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Altered brain morphometry has been widely acknowledged in chronic pain, and recent studies have implicated
altered network dynamics, as opposed to properties of individual brain regions, in supporting persistent pain.
Structural covariance analysis determines the inter-regional association in morphological metrics, such as gray
matter volume, and such structural associations may be altered in chronic pain. In this study, voxel-based mor-
phometry structural covariance networks were compared between fibromyalgia patients (N=42) and age- and
sex-matchedpain-free adults (N=63).We investigated network topology using spectral partitioning,which can
delineate local network submodules with consistent structural covariance. We also explored white matter con-
nectivity between regions comprising these submodules and evaluated the association between probabilistic
white matter tractography and pain-relevant clinical metrics. Our structural covariance network analysis noted
more connections within the cerebellum for fibromyalgia patients, and more connections in the frontal lobe
for healthy controls. For fibromyalgia patients, spectral partitioning identified a distinct submodulewith cerebel-
lar connections to medial prefrontal and temporal and right inferior parietal lobes, whose gray matter volume
was associated with the severity of depression in these patients. Volume for a submodule encompassing lateral
orbitofrontal, inferior frontal, postcentral, lateral temporal, and insular cortices was correlated with evoked
pain sensitivity. Additionally, the number ofwhitematterfibers between specific submodule regionswas also as-
sociated with measures of evoked pain sensitivity and clinical pain interference. Hence, altered gray and white
matter morphometry in cerebellar and frontal cortical regions may contribute to, or result from, pain-relevant
dysfunction in chronic pain patients.

© 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Advances in non-invasive structural neuroimaging, including
voxel-based morphometry (VBM), diffusion tensor imaging (DTI),
DI, Beck depression inventory;
, fibromyalgia; fMRI, functional
CP,middle cerebellar peduncle;
sonance imaging; ROI, region
atistical parametric mapping;
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ical Imaging, Building 149, Suite
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. This is an open access article under
and surface-based cortical thickness analyses, have been used to in-
vestigate altered brain structure associated with multiple clinical
disorders. Anatomical brain changes in chronic pain patients have
now been reported by multiple studies, and a recent voxel based
morphometry meta-analysis including 23 publications and close to
500 chronic pain patients found reduced gray matter volume in the
basal ganglia, thalamus, anterior and posterior insula, anterior cin-
gulate and both medial and lateral prefrontal cortices (Smallwood
et al., 2013). Increased graymatter volumewas also noted in the stri-
atum and cerebellum (Schmidt-Wilcke et al., 2007).

Network analysis to evaluate inter-regional connectivity in the
human brain has been performedwith both functional and structural
neuroimaging data (Bullmore and Sporns, 2009). Structural covari-
ance analysis determines the inter-regional association in morpho-
logical metrics, such as gray matter volume. Specifically, this form
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of network-based analysis determines how gray-matter volume in a
given brain region covaries with that of other brain regions, across
large multi-subject datasets (Evans, 2013). In healthy adults, the co-
variance network has been found to exhibit small world properties
(i.e. nodes have more local connections than that of a random net-
work) (He et al., 2007), similar to functional connectivity network
topology (Bullmore and Sporns, 2009), and strong covariance has
been found for homotopic regions across hemispheres (Mechelli
et al., 2005). Such covariance likely arises from a combination of ge-
netic influences during development and aging, as well as environ-
mental/behavioral factors known to produce experience-based
neuroplasticity. As such, chronic pain perception may also play an
important role in shaping structural covariance in the human brain.

Brain structural covariance analysis has been performed for several
pain disorders such as migraine (Liu et al., 2012) chronic back pain,
knee osteoarthritis, and complex regional pain syndrome (Baliki et al.,
2011), but not fibromyalgia (FM). Moreover, prior structural covariance
analyses did not investigate if alterations in gray matter volume covari-
ance were accompanied by altered white matter connectivity. Chronic
pain, widely distributed throughout the body, is a key symptom of pa-
tients suffering from FM (Clauw, 2014). This functional pain disorder
is characterized by altered resting functional connectivity (Napadow
et al., 2010), which is associated with spontaneous pain intensity, and
which can be normalized following longitudinal therapy (Harris et al.,
2013; Napadow et al., 2012). FM also exhibits decreased gray matter
volume in the medial frontal gyri (Kuchinad et al., 2007) and increased
gray matter volume in cerebellum (Schmidt-Wilcke et al., 2007), as ev-
idenced by VBM. Altered white matter microstructure in FM has been
noted with DTI in the thalamus and postcentral gyrus (Lutz et al.,
2008). Hence, we hypothesized that this centralized, functional pain
syndrome may also demonstrate altered structural network topology,
and white matter connectivity, specifically associated with clinically-
relevant pain outcome measures.

In this study, fibromyalgia patients and age- and sex-matched,
pain-free adults were enrolled in a structural covariance analysis.
The aim of this study was three-fold. First, we compared structural
covariance networks, including cerebral and cerebellar structures,
in FM patients with those in healthy controls. Second, we investigat-
ed network topology using spectral partitioning, which can delineate
local network submodules specific to FM. Third, we explored white
matter connectivity within these submodules, using DTI, and evalu-
ated the association between pain severity and the strength of struc-
tural connectivity using probabilistic tractography. Our study
provides a detailed analysis of brain structural connectomics in FM
patients suffering from chronic pain.

2. Materials and methods

2.1. Participants

We recruited 43 patients with fibromyalgia and 63 healthy controls
(HC). Each subject provided written, informed consent in accordance
with the Human Research Committee of Partners Health Care and Mas-
sachusetts General Hospital. The diagnosis of fibromyalgia was con-
firmed by physician and medical records, and patients also met the
recently-proposed Wolfe et al. criteria (Wolfe et al., 2010), which re-
quire the presence of widespread pain as well as the endorsement of a
number of somatic and cognitive symptoms. All participants underwent
medical evaluations to exclude current or previous disorders that could
affect brain structure. The exclusion criteria for FM subjects were as fol-
lows: (1) concurrent autoimmune or inflammatory disease that causes
pain, such as rheumatoid arthritis, systemic lupus erythematosus, or
inflammatory bowel disease; (2) a history of significant neurologic dis-
orders, cardiovascular disorders, psychotic disorders, or cognitive im-
pairment preventing completion of study procedures; (3) a history of
drug abuse; (4) a history of head trauma requiring medical attention;
and (5) brains with significant structural abnormality, which were re-
ferred to neuroradiological review. For healthy controls, subjects met
the exclusion criteria above and were devoid of pain.
2.2. Clinical and behavioral measures for FM

Evoked pain sensitivity was measured in FM using cuff pain
algometry applied to the left lower leg, over the gastrocnemius muscle
belly. Thismode of pressure pain algometrywas used as it preferentially
stimulates deep tissue nociceptors (Polianskis et al., 2002). Asmost clin-
ical pain originates in deep tissue rather than cutaneous receptors, the
investigation of brain responses to deep tissue pain may be more clini-
cally relevant than brain responses to evoked cutaneous (e.g. heat)
pain (Kim et al., 2015; Loggia et al., 2014; Polianskis et al., 2002). Briefly,
pain stimuli were delivered with a velcro-adjusted pressure cuff con-
nected to a rapid cuff inflator, which inflated the cuff to a constant pres-
sure level (Hokanson Inc., Bellevenue, WA, USA). Quantitative sensory
testing began by inflating the cuff to 60 mm Hg of pressure, and the
level of pressure was adjusted in 10 mm Hg increments or decrements
until a pain intensity rating of 40/100 was obtained. This pressure level,
inmmHg,was referred to as P40, and has been shown to be lower in FM
patients than controls, reflecting the global hyperalgesia that character-
izes this condition (Loggia et al., 2014). This procedure has also been de-
scribed in more detail elsewhere (Kim et al., 2013; Loggia et al., 2014).

Patients completed the brief pain inventory (BPI) (Cleeland, 1991)
and Beck depression inventory (BDI) (Beck et al., 1961) to evaluate
their clinical pain and psychosocial functioning.
2.3. MRI acquisition

StructuralMRI scanswere obtained on a 3.0 T Siemens Trio (Siemens
Medical, Erlangen, Germany) equippedwith 32-channel head coil at the
Athinoula A. Martinos Center for Biomedical Imaging, Massachusetts
General Hospital. T1-weighted sagittal volumes were obtained using a
three-dimensional (3D)MPRAGE pulse sequencewith the following pa-
rameters: 1.64 ms echo time (TE), 2530 ms repetition time (TR), 7° flip
angle (FA), 1200 ms inversion time (TI), and 1 × 1 × 1 mm3 spatial res-
olution. Diffusion-weighted images were also obtained using spin-echo
echo-planar imaging (EPI) sequence with the following parameters:
84 ms echo time (TE), 8040 ms repetition time (TR), 2 mm slice thick-
ness, and 2 mm in-plane resolution. The diffusion-sensitizing gradients
with a b-value of 700 s/mm2were applied to the 60 non-collinear direc-
tions, and 10 volumes with no diffusion weighting were also acquired.

One patient was excluded due to the presence of motion artifact on
the T1-weighted image volume. Thus, 105 imageswere used for structur-
al covariance analysis. For tractography analysis, diffusion-weighted
image volumes of 39 healthy controls and 30 patients were available.
2.4. Segmentation and registration

Brain gray matter segmentation and alignment were performed
using the VBM8 toolbox (http://dbm.neuro.uni-jena.de/vbm) as imple-
mented in SPM8 (Statistical Parametric Mapping, http://www.fil.ion.
ucl.ac.uk/spm/) (Ashburner and Friston, 2005), which included the
field inhomogeneity correction, skull stripping, probabilistic tissue clas-
sification of gray matter, white matter, and cerebrospinal fluid, nonlin-
ear registration to standard space using DARTEL (Ashburner, 2007),
and intensity modulation by the Jacobian determinant. DARTEL uses a
non-linear algorithm to yield excellent co-registration results, in terms
of overlap and distance measures, for VBM analysis (Klein et al.,
2009). The intracranial volumewas calculated by summing the volumes
of the segmented gray matter, white matter, and cerebrospinal fluid
compartments, which was used as nuisance variable in the following
correlational analyses.
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2.5. Structural covariance analysis

Regional gray matter volume of 101 ROIs including cerebral cortices
(78 ROIs) and cerebellum (23 ROIs) were estimated with VBM8 using
the mean value from the segmented gray matter image and automated
anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002). In this
atlas, parcellation of cerebral cortices was mainly based on develop-
mentally consistent brain sulci, primary and secondary sulci, which
first appear during fetal development (Chi et al., 1977). Cerebellar
parcellation of the AAL atlas was based on previous work by
Schmahmann et al. (1999). For accurate measurement, the AAL atlas
(which is based on the Colin-27 atlas) was aligned to the averaged
brain image obtained from all 105 subjects (which were originally
aligned to Montreal neurological institute (MNI) space). The cerebellar
flocculonodular lobe was excluded in our network analyses because of
its variable location and small volume.

Structural covariance analysis for the FM and HC groups was then
performed. Using data from 63 controls and 42 FM patients, group-
level partial correlation coefficients for volumes of 101 ROIswere calcu-
lated after controlling for age, sex, and intracranial volume, which
yielded two symmetric matrices with 101 by 101 cells. In a previous
study, this type of VBM-based structural covariance analysis successful-
ly differentiated a preterm adolescents-related covariance pattern for
connections between cerebral cortex and cerebellum (Nosarti et al.,
2011). Each matrix contained coefficients for 5050 (=101 × 100 / 2)
possible pairs using the 101 individual parcellation ROIs. We then com-
pared FM and HC matrices by contrasting the strength of associations
within each lobe and cerebellum for both hemispheres. Correlation co-
efficients in FM and HC matrices were contrasted using the asymptotic
χ2-test (Jennrich, 1970), and R (version 2.5.0, R Foundation for Statisti-
cal Computing) as follows:
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where for i=1 to 2; Ri are the correlationmatrix for p× p elements ob-
tained from sample size ni data;χ2 distribution with the degree of free-
dom= p× (p− 1) / 2. Finally, effect sizes (Cohen3s d) are also reported
for these differences.

As the number and volume of ROIs may influence structural con-
nectivity networks (Hagmann et al., 2008), we also repeated the
structural covariance analysis using 531 ROIs. These were formed
by dividing the AAL ROIs into 531 ROIs with the similar volume (ap-
proximately 2.5 cm3), where the borders aligned with those of AAL
ROIs (Supplementary Fig. 1). As such, we increased the number of
parcellations to test the dependency of our observation on the num-
ber of ROIs.

2.6. Binarization for network analysis

In order to identify structural covariance networks based on mor-
phological measures, we utilized the simple binarization of the ma-
trix to obtain the adjacency matrix, G (Bassett et al., 2008; He et al.,
2008). This matrix represents an undirected graph with N nodes
(i.e. 101 ROIs) and K edges. The edge Kij represents the connection
between two nodes, i and j, and is set to either a value of 1 or 0.
The edge is defined as ‘connected’ (and assigned a value of 1), if the
correlation coefficient between the two nodes is greater than a spe-
cific threshold. In our study, this threshold was defined by utilizing
the concept of sparsity, as clarified below. The correlation matrix
for each group contains different coefficients in their matrix. If the
same correlation coefficient threshold were selected for both groups
(FM and HC), the resultingmatrix Gwould have different numbers of
edges. Consequently, differences between groups for network-based
metrics may not reflect true topological changes in the constituent
networks (He et al., 2008). To minimize potential bias, we used
sparsity-based thresholding, where sparsity is defined as the total
number of edges in a network divided by the maximum possible
number of edges (He et al., 2008). Thus, after sparsity-based
thresholding, the networks of both groups will have the same total
number of connections. In the current study, the threshold was de-
termined by a sparsity value of 0.11, which was determined by the
lowest value allowing for all nodes to be fully connected (no node
islands) in both healthy control and FM networks and small-world
features are evident (detailed description of sparsity and small-
world network properties is presented in Supplementary Material
and Supplementary Fig. 2). At a sparsity of 0.11, each network has
the same number (555 = 5050 × 0.11) of connections, and the cor-
relation coefficient threshold for the healthy control network was
r = 0.409, and for FM patients was r = 0.437. Coincidentally, these
values are very similar to a correlation coefficient threshold deter-
mined by using a false discovery rate-corrected q value of 0.05 for
5050 cells in the FM network matrix, which was r = 0.436.

2.7. Network degree analysis

Degree is a nodal metric defined by the number of significant con-
nections of a node with the other nodes in the binarized structural co-
variance network matrix, G (Bullmore and Sporns, 2009). This means
that a brain region with many connections to other ROIs in the brain
will have high degree value. We computed the degrees of all nodes in
each whole-brain network matrix, and calculated the differences of de-
grees between FM and HC for these 101 nodes (i.e. ROIs), which were
then used for topological metric comparisons between groups based
on permutation testing, as previously introduced by Bassett et al.
(Bassett et al., 2008). In this permutation test, VBM-based regional
gray matter volumes for 101 ROIs for each participant were randomly
assigned to healthy controls or FM groups, resulting in each group hav-
ing the same number of participants as the original assignment, but
with different members. Partial correlation coefficients were calculated
controlling for age, sex, and intracranial volume, and were thresholded
based on the above-mentioned sparsity. Subsequently, network degrees
for 101 ROIs were computed for each group and between-group differ-
ences were calculated. This procedure was repeated 10,000 times to
sample the degree difference permutation distributions under the null
hypothesis that network degree was not determined by original group
assignment. A one-tailed P-value was then calculated by counting how
many times the result was greater (or smaller) than the original
between-group difference (Bassett et al., 2008).

2.8. Spectral partitioning analysis

Brain networks can be divided into a number of sub-modules with
distinct functional features (Chen et al., 2008). To identify such
submodules based on the network matrix in each group, we used spec-
tral partitioning,which determines the number of submodules based on
network topology itself, where these submodules are detected by opti-
mizing the modularity, Q (Newman, 2006; Wolfe et al., 2010).

Q ¼ 1
2m
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where m is the number of edges, a is the adjacency matrix of the graph
G,Mi is themodule containingnode i, and δ (M

i
,M

j
)=1 ifM

i
=Mj, and 0

otherwise.
Using this modularity estimation, the structural covariance network

was subdivided into covariance-based sub-modules, defined by rich
connections within a submodule, and sparse connections between
submodules (Newman, 2006).

We further explored associations between total submodule volume
and clinical variables relevant to core fibromyalgia symptomatology.
Correlation analyses were conducted between submodule volume and
(1) evoked pain sensitivity (i.e. cuff pressure at P40), (2) BPI, (3) BDI,
and (4) disease duration, where the submodule volumes were adjusted
for age, sex, and intracranial volume.

2.9. DTI tractography

In addition to VBM-based network analyses, DTI data were also used
to assess structural connectivity differences between FM and HC. This
analysis was focused on white matter tractography within submodules
identified with the spectral partitioning method described above. All
diffusion image preprocessing was conducted using the Functional
MRI of the Brain (FMRIB) software library (FSL, http://www.fmrib.ox.
ac.uk/fsl). Fiber tracts were estimated using Bayesian Estimation of Dif-
fusion Parameters Obtained using Sampling Techniques (BedpostX)
(Behrens et al., 2003) with a model allowing for crossing fibers, which
produces more reliable results compared to a single-fiber model
(Behrens et al., 2007). As a previous study reported that results ceased
to differ from upwards of 750 samples (Ramnani et al., 2006), we con-
servatively conducted tractography analysis using 1000 samples. At
each voxel within seed regions, we initiated 1000 tract-following sam-
ples, resulting in a probabilistic map of connectivity. Tractography was
conducted in each subject3s native space, and probabilistic maps were
then warped into MNI standard space for cross-subject averaging and
comparison using FMRIB3s Nonlinear Image Registration Tool (FNIRT)
(Woolrich et al., 2009).

The seed and target clusters for tractography analysis were deter-
mined based on the results of spectral partitioning, which showed
that FM brain regions can be divided into 4 distinct structural covari-
ance submodules. We found that the volumes of 2 submodules were
significantly associated with clinical measures (see Results). Briefly,
one such submodule comprised 4 clusters including medial prefron-
tal/orbitofrontal cortex, medial temporal lobe, right inferior parietal
lobule, and cerebellum, and was referred to as the submodule 1. The
other submodule comprised 3 clusters including lateral orbitofrontal
cortex, lateral temporal lobe, and insula, and was referred to as the
submodule 2. Tractography analyses were performed for each of these
submodules, in each hemisphere.

Seed and target clusters for fiber-tracking of cortico-cortical connec-
tions were located at gray-white matter boundaries for the AAL ROIs
characterizing distinct clusters in the submodules. As seed clusters
were determined based on the covariance of gray matter volume, we
chose the white matter border adjacent to the gray matter of regions
of interest as tracking starting points (Kloppel et al., 2008; Tomassini
et al., 2007). Thus, the boundary was defined by voxels comprised by
both N30% gray matter and N30% white matter density. Gray and
white matter densities were calculated from the average gray and
white matter maps of all 105 subjects. We focused our cortico-cortical
tractography analysis on intra-hemispheric connections, while tracts
passing through the thalamus were excluded to avoid interference
from corticothalamic projections (Ford et al., 2010). For tractography
analyses between cortical and cerebellar cluster, the target mask was
placed on the cerebellar part of the middle cerebellar peduncle, which
is known to carry afferents to the cerebellum. To avoid erroneous track-
ing, the exclusionmaskwas delineated around the cerebellar tentorium
(Supplementary Fig. 3). Previous studies have demonstrated the exis-
tence of bilateral cerebellar projections from right and left red and
pontine nuclei (Brodal, 1979; Mower et al., 1980). Thus, bilateral
masks for middle cerebellar peduncle (MCP) were used in this analysis.
Superior cerebellar peduncle (SCP)-based tracts were excluded from
this tractography analysis because not all subjects showed successful
connectivity to the SCP target mask from bilateral medial orbitofrontal
cortex, bilateral medial temporal lobe and right inferior parietal lobule.
Inferior cerebellar tracts to/from the medulla were also excluded from
this analysis because its low density, divergent topology, and inferior lo-
cation with more variable MRI signal-to-noise ratio may introduce esti-
mation bias (Habas and Cabanis, 2007). For analyses between medial
orbitofrontal cortex and cerebellar seeds, tractographywas not successful
in some subjects, that is, the tracts of some participants did not reach the
MCP mask. Thus, we excluded this specific tract from the MCP-based
analysis. Previous animal studies have shown a lack of evidence for tracts
connecting ventral prefrontal areas to pontine nuclei (Schmahmann,
1996), possibly explaining the unsuccessful tractography results for this
tract. In summary, we conducted tractography analyses for tracts where
all subjects successfully reached the target mask. For the submodule 1,
therewere 5 tracts tested (medial orbitofrontal cortex tomedial temporal
lobe, bilateral; right medial temporal lobe to cerebellum, right inferior
parietal lobule to medial temporal lobe, right inferior parietal lobule to
cerebellum). For the submodule 2, there were also 6 tracts tested (insula
to lateral temporal lobe, bilateral; insula to lateral orbitofrontal cortex, bi-
lateral; lateral orbitofrontal cortex to lateral temporal lobe, bilateral). The
results of the tractography analysis are shown in Supplementary Fig. 3.

We estimatedwhitematter connectivity by the number of fibers de-
termined from probabilistic tractography. For DTI-based analyses, we
first performed a logarithmic transformation on the numbers of fibers
calculated, in order to remove skewness. To explore the association be-
tween structural connectivity and clinical variables, correlation analyses
were conducted between the numbers of fibers connecting seed and
target clusters and clinical pain-related measures. In these correlation
analyses, the numbers of fibers were adjusted for age and sex.

For parametric testing all data were first tested for adherence to a
normal distribution assessed by the Kolmogorov–Smirnov test. All the
statistical tests except the asymptotic χ2-test were performed using
the Statistical Package for Social Sciences (SPSS 17.0; SPSS Inc., Chicago,
IL).

3. Results

There were no significant differences between fibromyalgia patients
and healthy control groups in sex distribution (FM: 85.7% female; HC:
76.2% female), age (years, FM: 45.3 [mean] ± 11.6 [SD]; HC: 42.8 ±
13.7), or intracranial volume (cc, FM: 1350 ± 116; HC: 1368 ± 121).
FM patients reported moderate levels of pain (BPI severity = 5.5 ±
2.0; BPI interference = 5.7 ± 2.2) and depression symptomatology
(BDI, FM: 15.0 ± 9.1; HC: 3.1 ± 3.9). Evoked pain sensitivity was
assessed by cuff algometry and demonstrated a range of sensitivity
over our cohort (pressure to elicit 40/100 pain (P40), mm Hg, FM:
102±55; HC: 191±86). BDI and evoked pain sensitivitywere assessed
in a subset (n = 15) of the healthy controls that contributed brain-
based data to our analysis. While not the focus of this study, BDI was
generally higher in FM compared to HC (t-test, P b 0.0001) and FM pa-
tients were also more sensitive to evoked cuff pain compared to HC
(t-test, P = 0.001) (see Table 1). There was no correlation between
BDI and pain sensitivity in FM patients (r = 0.01, P = 0.94).

Structural T1-weightedMRI datasets were used to calculate graymat-
ter volume through VBM. VBM values were averaged within 101 distinct
cerebral and cerebellar ROIs in each individual andwere used to calculate
a group-wise structural covariance matrix for both FM and HC groups
(Fig. 1). We compared the association strength across bilateral cerebellar
ROIs between groups, and found that correlation coefficients in FM pa-
tients were significantly higher than controls (P = 0.0025; Cohen3s d,
0.49). In contrast, association strength across frontal lobe ROIs was de-
creased (lower correlation coefficients) in FM compared to healthy adults

http://www.fmrib.ox.ac.uk/fsl
http://www.fmrib.ox.ac.uk/fsl


Table 1
Demographic and clinical data for fibromyalgia patients and controls.

Patients (N = 42) Controls (N = 63) P-value

Sex (F/M) 36/6 48/15 0.32
Age (years) 45.3 (11.6) 42.8 (13.7) 0.32
Intracranial volume (cm3) 1350 (116) 1368 (121) 0.44
BDI (0–63)a 15.0 (9.1) 3.1 (3.9) b0.0001
Evoked pain sensitivity
(P40 pressure, mm Hg)a

102 (55) 191 (86) 0.001

BPI severity (0–10) 5.5 (2.0) − −
BPI interference (0–10) 5.7 (2.2) − −
Disease duration (years)b 13.9 (11.6)

Age, intracranial volume, BDI, and evokedpain sensitivity are presented asmean (SD), and
compared between groups using an independent Student3s t-test. Sex distribution was
compared using a Fisher3s exact test. Abbreviations: BDI, Beck depression inventory; BPI,
brief pain inventory.

a These clinical metrics were assessed in a subset (N = 15) of the healthy controls.
b These clinical metricswere assessed in a subset (N=33) of the fibromyalgia patients.
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(P=0.0002; Cohen3s d, 0.60). No differenceswere found between groups
within the parietal, occipital, and temporal lobes after Bonferroni
correction.

We repeated this analysis using 531ROIs, which gave a similar result
(Supplementary Fig. 4). Specifically, correlation coefficients in FM pa-
tients were significantly higher than in controls across cerebellar ROIs
(P = 0.0005) while the association strength across frontal lobe ROIs
was decreased in FM compared to healthy adults (P b 0.0001).

Using a sparsity threshold of 0.11 (see Supplementary Fig. 2), we
performed a topological network analysis by first visualizing a binary
undirected network matrix for FM and HC groups, separately, where
higher correlations between ROI nodes were displayed by edges
(Fig. 2). We found evidence of small-world properties for both FM and
HC networks, using the delta scalar parameter (δ = 3.8, 4.3 for FM
and HC, respectively, at sparsity = 0.11), which determines small-
worldness at δ ≫ 1, consistent with previous studies (Bassett et al.,
2008; He et al., 2008).While the healthy control network demonstrated
dense connectionswithin the frontal lobe, the FM network demonstrat-
ed dense connections within the cerebellum. In addition, FM demon-
strated connections between cerebellum and right inferior parietal
lobule, bilateral parahippocampal gyri, and bilateral medial prefrontal/
orbitofrontal cortex. As mentioned above, we repeated the analysis
using 531 ROIs, which also showed that healthy controls demonstrated
dense connections within the frontal lobe, while the FM network dem-
onstrated dense connections within the cerebellum (Supplementary
Fig. 5).

Degree, or sum of connections for any given ROI, is a fundamental
network parameter (Bullmore and Sporns, 2009) and can be used to
compare network topology between groups. We found that cerebellar
Fig. 1. Brain structural covariancematrices for fibromyalgia patients and healthy controls. Inter
derived graymatter volumes from101whole brain ROIs forfibromyalgia patients (A) and health
intracranial volume. FMpatients demonstratedgreater correlation in the cerebellum(asymptoti
tal lobe (P = 0.0002) (C). Abbreviations: Cbl, Cerebellum; Fr, frontal lobe; Oc, occipital lobe; P
ROIs, such as Crus I, lobule IV/V and VI, showed significantly greater de-
gree for FM compared to HC (Table 2). This was also the case for right in-
ferior parietal lobule, and supramarginal gyrus, and left parahippocampal
gyrus. These ROIs showed connectionswith other brain regions including
prominent cerebellar ROIs in the FMnetwork (Fig. 2B). On the other hand,
HC demonstrated greater degree for the right postcentral gyrus and gyrus
rectus, and the left medial orbital frontal gyrus, and inferior frontal oper-
cular gyrus (Table 2). These regions showed connections to other brain
regions including multiple prefrontal ROIs in the HC network (Fig. 2B).

Subsequently, we conducted spectral partitioning based on the
binarized structural covariance network, which successfully divided
the 101 ROIs into several submodules (Fig. 3). For theHCnetwork,mod-
ularity was optimizedwith 5 submodules (Q=0.523), while for the FM
network, modularity was optimized with 4 submodules (Q=0.443). In
the control network, a submodule was comprised by all cerebellar ROIs,
indicating greater covariance within cerebellar ROI volumes, and not
between cerebellar and cerebral ROIs. In the FM network, the “cerebel-
lar” submodule included cerebellar ROIs in addition to bilateral medial
prefrontal/orbitofrontal cortex, bilateral medial temporal lobe, and
right inferior parietal lobule. This was referred to as submodule 1. Specif-
ically, this submodule comprised AAL ROIs labeled right inferior parietal
lobule, supramarginal gyrus, superior medial frontal gyrus, left lingual
gyrus, bilateral parahippocampal gyrus, fusiform gyrus, medial orbital
frontal gyrus, and gyrus rectus.

In the HC network, the frontal lobe was divided into 3 submodules
comprising dorsal, ventral, and cingulate subdivisions. The dorsal
submodule covered superior and middle frontal gyrus and precentral
gyrus, while the ventral submodule covered the orbitofrontal cortex,
and stretched to the insula, superior temporal cortex, and temporal
pole. In the FM network, the dorsal and cingulate submodules were
merged into a single submodule, which also included the precuneus.
The ventral submodule in the HC network was instead divided and
merged into two submodules in FM: submodule 2, which included the
lateral orbitofrontal cortex, lateral temporal lobe, postcentral gyrus
(primary somatosensory cortex, S1), and insula, and the previously de-
scribed submodule 1, which included themedial prefrontal/orbitofrontal
cortex, medial temporal lobe, right inferior parietal lobule, and the
cerebellum.

In sum, visual inspection revealed descriptively different spectral
partitioning of topological network features between the two groups.
Thus, we next examined the clinical relevance of these differential
submodules using exploratory correlation analyses to calculate the as-
sociation between submodule gray matter volume and clinical metrics
in FM (i.e. evoked P40 pain sensitivity, BPI, BDI, and disease duration).
We found that submodule 2 volume was correlated with evoked
deep-tissue pain sensitivity (i.e. P40 pressure; r = 0.34; P = 0.03) and
disease duration (r = 0.42; P = 0.01), while submodule 1 volume was
correlated with BDI (r = 0.33; P = 0.04) and disease duration (r =
-regional correlation coefficients were calculated using voxel basedmorphometry (VBM)-
y controls (B). These partial correlationswere conducted after controlling for age, sex, and
cχ2-test, P=0.0025),while healthy controls demonstratedgreater correlation in the fron-
a, parietal lobe; Te, temporal lobe.



Fig. 2. Structural covariance network visualization. (A) The brain structural covariance network is visualized for both fibromyalgia patients and healthy controls. Inter-regional correlation
coefficients greater than the sparsity-based threshold value are shown connected by a red line. Infibromyalgia patients, dense connectionswere notedwithin the cerebellum (blue circle).
In healthy controls, prefrontal cortical regions showed dense connectivity (green circle). In addition, FM demonstrated connections between cerebellum and right inferior parietal lobe/
supramarginal gyrus (green/blue arrow), bilateral parahippocampal gyri (purple arrow), and bilateral medial orbitofrontal gyri (red arrow). (B) Network degree differences were visual-
ized with cyan (fibromyalgia patients N healthy controls) and yellow (healthy controls N fibromyalgia patients) markers, with node connection edges highlighted.
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0.41; P = 0.02). Submodule volumes were adjusted for age, sex, and
intracranial volume (Fig. 4). Volumes of other submodules were not
correlated with any clinical metrics. Before being adjusted, the raw
volumes of submodules showed significant correlations with age (all
r3s b −0.5; all P3s b 0.001) and ICV (all r3s N 0.6; all P3s b 0.001).

Furthermore, submodules 1 and 2 comprised 3 or 4 distinct clusters.
These gray matter clusters are connected to one another by white mat-
ter tracts, and probabilistic DTI-based tractography was used to assess
white matter fiber counts between regions. As an exploratory analysis,
we also evaluated the association between the number of fibers and
pain-relevant clinical metrics for the 5 or 6 tracts in each submodule
Table 2
Network degree differences between fibromyalgia patients and healthy controls.

Region Degree for
FM

Degree for
HC

Difference P-value

Fibromyalgia patients N healthy controls
Cerebellum crus I Right 23 7 16 0.0006
Parahippocampal gyrus Left 21 3 18 0.0006
Inferior parietal lobule Right 27 4 23 0.002
Supramarginal gyrus Right 32 8 24 0.003
Cerebellar lobule IV/V Right 29 11 18 0.004
Cerebellum crus I Left 19 6 13 0.009
Cerebellar lobule IV/V Left 28 12 16 0.01
Cerebellum vermis VI 21 4 17 0.02
Cerebellar lobule VI Left 27 16 11 0.03
Cerebellar lobule VI Right 25 11 14 0.03
Cerebellum vermis VII 19 7 12 0.04

Healthy controls N fibromyalgia patients
Inferior frontal operculum Left 1 13 −12 0.01
Rectus gyrus Right 2 19 −17 0.02
Postcentral gyrus Right 1 9 −8 0.03
Medial orbital frontal gyrus Left 1 14 −13 0.04

P-values were calculated based on the permutation tests.
where all FM subjects contributed fibers that reached the target mask
(see Materials and methods).

While the estimated number of fibers did not differ between groups,
for submodule 1, the numbers of fibers between right medial temporal
lobe and cerebellum, and between right inferior parietal lobule and cer-
ebellum were significantly correlated with evoked P40 pain sensitivity
(r = −0.42; P = 0.03; r = −0.41; P = 0.03, respectively), while fiber
count between right medial orbitofrontal cortex and medial temporal
lobe was correlated with BPI interference (r = 0.40; P = 0.03, see
Fig. 5). For submodule 2, there was no correlation between the number
of fibers for any ROI pair and pain-relevant clinical metrics.

4. Discussion

Altered brain morphometry has been widely acknowledged in
chronic pain (Smallwood et al., 2013). Morphometric analyses have
spanned a broad array of techniques and while structural covariance
analyses have been performed for several pain disorders including mi-
graine (Liu et al., 2012), knee osteoarthritis, and chronic back pain
(Baliki et al., 2011), such studies have not been performed for more dif-
fuse, whole body functional pain syndromes such as fibromyalgia.
Moreover, prior structural covariance analyses did not investigate if al-
terations in gray matter volume covariance were accompanied by al-
tered white matter connectivity, and how such changes relate to
clinically-relevantmetrics of dysfunction. Our structural covariance net-
work analysis noted more dense connections in FM patients in the cer-
ebellum, while healthy controls exhibited more dense connections
within the frontal lobe. Spectral partitioning further revealed dense cer-
ebellar connections with medial prefrontal/orbitofrontal cortex, medial
temporal lobe, and right inferior parietal lobule in FM patients. These
connections were merged into a distinct submodule (submodule 1),
and the gray matter volume of this submodule was associated with
the severity of depression symptoms in these patients. Additionally,
an exploratory analysis of white matter connectivity using probabilistic



Fig. 3. Spectral partitioning submodulemap. Spectral partitioning based on structural covariance effectively subdivided the brain into several distinct submodules. Of note, in healthy con-
trols, a single submodule comprised all cerebellar ROIs, while in fibromyalgia patients, this “cerebellar” submodule (submodule 1) extended tomedial prefrontal/orbitofrontal cortex,me-
dial temporal lobe and right inferior parietal lobule (blue color).
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DTI methods demonstrated that the numbers of fibers between
submodule 1 regions was associated with greater evoked pain
hyperalgesia and clinical pain interference. Hence, altered gray and
Fig. 4. Submodular gray matter volume is associated with depression, hyperalgesia, and di
orbitofrontal cortex, medial temporal lobe, and right inferior parietal lobule) volume correlated
inferior frontal, postcentral, lateral temporal, and insular cortices) volume correlatedwith evoke
duration. Submodule 1 and 2 volumes were adjusted for age, sex and intracranial volume.
white matter morphometry including cerebellar and frontal cortical re-
gions may contribute to, or result from disrupted pain processing in
chronic pain patients.
sease duration. In fibromyalgia patients, submodule 1 (cerebellum, medial prefrontal/
with depression severity (BDI) and disease duration. Submodule 2 (lateral orbitofrontal,

d pain sensitivity (i.e. stimuluspressurewhen subjects rated40/100 pain, P40), anddisease



Fig. 5.White matter fiber density connecting submodule 1 regions is associated with hyperalgesia and clinical pain. Probabilistic DTI tractography was used to evaluate the number of
fibers connecting component areas of submodule 1. In fibromyalgia, the number of fiber tracts estimated between cerebellum and both medial temporal lobe and inferior parietal lobule
(i.e. supramarginal gyrus and secondary somatosensory cortex) was negatively correlated with evoked pain sensitivity (i.e. stimulus pressure when subjects rated 40/100 pain, P40). The
number of fiber tracts between medial temporal lobe and medial orbitofrontal cortex was correlated with clinical pain interference. Number of fibers was adjusted for age and sex.
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While the cerebellum is not usually thought of as a cardinal pain pro-
cessing area, cerebellar involvement in nociception and chronic pain
syndromes has indeed been implicated by prior research. For example,
previous functional MRI studies have found that nociceptive stimuli in-
duced cerebellar activation in lobules III to VI (Helmchen et al., 2003;
Moulton et al., 2010). Our results demonstrated greater structural con-
nectivity in lobules IV to VI for FM patients (Table 2). This topological
change in the cerebellar structural covariance network may be related
to the affective domain of pain processing and underlie persistent pain
in this centralized pain syndrome. Moreover, in FM patients, the cere-
bellum did not just show rich connections between cerebellar subre-
gions, but also between the cerebellum and cortical areas such as
bilateral medial prefrontal/orbitofrontal cortex, medial temporal lobe,
and right inferior parietal lobule (Fig. 2), clusters that merged into a sin-
gle distinct submodule 1 (Fig. 3) by spectral partitioning.

Within submodule 1, the medial prefrontal/orbitofrontal regions
demonstrated lower degree (an important networkmetric) in FM com-
pared to HC subjects (Table 2 and Fig. 2B), further highlighting our find-
ing of reduced number of edges within the FM frontal lobe. Such
reduction in inter-regional covariance may be related to findings from
previous VBM studies, which have noted altered gray matter volume
in the frontal lobe in chronic pain (Smallwood et al., 2013). For instance,
previous studies have noted that reduced gray matter volume is associ-
ated with increased structural covariance for such regions (Alexander-
Bloch et al., 2013; Seeley et al., 2009). Our results suggest that in FM,
the medial prefrontal/orbitofrontal cortex loses connections with
other neighboring frontal regions, and instead gains connections with
the cerebellum.While there is lack of evidence of direct anatomical con-
nections between medial orbitofrontal cortex and pontine nuclei, a
gateway to the cerebellum (Schmahmann, 1996), there is some evi-
dence of polysynaptic functional connectivity. Human fMRI connectivity
studies have demonstrated connectivity betweenmedial frontal cortical
areas and cerebellar lobules, while animal studies have demonstrated
that cerebellar stimulation could modulate medial prefrontal activation
via dopamine release in the ventral tegmental area (Habas et al., 2009;
Krienen and Buckner, 2009; Rogers et al., 2011). Additionally, functional
studies have noted that activity in both the orbitofrontal cortex and cer-
ebellum are involved in pain relief (Leknes et al., 2011; Ploghaus et al.,
1999), further supporting the importance of cerebellar activity and
linking cerebellar and prefrontal cortical regions in painmodulation. In-
terestingly, pain experience and relief are known to be associated with
reward processing (Seymour et al., 2005), and a study from our group
has noted that fibromyalgia patients demonstrate disrupted reward-
related circuitry (Loggia et al., 2014). In fact, previous neuroimaging stud-
ies have revealed generalized dysfunction in the reward/punishment-
related circuitry andmesolimbic dopaminergic system in chronic pain pa-
tients (Baliki et al., 2012; Borsook et al., 2007; Loggia et al., 2014). Our
findings of rich connections between the medial orbitofrontal cortex
and cerebellum in FM, and the submodular association with depressive
symptomatology and hyperalgesia in these patients, as identified by ex-
ploratory follow-up analyses, may also relate to abnormal reward pro-
cessing in FM and chronic pain patients in general.

Altered structural covariance in FM also plays a role in clinically-
relevant dysfunction in these patients. Specifically, we correlated the
gray matter volume of the previously noted spectral partitioning
submoduleswith clinical/behavioralmeasures and found that submodule
1 volume showed significant positive associationwithdepression severity
(i.e. BDI, Fig. 4). FM is known to be associated with significant depression
and catastrophizing (Clauw, 2014),while chronic pain and depression are
highly comorbid and show evidence of overlapping brain circuitry
(Borsook et al., 2007). In chronic pain patients, BDI likely reflects affective
aspects of somatic symptoms (Fishbain et al., 1997; Williams and
Richardson, 1993), and the submodule 1 includes brain areas with rele-
vance to affective processing. For instance, medial temporal lobe and cer-
ebellum support affective aspects of evoked pain processing (Ploghaus
et al., 1999; Ploghaus et al., 2001), and in chronic pain patients, the
submodule 1 volume may play a role in affective dysfunction. Further-
more, submodule 2 volumewas correlatedwith evokedpain sensitivity—
reduced volume was associated with hyperalgesia (i.e. lower cuff
pressure to elicit percept-matched 40/100 pain report). The submodule
2 includes primary somatosensory cortex and insula, areas known to sup-
port evoked pain intensity ratings in previous functional studies (Coghill
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et al., 1999; Timmermann et al., 2001). As noted above, pain sensitivity
did not show a significant correlation with BDI in FM patients. Moreover,
clinical dysfunction (worse BDI, reduced pressure to evoke P40 pain) was
associated with greater gray matter volume in submodule 1, but reduced
volume in submodule 2. This differential association further underscores
the independence of these different clinical aspects of fibromyalgia (i.e.
depressive symptomatology and evoked pain hyperalgesia) and may
have also contributed to, or resulted from, the differential spectral
partitioning to these unique submodules within the FM structural covari-
ance network. Notably, the gray matter volumes of submodules 1 and 2
both showed significant positive correlations with disease duration,
which likely reflects the importance of pain chronicity in the structural
neuroplasticity for these pain- and depression-related submodules in fi-
bromyalgia patients.

As gray matter structural covariance was found to be altered in FM,
we further hypothesized that white matter tracts connecting regions
with altered covariance would also relate to clinically-relevant metrics
in FM, and conducted exploratory follow-up analyses. Previous DTI
studies revealed alteredwhitemattermorphometry in the corticospinal
tract, as well as tracts leading from frontal, insular, and somatosensory
cortices in chronic pain patients (Frøkjær et al., 2011; Geha et al.,
2008; Lutz et al., 2008; Maeda et al., 2013). In our study, the submodule
1 includedmedial prefrontal/orbitofrontal cortex,medial temporal lobe,
right inferior parietal lobule, and cerebellum clusters, which are con-
nected by several white matter tracts such as the corticopontine tract,
cerebellar peduncle, and uncinate fasciculus. We used probabilistic
tractography and found that the number of estimated fibers in several
tracts were associatedwith pain metrics (Fig. 5). For instance, the num-
ber of fiber tracts estimated by between cerebellum and both medial
temporal lobe and inferior parietal lobule (supramarginal gyri and sec-
ondary somatosensory cortex) was negatively correlated with evoked
pain sensitivity at P40 (i.e. stimulus pressure needed to achieve a pain
rating of 40/100). Furthermore, the number of fiber tracts betweenme-
dial temporal lobe and medial orbitofrontal lobe was correlated with
clinical pain interference (BPI interference, a measure of pain-related
quality of life). Thus, taken together, greater pain related dysfunction
(i.e. greater pain interference, greater depression load, and worse
evoked pain hyperalgesia) was associatedwith greater gray matter vol-
ume and white matter density (number of fibers within constituent
tracts) for the submodule 1. Affective dysfunction is an important com-
ponent of all of these pain-related metrics and previous studies have
highlighted the medial orbitofrontal cortex, medial temporal lobe, infe-
rior parietal lobule, and cerebellum in the processing of affective aspects
of nociceptive afference (Borsook et al., 2007; Ploghaus et al., 1999;
Wager et al., 2004). Our results extend our previous knowledge of the
functional role for these brain regions and suggest that altered structur-
al topology for corticocerebellar and frontotemporal connections may
also be important to the pathophysiology of persistent chronic pain
and co-morbid depression in FM.

Interestingly, submodule 1 in FM shares brain regions (e.g. inferior
parietal lobule, medial prefrontal cortex, medial temporal lobe) previ-
ously attributed to the default mode network in functional MRI studies
(Buckner et al., 2008; Greicius et al., 2003). Previous functional brain
connectivity studies by our team have demonstrated that default
mode network connectivity is associated with clinical pain (e.g. Loggia
et al., 2011; Napadow et al., 2010; Napadow et al., 2012; Napadow
and Harris, 2014). Our result from exploratory analyses demonstrated
that gray matter volume in these regions was associated with BDI,
while the number of white matter fibers connecting these regions was
also associated with clinical pain, suggesting that structural change in
the default mode network may underlie or be linked with pain-altered
functional connectivity in these patients.

Some limitations to our study should be noted. Firstly, the structural
covariance network analysis may be affected by the number or size of
ROIs (Craddock et al., 2012; Hagmann et al., 2008). Also, network anal-
ysis based on anatomical ROI parcellation (e.g. AAL) may not accurately
reflect functional connectivity features, which may bias network analysis
(Craddock et al., 2012). However, it is important to note that our analysis
focused on structural connectivity features and that a repeated structural
covariance analysis using a significantly larger number of ROIs (531) also
produced similar results. Secondly, we measured the strength of white
matter connectivity using probabilistic tractography. While previous
studies support links between tractograms obtained by computational
methods and white-matter characterization by histology (Behrens et al.,
2003; Ramnani et al., 2006), with corticopontocerebellar connections in
specific being compared to data from invasive primate studies (Habas
and Cabanis, 2007; Ramnani et al., 2006; Salmi et al., 2010), the
tractogram is not a direct representation of nervefiber tracts or axon trac-
ing. However, only a small portion of cerebral peduncle fibers include
corticospinal tract, and most pontine nuclei project to the cerebellum
(Brodal, 1979; Ramnani et al., 2006). Thus,we can assume that themajor-
ity of tracts in the cerebral peduncle reach pontine nuclei, and continue on
to the cerebellum via the middle cerebellar peduncle.

In summary, our structural covariance network analysis noted more
dense connections in FM patients in the cerebellum, while healthy con-
trols exhibited more dense frontal lobe connections. Spectral partitioning
identified dense cerebellar connections tomedial prefrontal/orbitofrontal
cortex, medial temporal lobe, and right inferior parietal lobule in FM pa-
tients. These connections were merged into a distinct submodule 1, and
the graymatter volume of this submodulewas associatedwith the sever-
ity of depression symptoms in these patients. Additionally, analysis of
white matter connectivity using probabilistic DTI methods demonstrated
that the numbers offibers between the submodule 1 regionswere associ-
atedwith greater evoked pain hyperalgesia and clinical pain interference.
Hence, altered gray and white matter morphometry including cerebellar
and frontal cortical regions may contribute to, or result from disrupted
pain processing in chronic pain patients.
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