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Abstract \
Chronic pain is a major healthcare issue posing a large burden on individuals and society. Converging lines of evidence indicate that
chronic pain is associated with substantial changes of brain structure and function. However, it remains unclear which neuronal
measures relate to changes of clinical parameters over time and could thus monitor chronic pain and treatment responses. We
therefore performed a longitudinal study in which we assessed clinical characteristics and resting-state electroencephalography
data of 41 patients with chronic pain before and 6 months after interdisciplinary multimodal pain therapy. We specifically assessed
electroencephalography measures that have previously been shown to differ between patients with chronic pain and healthy people.
These included the dominant peak frequency; the amplitudes of neuronal oscillations at theta, alpha, beta, and gamma frequencies;
as well as graph theory-based measures of brain network organization. The results show that pain intensity, pain-related disability,
and depression were significantly improved after interdisciplinary multimodal pain therapy. Bayesian hypothesis testing indicated
that these clinical changes were not related to changes of the dominant peak frequency or amplitudes of oscillations at any
frequency band. Clinical changes were, however, associated with an increase in global network efficiency at theta frequencies.
Thus, changes in chronic pain might be reflected by global network changes in the theta band. These longitudinal insights further the
understanding of the brain mechanisms of chronic pain. Beyond, they might help to identify biomarkers for the monitoring of chronic

pain.
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1. Introduction

Chronic pain is a major healthcare issue that affects approxi-
mately a fifth of the adult population and thereby causes a
tremendous burden to individuals and society.”*® Converging
lines of evidence indicate that the brain figures prominently in the
susceptibility, development, and maintenance of chronic
pain.®>% Imaging studies have revealed substantial alterations
of brain structure and function in patients suffering from chronic
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pain.%’ In particular, functional magnetic resonance imaging has
shown extended dysfunction of brain networks.® Furthermore,
graph theory-based analyses have demonstrated a disruption of
global network architecture as well as altered local connectivity of
network hubs.*27:82:38:42:43 Moreover, electroencephalography
(EEG) and magnetoencephalography studies have indicated
changes of neuronal oscillations at different frequencies.>°%%2 |n
particular, slowing of the dominant peak frequency around 10 Hz
and increases of neuronal oscillations at theta (4-8 Hz) and alpha
(8-13 Hz) frequencies have been reported.®® Moreover, there is
mounting evidence for local and global changes in functional
connectivity at theta, alpha, and gamma (30-100 Hz) frequen-
cies.'?%5€% These abnormalities have mostly been observed by
cross-sectional comparisons of brain function between patients
suffering from chronic pain and healthy participants. However,
whether and how these measures can monitor changes of
chronic pain over time, including those related to treatment,
remains to be elucidated.

To address this question, we assessed 41 patients with
chronic pain longitudinally, directly before and 6 months after
interdisciplinary multimodal pain therapy (IMPT). Interdisciplinary
multimodal pain therapy is a powerful biopsychosocial treatment
approach for chronic pain. It aims at physical reconditioning
through medical and behavioral therapy as well as education in
structured therapeutic programs.®! Pre-IMPT and post-IMPT
assessments included clinical measures and resting-state EEG
recordings. Longitudinal changes of clinical measures were
related to longitudinal changes of brain function assessed by
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EEG using frequentist as well as Bayesian statistics, which
facilitates the interpretation of negative findings and effect sizes.>*
We specifically hypothesized that longitudinal changes in clinical
measures are reflected by longitudinal changes of EEG measures
that have previously been described to differ between patients
with chronic pain and healthy participants as well as graph
theory-based measures of brain connectivity. The overall goal of
this approach was to further the understanding of the brain
mechanisms of chronic pain and to aid the development of
biomarkers of chronic pain.'

2. Materials and methods
2.1. Participants

Fifty adult patients suffering from chronic pain participated in the
study. All patients had been screened and scheduled for an IMPT
program at the Center for Interdisciplinary Pain Medicine of the
Technical University of Munich (TUM) between January 2018 and
March 2019. The inclusion criteria comprised a clinical diagnosis of
chronic pain, apart from primary headache disorders, with pain
lasting more than 6 months and a minimum reported average pain
intensity =2/10 (0 = no pain and 10 = worst imaginable pain)
during the past 4 weeks. Further inclusion criteria were the
willingness and ability to comply with physical (ie, sufficient mobility
to participate in the physiotherapy) and psychological requirements
(ie, motivation for behavioral change) of the IMPT program as
assessed by a multiprofessional team of physicians, psychologists,
and physiotherapists before enrolment in the program. The
exclusion criteria were acute changes in the pain condition in the
past 3 months because of recent injuries or surgeries as well as
concomitant neuropsychiatric diseases apart from depression.
Moreover, patients on regular benzodiazepine medication were
excluded. Other medication was not restricted, and medication
intake was assessed and quantified using the Medication
Quantification Scale (MQS).%® Nine patients were excluded from
the study. Two patients were excluded because of surgical
interventions for their respective pain condition closely before their
scheduled follow-up assessment, another because of a limbic
encephalitis in the time between the baseline and follow-up
assessment, and another because of poor EEG data quality at the
baseline assessment. In addition, 5 patients withdrew from the
study for personal reasons. Thus, the final group used for the
longitudinal analyses comprised 41 patients (age 51 *= 17 years
[mean = SDJ, 25 female) (for further details on the patient group,
see Table 1 and Supplementary Table 1, available at http://links.
ww.com/PAIN/B556). In this group, 26 patients predominantly
suffered from chronic back pain, 8 from joint pain, 4 from peripheral
neuropathic pain, and 3 from chronic widespread pain. All
participants provided written informed consent. The study was
approved by the Ethics Committee of the Medical Faculty of the
TUM and conducted in accordance with the relevant guidelines
and regulations. The study was preregistered under the Clinical-
Trials.gov identifier NCTO3634670.

2.2. Procedures

To longitudinally assess clinical and electrophysiological mea-
sures, participants were assessed twice in 2 different sessions:
baseline and follow-up. Assessments included the completion of
standardized questionnaires and resting-state EEG recordings.
The baseline assessment was performed in the week before or
within the first 3 days of the IMPT program. The follow-up
assessment was performed between 6 and 9 months after the
baseline evaluation (Fig. 1).
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Patients participated in a standardized IMPT program with 20
days of treatment in a specialized day clinic. Therapy was
provided either over a period of 4 weeks, with 5 days of treatment
per week, or over 7 weeks, with 3 treatment days per week.
Interdisciplinary multimodal pain therapy follows a biopsychoso-
cial concept and uses an integrated and multidisciplinary
diagnostic and treatment approach to restore physical as well
as emotional performance of patients with chronic pain.®' To this
end, patients are enrolled in structured therapeutic programs
comprising medical and behavioral therapy as well as patients’
education provided by a multiprofessional team.®" In this study,
IMPT was provided at the group and individual level by an
interdisciplinary multiprofessional team of psychologists, physio-
therapists, and physicians with a specialization in pain medicine.
Groups consisted of up to 8 patients, who underwent the entire
IMPT program together. At the group level, patients received 4
treatment sessions per day, 2 with a physiotherapeutic focus,
including movement experience, following the Feldenkrais
method and 2 educational sessions on relaxation techniques,
including progressive muscle relaxation, following the Jacobson
method and cognitive—behavioral strategies with a focus on pain
coping. At the individual level, patients received 4 consultations
with a physician focusing on optimization of pain medication, 4
sessions of counseling with a cognitive—behavioral focus by a
psychologist, and 2 physiotherapy sessions focusing on the
individual pain problems over the course of the program.

2.3. Clinical measures

Clinical measures were selected following the recommenda-
tions for clinical trials and IMPT'"%%48 to reflect 3 core outcome
domains: pain intensity, physical functioning, and emotional
functioning. Pain intensity was assessed using a Numerical
Rating Scale; patients were asked to rate their average pain
throughout the past 4 weeks on a scale from 0to 10 (0 = no pain
and 10 = maximum pain). Physical functioning was assessed
with a focus on pain interference using the Pain Disability Index,
a simple seven-item questionnaire asking patients to rate their
pain-related impairment in the domains “Family/Home respon-
sibilities,” “Recreation,” “Social Activity,” “Occupation,” “Sexual
Behavior,” “Self-Care,” as well as “Life-Support Activity” on a
scale from 0to 10 (0 = no impairment and 10 = fully impaired).®”
Single-item scores are averaged resulting in an overall score
from 0 to 10.%” Depressive symptoms were assessed using the
Beck Depression Inventory 1. Moreover, the medication intake
was assessed using the MQS which allows to quantify
medication profiles in patients with chronic pain in a single
numerical value.?®

” o« » o« » o«

2.4. Electroencephalography
2.4.1. Recordings

Brain activity was recorded using resting-state EEG. Participants
were instructed to stay in a relaxed and wakeful state, without
performing any particular task. In each session, two 5-minute
blocks were recorded, 1 with the eyes open and another with the
eyes closed. During the eyes-open condition, participants fixated
a fixation cross presented centrally on a screen. The order of the
blocks was counterbalanced across participants. During data
acquisition, participants were comfortably seated and listened to
white noise through headphones.

Data were acquired with 64 electrodes (EasyCap, Herrsch-
ing, Germany) and a BrainAmp MR plus amplifier (Brain
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Patient group characteristics and comparisons of clinical measures at baseline and follow-up.

Baseline (mean =+ SD)

Follow-up (mean + SD)

CGomparisons (paired sample t tests)

Age (v) 51.46 + 17.26 — —

Sex (f/m) 25/16 — —

Disease duration (y) 8.44 =7.08 — —

MQs 8.95 +7.13 8.17 =0.07 T(df40) = 1.09 = 0.283 BFyo = 0.29
Avg. pain intensity 541 +1.82 456 + 2.12 T(dfs0) = 3.22 2= 0.003 BFyo = 13.31
PDI 424 +1.69 332 +1.76 T(dfso) = 3.16 2= 0.003 BF;o = 11.54
BDI 1541 = 1.32 10.29 = 1.16 T(df4e) = 4.55 £< 0.001 BFyo = 468.68

Avg. pain intensity, Average pain intensity in the past 4 weeks (Numerical Rating Scale, NRS 0-10); BDI, Beck Depression Inventory II; BF;o, Bayes Factor; f, female, m, male; MQS, Medication Quantification Scale; PDI, Pain

Disability Index.

Products, Munich, Germany). The electrode layout included all
10-20 system electrodes; the additional electrodes Fpz, CPz,
POz, Oz, Iz, AF3/4,F5/6,FC1/2/3/4/5/6, FT7/8/9/10, C1/2/5/6,
CP1/2/3/4/5/6, TP7/8/9/10, P1/2/5/6/7/8, and PO3/4/7/9/10;
and 2 electrodes below the outer canthus of each eye. All
electrodes were referenced to FCz and grounded at AFz.
Simultaneously, muscle activity was recorded with 2 bipolar
surface electromyography (EMG) electrode montages placed
on the right masseter and neck (semispinalis capitis and
splenius capitis) muscles and a BrainAmp ExG MR amplifier
(Brain Products). The EMG ground electrode was placed at
vertebra C2. All data were sampled at 1000 Hz (0.1 pV
resolution) and band-pass filtered between 0.016 and 250 Hz.
Impedances were kept below 20 k().

2.4.2. Preprocessing

Preprocessing was performed with the BrainVision Analyzer
software v 2.1 (Brain Products) and MATLAB R2016b (Math-
works, Natick, MA). Preprocessing was performed separately for
the baseline and follow-up recordings. In the BrainVision
Analyzer, data were filtered with zero phase shift Butterworth
filters. First, a 1-Hz high pass filter (time constant 0.1591, order 8)
was applied to remove low-frequency drifts, followed by a 50-Hz
notch filter to remove the electrical noise. After filtering, a first
visual scan of the whole recording was performed by an
experienced professional and highly contaminated segments
were marked as “bad segments.” Next, independent component
analysis was performed,®® and components representing eye
movements and muscle artifacts were visually identified based on

time courses and topographies. Artifactual components were
subtracted from the raw unfiltered EEG time series. Sub-
sequently, a semiautomatic raw data inspection marked signal
jumps higher than =100 wV and their adjacent time intervals (200
ms before and after the jump) as bad segments. Finally,
rereferencing to the average reference was performed, and the
reference electrode FCz was reconstrued and added to the signal
array. Data were exported from the BrainVision Analyzer and
further preprocessed in MATLAB with the FieldTrip toolbox
(version 20170124).*” All recordings were preprocessed by the
same experienced researcher.

In MATLAB, data were segmented into 2-second epochs with
0.5-second overlap. A 2-second epoch length was chosen to
balance the stationarity of the signals and the number of samples
for lower frequencies (down to 4 Hz)."%° The only exception was
for the computation of the sensorimotor peak frequency, in which
the data were segmented into 5-second epochs with 0.5-second
overlap to increase the frequency resolution.?’ Epochs that
contained ‘bad segments’ marked in the BrainVision Analyzer
were discarded. Finally, all data were downsampled to 250 Hz in
FieldTrip with the piecewise cubic hermite interpolating poly-
nomial method to improve performance.

2.4.3. Analysis

Differences in brain activity between patients with chronic pain
and healthy participants have been described regarding the
dominant peak frequency as well as local and global power in the
theta, alpha, beta, and gamma frequency bands. The most
consistent findings are a slowing of the dominant peak frequency
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Figure 1. Timeline of procedures. Patients underwent 2 identical assessments, including evaluation of clinical characteristics using questionnaires and resting-
state EEG. The baseline assessment was performed in the week before or within the first 3 days of the interdisciplinary multimodal pain therapy program. The
follow-up assessment was performed 6 to 9 months later. Interdisciplinary multimodal pain therapy was provided on 20 days over a period of either 4 weeks (5 days

per week) or 7 weeks (3 days per week). EEG, electroencephalography.
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and increases of power in the theta and alpha band.®® Moreover,
there is mounting evidence for local and global changes in
functional connectivity at theta, alpha, and gamma (30-100 Hz)
frequencies. 2°0 \We therefore analyzed the dominant peak
frequency; oscillatory brain activity (power) at theta (4-8 Hz), alpha
(8-13 Hz), beta (14-30 Hz), and gamma (60-100 Hz) frequencies;
as well as local and global network measures of functional
connectivity. The analyses were focused on the eyes closed EEG
data because they are less prone to artifacts and show more
stable characteristics over time.'®

2.4.3.1. Dominant peak frequency

As no standard for the computation of peak frequencies exists,
we used the 3 most frequently used approaches: local maximum,
center of gravity (CoG), and local CoG (sensorimotor). For the first
2 approaches, the power spectrum was computed with the 2-
second epoched data between 1 and 100 Hz using a fast Fourier
transformation with Slepian multitapers. Frequency smoothing
was 1 Hz, and frequency resolution was 0.5 Hz. Before power
computation, a band-stop filter between 45 and 55 Hz was
applied to remove line noise.

In the first approach, peak frequency was determined on the
average power spectrum across all epochs and channels as
the frequency with the highest local maximum (larger than its 2
neighboring samples) of power amplitude in the frequency
range 6 to 14 Hz.% In the second approach, the peak frequency
was computed as the CoG of the average power spectrum
across all epochs and channels in the range 6 to 14 Hz.
Specifically, it was computed as the frequency-weighted sum
of the averaged power spectrum in the specified frequency
range divided by the sum of the power spectrum in the
specified frequency range.®%® In the third approach, the power
spectrum was computed with the 5-second epoched data
between 1 and 100 Hz using a fast Fourier transformation with
Hanning multitapers. Frequency resolution was 0.2 Hz. The
local sensorimotor CoG at electrodes C3, Cz, and C4 was
computed on single epochs in the range from 9 to 11 Hz. Peak
frequency was the average across epochs and channels of the
computed CoGs.?'

2.4.3.2. Amplitudes of neuronal oscillations (power)

The amplitudes of neuronal oscillations (power) at theta, alpha,
beta, and gamma frequencies were analyzed in source space.
To this end, linearly constrained minimum variance beamform-
ing was used to project the band-pass filtered data of each
frequency band from electrode space into source space for
each participant and session. This was performed with a
combination of predefined FieldTrip functions*’ and custom-
written code as previously described.®® Spatial filters for every
recording and frequency band were computed based on the
covariance matrices of the band-pass filtered data as a lead
field matrix. A 3-dimensional grid with a 1-cm resolution
covering the brain was defined, resulting in a total of 2020
voxels in the brain. The lead field was constructed for each
voxel using a realistically shaped 3-shell boundary-element
volume conduction model based on the template Montreal
Neurological Institute brain. A regularization parameter of 5%
of the covariance matrix was used, and the dipole orientation
of most variance was chosen using singular value decompo-
sition. Next, preprocessed and band-pass filtered EEG data of
each patient were projected through the individual spatial filter
to extract the time series and power of neuronal activity in each
frequency band for each voxel. In addition, relative power at

PAIN®

each frequency band was calculated by normalizing power
values at the frequency band with the sum of all power valuesin
the frequency range 1 to 100 Hz.

2.4.3.3. Network measures of functional connectivity

Functional connectivity for each participant, session, and
frequency band was computed in source space using the
debiased weighted phase lag index.®? The debiased weighted
phase lag index is a well-established phase-based measure of
functional connectivity which is well reproducible®® and in-
sensitive to volume conduction and field spread effects.®?
Connectivity matrices were computed for each frequency bin
and subsequently averaged across the respective frequency
band. Connectivity matrices were thresholded to the 5%, 10%,
and 20% strongest connections and binarized to reduce the
computational load and facilitate interpretation.2° Graph theory-
based measures were used to reduce the high dimensionality of
the connectivity matrices and condense the information to single
parameters that could be tracked longitudinally and used for
correlation analyses. According to graph theory, networks are
collections of nodes and edges connecting the nodes. In the
present context, nodes were defined as voxels and edges as
thresholded functional connectivity values between voxels. Two
local graph theory measures, assessing the connectivity of
certain nodes, and 3 global measures, indicating the organization
of the whole network, were computed. Local measures were the
degree and the local clustering coefficient (CC). The degree
indicates the number of connections to all other nodes of the
network, and the local CC indicates the number of connections to
neighboring nodes. Global graph measures were the global CC
(gCC), the global efficiency (gEff), and the small-worldness (S)."
The gCC is the average of the local CC of all nodes and thus
regarded as a measure of segregation in functional networks. The
gEff is the inverse of the average shortest pathlength and thus
represents a measure of integration in functional networks. The
small-worldness (S) provides a measure of the balance of
functional integration and segregation by comparing the gCC
and gEff of the network with the gCC and gEff of a random
network with the same number of vertices and edges. More
formally S :%.% Thus, it can quantify the balance of
segregation and integration and hence the effectiveness of
communication in a functional network.22°35% All graph mea-
sures were calculated in the theta, alpha, beta, and gamma band,
based on the binary connectivity matrix with the brain connectivity
toolbox 2019-03-03 release.*®

2.5. Statistical analyses

To statistically assess potential changes in clinical measures
from the baseline to follow-up, frequentist and Bayesian
statistics were performed using JASP (JASP Team 2021,
version 0.9.2) and MATLAB with the FieldTrip toolbox. In
Bayesian hypothesis testing, the Bayes factor (BF4o) provides
a continuous measure to quantify the evidence in favor of or
against a certain hypothesis. It allows to interpret the signifi-
cance of negative findings (“absence of evidence vs evidence of
absence”) and to estimate effect sizes.®* A BF;o > 1 indicates
more evidence for the alternative hypothesis, whereas a BF ¢ <
1 indicates that evidence against the alternative hypothesis
prevails. A BFio > 3 and > 10 is commonly regarded as
moderate and strong evidence in favor of the alternative
hypothesis, respectively, whereas a BFo < 0.33 and < 0.1 is
regarded as moderate and strong evidence against the
alternative hypothesis, respectively. Differences in clinical
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measures between baseline and follow-up were assessed using
frequentist and Bayesian paired sample t tests.

Correlation analyses were performed to relate individual
changes in clinical measures to individual changes in brain
function. Changes in clinical measures were correlated to changes
in EEG measures that have previously been shown to differ
between patients with chronic pain and healthy participants (e,
individual peak frequency as well as absolute and relative power in
theta, alpha, beta, and gamma bands)*° and to changes in graph
theory measures of brain networks.® For all analyses, changes in
clinical as well as brain measures were calculated by subtracting
the baseline from follow-up values of the respective measure.

Pearson correlations between changes in clinical measures
and changes in peak frequencies and global graph measures
were assessed using partial correlations, controlling for sex and
changes in the MQS using SPSS (IBM SPSS Statistics, version
25.0, Armonk, NY). The corresponding Bayes factor for each r
value was calculated using JASP, as recently described (https://
osf.io/sxjhw/). Specifically, the Bayesian correlation tool of the
Summary statistics module in JASP was used. The sample size
value was obtained by subtracting the number of controlling
variables from the actual sample size (n-k).

Cluster-based permutation tests as implemented in Field-
Trip**4" were used to assess correlations between changes in
clinical measures and changes in local brain measures, ie, total
and relative power and local graph measures computed voxel-
wise for each frequency band. Cluster-based permutation tests
were performed on the t values of correlations between voxel-
wise changes in EEG measures and the changes in clinical
measures.** Clusters of neighboring voxels, whose t statistic
exceeded a critical threshold of P = 0.05, were selected and t
values within each cluster were summed up resulting in cluster-
level test statistics. The original cluster-level test statistic was then
compared with a reference distribution of maximum cluster t
value sums obtained by randomly shuffling clinical and EEG
measures across the group and recalculating the cluster-level
test statistic. Finally, this comparison resulted in a P value defined
by the proportion of permutations in which the cluster-level test
statistic exceeded the actually observed maximum cluster-level
test statistic derived from the data. The reference distribution was
generated through 10,000 randomizations.

The significance level for all frequentist statistical tests was set
to 0.05 two-tailed. A sensitivity analysis using G*Power'® showed
that the present sample size of 41, given an «a error probability of
0.05 and a power of 0.8, was sufficient to detect medium to
strong effect sizes of rho (p) = 0.42 for correlation analyses. For all
analyses performed for the 4 frequency bands (correlations with
power and graph theory-based measures), correction for multiple
comparisons across the 4 frequency bands was performed using
the Bonferroni method.2®

2.6. Data availability

Raw and preprocessed EEG data as well as clinical data from the
baseline and follow-up assessments in BIDS format*® together
with the custom-written analysis code are available at osf.io/
a8bpx/.

3. Results
3.1. Clinical measures

We assessed 3 clinical outcome measures which reflect the
domains pain intensity (average pain intensity during the past 4
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weeks, Numerical Rating Scale 0-10), physical functioning (Pain
Disability Index), and emotional wellbeing (Becks Depression
Inventory).'”3%48 Al measures were assessed before and 6 to 9
months after IMPT. At the follow-up after IMPT, we found strong
evidence for a reduction of pain intensity (T(dfso) = 3.20, P =
0.003, BFo = 13.31), disability (T(dfs) = 3.16, P = 0.008,
BF10 = 11.54), and severity of depressive symptoms (T(df40) =
4.55, P < 0.001, BF4o = 468.68). Figure 2 and Table 1 show an
overview of the data and detailed statistical results, respectively.

3.2. Correlations between clinical measures and dominant
peak frequencies

We first correlated changes in pain intensity, pain-related
disability, and depression with changes of the dominant peak
frequency. We pursued 3 different approaches to assess the
dominant peak frequency. Pearson partial correlations, control-
ling for sex and medication, of changes in clinical measures with
changes in peak frequencies from all 3 approaches showed
moderate evidence against a relationship between clinical
measures and the dominant peak frequency (all P values >
0.05, 0.2 < BF45 < 0.41). Table 2 shows the detailed results and
test statistics.

3.3. Correlations between clinical measures and amplitudes
of neuronal oscillations

We next correlated changes in clinical measures with changes in
the average amplitude of the absolute and relative power
spectrum in source space in the theta, alpha, beta, and gamma
frequency bands. Cluster-based permutation tests on Pearson
correlations were computed. Correction for multiple comparisons
was performed across the 4 frequency bands with the Bonferroni
method. No significant cluster associated with changes in pain
intensity, pain-related disability, or depression was found (all
corrected P values > 0.05). Supplementary Table 2 and
Supplementary Figure 1 (available at http://links.lww.com/PAIN/
B556) show the detailed statistical results and an overview of the
correlation t maps, respectively.

3.4. Correlations between clinical measures and network
measures of functional connectivity

We finally correlated changes in clinical measures with changes of
local and global graph theory-based network measures in the
theta, alpha, beta, and gamma frequency bands. We computed
the graph theory measures on the connectivity matrices thresh-
olded to the 5%, 10%, and 20% strongest connections. We
primarily report results for the 10% threshold. The results did not
significantly differ when using the 5% and 20% thresholds (see
Supplementary Tables 3 and 4, available at http://links.lww.com/
PAIN/B556).

Local network characteristics were assessed using the local
clustering coefficient (CC) and the degree. These 2 local graph
measures were calculated voxel-wise, and their changes were
correlated with changes in pain intensity, pain-related disability,
and depression using cluster-based permutation statistics.
Cluster-based permutation tests were used to assess statistical
significance of correlations (see Supplementary Table 3 for
detailed statistical results, available at http://links.lww.com/
PAIN/B556). After the Bonferroni correction across the 4
frequency bands, 1 significant cluster indicating a positive
relationship between changes in pain-related disability and
changes in the local degree in the beta band was found (p
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Figure 2. Clinical measures at baseline and follow-up. Measures of average pain intensity on the Numerical Rating Scale (NRS) as well as scores for pain-related
disability (Pain Disability Index [PDI]) and depression (Beck Depression Inventory Il [BDI]) at baseline and follow-up are depicted. Raincloud plots show unmirrored
violin plots displaying the probability density function of the data, boxplots, and individual data points. Boxplots depict the sample median as well as first (Q1) and
third quartiles (Q3). Whiskers extend from Q1 to the smallest value within Q1 —1.5* interquartile range (IQR) and from Q3 to the largest values within Q3 +1.5* IQR.

[corr./uncorr.] = 0.028/0.007). The cluster was located in the
brainstem and cerebellum (see Supplementary Figure 2, available
at http://links.lww.com/PAIN/B556). No other significant cluster
was found (all corrected P values >0.05).

Global network characteristics were assessed using the global
CC (gCC), the gEff, and the small-worldness (S) (see Supple-
mentary Fig. 3 for an overview of the data, available at http://links.
Iww.com/PAIN/B556). Pearson partial correlations, controlling
for sex and medication, between changes in clinical measures
and changes in global graph measures were computed for each
frequency band. Bonferroni corrections were performed across
the 4 frequency bands. We found strong evidence for a negative
correlation of changes in gEff in the theta band with changes in
pain intensity (- = —0.56, p [corr./uncorr] = <0.001/<0.001,
BF0= 133.5) and pain-related disability (- = —0.46, p [corr./
uncorr.] = 0.012/0.003, BFo= 13.6) and inconclusive evidence
for a correlation with changes in depression (- = —0.33, p [corr./
uncorr.] = 0.132/0.033, BF;o= 1.78). Figure 3 shows a graphical
representation of these correlations, and Table 3 shows the
detailed statistical results. No other significant correlations of
changes in global graph measures in any frequency band with
changes in the clinical measures were found (Table 3, remaining
corrected P values >0.05, 0.2 < BF4o <1.78).

4. Discussion

In this study, we longitudinally assessed clinical and resting-state
EEG measures in 41 patients with chronic pain undergoing IMPT.
The results showed that pain intensity, pain-related disability, and

depression were significantly reduced at follow-up 6 to 9 months
after IMPT.?23' These changes were not correlated with changes
in measures of brain activity which have previously been shown to
differ between patients with chronic pain and healthy participants.
We however found that the decreases of pain intensity and
disability were associated with increases of gEff at theta
frequencies. Thus, this graph theory-based network measure,
which reflects the global ease of communication in the brain,
should be further evaluated for its potential to monitor changes of
chronic pain over time.

4.1. Power and peak frequency measures

Previous cross-sectional studies comparing patients with chronic
pain with healthy participants have described differences in
various EEG measures of brain activity.® These particularly
include a slowing of the dominant peak frequency of the EEG,*°
which also correlates with pain sensitivity in healthy human
participants.?' Moreover, previous studies showed differences of
oscillations between patients and healthy participants at various
frequencies but most consistently increases of theta and alpha
oscillations in patients with chronic
pain.®11:15:18.35.39.50.54.85.63.65 Thage giterations have been re-
lated to the concept of thalamocortical dysrhythmia.*® This
concept considers increased theta activity and subsequent
slowing of the dominant peak frequency to result from thalamic
bursts driven by abnormal nociceptive input.*®4"-5* However,
slowing of the dominant peak frequency and increases of theta
oscillations in chronic pain were not always found.>® The present

Correlations of changes in clinical measures and dominant peak frequency measures.

A Avg. pain intensity

A PDI A BDI

A absolute (mean=£SD] 0.35 +1.27 Hz) r=0.20, = 0.22, BFyo = 0.41

r= =011, A= 0.52, BFyo = 0.25 r=0.16, A= 0.33, BFo = 0.32

A CoG (jmean+SD] 0.08 +0.38 Hz)

r= =013, £= 045, BFo = 0.27

r=—0.20, = 0.24, BFyo = 0.41 r=10.03, #=0.86, BFyo = 0.20

A sensorimotor ((mean==SD] 0.01 +0.09 Hz)

r=10.03, #= 0.84, BFy, = 0.20

r=10.07, P=0.69, BFyo = 0.22 r=0.17, P=0.32, BFyo = 0.33

Correlations were performed as partial correlation analyses, controlling for sex and A medication. A = follow-up values—baseline values; Absolute = frequency correspondent to the local maximum in the average power
spectrum in the range from 6 to 14 Hz; Avg. pain intensity, Average pain intensity in the past 4 weeks (Numerical Rating Scale, NRS 0-10); BDI, Beck Depression Inventory II; BF o, Bayes Factor; CoG, frequency correspondent to
the center of gravity of the power spectrum in the 6 to 14 Hz range; Sensorimotor = local CoG of the power spectrum at electrodes C3, Cz, and C4 in the range from 9 to 11 Hz; PDI, Pain Disability Index.
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Figure 3. Correlations of changes in theta band global efficiency with changes in clinical measures. Bivariate correlations of changes in the graph theory-based
measure global efficiency (gEff) in the theta band with changes in average pain intensity, pain-related disability (Pain Disability Index [PDI]), and depression (Beck
Depression Inventory Il [BDI)) are depicted. A = change = follow-up values—baseline values.

longitudinal data from a patient group with mixed chronic pain
entities extend these investigations by showing that the dominant
peak frequency and neuronal oscillations at theta to gamma
frequencies do not track changes in chronic pain over time.

4.2. Functional connectivity measures

Our results showed a positive relationship between changes in
pain-related disability and changes in local degree in the beta band
in the cerebellum. However, this relationship was found for only one
but not the other clinical measures. Moreover, it is unclear how
reliably EEG can detect brain signals from cerebellar sources.?
Thus, the functional significance of this finding remains unclear.
Further analyses showed that decreases in pain intensity and pain-
related disability after IMPT were associated with increases of gEffin
the theta band. Thus far, only a few cross-sectional studies have
compared local and global brain network measures between
patients with chronic pain and healthy participants. The results are
not consistent yet. Considering local connectivity, changes were
observed at different locations (prefrontal cortex,*® anterior
cingulate cortex,*® somatosensory areas,'®®° default mode
network,'>®" and salience network®"), in different graph mea-
sures'® (local clustering, local efficiency, and degree), and at
different frequency bands (theta, alpha, beta, and gamma).

Considering global connectivity, decreases at theta'? and gamma
frequencies® were found. These heterogeneous cross-sectional
findings are complemented and extended by the present longitu-
dinal findings, which point towards a positive relationship between
improvements of chronic pain and increases of global network
efficiency at theta frequencies. Overall, these results are compatible
with an important role of neuronal oscillations and connectivity at
theta frequencies in chronic pain. Moreover, because the gEFF
reflects the brain’s ability to efficiently combine information from
specialized brain areas, this might be interpreted as an enhanced
ease of communication between different brain regions® related to
successful treatment. Furthermore, the relationships of clinical
changes to a global network measure suggest that global network
functioning plays an important role in chronic pain.

4.3. Implications

The present EEG approach might help to develop an easily
accessible biomarker of pain because EEG is broadly available,
cost-effective, and potentially mobile.'*®! However, pain bio-
markers can have many different functions, such as indicating
susceptibility and providing information on diagnosis and progno-
sis.' Longitudinal approaches such as the present one might be
particularly relevant for a biomarker that can monitor chronic pain

Partial correlations of changes in clinical measures and global graph theory-based network measures controlled for sex and

change in medication.

A Avg. pain intensity A PDI A BDI
A gCC
Theta r=0.20, = 0.23, BFjq = 0.41 r=0.23, P= 017 BFyp = 0.52 r=017, P= 0.32, BFjg = 0.33
Alpha r=0.08, A= 0.65, BFyy = 0.22 r=—010, P= 0.54, BFy, = 0.24 r=0.02, P= 091, BFy, = 0.20
Beta r= 022, P=0.19, BFjq = 0.48 r= 013, = 0.43, BFjq = 0.27 r=0.10, = 0.56, BFjg = 0.10
Gamma r= —0.15, £= 0.36, BF;o = 0.30 r=—0.16, P= 0.33, BFyo = 0.32 r= —0.03, #= 0.85, BFyo = 0.24
A gEff
Theta r= —0.56"**, £<0.001, BF;, = 133.5 r= —0.46*, = 0.003, BF;, = 13.6 r=—0.34, = 0.03BF;q = 1.78
Alpha r=—0.34, P=0.03, BFj, = 1.78 r=-029, P=0.07 BFyo = 0.76 r= —0.04, 7= 0.83, BFyo = 0.21
Beta r=—0.09, = 0.58, BFjp = 0.23 r=0.01, = 0.93, BFy; = 0.20 r=10.02, A= 0.92, BFjg = 0.20
Gamma r=0.07, P= 0.67, BFyo = 0.22 r=017, = 0.31, BFyo = 0.33 r=0.09, = 0.58, BFiq = 0.23
AS
Theta r= —0.06, #= 0.70, BFyq = 0.21 r=0.01, = 0.93 BF;, = 0.20 r=0.002, = 0.99, BF;, = 0.20
Alpha r= —0.07, P= 0.69, BFjp = 0.22 r=—019, P= 0.24, BF;o = 0.38 r=0.01, = 0.96, BF;q = 0.20
Beta r=0.16, = 0.33, BFyo = 0.32 r=0.15, = 0.38, BFj, = 0.30 r=0.11, P= 0.49, BFy, = 0.25
Gamma r=—0.11, = 0.51, BF;p = 0.25 r= —0.07, P= 0.67, BF;q = 0.22 r= —0.01, 7= 0.94, BF;, = 0.20

Correlations were calculated as partial correlation analyses, controlling for sex and A in medication. A = follow-up values—baseline values; Avg. pain intensity, Average pain intensity in the past 4 weeks (Numerical Rating
Scale, NRS 0-10); BDI, Beck Depression Inventory II; BF4o, Bayes Factor; gCC, global Clustering Coefficient; gEff, global Efficiency; S, small-worldness; PDI, Pain Disability Index.
Table shows uncorrected p values; Asterisks indicate the level of significance of correlations after correcting for multiple comparisons across the 4 frequency bands: *# < 0.05, ***~ < 0.001.
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over longer periods of time and in response to treatment. The
present results suggest that global network measures at theta
frequencies might be particularly relevant for such a monitoring
biomarker. However, further longitudinal studies in larger cohorts of
patients are needed to confirm these findings. Beyond, the present
findings might help to identify targets for noninvasive brain
stimulation techniques and biofeedback.?® For example, it has
been shown that transcranial alternating current stimulation over
the prefrontal cortex at theta frequencies can modulate functional
integration and hub capacity of the anterior cingulate cortex as well
as the affective state in healthy participants.*® Such approaches
might also be able to normalize aberrant local connectivity and
global network functioning in chronic pain.

4.4. Limitations

Several limitations have to be considered when interpreting the
present results. First, aberrant neuronal oscillations and connec-
tivity patterns occur in various neuropsychiatric disorders.*>%8 |t
thus remains unclear whether the observed changes are specific
to chronic pain. Second, EEG is confined by a lower spatial
resolution, especially regarding deeper sources. This might foster
spurious connectivity, especially in the cerebellum.? Hence, there
is a high probability that the local cluster observed in this region is
an artifact. Moreover, this study uses a very fine-grained
parcellation that might be prone to spurious interactions including
the common drive effect. Future studies might therefore evaluate
the influence of different parcellations on connectivity matrices.
Third, patients in this study suffered from different pain entities but
predominantly from chronic back pain. Thus, results do not
necessarily generalize to other chronic pain conditions, and future
studies should use larger patient cohorts that allow for subgroup
analyses and detection of smaller effects. Fourth, a part of the
patients took antidepressants, opioids, and other centrally acting
medication that might potentially influence brain function.
However, medication intake as assessed by MQS scores was
unchanged from the baseline to follow-up and was additionally
used as a controlling variable for correlation analyses. Fifth, owing
to the lack of a control group, clinical and neuronal changes in the
present cohort cannot be specifically attributed to IMPT.
However, the effectiveness of IMPT has been demonstrated
before,®" and its assessment has not been the scope of the
present work. Instead, the main goal of this study was to identify
EEG measures which are suited to longitudinally track changes of
chronic pain including those related to treatment.™

5. Conclusion

In conclusion, the present findings indicate that EEG measures of
brain activity which can differentiate between patients with
chronic pain and healthy participants do not necessarily track
longitudinal changes of chronic pain. Instead, we found pre-
liminary and tentative evidence that global network function at
theta frequencies might be helpful to longitudinally monitor
chronic pain.
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