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a b s t r a c t
Neuroimaging studies have shown that changes in brain morphology often accompany chronic pain conditions. However, brain biomarkers that are sensitive and speciﬁc to chronic pelvic pain (CPP) have not
yet been adequately identiﬁed. Using data from the Trans-MAPP Research Network, we examined the
changes in brain morphology associated with CPP. We used a multivariate pattern classiﬁcation approach
to detect these changes and to identify patterns that could be used to distinguish participants with CPP
from age-matched healthy controls. In particular, we used a linear support vector machine (SVM) algorithm to differentiate gray matter images from the 2 groups. Regions of positive SVM weight included
several regions within the primary somatosensory cortex, pre-supplementary motor area, hippocampus,
and amygdala were identiﬁed as important drivers of the classiﬁcation with 73% overall accuracy. Thus,
we have identiﬁed a preliminary classiﬁer based on brain structure that is able to predict the presence of
CPP with a good degree of predictive power. Our regional ﬁndings suggest that in individuals with CPP,
greater gray matter density may be found in the identiﬁed distributed brain regions, which are consistent
with some previous investigations in visceral pain syndromes. Future studies are needed to improve upon
our identiﬁed preliminary classiﬁer with integration of additional variables and to assess whether the
observed differences in brain structure are unique to CPP or generalizable to other chronic pain
conditions.
Ó 2014 International Association for the Study of Pain. Published by Elsevier B.V. All rights reserved.

1. Introduction
Chronic pelvic pain (CPP) affects approximately 3% to 6% of
women in the United States, affects quality of life, reduces work
productivity, and adds ﬁnancial burden to the health care system
[9,30]. Individuals with CPP typically experience a combination
of both pain (eg, constant and/or evoked) without speciﬁc etiology
(eg, no observable pathology) localized in the pelvic region, and
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urinary symptoms (eg, urgency and increased frequency) by
deﬁnition lasting for at least 3 months. Similar to other chronic
pain conditions, little is known about the mechanisms underlying
CPP, and its pathogenesis is still not fully understood [30].
To counter the great lack of understanding and knowledge pertaining to the etiology and prognosis of CPP, a multisite study, the
U.S. NIH MAPP Research Network, was formed (http://www.mappnetwork.org). Because of the lack of effective biomarkers for CPP,
the Neuroimaging Working Group of the MAPP Research Network
was formed with a goal of developing neuroimaging-based
biomarkers for CPP.
Recent neuroimaging studies have shown that changes in brain
morphology often accompany chronic pain conditions [3,4,7,15,
31,49,56] especially affecting areas related to pain perception and
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modulation. Historically, these changes in regional gray matter
(GM) volume have been detected using mass univariate methods
such as voxel-based morphometry (VBM), where differences in
group intensities are tested for statistical signiﬁcance for each volume element (voxel) (reviewed in [5]). However, these differences
in GM may ultimately reﬂect a distributed network of altered brain
regions, and univariate techniques are often not able to capture the
speciﬁc distributed spatial patterns. Newer approaches using multivariate pattern analysis (MVPA) are able to characterize the
spatially distributed and covarying patterns of brain activity and
structure and are yielding rich information about underlying conditions (reviewed in [38]). In addition to providing greater mechanistic information, MVPA approaches provide classiﬁcation metrics
such as accuracy, sensitivity, and speciﬁcity that can be useful in
translating the results into a clinically useful biomarker.
One form of the MVPA approach uses support vector machine
(SVM). SVM algorithms are effective in discriminating patterns of
brain activity and structure that occur in neurodegenerative diseases and mental disorders [8,18]. We [11] and others [55] have
recently demonstrated an SVM algorithm’s effectiveness to classify
acute pain. We have also used an SVM algorithm to classify brain
images from participants with chronic low back pain from that of
healthy controls with high classiﬁcation accuracy of 75%. Others
have classiﬁed chronic low back pain using measures of brain functional connectivity [2,52].
As part of the MAPP Research Network, we captured a large set
of structural magnetic resonance imaging (MRI) data from female
participants with CPP and age-matched, female healthy controls.
Our overall goals in this study were to identify a multivariate structural brain classiﬁer coinciding with CPP using an SVM algorithm,
and to assess the accuracy of this brain classiﬁer in discriminating
CPP from healthy controls. We also investigated relationships
between brain structure in CPP vs symptom duration, symptom
severity, and psychological measures.
2. Materials and methods
2.1. Participants
Data from the MAPP Research Network neuroimaging study
were used [14]. These data were collected through a uniform and
collaborative effort across multiple neuroimaging sites including
Stanford University, University of California Los Angeles, University
of Alabama at Birmingham, University of Michigan, Northwestern
University, and University of Washington. All study participants
provided signed written consent indicating that they understood
and were willing to undergo the procedures of the study, which
had been approved in accordance with the institutional review
board at the participant’s site of involvement in the study.
The data set consisted of structural images from 33 female participants with CPP and 33 age- and gender-matched healthy controls. All participants were extensively characterized as part of
the Trans-MAPP Research Network Protocol, which included an initial 4 h visit (eligibility screening, 2 urine samples, a blood draw,
and extensive online module questionnaires to provide phenotype
data), and an MRI scan visit scheduled within 24 h of the initial
baseline visit [28]. Participants with CPP were also asked to continue with biweekly and bimonthly questionnaires, then return
for a 6-month and 12-month in-person follow-up visit. The average
(±standard deviation) age for the patient group was 39.51 (±12.09)
years, while for the healthy control group was 38.95
(±11.64) years. For the patient group, the average symptom duration was 9.09 (±9.79) years, with the longest duration being
32.11 years and the shortest 0.57 years. Participants were included
on the basis of having no other major somatic symptoms (eg, ﬁbromyalgia, irritable bowel syndrome, chronic fatigue syndrome).

However, of the participants included, 7 reported symptoms of
vulvodynia and 8 reported symptoms of temporomandibular
disorders. In terms of medications used, 6 participants were
receiving opioid medications, 7 were receiving centrally acting pain
medications (antidepressants, benzodiazepines, anticonvulsants,
immunosuppressant drugs), 11 were receiving peripherally acting
pain medications (eg, nonsteroidal anti-inﬂammatory drugs), and 9
participants were receiving no medications for pain.
2.2. Questionnaires
Several questionnaires were administered before the MRI scan
session, including the McGill Pain Questionnaire (MPQ) and the
Hospital Anxiety and Depression Scale (HADS). From the MPQ, a
total sensory score was used to assess the correlation of pain
intensity with GM density. From the HADS, anxiety and depression
total scores were used to assess the correlation of psychological
state with GM density.
2.3. Image acquisition
Trans-MAPP neuroimaging data was collected, quality controlled and archived according to multi site imaging procedures
developed collaboratively between the MAPP Research Network,
the UCLA PAIN repository, and the UCLA Laboratory of Neuroimaging. Detailed procedures and description of the repository are available elsewhere (http://painrepository.org/). Scanner-compatible
acquisition parameters were developed, and all sites were required
to complete and pass a site qualiﬁcation including a set of pilot
scans of a human volunteer; the initial scans were reviewed for
quality control by the UCLA site, and recommendations and adjustments were made as necessary before commencement of study
scans. After quality control approval, the same MRI scanner that
was used for site qualiﬁcation was used to acquire all subsequent
subject scans at each site, along with the same 8-channel head coil
throughout the duration of the study. Scanner upgrades required
requaliﬁcation of the scanners.
All structural T1-weighted images were acquired using a 3D MPRAGE pulse sequence (Magnetization Prepared Rapid Acquisition
Gradient Echo; Siemens) [35] or the equivalent FSPGR IR pulse
sequence (Fast SPoiled GRadient Echo—Inversion Recovery; General
Electric [GE]). The speciﬁc standardized parameters were as follows: TR = 2200 ms, TE = minimum, TI = 750 ms, ﬂip angle = 20
degrees, FoV = 220  220 mm, resolution = 256  256, slices
per volume = 176, slice thickness = 1 mm, voxel size = 0.86 
0.86  1 mm, slice selective inversion, phased array acceleration
factor = 2, phase encode direction = left–right and superior–inferior,
orientation = axial–oblique parallel to the line between the anterior
and posterior commissures.
Structural images were uploaded to a centralized database at
UCLA’s PAIN repository, where they were run through a thorough
automated quality control pipeline; scans that passed quality control standards were then available for download by any of the
Trans-MAPP neuroimaging sites. Quality control standards
required for inclusion of structural images included the following
criteria: (1) compliance with acquisition protocol, (2) full brain
coverage, (3) minimal motion (Gibbs ringing), (4) absence of
ﬂow/zipper, and (5) minor atrophy/vascular degeneration (all
assessed qualitatively by trained expert at UCLA). Before data analysis, we at our site additionally conducted visual, nonautomated
inspection and quality control of the structural MRI data.
2.4. Image preprocessing
We analyzed T1-weighted structural images from all
subjects using SPM8 (Wellcome Trust Center for Neuroimaging;
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http://www.ﬁl.ion.ucl.ac.uk/spm/software/spm8/) running on
Matlab 7 (R2011b). The images were segmented into GM, white
matter, and cerebrospinal ﬂuid components using SPM8’s uniﬁed
segmentation [6]. The segmentation was set to output component
images in both native and Montreal Neurological Institute (MNI)
template space. The normalized and modulated GM images were
then spatially smoothed using an 8 mm full width at half
maximum Gaussian ﬁlter. These preprocessed GM images were
then used in the SVM algorithm based analysis.
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from the healthy control group misclassiﬁed as belonging to the
patient group (falsely positive), and FN was deﬁned as the number
of images from the patient group misclassiﬁed as belonging to the
healthy control group (falsely negative). All of these additional values were assessed for signiﬁcance level using previously described
permutation tests [52].
For this analysis, we used a Matlab version of LIBSVM, a library
for SVMs (http://www.csie.ntu.edu.tw/~cjlin/libsvm; [13]).
2.6. Permutation test

2.5. SVM classiﬁcation
For multivariate pattern classiﬁcation, we used an SVM algorithm. SVM is a supervised learning algorithm, which requires
training examples to generate a classiﬁcation model for a given
problem [42]. In particular, the SVM algorithm attempts to determine a separating hyperplane (decision boundary) optimizing the
separation between 2 groups. After training, the decision boundary
can be used to classify data sets not yet seen by the SVM algorithm.
It can also be used to determine features that signiﬁcantly contribute to the classiﬁcation process. In the current context, SVMs were
trained to classify GM images as either belonging to participants
with CPP (assigned class value of +1) or healthy controls (class
value of 1). Each voxel in the image was treated as a feature
and each GM image represented a point in a high-dimensional feature space. Using the available data set, SVM algorithms were then
trained to obtain a hyperplane optimally separating the images
from the 2 groups. To minimize the dimensionality of the feature
space and ensure that we were only investigating GM, we included
only voxels in the GM image with values greater than 0.1. We used
a linear SVM algorithm and set the regularization parameter to 1.
Decreases in GM density are known to occur with increasing age
[36,40]. Therefore, because the ages among our groups were somewhat variable, and because we did not want age as a driving input
for our classiﬁcation, we regressed out age from the data before
SVM classiﬁcation analyses. Site-related differences in GM density
were also regressed from the analysis through adjustment of mean
GM intensity values as follows. For each voxel in a given image, a
correction factor was applied [mean intensity over all GM images
from the image’s site (site mean) minus mean intensity over all
voxels from all images included in the analysis (global mean)].
In the absence of a proper test set to evaluate the classiﬁcation
performance of the trained SVM, we used a leave-one-out
cross-validation (LOOCV) approach. The LOOCV approach provides
a relatively unbiased estimate of the classiﬁer’s true generalization
performance [1]. In this approach, GM images from all but one subject (N 1 of the N subjects) are used for training the SVM. The
trained SVM is then tested using the remaining image. This process
is repeated until all the images are used as a test image. The LOOCV
classiﬁcation accuracy is calculated as the percentage of images
that are correctly classiﬁed. The alternative approach of leavepair-out cross-validation (LPOCV) was also tested, despite the limitation that patients and controls were not strictly age matched for
each pair (age matching was ±5 years for each pair and balanced so
that group means were not signiﬁcantly different). Because there
were several possible pair combinations, the LPOCV classiﬁcation
was repeated 1000 times, each time randomizing the pairing of
subjects, and the mean classiﬁcation accuracy was computed.
Aside from the classiﬁcation accuracy, we also calculated the
following classiﬁcation measures: sensitivity = TP/(TP + FN), speciﬁcity = TN/(TN + FP), positive predictive value PPV = TP/(TP + FP),
and negative predictive value NPV = TN/(TN + FN). TP was deﬁned
as the number of images correctly classiﬁed as belonging to the
patient group (truly positive), TN was deﬁned as the number of
images correctly classiﬁed as belonging to the healthy control
group (truly negative), FP was deﬁned as the number of images

We were also interested in the signiﬁcance of each voxel’s contribution to the classiﬁcation accuracy. We used a permutation test
[34] with 5000 iterations to generate an SVM-derived signiﬁcance
map, a map showing regions that signiﬁcantly contributed to the
classiﬁcation performance of the trained SVM. In brief, this nonparametric test involved randomly permuting the class labels
and training an SVM for each permutation. This gives an estimate
of the probability distribution of the SVM weight associated with
each voxel under the null hypothesis of no relationship between
class labels and the global structure of the training data. The P
value is then calculated as the proportion of values in the null distribution that is greater or equal to the value obtained using the
original (ie, nonpermuted) labels. Thus, the farther away the
weight value of a voxel from the major mass of the distribution
under null hypothesis (small P value), the more likely it is to be signiﬁcantly predictive for the class label. The signiﬁcance map was
corrected for multiple comparisons using false discovery rate with
q < 0.05 and cluster size greater than 20 voxels. We used an SPM8
extension, xjview (http://www.alivelearn.net/xjview8), for the
anatomical labeling of signiﬁcant brain regions.
Using the same approach, we also estimated the signiﬁcance of
the classiﬁcation accuracy and other classiﬁcation measures
described above. For each permutation, we computed the LOOCV/
LPOCV accuracy, sensitivity, and speciﬁcity, among others. The P
value associated with each measure was calculated as the proportion of values in the null distribution greater than the value
obtained when using the nonpermuted labels.
2.7. Region of interest correlation analysis
Several regions of interest (ROIs) were extracted from the signiﬁcance map. The values of the GM density from all voxels within
each ROI were extracted from patient data sets and the mean computed. The correlation of the ROI’s mean density with other behavioral measures (symptom severity, pain duration, anxiety and
depression) across all CPP patients was estimated. Previously, brain
morphological changes were observed as correlating with duration
of chronic pain symptoms, but only when the patient population
was split into subgroups and separately assessed for short-term
(<5 years) or long-term (>5 years) symptom duration [7]. Therefore, we similarly wished to investigate the relationship of our
inferred GM density change with chronic pain duration at different
stages of chronic pain. Due to our initially observed overall nonlinear relationship of duration and GM density, we used a systematic
approach to characterize the correlations of duration subsets. To do
this, we partitioned the range of symptom duration into 2 intervals—from 0 to x and x to 33 (greatest symptom duration in our
population, years) and systematically varied x from 2.5, 5.0, 7.5,
and 10. The correlation of GM density with symptom duration
for each interval was then computed.
2.8. Total GM volume
We also performed statistical analysis of the total GM volume.
Total GM volume was computed by multiplying the value of each
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voxel by its total volume and summing over all voxels included. A
2-sided 2-sample t test was used to determine if the difference of
mean total GM volume between the 2 groups was signiﬁcant. Total
whole brain GM volume values were also entered into an additional SVM analysis to test whether total GM volume could predict
CPP from healthy controls.
3. Results

hippocampus was negatively correlated with symptom durations
of fewer than 10 years. The left amygdala was signiﬁcantly correlated with symptom duration of fewer than 7.5 years (Table 3).
Total GM volume was signiﬁcantly greater in CPP compared to
healthy controls (P = .0042). SVM classiﬁcation based on only total
GM volume resulted in classiﬁcation accuracy of 66.67% (with age
regressed).
4. Discussion

The trained SVM performed signiﬁcantly better than chance in
classifying the patient group from the healthy control group
(Table 1). The classiﬁer’s accuracy when using LOOCV was
72.73% (P = .039). The sensitivity was 69.70% (P = .067) and the
speciﬁcity was 72.73% (P = .046). The positive and negative
predictive values were 71.88% (P = .039) and 70.59% (P = .047),
respectively. The classiﬁer’s accuracy was slightly lower when
using LPOCV at 69.36% (P = .017). The sensitivity was 70.22%
(P = .013) and the speciﬁcity was 68.65% (P = .025). The positive
and negative predictive values were 67.41% (P = .049) and 71.32%
(P = .017), respectively. All following reported results are from
the LOOCV analysis.
The classiﬁcation of individual GM images was visualized by
showing the distance of each GM image from the trained SVM’s
separating hyperplane (Fig. 1A). Positive distance represents
patient group (+1) classiﬁcation, while negative distance represents healthy control group ( 1). Participants with negative distance indicate false negatives, while healthy participants with
positive distance are false positives.
Several regions of greater GM density were observed in CPP
compared to the healthy control group. These regions contributed
signiﬁcantly to the classiﬁcation performance of the trained SVM
to discriminate between brain structure of CPP and healthy controls
(Fig. 2). Regions of positive SVM weights included bilateral primary
somatosensory cortex (S1), left pre-supplementary motor area
(pre-SMA), bilateral hippocampus and left amygdala. All regions
were corrected for multiple comparisons (false discovery rate
(FDR), q < 0.05) and cluster size greater than 20 voxels (Table 2).
Values of GM density within the patient group, from the identiﬁed discriminative ROIs (positive SVM weights, which suggest
greater regional GM density in the CPP group), were correlated
with patients’ behavioral measures from the questionnaire data.
Pain intensity (MPQ, total sensory score) was signiﬁcantly correlated with the weights of the left postcentral gyrus/paracentral
lobule (r = 0.37, P = .05), left pre-SMA (r = 0.38, P = .05), and right
S1 (r = 0.55, P = .0015) (with age regressed out). Depression score
(HADS) was signiﬁcantly correlated with the weight of the right
hippocampus (r = 0.36, P = .04). Anxiety score (HADS) was not signiﬁcantly correlated with any region.
As assessed in patients only, symptom duration was not linearly
related to any of the identiﬁed regions of positive weights contributing to the SVM. However, when limiting the analysis to within
speciﬁc ranges of symptom duration, some correlations emerged
in 4 regions (Fig. 3). Speciﬁcally, bilateral S1 (both left and right
S1 regions) showed a strong positive relationship with durations
from 0 to 2.5 years and a signiﬁcant negative correlation with
symptom durations greater than 5 years. In contrast, the left

Table 1
Classiﬁcation performance of the trained SVM.
Measure

Value,%

Signiﬁcance, p

Accuracy
Sensitivity
Speciﬁcity
Positive predictive value
Negative predictive value

72.73
69.70
72.73
71.88
70.59

0.039
0.067
0.046
0.039
0.047

We have identiﬁed a preliminary brain classiﬁer associated
with CPP. This GM classiﬁer distinguishes individuals with CPP
from matched healthy controls with an accuracy of 73%. On the
basis of our ﬁndings, several brain regions were revealed to have
positive weights contributing to the SVM classiﬁcation of CPPs vs
healthy controls. These regions included bilateral primary somatosensory cortex (S1), left pre-SMA, bilateral hippocampus, and left
amygdala. The nature of positive weights of these regions suggests
that patients with CPP may have increased GM density within
these regions.
Previous morphological studies of chronic pain have revealed
altered (typically decreased) GM density across numerous brain
regions implicated in pain processing and perception (reviewed
in [50]).
Increased GM density in S1 was observed in another chronic
visceral pain syndrome (irritable bowel syndrome), both in terms
of GM volume [27] and cortical thickness [23]. A region we identiﬁed within the primary somatosensory cortex (S1) was highly similar in location to a VBM study of women with CPP also collected
through the MAPP Research Network [24]. Somatotopically, 2
regions that we observed in S1 were within a region activated during electrical stimulation of the human clitoris [32]. Our results of
another S1 region (MNI: 44, 24, 56) closely corresponded to a
region of S1 activity related to spontaneous pain ratings observed
in a previous VBM study of males with CPP (MNI: 36, 28, 58)
[20]. Importantly, patients included in our study had symptoms
characteristic of interstitial cystitis, with pain in the lower abdomen accompanied by urinary symptoms (eg, increased urgency,
increased frequency of urination, painful ﬁlling of the bladder).
Also, the majority (85%) of participants with CPP also showed signs
of pelvic ﬂoor dysfunction, which typically involves a hypertonic
state of the pelvic ﬂoor musculature [12,39].
The differences in symptoms between our CPP patient population and those of previous morphological studies of CPP may
account for differences in GM density ﬁndings. Speciﬁcally, one
previous CPP study observed decreased GM density within the left
middle frontal gyrus, right putamen, bilateral midcingulate cortex,
right insular cortex, and left thalamus in a patient population with
endometriosis and pain. However, these ﬁndings of regional
decreased GM density may contrast with our present ﬁndings
because they deﬁned CPP as moderate to severe pelvic pain of 4
or more (on a 10-point scale) and excluded patients with interstitial cystitis [4]. Further, our patient population included only 9
individuals with endometriosis. In contrast to our present ﬁndings,
and possibly due to sex-related differences in CPP, male CPP
patients previously demonstrated decreased GM volume within
the left anterior cingulate cortex [33]. Another VBM study of CPP
in male subjects, revealed through a region of interest correlation
analysis, showed a positive correlation of right insular cortex GM
density with pain severity and a positive correlation of anterior
cingulate cortex GM density with duration of pain (ie, pain chronicity) [20].
Positive weights within bilateral parahippocampal/hippocampal gyri and amygdala also signiﬁcantly contributed to our
classiﬁcation of CPP. Complementary to our ﬁndings, greater
GM density within the left amygdala was previously observed
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Fig. 1. Distance in arbitrary units of each magnetic resonance image from the trained SVM’s decision boundary (distance = 0) for individual participants with CPP and
individual healthy controls (HC). SVM prediction: positive distance is classiﬁed as CPP, while negative distance as HC. Grayed-out data points are misclassiﬁed images.

in a patient population of CPP and endometriosis [4]. However,
decreased amygdala GM volume has been observed in irritable
bowel syndrome [27] and in healthy individuals with increased
visceral sensitivity [19]. Increased GM density within the
parahippocampal gyrus and basal ganglia has also been observed
in participants with provoked vestibulodynia [48]. Increased GM
volume has also been observed in patients with primary dysmenorrhea in the right posterior hippocampus among several other
brain regions of altered GM volume [51]. In contrast, other
studies using VBM have shown less GM in the hippocampus in
posttraumatic stress disorder [10,21,54] and chronic fatigue
syndrome [44]. The amygdala and hippocampus, in addition to
processes of emotion and memory, play direct roles in pain modulation and processing of anxiety, fear and aversive contents of
pain [16,29,37,41,43,47]. Together, our and others’ observations
of altered GM density within the hippocampus and amygdala in
chronic pain states may reﬂect an altered state of pain modulation and emotional-regulatory aspects of chronic pain.
4.1. Correlations of GM density change with symptom duration
The range of symptom durations included in each study population could account for inconsistent ﬁndings of GM density change.
In support of this concept, we observed that the degree of patients’
positive SVM weight within regions of our signiﬁcance map was
related to symptom duration, but only at certain stages of chronic
pain. This suggests that the relationship between GM density and
symptom duration may not be linear over time. Additionally, this
relationship differs for distinct brain regions. For example, our
results suggest that in S1, GM density may increase in the ﬁrst
few years of chronic pain; but as pain persists past the ﬁrst initial
years, the GM density may decrease—the longer the pain, the less
the GM density. In contrast, in the left hippocampus we observed
a negative correlation of GM density and symptom duration during
the ﬁrst 10 years of pain but not after (potential decreases in GM
density over time up to 10 years), similar to a previous investigation
[53]. In other chronic pain conditions, less GM density is observed
in insular cortex, S1 and motor cortex; these differences are significantly correlated with pain duration, but only when the duration is
greater than 5 years [7]. However, importantly, these observations
are not based on longitudinal studies, but rather on correlation
results at a single time point. While it currently remains unclear
whether chronic pain causes nonlinear morphological changes over

time, emerging data from longitudinal studies indicate that this
might be the case [22,45].
4.2. Enhanced potential of fMRI analyses by using multivariate
methods
In the present study, through using SVM algorithms, we were
able to classify between CPP and healthy controls based on brain
morphological differences. Additionally, through our use of the
SVM algorithm, we identiﬁed several brain regions of positive contributory weights, suggesting greater GM density in these regions
in CPP. Some of these regions were in agreement with regions
identiﬁed in a conventional VBM analysis also conducted through
the MAPP Research Network [24]. Compared to the conventional
univariate analysis, our SVM approach appeared to be more sensitive to identifying additional regions of morphological differences
between CPP and healthy controls. This was somewhat expected
due to known increases in power when using multivariate analyses
[38] and because we previously observed increased sensitivity
when using SVM to classify structural differences in chronic low
back pain, compared to conventional VBM analysis [52].
4.3. Limitations
Brain morphological changes in chronic pain typically show
decreases in GM density in brain regions related to aspects of pain
processing (reviewed in [50]). In contrast, our observations of positive SVM weights indicate increased GM density within regions of
S1, hippocampus and amygdala in CPP. Thus, changes in brain morphology may vary between different types of chronic pain, as noted
previously [7]. For example, less total GM volume is observed in
chronic low back pain and ﬁbromyalgia [26], but not in participants with complex regional pain syndrome or knee osteoarthritis.
However, regions of increased GM density are not entirely rare. For
example, increased GM density has also been observed in striatal
regions in ﬁbromyalgia [46,52]. Differences in directionality of
GM change across studies of chronic pain could be attributed to
the differences in the various populations being studied, presence
or absence of comorbidities, and medication usage.
We here describe a preliminary structural MRI classiﬁer of CPP.
Future characterization of a true brain classiﬁer for CPP will require
larger sample sizes, reﬁned models and extensive model validation
(eg, prospective testing and/or inclusion of independent training
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Fig. 2. Regions of positive SVM weight indicative of greater GM density in CPP compared to healthy control (HCs). Regions included the left superior frontal gyrus/pre-SMA
(A), left postcentral gyrus/paracentral lobule (B), right primary somatosensory cortex (C), left primary somatosensory cortex (D) and right lateral primary somatosensory
cortex (E), left parahippocampal gyrus/amygdala (F), right parahippocampal gyrus/hippocampus (G), and left parahippocampal gyrus/hippocampus (H). All regions were false
discovery rate (FDR) corrected for multiple comparisons (q < 0.05); minimum cluster size = 20 (Table 2).

Table 2
Regions from signiﬁcance map contributing to the classiﬁcation performance of the trained SVM.
Region

Description

Peak coordinates (MNI)

Cluster size,
no. of voxels

Individual region
accuracies, %

A
B
C
D
E
F
G
H

Left superior frontal gyrus/pre-SMA (BA 6)
Left postcentral gyrus/paracentral lobule (BA 5)
Right postcentral gyrus/S1 (BA 3)a
Left postcentral gyrus/S1 (BA 3)a
Right postcentral gyrus/S1 (BA 3)
Left parahippocampal gyrus/amygdala
Right parahippocampal gyrus/hippocampus
Left parahippocampal gyrus/hippocampus

14,
6,
18,
26,
44,
16,
32,
32,

51
32
22
23
26
42
42
44

74.2
60.6
72.7
72.7
69.7
63.6
56.1
71.2

2, 66
44, 66
40, 60
36, 60
24, 56
6, 14
20, 14
12, 22

SVM = support vector machine; SMA = supplementary motor area; MNI = Montreal Neurological Institute.
a
Regions close to those activated during electrical clitoral stimulation [23].
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Fig. 3. Scatter plots showing correlation of GM density with pain duration in different stages of chronic pain (left S1 and right S1 for duration >5 years, left hippocampus for
duration <10 years, and left amygdala for duration <7.5 years; Table 3). Gray points are outside the range of symptom duration where correlation was observed.

Table 3
Correlation of gray matter density with symptom duration.
Region

Duration

No. of participants

Pearson’s correlation
(P value)

Left S1

65 y
>5 y
65 y
>5 y
610 y
>10 y
67.5 y
>7.5 y

17
16
17
16
24
9
21
12

0.1064 (.6844)
0.5392 (.0311)*
0.0136 (.9586)
0.4658 (.0690)**
0.4670 (.0214)*
0.0484 (.9016)
0.4786 (.0282)*
0.5343 (.0735)

Right S1
Left hippocampus
Left amygdala

*
**

Signiﬁcant correlation.
Moderate correlation.

and test sets). Future analyses could also use more optimal analysis
methods of modeled correction for nuisance features such as age
[17,25]. Further, it is currently unknown whether these regions
of greater GM density may be a speciﬁc feature of CPP and or
generalizable to other chronic pain conditions.
4.4. Conclusions
We have identiﬁed a preliminary structural brain based classiﬁer
representative of CPP. The classiﬁer was comprised of several distributed regions of positive SVM weight that contributed to our
SVM algorithm including S1, pre-SMA, the hippocampus, and amygdala. While previous studies have typically observed decreased GM
density in chronic pain, the regions we identiﬁed suggest regional
increased GM density in CPP. Ultimately, the good classiﬁcation
accuracy observed in our study suggests the signiﬁcance of these
regions in distinguishing participants with CPP from healthy controls and serve as a preliminary potential biomarker for CPP. While
a structural brain classiﬁer of CPP as a deﬁnitive marker of disease

would have signiﬁcant ethical and legal implications, our results
are preliminary and further investigation is warranted. Through
the combination of SVM analyses of brain structure and function
with additional genotype and phenotype biomarkers, we may
ultimately deﬁne strong predictors of treatment response, deﬁne
subgroups of chronic pain syndromes and develop tailored and
systematic therapy for the individual patient.
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