting their generalizability. Most prior literature used spectral features to classify between conditions (30, 52, 53), which were removed from our dataset as they were significantly affected by voluntarily motor movement. It is possible that information contained in spectral analyses is important for the classification of CPT conditions, diminishing our classification accuracy; alternatively, it is possible that subtle motor activity associated with pain artificially increased classification accuracies in prior studies. Low temperature (0 °C) CPTs elicit a strong pain response, while warmer temperatures (3–7 °C) provoke pain of a lower intensity and shorter duration (55). Our CPT temperature (12 °C) was warmer than other studies and the milder stimulus may have produced a subtler neurophysiological response. However, our participants average pain rating throughout the CPT was ∼6.5, which is considered between moderate and severe on a 0–10 numeric rating scale. Furthermore, prior research found that numeric rating scales are reliability associated with clinical pain in children and numeric rating scale scores >4 are sensitive to pain requiring medication in chronic pain patients (56), thus we are confident our experiment captured a true pain response. Finally, all prior studies exclusively focused on healthy, young adult participants. Children experience vast brain maturation throughout adolescence (57) and studies in both healthy (58) and chronic pain participants (33) suggest neurophysiological differences between adults and children. The age of our participants and inclusion of chronic pain participants may also contribute to differences between our findings and prior studies with healthy adults.

PE is a quantification of information in the EEG signal (59), and our results suggest that information content changes in response to the CPT. We are the first study to investigate EEG-derived PE during a CPT, although one prior study evaluated a similar entropy-based metric. Vatankhah et al. found that no-pain and cold thermal pain classification accuracy was 14% higher using approximate entropy vs. spectral features (54). The superior classification accuracy of entropy-based features aligns with our results, as well as other studies demonstrating changes in PE outcomes in relation to pain (60, 61). Our study also aligns with prior CPT studies reporting changes in theta activity in relation to pain stimulation (27, 28, 30). Furthermore, the theta band is heavily implicated in the thalamocortical dysrhythmia (TCD) model of chronic pain. In this model, theta activity is surrounded by high frequency (beta or gamma) activity (62), which disconnects normal circuit function. A thalamocortical column-specific decrease in information processing is created, which is thought to ultimately resulting in the oscillatory mechanism that propagates the painful condition (63, 64). Although our results do not provide direct evidence of the TCD model of chronic pain, the importance of PE features and theta frequency activity point to the important role of information processing in pain.

Prior studies in healthy participants highlight both frontal (27, 28, 30) and parietal (28, 30) responses to simulated pain during a CPT. Additional studies also provide support that chronic pain participants have alterations in frontal (23) and parietal (64) areas compared to healthy controls at rest. Pain is relayed to the thalamus from the spinal cord, where it is splits into two distinct pain systems: 1) the lateral pain system, which includes the somatosensory cortex, involved in the perception of pain (sensory and discrimination); and 2) the medial pain system, including the prefrontal cortex, which encodes the emotional aspects of pain (affect and motivation) (65, 66). The majority of studies using tonic experimental pain conditions show an activation in the lateral pain system, but less than 25% of studies in chronic pain participants show changes to the somatosensory cortex (65). In fact, chronic pain participants often show increased activation in medial pain system structures and decreased activation in the somatosensory cortex compared to healthy controls at rest, which couples with observations that chronic pain leads to decreased sensory processing and increased affective processing (67, 68). Our results agree with this literature and generally suggest that adolescents with chronic musculoskeletal pain predominantly contextualize cold thermal pain through affective systems, while healthy controls have a sensory-based experience of tonic cold pain.


Strengths

The inclusion of a large cohort (n = 121) of pediatric chronic pain participants is a major strength of the current study, as prior work has primarily evaluated small samples of healthy adults. Our study design allowed for the development of models specific to chronic pain participants, which differed from healthy children in the locations of the most discriminatory EEG features. The chronic pain group was highly variable in relation to their specific diagnosis, location, and frequency of pain. Our heterogeneous sample is representative of the diverse presentations of chronic pain patients seeking clinical care and increases the generalizability of our model to various pain phenotypes. Prior literature focused predominantly on spectral EEG features, a limitation that has been noted previously (32). Our methods included spectral, entropy, functional connectivity, and graph theory feature types, many of which were previously unexplored in pediatric chronic pain participants. The inclusion of PE features was particularly prudent, as these features best classified tonic cold pain and represent an important contribution to the pain literature. Finally, we systematically evaluated and removed features that were affected by voluntary motor movement. Subjective pain ratings are collected serially through thermal QST and typically require verbal indication or movement (pointing to a number, moving a sliding scale, etc.). Thus, the potential for motor-based artefact entering the EEG signal is high. The removal of such features provides confidence that our findings result from the neurophysiological changes underlying cold pain, not motor activity. Finally, our classification is not reliant upon subjective pain reports. Beyond providing objective evidence to clinicians, this approach can be particularly beneficial in younger children who do not have the language or cognitive capacity to adequately verbalize their pain or in children with disabilities who may be nonverbal.



Limitations

The recruitment of healthy controls was largely affected by the COVID-19 pandemic. Although our healthy participant sample (n = 39) is very comparable to prior studies, the imbalance in group size prevented models directly comparing chronic pain to healthy children at baseline and during the CPT. We intentionally selected our approach to focus on objective, physiological outcomes to evaluate metrics that could be broadly generalizable to young and/or populations that may not be able to complete common self-reported pain scales. However, as pain varies throughout the CPT, modeling subjective pain (e.g. numeric rating scale values during the CPT) in addition to classifying condition (e.g. baseline vs. CPT) would have strengthened our results. However, subjective pain ratings (15sec) were not collected on the same time scale as EEG epochs (10sec). Therefore, subjective pain ratings were not available for every EEG epoch and could not be modeled with our data. A significantly higher proportion of females was present in the chronic pain group, which aligns with prior literature suggesting chronic pain is more prevalent in girls (2, 69). However, as EEG is affected by both age (70) and sex (71), the relatively wide age range (10–18 years) during an important maturation period and imbalance between sexes in the chronic pain group may have decreased model performance. We constrained our ML approaches to common, supervised learning methods. Future studies should evaluate other approaches, including unsupervised learning. Regardless of model type, more extensive external validation (replicating results on more participants from different geographical regions and different EEG systems, etc.) is needed before translation to clinical settings. Denser electrodes arrays limit clinical translation, but provide opportunities for sophisticated analysis techniques (e.g., source localization, local graph theory metrics, etc.) that provide more insight into the specific brain areas and networks underlying the perception of pain. Finally, we selected a tonic thermal stimulus as this more closely mimics clinical pain and allows for sufficiently long EEG recording periods. However, other forms of pain stimulation (e.g., pin prick, pressure) are also used in comprehensive clinical pain assessments and should be evaluated in conjunction with EEG recordings when feasible.



Clinical implications

An objective, physiological biomarker of pediatric chronic pain has the potential to improve clinical care and overall quality of life. Children may not have the developmental abilities or language capacity to clearly and thoroughly describe their pain to clinicians; this is particularly true for more vulnerable populations (e.g. non-verbal children). Even when they can adequately verbalize their pain, children often report that their pain was “disbelieved” or “dismissed” by their physician (72). Thus, a biomarker could provide objective evidence that a child is experiencing pain, which may facilitate earlier enrollment into treatments capable of effectively managing the child's pain. PE features, which can be generated from a single EEG electrode, were determined to be the most important feature for both groups. This increases the potential for clinical translation, as a single-metric, single-electrode biomarker greatly reduces the burden, time, and cost associated with EEG. In healthy participants, theta PE at the P3 electrode produced identical classification accuracy to all EEG features and frequency bands, although the highest single-electrode accuracy in chronic pain participants was ∼7% lower than the full model. Still, our results highlight the potential for PE features as an objective marker of pain in the absence of self-report. Furthermore, PE features are robust to noise sources and artefacts (73), which is critical in busy recording environment such as clinical settings. Equivalent results were obtained using SVM and logistic regression models, which can have important implications for translation. Some clinicians can be skeptical of ML approaches, as the transformations used to generate high discrimination accuracy often comes at the expense of understanding the specific features, patterns, or neurophysiological responses underlying model performance (74). Thus, the ability to replicate findings using an inferential statistics approach speaks to the consistent performance of model and may increase uptake in clinical settings, as clinicians can extract the specific neural correlates associated with a subjective pain response.




Conclusions

EEG features can accurately and significantly discriminate between no-pain and tonic cold pain conditions in adolescents with chronic musculoskeletal pain and healthy controls. Final classification accuracy ranged from 72.0%–75.8%, with no significant differences observed between groups (healthy vs. chronic pain) or models (SVM vs. logistic regression). PE features in the theta frequency bands had the best discrimination for both chronic pain and healthy participants, although the specific regions of importance differed between groups. Overall, our results demonstrate the feasibility of accurately detecting subjective pain experience from electrophysiological data and represent the first step towards the development of a point-of-care system to detect pain in the absence of self-report.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by Research Ethics Board at McGill University (A09-M17-17B). Written informed consent to participate in this study was provided by the participants' legal guardian/next of kin.



Author contributions

EFT extracted features from the EEG data, analysed the data, drafted the manuscript in its entirety, and incorporated feedback from co-authors. DDO collected and pre-processed the EEG data, and critically reviewed the manuscript for important intellectual content. SBM conceptualized and supervised the EEG and ML analysis, as well as critically reviewed the manuscript for important scientific concept. CEF conceptualized the study, acquired funding, provided access to participants, and critically reviewed the manuscript for important intellectual content. All authors contributed to the article and approved the submitted version.



Funding

EFT was financially supported by a Canadian Institutes for Health Research (CIHR) postdoctoral fellowship (459150); DDO was financially supported by an Edwards PhD Studentship in Pain Research from the Louise and Alan Edwards Foundation. This study was financially supported by the Fonds de recherche du QuÃ©bec-SantÃ© (CEF), the Quebec Pain Research Network (CEF), and the Natural Sciences and Engineering Research Council (NSERC) of Canada (Discovery Grant RGPIN-2016-03817). The funders were not involved in the study design, collection, analysis, interpretation of data, the writing of this article or the decision to submit it for publication.



Acknowledgments

The authors would like to thank the participants and the entire clinical staff of the Shriners Hospitals for Children, Canada, for their precious collaboration.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

1. Vos T, Barber RM, Bell B, Bertozzi-Villa A, Biryukov S, Bolliger I, et al. Global, regional, and national incidence, prevalence, and years lived with disability for 301 acute and chronic diseases and injuries in 188 countries, 1990–2013: a systematic analysis for the global burden of disease study 2013. Lancet. (2015) 386(9995):743–800. doi: 10.1016/S0140-6736(15)60692-4

2. King S, Chambers CT, Huguet A, MacNevin RC, McGrath PJ, Parker L, et al. The epidemiology of chronic pain in children and adolescents revisited: a systematic review. Pain. (2011) 152(12):2729–38. doi: 10.1016/j.pain.2011.07.016

3. Goodman J, McGrath P. The epidemiology of pain in children and adolescents: a review. Pain. (1991) 46(3):247–64. doi: 10.1016/0304-3959(91)90108-A

4. Hunfeld J, Passchier J, Perquin C, Hazebroek-Kampschreur A, van Suijlekom-Smit L, Van Der Wouden J. Quality of life in adolescents with chronic pain in the head or at other locations. Cephalalgia. (2001) 21(3):201–6. doi: 10.1046/j.1468-2982.2001.00187.x

5. Haraldstad K, Sørum R, Eide H, Natvig GK, Helseth S. Pain in children and adolescents: prevalence, impact on daily life, and parents’ perception, a school survey. Scand J Caring Sci. (2011) 25(1):27–36. doi: 10.1111/j.1471-6712.2010.00785.x

6. Stinson J, Connelly M, Kamper SJ, Herlin T, April KT. Models of care for addressing chronic musculoskeletal pain and health in children and adolescents. Best Pract Res Clin Rhuematol. (2016) 30(3):468–82. doi: 10.1016/j.berh.2016.08.005

7. Palermo T, Eccleston C, Goldschneider K, McGinn K, Sethna N, Schechter N, et al. Assessment and management of children with chronic pain: a position statement from the American pain society. Chicago, IL: American Pain Society (2012).

8. Cucchiaro G, Schwartz J, Hutchason A, Ornelas B. Chronic pain in children: a look at the referral process to a pediatric pain clinic. Int J Pediatr. (2017) 2017:1–7. doi: 10.1155/2017/8769402

9. Zernikow B, Wager J, Hechler T, Hasan C, Rohr U, Dobe M, et al. Characteristics of highly impaired children with severe chronic pain: a 5-year retrospective study on 2249 pediatric pain patients. BMC Pediatr. (2012) 12(1):1–12. doi: 10.1186/1471-2431-12-54

10. Konijnenberg A, Uiterwaal C, Kimpen J, van der Hoeven J, Buitelaar J, de Graeff-Meeder E. Children with unexplained chronic pain: substantial impairment in everyday life. Arch Dis Childh. (2005) 90(7):680–6. doi: 10.1136/adc.2004.056820

11. Ho IK, Goldschneider KR, Kashikar-Zuck S, Kotagal U, Tessman C, Jones B. Healthcare utilization and indirect burden among families of pediatric patients with chronic pain. J Musculoskelet Pain. (2008) 16(3):155–64. doi: 10.1080/10582450802161853

12. Groenewald CB, Essner BS, Wright D, Fesinmeyer MD, Palermo TM. The economic costs of chronic pain among a cohort of treatment-seeking adolescents in the United States. J Pain. (2014) 15(9):925–33. doi: 10.1016/j.jpain.2014.06.002

13. Dansie E, Turk DC. Assessment of patients with chronic pain. Br J Anaesth. (2013) 111(1):19–25. doi: 10.1093/bja/aet124

14. Blankenburg M, Meyer D, Hirschfeld G, Kraemer N, Hechler T, Aksu F, et al. Developmental and sex differences in somatosensory perception—a systematic comparison of 7-versus 14-year-olds using quantitative sensory testing. Pain. (2011) 152(11):2625–31. doi: 10.1016/j.pain.2011.08.007

15. Hirschfeld G, Zernikow B, Kraemer N, Hechler T, Aksu F, Krumova E, et al. Development of somatosensory perception in children: a longitudinal QST-study. Neuropediatrics. (2012) 43(01):010–6. doi: 10.1016/j.pain.2011.08.007

16. Cornelissen L, Fabrizi L, Patten D, Worley A, Meek J, Boyd S, et al. Postnatal temporal, spatial and modality tuning of nociceptive cutaneous flexion reflexes in human infants. PloS One. (2013) 8(10):e76470. doi: 10.1371/journal.pone.0076470

17. Dubois A, Capdevila X, Bringuier S, Pry R. Pain expression in children with an intellectual disability. Eur J Pain. (2010) 14(6):654–60. doi: 10.1016/j.ejpain.2009.10.013

18. Franck LS, Greenberg CS, Stevens B. Pain assessment in infants and children. Pediatr Clin N Am. (2000) 47(3):487–512. doi: 10.1016/S0031-3955(05)70222-4

19. Fleck-Prediger CM, Ghosh Hajra S, Liu CC, Gray DS, Weaver DF, Gopinath S, et al. Point-of-care brain injury evaluation of conscious awareness: wide scale deployment of portable HCS EEG evaluation. Neurosci Conscious. (2018) 2018(1):niy011. doi: 10.1093/nc/niy011

20. Rittenberger JC, Weissman A, Baldwin M, Flickinger K, Repine MJ, Guyette FX, et al. Preliminary experience with point-of-care EEG in post-cardiac arrest patients. Resuscitation. (2019) 135:98–102. doi: 10.1016/j.resuscitation.2018.12.022

21. Ploner M, Sorg C, Gross J. Brain rhythms of pain. Trends Cogn Sci. (2017) 21(2):100–10. doi: 10.1016/j.tics.2016.12.001

22. Levitt J, Saab CY. What does a pain “biomarker”mean and can a machine be taught to measure pain? Neurosci Lett. (2019) 702:40–3. doi: 10.1016/j.neulet.2018.11.038

23. Dinh ST, Nickel MM, Tiemann L, May ES, Heitmann H, Hohn VD, et al. Brain dysfunction in chronic pain patients assessed by resting-state electroencephalography. Pain. (2019) 160(12):2751. doi: 10.1097/j.pain.0000000000001666

24. Jensen M, Sherlin L, Gertz K, Braden A, Kupper A, Gianas A, et al. Brain EEG activity correlates of chronic pain in persons with spinal cord injury: clinical implications. Spinal Cord. (2013) 51(1):55–8. doi: 10.1038/sc.2012.84

25. Chen AC. Human brain measures of clinical pain: a review I. Topographic mappings. Pain. (1993) 54(2):115–32. doi: 10.1016/0304-3959(93)90200-9

26. Nir R-R, Sinai A, Raz E, Sprecher E, Yarnitsky D. Pain assessment by continuous EEG: association between subjective perception of tonic pain and peak frequency of alpha oscillations during stimulation and at rest. Brain Res. (2010) 1344:77–86. doi: 10.1016/j.brainres.2010.05.004

27. Levitt J, Choo HJ, Smith KA, LeBlanc BW, Saab CY. Electroencephalographic frontal synchrony and caudal asynchrony during painful hand immersion in cold water. Brain Res Bull. (2017) 130:75–80. doi: 10.1016/j.brainresbull.2016.12.011

28. Shao S, Shen K, Yu K, Wilder-Smith EP, Li X. Frequency-domain EEG source analysis for acute tonic cold pain perception. Clin Neurophysiol. (2012) 123(10):2042–9. doi: 10.1016/j.clinph.2012.02.084

29. Gram M, Graversen C, Olesen S, Drewes A. Dynamic spectral indices of the electroencephalogram provide new insights into tonic pain. Clin Neurophysiol. (2015) 126(4):763–71. doi: 10.1016/j.clinph.2014.07.027

30. Kaur M, Prakash NR, Kalra P, Puri GD. Electroencephalogram-based pain classification using artificial neural networks. IETE J Res. (2019) 68:1–14. doi: 10.1080/03772063.2019.1702903

31. Alazrai R, Al-Rawi S, Alwanni H, Daoud MI. Tonic cold pain detection using choi–williams time-frequency distribution analysis of EEG signals: a feasibility study. Appl Sci. (2019) 9(16):3433. doi: 10.3390/app9163433

32. Savignac C, Ocay DD, Mahdid Y, Blain-Moraes S, Ferland CE. Clinical use of electroencephalography in the assessment of acute thermal pain: a narrative review based on articles from 2009 to 2019. Clin EEG Neurosci. (2021) 53:15500594211026280. doi: 10.1177/15500594211026280

33. Youssef AM, Azqueta-Gavaldon M, Silva KE, Barakat N, Lopez N, Mahmud F, et al. Shifting brain circuits in pain chronicity. Hum Brain Mapp. (2019) 40(15):4381–96. doi: 10.1002/hbm.24709

34. Uddin Z, MacDermid JC. Quantitative sensory testing in chronic musculoskeletal pain. Pain Med. (2016) 17(9):1694–703. doi: 10.1093/pm/pnv105

35. Ferland CE, Vega E, Ingelmo PM. Acute pain management in children: challenges and recent improvements. Curr Opin Anaesthesiol. (2018) 31(3):327–32. doi: 10.1097/ACO.0000000000000579

36. Pinheiro ESDS, Queirós F, Montoya P, Santos CL, Nascimento M, Ito CH, et al. Electroencephalographic patterns in chronic pain: a systematic review of the literature. PloS One. (2016) 11(2):e0149085. doi: 10.1371/journal.pone.0149085

37. Dowman R, Rissacher D, Schuckers S. EEG Indices of tonic pain-related activity in the somatosensory cortices. Clin Neurophysiol. (2008) 119(5):1201–12. j.clinph.2008.01.019

38. Kunz M, Meixner D, Lautenbacher S. Facial muscle movements encoding pain—a systematic review. Pain. (2019) 160(3):535–49. doi: 10.1097/j.pain.0000000000001424

39. Ferland CE, Ye DL, Ouellet JA. Perioperative pain assessment in a 14-year-old boy with lumbar disc herniation. J Pediatr Health Care. (2018) 32(3):302–7. doi: 10.1016/j.pedhc.2018.01.001

40. Teles AR, Ocay DD, Bin Shebreen A, Tice A, Saran N, Ouellet JA, et al. Evidence of impaired pain modulation in adolescents with idiopathic scoliosis and chronic back pain. Spine J. (2019) 19(4):677–86. doi: 10.1016/j.spinee.2018.10.009

41. Delorme A, Makeig S. EEGLAB: an open source toolbox for analysis of single-trial EEG dynamics including independent component analysis. J Neurosci Methods. (2004) 134(1):9–21. doi: 10.1016/j.jneumeth.2003.10.009

42. Nicolaou N, Georgiou J. Detection of epileptic electroencephalogram based on permutation entropy and support vector machines. Expert Syst Appl. (2012) 39(1):202–9. doi: 10.1016/j.eswa.2011.07.008

43. Jordan D, Ilg R, Riedl V, Schorer A, Grimberg S, Neufang S, et al. Simultaneous electroencephalographic and functional magnetic resonance imaging indicate impaired cortical top-down processing in association with anesthetic-induced unconsciousness. Anesthesio. (2013) 119(5):1031–42. doi: 10.1097/ALN.0b013e3182a7ca92

44. Stam CJ, Nolte G, Daffertshofer A. Phase lag index: assessment of functional connectivity from multi channel EEG and MEG with diminished bias from common sources. Hum Brain Mapp. (2007) 28(11):1178–93. doi: 10.1002/hbm.20346

45. Stam CJ, van Straaten EC. Go with the flow: use of a directed phase lag index (dPLI) to characterize patterns of phase relations in a large-scale model of brain dynamics. Neuroimage. (2012) 62(3):1415–28. doi: 10.1016/j.neuroimage.2012.05.050

46. Latora V, Marchiori M. Efficient behavior of small-world networks. Phys Rev Lett. (2001) 87(19):198701. doi: 10.1103/PhysRevLett.87.198701

47. Bullmore E, Sporns O. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat Rev Neurosci. (2009) 10(3):186–98. doi: 10.1038/nrn2575

48. Watts DJ, Strogatz SH. Collective dynamics of “small-world”networks. Nature. (1998) 393(6684):440–2. doi: 10.1038/30918

49. Newman ME. Modularity and community structure in networks. PNAS. (2006) 103(23):8577–82. doi: 10.1073/pnas.060160210

50. Rubinov M, Sporns O. Complex network measures of brain connectivity: uses and interpretations. Neuroimage. (2010) 52(3):1059–69. doi: 10.1016/j.neuroimage.2009.10.003

51. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: machine learning in python. J Mach Learn Res. (2011) 12:2825–30. doi: 10.5555/1953048.2078195

52. Alazrai R, Momani M, Khudair HA, Daoud MI. EEG-based tonic cold pain recognition system using wavelet transform. Neural Comput Appl. (2019) 31(7):3187–200. doi: 10.1007/s00521-017-3263-6

53. Hadjileontiadis LJ. EEG-based tonic cold pain characterization using wavelet higher order spectral features. IEEE Trans Biomed Eng. (2015) 62(8):1981–91. doi: 10.1109/TBME.2015.2409133

54. Vatankhah M, Asadpour V, Fazel-Rezai R. Perceptual pain classification using ANFIS adapted RBF kernel support vector machine for therapeutic usage. Appl Soft Comput. (2013) 13(5):2537–46. doi: 10.1016/j.asoc.2012.11.032

55. Eccleston C. The attentional control of pain: methodological and theoretical concerns. Pain. (1995) 63(1):3–10. doi: 10.1016/0304-3959(95)00093-8

56. Voepel-Lewis T, Burke CN, Jeffreys N, Malviya S, Tait AR. Do 0–10 numeric rating scores translate into clinically meaningful pain measures for children? Anesth Analg. (2011) 112(2):415–21. doi: 10.1213/ANE.0b013e318203f495

57. Paus T. Mapping brain maturation and cognitive development during adolescence. Trends Cogn Sci. (2005) 9(2):60–8. doi: 10.1016/j.tics.2004.12.008

58. Thomas KM, Hunt RH, Vizueta N, Sommer T, Durston S, Yang Y, et al. Evidence of developmental differences in implicit sequence learning: an fMRI study of children and adults. J Cogn Neurosci. (2004) 16(8):1339–51. doi: 10.1162/0898929042304688

59. Thul A, Lechinger J, Donis J, Michitsch G, Pichler G, Kochs EF, et al. EEG Entropy measures indicate decrease of cortical information processing in disorders of consciousness. Clinical Neurophysiol. (2016) 127(2):1419–27. doi: 10.1016/j.clinph.2015.07.039

60. Geng D, Yang D, Cai M, Hao W. Evaluation of acute tonic cold pain from microwave transcranial transmission signals using multi-entropy machine learning approach. IEEE Access. (2019) 8:2780–91. doi: 10.1109/ACCESS.2019.2962515

61. Li H, Du W, Fan K, Ma J, Ivanov K, Wang L. The effectiveness assessment of massage therapy using entropy-based EEG features among lumbar disc herniation patients comparing with healthy controls. IEEE Access. (2020) 8:7758–75. doi: 10.1109/ACCESS.2020.2964050

62. Llinás R, Urbano FJ, Leznik E, Ramírez RR, Van Marle HJ. Rhythmic and dysrhythmic thalamocortical dynamics: gABA systems and the edge effect. Trends Neurosci. (2005) 28(6):325–33. doi: 10.1016/j.tins.2005.04.006

63. Borst A, Theunissen FE. Information theory and neural coding. Nature Neurosci. (1999) 2(11):947–57. doi: 10.1038/14731

64. Vanneste S, Song J-J, De Ridder D. Thalamocortical dysrhythmia detected by machine learning. Nature Commun. (2018) 9(1):1–13. doi: 10.1038/s41467-018-02820-0

65. Jones A, Kulkarni B, Derbyshire S. Pain mechanisms and their disorders: imaging in clinical neuroscience. Br Med Bull. (2003) 65(1):83–93. doi: 10.1093/bmb/65.1.83

66. Taber KH, Rashid A, Hurley RA. Functional anatomy of central pain. J Neuropsychiatry Clin Neurosci. (2001) 13(4):437–40. doi: 10.1176/jnp.13.4.437

67. Chen LM. Imaging of pain. Int Anesthesiol Clin. (2007) 45(2):39–57. doi: 10.1097/AIA.0b013e31803419d3

68. Apkarian AV, Bushnell MC, Treede R-D, Zubieta J-K. Human brain mechanisms of pain perception and regulation in health and disease. Eur J Pain. (2005) 9(4):463–84. doi: 10.1016/j.ejpain.2004.11.001

69. Huguet A, Miró J. The severity of chronic pediatric pain: an epidemiological study. J Pain. (2008) 9(3):226–36. doi: 10.1016/j.jpain.2007.10.015

70. Al Zoubi O, Ki Wong C, Kuplicki RT, Yeh H-w, Mayeli A, Refai H, et al. Predicting age from brain EEG signals—a machine learning approach. Frontiers Aging Neurosci. (2018) 10:184. doi: 10.3389/fnagi.2018.00184

71. Van Putten MJ, Olbrich S, Arns M. Predicting sex from brain rhythms with deep learning. Sci Rep. (2018) 8(1):1–7. doi: 10.1038/s41598-018-21495-7

72. Carter B. Chronic pain in childhood and the medical encounter: professional ventriloquism and hidden voices. Qual Health Res. (2002) 12(1):28–41. doi: 10.1177/104973230201200103

73. Zanin M, Zunino L, Rosso OA, Papo D. Permutation entropy and its main biomedical and econophysics applications: a review. Entropy. (2012) 14(8):1553–77. doi: 10.3390/e14081553

74. Komura D, Ishikawa S. Machine learning approaches for pathologic diagnosis. Virchows Arch. (2019) 475(2):131–8. doi: 10.1007/s00428-019-02594-w



OPS/images/fpain-03-991793-g001.jpg
Pain Rating (0-10)

)

IS

Assessment

E3 Healthy Group: Baseline
B3 Healthy Group: CPT
B3 Pain Group: Baseline
Bl Pain Group: CPT





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Accurate classification of pain experiences using wearable electroencephalography in adolescents with and without chronic musculoskeletal pain

		Introduction



		Materials and methods



		Participants



		Thermal experimental pain condition



		Electroencephalography (EEG) methods



		EEG recording and processing



		EEG feature extraction











		Machine learning methods



		Model selection











		Statistical analysis



		Demographic information and effect of movement on EEG features



		Machine learning model performance



















		Results



		Voluntarily motor movement affects a subset of EEG features



		EEG classifies pain with 75% accuracy in chronic musculoskeletal pain participants



		Model performance on the test/train sets



		Final model performance on the validation set











		EEG classifies pain with 72%–74% accuracy in healthy participants



		Model performance on the test/train sets



		Final model performance on the validation set











		Theta permutation entropy is most predictive of pain experience, with different regions of importance between groups











		Discussion



		Strengths



		Limitations



		Clinical implications











		Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		References



















OPS/images/cover.jpg
' frontiers ‘ Frontiers in Pain Research

Accurate classification of pain experiences
using wearable electroencephalography in
adolescents with and without chronic
musculoskeletal pain





OPS/images/fpain-03-991793-g002.jpg
Chronic Pain Subjects

Model Weights (Logistic Regression)

FA 3 TS R P FA G T3 Pz 02 Fp2
Electrodes

Healthy Control Subjects

S S S

Model Weights (Logistic Regression)

!
°

i Pz
Electrodes

02





OPS/images/fpain-03-991793-t001.jpg
Model Type  Features

‘hronic Pain Participants

Healthy Controls

Test/Train Set Validation Set Test/Train Set Validation Set
Accuracy (%) P Accuracy (%) P Accuracy (%) P Accuracy (%) P
SVM All 7559 (7192,7758) <0001 7520 (7139, 77.11) <0001 7443 (68.22,7839) <0001 7477 (6636, 77.57)  <0.001
dPLI Only 5657 (5483, 62.58) 0002 5967 (5450, 6103) <0001 5304 (4364, 5984) 017 4393 (3738,5327) 088
Graph Only ~ 57.68 (5172, 60.26) ~ 0.09 5368 (47.96,5586) 084 5563 (4622,6193) 011 5981 (4953, 6262) 002
PE Only 7436 (70.64,7673) <0001 7275 (67.03, 74.11) <0001 7056 (65.99, 77.88) <0001 7196 (6636, 78.50)  0.009
Peak Only  61.26 (57.04, 64.64) <0001  59.13 (5586,59.95) <0001 5530 (4861, 6508) 0008  55.14 (47.66,5888) 007
Logistic Regression ~ All 7484 (7110, 7761) <0001 7575 (6948, 7657) <0001 7276 (6588, 7891) <0001 7196 (6449, 78.50)  <0.001
dPLIOnly 5844 (5302, 61.20) 0007 6158 (5286, 61.59) <0001 5178 (4368, 6009) 026 5047 (3832,57.94) 045
Graph Only ~ 57.30 (5280, 60.63) ~ 0.05 5995 (5313, 6049) <0001 5509 (4533, 6213) 003 5981 (4953, 6542) 002
PE Only 7467 (7062, 7652) <0001 7520 (70.02,7602) <0001 7344 (68.02, 80.04) <0001 7477 (66.36, 78.50)  0.002
Peak Only  60.17 (57.48, 63.86) <0001  58.58 (56.40, 60.49) <0001 5523 (4620, 6208) 013 5421 (4860, 5888)  0.006

Note: 95% Confidence intenvals are presented below the point accuracy in parentheses. dPLI =directed phase lag index,
ermutation entropy, and Peak = peak frequency.

PE

Graph = binary graph theory,









OPS/images/fpain-03-991793-g003.jpg
Classification Accuracy (%)

Classification Accuracy (%)
8

&

40

Classification Accuracy (%)

mﬂﬂn

FpFp2F7 F3 Fz F4 F8 C3 Cz C4 P3 Pz P4 010273 T5 T4 T6 All

Electrodes

Fp¥p2F7 F3 Fz F4 F8 C3 Cz C4 P3 Pz P4 010273 T5 T4 T6 All
Electrodes






OPS/images/fpain-03-991793-g004.jpg
B
75
75
70 -
g
> m
G £ 65 |_ _I m
| i
60 i & [
2
55 8 55
£
k4
50 & 50
a5 a5
%0 40 S —
FOIFD2F7 F3 Fz F4 F8 C3 Cz C4 P3 Pz P4 01 02T3 T5 T4 T6 All
Classification Accuracy (%)
80
D
75
75 -
0 &
g
65 g m
€65
H
§ | y
60 <60 =
=
55 8 ss
]
H
50 g
L ) ‘I’ ‘ H
40

Fp¥p2F7 F3 Fz F4 F8 C3 Cz C4 P3 Pz P4 010273 T5 T4 T6 All
lectrodes

Classification Accuracy (%)





OPS/images/crossmark.jpg
(®) Check for updates.





OPS/images/logo.jpg
2 frontiers | Frontiers in Pain Research





