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Subcortical Volumes as Early Predictors
of Fatigue in Multiple Sclerosis
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Objective: Fatigue is a frequent and severe symptom in multiple sclerosis (MS), but its pathophysiological origin
remains incompletely understood. We aimed to examine the predictive value of subcortical gray matter volumes for
fatigue severity at disease onset and after 4 years by applying structural equation modeling (SEM).
Methods: This multicenter cohort study included 601 treatment-naive patients with MS after the first demyelinating
event. All patients underwent a standardized 3T magnetic resonance imaging (MRI) protocol. A subgroup of
230 patients with available clinical follow-up data after 4 years was also analyzed. Associations of subcortical volumes
(included into SEM) with MS-related fatigue were studied regarding their predictive value. In addition, subcortical
regions that have a central role in the brain network (hubs) were determined through structural covariance network
(SCN) analysis.
Results: Predictive causal modeling identified volumes of the caudate (s [standardized path coefficient] = 0.763,
p = 0.003 [left]; s = 0.755, p = 0.006 [right]), putamen (s = 0.614, p = 0.002 [left]; s = 0.606, p = 0.003 [right]) and

View this article online at wileyonlinelibrary.com. DOI: 10.1002/ana.26290

Received Jun 23, 2021, and in revised form Dec 22, 2021. Accepted for publication Dec 22, 2021.

Address correspondence to Dr Vinzenz Fleischer, Department of Neurology, Focus Program Translational Neuroscience (FTN), Rhine-Main-Neuroscience
(rmn), Johannes Gutenberg-University Mainz, Langenbeckstr. 1, 55131 Mainz, Germany. E-mail: vinzenz.fleischer@unimedizin-mainz.de

Sergiu Groppa and Muthuraman Muthuraman are senior authors and contributed equally to this work.

From the 1Department of Neurology, Focus Program Translational Neuroscience (FTN) and Immunotherapy (FZI), Rhine Main Neuroscience Network
(rmn2), University Medical Center of the Johannes Gutenberg University Mainz, Mainz, Germany; 2Department of Neurology, University Medicine of

Greifswald, Greifswald, Germany; 3Department of Neurology, St. Josef-Hospital, Ruhr-University Bochum, Bochum, Germany; 4Department of Neurology,
Inselspital, Bern University Hospital and University of Bern, Bern, Switzerland; 5Department of Neurology, University Hospital Münster, Westfälische-

Wilhelms-University Münster, Münster, Germany; 6Department of Neurology, University of Duesseldorf, Duesseldorf, Germany; 7Department of Neurology,
University Hospital Augsburg, Augsburg, Germany; 8NeuroCure Clinical Research Center and Experimental and Clinical Research Center, Charité,

Universitätsmedizin Berlin and Max Delbrueck Center for Molecular Medicine, Berlin, Germany; 9Institute for Neuroimmunology and Multiple Sclerosis,
Universitätsklinikum Hamburg-Eppendorf, Hamburg, Germany; 10Clinical Neuroimmunology and Neurochemistry, Department of Neurology, Hannover

Medical School, Hannover, Germany; 11Department of Neurology, University of Heidelberg, Heidelberg, Germany; 12Department of Neurology, University
of Leipzig, Leipzig, Germany; 13Department of Neurology, Philipps-University Marburg, Marburg, Germany; 14F. Hoffmann-La Roche AG, Basel,
Switzerland; 15Institute of Clinical Neuroimmunology, Ludwig Maximilian University of Munich, Munich, Germany; 16Department of Neurology,

Neuroimmunological Section, University of Rostock, Rostock, Germany; 17Max Planck Institute of Psychiatry, Munich, Germany; and 18Department of
Neurology, University of Ulm, Ulm, Germany

Additional supporting information can be found in the online version of this article.

© 2021 The Authors. Annals of Neurology published by Wiley Periodicals LLC on behalf of American Neurological Association.192
This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and
distribution in any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations
are made.

https://orcid.org/0000-0003-1243-313X
https://orcid.org/0000-0002-8562-9697
https://orcid.org/0000-0002-6378-0070
https://orcid.org/0000-0002-0614-6989
https://orcid.org/0000-0003-2504-5398
https://orcid.org/0000-0001-7509-5268
https://orcid.org/0000-0002-1231-1928
https://orcid.org/0000-0001-6158-2663
mailto:vinzenz.fleischer@unimedizin-mainz.de
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fana.26290&domain=pdf&date_stamp=2022-01-10


pallidum (s = 0.606, p = 0.012 [left]; s = 0.606, p = 0.012 [right]) as prognostic factors for fatigue severity in the cross-
sectional cohort. Moreover, the volume of the pons was additionally predictive for fatigue severity in the longitudinal
cohort (s = 0.605, p = 0.013). In the SCN analysis, network hubs in patients with fatigue worsening were detected in
the putamen (p = 0.008 [left]; p = 0.007 [right]) and pons (p = 0.0001).
Interpretation: We unveiled predictive associations of specific subcortical gray matter volumes with fatigue in an early
and initially untreated MS cohort. The colocalization of these subcortical structures with network hubs suggests an early
role of these brain regions in terms of fatigue evolution.

ANN NEUROL 2022;91:192–202

Multiple sclerosis (MS) is a chronic immune-mediated
disease of the central nervous system characterized

by inflammation, demyelination, and neurodegeneration.1

Beyond clinical relapses and neurological impairment, up
to 80% of patients suffer from fatigue during the course
of the disease, which heavily impacts social, cognitive, and
physical functioning and leads to reduced health-related
quality of life.2,3 Despite this high prevalence, studies on
fatigue have long been neglected in MS research due to
the multifaceted aspect of fatigue comprising a constella-
tion of motor, cognitive, and mood performance.4

Fatigue also appears to be frequently present in the ear-
liest stages of the disease,2 including in patients with a clini-
cally isolated syndrome (CIS) or radiologically isolated
syndrome (RIS), and is associated with a greater risk of con-
verting to clinically definite MS, arguing for a prognostic
value of fatigue.5 Recent evidence even endorses the existence
of a prodromal fatigue period suggesting that fatigue can even
start years before clinical manifestations.6,7

Magnetic resonance imaging (MRI) has been used
to explore structural and functional correlates of fatigue.
Although fatigue is associated with clinical disability,
structural imaging studies revealed inconsistent results
regarding the relationship between fatigue severity and
structural MRI correlates (eg, lesion load).8 However, the
atrophy of several brain regions including frontal cortex,9

posterior parietal cortex,10 and thalamus11 were shown to
be anatomic correlates of fatigue as were global measures
of atrophy.12 In addition, several studies emphasized wide-
spread damage of the normal-appearing white matter in
patients with fatigue.13

The relationship between functional MRI abnormal-
ities and MS-related fatigue has been consistently proven,
both in task-related14,15 and resting state16,17 functional
MRI studies. These studies revealed abnormally high
activity and functional connectivity in brain regions of the
sensorimotor network, the insula, the prefrontal cortex,
the cerebellum, and the basal ganglia, correlating with
individual fatigue severity.18 Thus, functional integration
among the cerebral cortex and subcortical structures, such
as basal ganglia, thalamus, and cerebellum, seems to be an
important scaffold in MS-related fatigue.18–20 These
observations support the hypothesis that MS-related

fatigue is associated with functional reorganization, which
seems to occur mainly through a dysfunction of striato-
cortical circuits.21,22 Hence, fatigue-related atrophy func-
tionally spreads beyond the sites of structural injury into
widely interconnected regions and evidently rearranges the
entire structural and functional brain network.23

However, the exact spatial distribution pattern of
subcortical brain volumes at disease onset and its relation
to the development of fatigue is poorly understood. The
goal of this study was to unravel the relationship between
fatigue and its structural determinants after the first demy-
elinating event, and to make prognostic inferences from
these regarding fatigue severity within a large cohort of
treatment-naive patients with MS patients. For clinical
decision making, it is important to obtain the earliest pos-
sible prognostic factors that predict fatigue worsening,
because early immunotherapeutic treatment does not only
influence the neurological outcome in terms of physical
disability, but also positively MS-related fatigue.24

Here, fatigue was measured in a prospective, multi-
center cohort study of patients with early MS at disease
onset (n = 601) and after 4-year follow-up (n = 230).
Within the statistical framework of predictive modeling,
we applied structural equation models (SEM) to brain
MRI-derived subcortical volumes that best predicted
fatigue in patients after the first demyelinating event.
Finally, structural covariance network (SCN) analysis was
applied to the subcortical volumes to account for the spa-
tial complexity of tissue damage on a network level.
Thereby, brain network hubs were determined to identify
regions occupying a central network position in the brain
of patients with MS with progressing fatigue.

Methods
Participants
The German National MS (NationMS) cohort is a multi-
center prospective longitudinal observational study com-
prising detailed assessment of patients with first diagnosis
of relapsing-remitting MR (RRMS) or CIS. All participat-
ing centers belong to the nationwide German Competence
Network Multiple Sclerosis (KKNMS). Patients were rec-
ruited at 15 neurological tertiary referral centers in
Germany.
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Patients with initial diagnosis of either CIS25 or
RRMS (according to the revised McDonald diagnostic
criteria)26 without any prior immunomodulatory treat-
ment were prospectively recruited. After satisfying the
study’s inclusion criteria,27 patients were comprehensively
examined and observed for a 4-year follow-up period
according to a standardized assessment plan outlined else-
where.2 Of the 1,123 patients enrolled, baseline 3T MRI
datasets were available for 845 patients; 601 patients had
complete baseline clinical scores and were finally included
into the analysis (baseline cohort). In the subcohort,
335 patients completed the 4-year follow-up with clinical
scores available for 230 patients that were included into
the longitudinal analysis (4-year follow-up cohort). Fur-
thermore, 89 healthy individuals without a neurological
disease were included with 3T MRI datasets and fatigue
scores available. Written informed consent in accordance
with the Declaration of Helsinki was obtained from all
subjects before participation; the study was approved by
the Ethics Committee of Ruhr-University Bochum (regis-
tration no. 3714-10), and consecutively by all local com-
mittees of the participating centers.

Clinical Assessment
Each patient was clinically assessed by an experienced neu-
rologist and the Expanded Disability Status Scale (EDSS)
score was determined at disease onset (study entrance) and
after 4 years. Fatigue was measured with 2 neuropsycholog-
ical instruments applied in MS studies: the Fatigue sub-
scale as part of the “Multiple Sclerosis Inventory of
Cognition” (MUSIC)28 used as a brief neurocognitive
screening instrument and the more common and
established “Fatigue Scale for Motor and Cognitive Func-
tions” (FSMC)29 used in the diagnostic set-up as well as
in the regular clinical follow-up.

The MUSIC test was developed as a screening tool
to evaluate neurocognitive dysfunction comprising 5 sub-
scales, including one subscale assessing fatigue. For fatigue
evaluation, MUSIC includes 3 items, each using a rating
scale from 1 (completely wrong) to 7 (completely true),
yielding a maximum score of 21 points. The FSMC repre-
sents a more advanced patient self-reported questionnaire,
which consists of 20 questions and evaluates in more
detail the motor and cognitive components of the fatigue.
Currently, the FSMC tool is recommended for a multi-
dimensional approach to reliably assess fatigue in patients
with MS.30

To control fatigue for overlapping depressive symp-
toms, depression was assessed using the Beck Depression
Inventory-II (BDI-II), which consists of 21 items that
assess affective, cognitive, and somatic symptoms of
depression.31

MRI Acquisition
Conventional MRI images were acquired at different 3T
scanners with a 32-channel receive-only head coil, according
to a standardized imaging protocol in all centers. This proto-
col included sagittal 3D T1-weighted magnetization prepared
rapid acquisition of gradient echo (MP-RAGE) and
T2-weighted fluid-attenuated inversion recovery (FLAIR)
sequences. MP-RAGE acquisition parameters: repetition
time (TR)= 1900 ms, echo time (TE)= 2.52 ms, inversion
time (TI) = 900 ms, flip angle (FA) = 9�, matrix
size=256 � 256,field of view (FOV)= 256 � 256 mm2, slice
thickness (ST) = 1 mm, voxel size (VS) = 1 � 1 � 1 mm3;
FLAIR acquisition parameters: TR = 5,000 ms, TE = 388 ms,
TI = 1800 ms, matrix size = 256 � 256, FOV = 256 �
256 mm2, ST= 1 mm, and VS= 1 � 1 � 1 mm3.

Lesion Filling
The structural MRI datasets of all patients were collected
and processed in one analyzing center (Mainz). Initially,
lesion maps were drawn on T2-weighted 3D FLAIR images
using the MRIcron software (http://www.mccauslandcenter.
sc.edu). Using the lesion segmentation toolbox (LST), which
is part of the statistical parameter mapping (SPM8) software,
3D FLAIR images were co-registered to 3D-T1 images and
bias corrected. After partial volume estimation, lesion seg-
mentation was performed with 20 different initial threshold
values for the lesion growth algorithm.32 By comparing auto-
matically and manually estimated lesion maps, the optimal
threshold (ĸ value, dependent on image contrast) was deter-
mined for each patient and an average value for all patients
was calculated. Afterward, for automatic lesion volume
estimation and filling of 3D-T1 images, a uniform ĸ
value of 0.1 was applied in all patients. Subsequently,
the filled 3D-T1 images as well as the native 3D-T1
images were segmented into gray matter (GM), white
matter (WM), and cerebrospinal fluid (CSF) and
normalized to MNI space. Finally, the quality of the
segmentations was visually inspected. Lesion-filled
native T1-weighted images were used for the computa-
tion based on regional GM properties.

Cortical and Subcortical Volume Analysis
FreeSurfer image analysis suit (version 6.0, http://surfer.
nmr.mgh.harvard.edu/) was used for cortical surface
reconstruction and subcortical volume segmentation from
T1-weighted images in a fully automated fashion, followed
by visual inspection for quality control at various
processing steps. Technical details of processing stream for
surface-based reconstruction are described elsewhere.33 In
summary, the surface-based processing stream consists of
skull stripping, Talairach space transformation, optimiza-
tion of GM-WM and GM-CSF boundaries, segmentation
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of subcortical WM, and deep GM (DGM) structures and
tessellation.33 Afterward, the cerebral cortex and subcorti-
cal structures were divided into 89 anatomic labels
corresponding to the Desikan-Kiliany and Harvard-
Oxford atlases (Supplemental Table S1).34 The extracted
volumes were subsequently used to construct predictive
models through SEM (see SEM analysis) and, in addition,
to create a covariance matrix for the structural covariance
network analysis (see Structural covariance network
reconstruction).

SEM: Model Construction
The SEM analysis was performed in SEM toolbox for
MATLAB (version 13a; Mathworks, Natick, MA, USA).
SEM represents a complex analytical tool that can deter-
mine the causal relationships between the variables in a
model-based approach. In the first model, the relationship
between brain structures (ie, volumes of basal ganglia,
brain stem, and cerebellum) and clinical scores (fatigue
scores derived from MUSIC and FSMC tests and EDSS)
at baseline in 601 patients were assessed. In the second
model, the relationship between the above-mentioned
subcortical volumes and clinical variables at baseline and
at 4-year follow-up in 230 patients was investigated.
Finally, within the third (cross-sectional) and fourth
models (longitudinal), we explored the association
between demographical (age and sex) and clinical variables
(MUSIC, FSMC, and EDSS).

SEM: Parameter Estimation
We used the Maximum Likelihood method of estimation
to fit the models. In order to adjust the models for a large
sample size, we used the Root Mean Square Error of
Approximation (RMSEA) index, which improves precision
without increasing bias.35 The RMSEA index estimates
lack of fit in a model compared to a perfect model and
therefore should be low. In all models, the Invariant under
a Constant Scaling (ICS) and ICS factor (ICSF) criteria
should be close to zero, indicating that models were
appropriate for analysis. Finally, based on the Akaike
Information Criterion (AIC) the quality of each model rela-
tive to other models was estimated, with smaller values signi-
fying a better fit of the model. The strength of associations
between the variables in the models was quantified by stan-
dardized coefficients (s), ranging from 0 (no association) to
1 (very strong association). The p values of < 0.05 were con-
sidered statistically significant.

Structural Covariance: Network Reconstruction
Individual cortical and subcortical volume values were
obtained for each region of interest to construct covariance
matrices (N � N), where N is the number of regions of

interest.36 Hence, the covariance matrix depicts the sum-
mary of all pairwise associations (connections) between
brain regions (network nodes). To generate group-level
network covariance matrices, patients were stratified into
2 groups based on whether they progressed over the 4 year
of follow-up or not. Both fatigue (MUSIC and FSMC)
and disability (EDSS) progression were defined as higher
scores at follow-up in comparison to the corresponding
baseline scores (difference between baseline and follow-
up), as previously described.37 Unchanged or lower scores
at follow-up were considered stable. Overall, worsening
was observed in 105 patients with MS in the MUSIC score
(125 no MUSIC progression), 133 in the FSMC
score (97 no FSMC progression) and 93 in the EDSS
score (137 no EDSS progression).

The structural correlation matrices (89 � 89) for
each group contained the Pearson’s correlation coefficient
between the cortical and subcortical volumes of each pair
of regions. To describe the topological organization of the
derived structural networks, network measures (see below)
were obtained using weighted matrices in the Graph
Analysis Toolbox (GAT) toolbox,38 which is a MATLAB-
based software providing nonparametric statistics for
comparing regional topology and network hubs between
groups.39

Structural Covariance: Network Characterization
Accordingly, the resulting matrices were fed into the graph
theoretical analysis for the mathematical description and
quantification of the structural network topology, with
emphasis on the detection of hub regions. Hubs are nodes
(the predefined regions based on the above-mentioned
atlas) occupying a central position in the overall organiza-
tion of a network, generally characterized by their high
degree of connectivity to other regions.40 Hubs can be
detected using numerous different graph measures. Here,
hub identification was based on the computation of a cen-
trality measure called betweenness centrality. Betweenness
centrality expresses the number of short paths that a node
(brain region) participates in Ref.39 These hubs were
determined as those nodes, whose betweenness centrality
was at least �2 standard deviations away from the mean
betweenness centrality of all regions. A high level of cen-
trality of hubs represents nodes that are less vulnerable
and susceptible to disconnection and dysfunction in the
brain.40 The reported p values were corrected using
the false discovery rate (FDR) approach in order to remain
statistically conservative.41

Statistical Analysis
Statistical analyses of the demographic and clinical data
were performed using SPSS 23 software (SPSS, Chicago,
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IL, USA). Frequencies and means are reported for categor-
ical and continuous variables, respectively (the Table). All
variables were checked for normality using the Shapiro–
Wilk test and histogram inspection. Fatigue scores derived
from MUSIC and FSMC between baseline and 4-year
follow-up were compared using a paired t test. A
Wilcoxon signed-rank test was used to assess longitudinal
changes in EDSS. Group comparison p values < 0.05 were
considered statistically. Unless otherwise indicated, data
are expressed as mean � SD (standard deviation).

Results
Clinical Characteristics of the Study Cohorts
At baseline, of 601 patients (424 women [71%] /
177 men [29%]; mean age � SD: 33.8 � 9.7 years;
median EDSS [range]: 1.5 [0–5.0]), 256 (43%) were diag-
nosed with CIS and 345 (57%) patients already had definite
RRMS. The mean disease duration was 7.3 � 11.8 months
(see Table).

From the 601 patients, 230 were clinically followed-
up for 4 years. This 4-year follow-up cohort included
155 (67%) women and 75 (33%) men with a mean age
of 35.4 � 10.1 years (median EDSS 1.5 [0–6.0]). After
the 4-year follow-up, 77 of 100 patients (77%) who were
initially diagnosed with CIS had converted to RRMS.
After the first demyelinating event, 44% of the patients
started a disease-modifying treatment.

At 4-year follow-up, all patients presented signifi-
cantly higher scores of fatigue assessed by the FSMC test
(paired t test = �4.3, p < 0.001), whereas the MUSIC
screening test did not significantly change over the obser-
vation time (paired t test = �1.7, p = 0.082) compared
to the values obtained at baseline. The EDSS score signifi-
cantly changed over the 4 years of follow-up (Wilcoxon
signed-ranks test [Z] = 2.2, p = 0.029).

Robustness of the Models
In the predictive modeling approach, the RMSEA index for
all models was below 0.03 and the AIC comparing the models
varied between 0.008 and 0.029 (Supplementary Table S2).
Hence, the obtained fit indices in the SEM analysis
implied a good fit of the constructed models to the
observed data, providing robust causal relations between
the variables.42

Subcortical Volumes Associate with Fatigue and
Clinical Impairment
In the 601 treatment-naïve patients with CIS and RRMS,
the baseline fatigue scores measured by MUSIC and
FSMC were strongly associated with the volumes of bilat-
eral caudate and putamen (Figs 1 and 2A) in the first
SEM model. Right thalamus and left hippocampus were
also independently associated with both fatigue scores at
disease onset by showing a significant association with
FSMC and MUSIC (see Figs 1 and 2A), whereas

TABLE. Study Cohort

Clinical data Baseline cohort (n = 601) 4-year follow-up cohort (n = 230)

Sex, female/male 424/177 155/75

MS subtype at baseline, CIS/RRMS 256/344 100/130

Mean age at disease onset (� SD), years 33.2 � 9.7 34.8 � 10.1

Mean age at baseline MRI (� SD), years 33.8 � 9.7 35.4 � 10.1

Mean disease duration (� SD), months 7.3 � 11.8 6.8 � 7.0

Mean fatigue, MUSIC (� SD) 7.1 � 4.3 7.7 � 4.6a 8.4 � 5.3a

Mean fatigue, FSMC (� SD) 37.0 � 17.5 38.9 � 18.9b 45.8 � 22.5b

Median EDSS (range) 1.5 (0–5.0) 1.5 (0–5.0)c 1.5 (0–6.5)c

Demographic and clinical characteristics of treatment-naive patients with MS after their first demyelinating event at baseline (n = 601) and 4-year
follow-up (n = 230).
aFatigue scores (derived from MUSIC) between baseline and 4-year follow-up were not significantly different (p = 0.082; paired t test).
bFatigue scores (derived from FSMC) between baseline and 4-year follow-up were significantly different (p < 0.001; paired t test) with higher values at
follow-up.
cEDSS between baseline and 4-year follow-up were significantly different (p = 0.029; Wilcoxon signed-rank test) with higher values at follow-up.
CIS = clinically isolated syndrome; EDSS = Expanded Disability Status Scale; FSMC = Fatigue Scale for Motor and Cognitive functions;
MRI = magnetic resonance imaging: MS = multiple sclerosis; MUSIC = Multiple Sclerosis Inventory of Cognition; RRMS = relapsing–remitting
multiple sclerosis.
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contralateral analogous structures did not reach the level
of statistical significance. Fatigue measured by FSMC
showed an additional association with the bilateral palli-
dum, medulla, and brainstem.

The baseline volumes of bilateral caudate and pons
were associated with clinical disability at disease onset as
measured by EDSS (all standardized coefficients [s] >0.5,
all p < 0.05). Unilaterally, the volumes of right putamen,

FIGURE 1: Subcortical brain regions: Structural equation modeling (SEM) results of the cross-sectional (n = 601) and longitudinal
(n = 230) MS cohort. Association between 21 subcortical brain volumes and fatigue (subscale of MUSIC and FSMC) and EDSS
scores at baseline and at 4-year follow-up. Significant associations are colored in the table to express the strength of significant
associations between the variables (standardized coefficient = s). Hotter colors indicate a stronger association.
EDSS = Expanded Disability Status Scale; FSMC = Fatigue Scale for Motor and Cognitive functions; MS = multiple sclerosis;
MUSIC = Multiple Sclerosis Inventory of Cognition; n.s. = not significant; s = standardized coefficients.

FIGURE 2: Structural determinants of fatigue and EDSS at (A) baseline (n = 601) and (B) at 4-year follow-up (n = 230). Strength
of association between brain structures and fatigue (measured by MUSIC and FSMC) and EDSS is expressed as standardized
coefficients (s) (color bar ranging from 0.5 to 1; the closer to 1 the stronger the association) and projected on axial brain slices.
Highlighted regions are significant after multiple comparison correction. EDSS = Expanded Disability Status Scale;
FSMC = Fatigue Scale for Motor and Cognitive functions; MUSIC = Multiple Sclerosis Inventory of Cognition.
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left thalamus, and left hippocampus were associated with
EDSS (see Figs 1 and 2A); none of the contralateral ana-
logues were associated with EDSS.

With regard to the 68 cortical regions, only the right
caudal middle frontal cortex was associated with fatigue
severity measured by the FSMC in the cross-sectional
approach. All remaining cortical regions demonstrated no
association with MUSIC, FSMC, or EDSS in the SEM
(Supplementary Table S3).

Finally, neither subcortical (Supplementary Table S4)
nor cortical (Supplementary Table S5) volumes were associ-
ated with fatigue measured by MUSIC and FSMC within
the control cohort.

Subcortical Volumes Predict Fatigue and Clinical
Impairment after 4 Years
With regard to the functional impairment after a clinical
follow-up of 4 years within the subcohort of 230 patients
(second SEM model), baseline volumes of the following
structures strongly predicted the 4-year follow-up scores of
fatigue (measured by MUSIC and FSMC) and EDSS in
descending order: bilateral caudate (all s > 0.6), bilateral
pallidum (all s > 0.5), and pons (all s > 0.5; see Fig 1 and
2B). Whereas both fatigue scales (MUSIC and FSMC)
were predicted by SEM (in addition to the above-men-
tioned) by the left putamen, the EDSS was additionally
predicted by the left thalamus and the right putamen
(all standardized coefficients [s] >0.5, all p < 0.05).

None of the cortical regions showed a significant
predictive association in the longitudinal approach
(see Supplementary Table S3).

EDSS Is Associated with Baseline Fatigue
Within the third SEM model, we explored the association
between age and sex with the 3 clinical variables (MUSIC,
FSMC, and EDSS). In the cohort of 601 patients, age
at disease onset was associated with baseline EDSS
(s = 0.54, p < 0.05) and EDSS was associated with

baseline fatigue scores (MUSIC: s = 0.76, p < 0.0001 and
FSMC: s = 0.74, p < 0.0001; Fig 3).

Age, Sex, and EDSS Predict Follow-Up Fatigue
In the 4-year follow-up cohort of 230 patients (fourth
SEM model), strong associations between age at disease
onset and baseline EDSS (s = 0.74, p < 0.001) and
fatigue scores (MUSIC: s = 0.60, p < 0.01 and FSMC:
s = 0.61, p < 0.01) were detected. Baseline EDSS as well
predicted both fatigue measures (MUSIC: s = 0.61,
p < 0.01 and FSMC: s = 0.63, p < 0.01; see Fig 3). Addi-
tionally, male (FSMC: s = 0.56, p < 0.01) and female
(FSMC: s = 0.58, p < 0.01) sex predicted the 4-year
follow-up fatigue within this SEM model.

Network Hubs Colocalize with Structural
Determinants of Fatigue and Disability
Within the reconstructed structural covariance network,
we defined network hubs based on the betweenness cen-
trality measure. These hub regions are generally character-
ized by their central placement in the overall architecture
of a network. Patients with MS with progression in fatigue
based on the MUSIC score over 4 years were found to
show network hubs in the bilateral pallidum (p = 0.007
[left]; p = 0.006 [right]), pons (p = 0.0001) and
brainstem (p = 0.005). Patients with progression in
fatigue based on the FSMC score showed network hubs in
the bilateral putamen (p = 0.008 [left]; p = 0.007
[right]), pons (p = 0.0001), and brainstem (p = 0.006).
No hubs were detected in patients with fatigue-stable MS
(neither with MUSIC nor with FSMC scores). Patients
with EDSS worsening after 4 years demonstrated brain
network hubs in the bilateral caudate (p = 0.009 [left]
and p = 0.008 [right]), pons (p = 0.003), and brainstem
(p = 0.004). Finally, patients with clinically stable MS
(no EDSS worsening) revealed no network hubs.
The above-mentioned p values were FDR corrected.

FIGURE 3: Structural equation modeling (SEM) of demographic and clinical variables at (A) baseline (n = 601) and (B) at 4-year
follow-up (n = 230). Arrows denote the relationship between the variables expressed as standardized coefficients, which are
shown for each path (* significant at p < 0.01; ** significant at p < 0.001; *** significant at p < 0.0001). EDSS = Expanded
Disability Status Scale; FSMC = Fatigue Scale for Motor and Cognitive functions; MUSIC = Multiple Sclerosis Inventory of
Cognition.
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The regions that emerged as network hubs in patients
who experienced progression are visualized in Figure 4.

Discussion
In this study, we obtained volumes from cortical and sub-
cortical brain structures to evaluate the structure–function
association of fatigue in the initial stages of the disease in
a large cohort of patients with MS. Our findings showed a
strong association between the caudate and pons volumes
and fatigue scores at disease onset. Predictive causal
modeling through SEM confirmed that the caudate and
pons volumes were also significant determinants that
influence fatigue development in MS over time. Our
covariance network analysis of subcortical morphology
demonstrated that these subcortical regions further col-
ocalized with structural network hubs in those patients
with progressing fatigue. These hubs were absent in
patients with stable scores.

Our initially untreated cohort allows a direct view of
clinical-volumetric associations in the very initial stages of

the disease. From this cohort, 230 patients were clinically
followed up for a mean of 4 years to determine baseline
volumetric structures that best predict fatigue and EDSS
worsening over time. Our clinical follow-up findings dem-
onstrated that in addition to caudate and pons (both of
which were associated with the baseline characteristics) the
bilateral pallidum volumes strongly predicted future
fatigue as well as EDSS.

This association of exclusively subcortical GM struc-
tures measured at onset and fatigue suggests a prominent
role of these brain regions in terms of fatigue evolution in
the initial stages of the disease and probably even in a pro-
dromal phase of the disease.

Clinical impairment in MS is characterized by neu-
rological and neuropsychological disability that shows
robust associations with brain atrophy43 and GM pathol-
ogy.44 However, GM alterations are not uniform across all
brain structures, as some regions are more susceptible to
atrophy than others.45,46 A recent longitudinal study
reported that atrophy of DGM structures (caudate, palli-
dum, and putamen) possesses a pivotal role in predicting

FIGURE 4: Matrices (A) and network hubs (B) from structural covariance network (SCN) analysis. (A) In the covariance matrices
(size 89 � 89), each element represents Pearson’s correlation coefficient between regions of interest values across subjects in
one group. (B) Brain network hubs (significant regions from the SCN analysis) in patients with MUSIC, FSMC, and EDSS
progression in the 4-year longitudinal study cohort (n = 230). EDSS = Expanded Disability Status Scale; FSMC = Fatigue Scale
for Motor and Cognitive functions; MUSIC = Multiple Sclerosis Inventory of Cognition.
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disability accrual over time in different MS subtypes.47 In
addition, the DGM structures showed the fastest annual
rate of volume loss in patients with a relapse onset.47

Moreover, the sequence of atrophy progression in the
relapsing–remitting and progressive forms of the disease is
comparable, although the cerebellum, caudate, and puta-
men show an earlier atrophy in patients with RRMS.48

Our results extend these observations by demonstrating
that volume reduction of these DGM structures is associ-
ated with concomitant and future fatigue progression to a
similar extent as clinical disability measured by the EDSS
in an initially treatment-naïve cohort.

In addition to the structural alterations seen here, a
framework of neuronal activity and functional connectiv-
ity typical of MS-related fatigue has been developed in
recent years.23 The primarily functional neural origin of
fatigue includes alterations of the dynamic connectivity
between hemispheric sensorimotor regions, of the resting-
state connectivity within the default mode network and of
the striatum and its projections.23 One possible explana-
tion for altered connectivity is that networks mediating
specific cognitive operations are perturbed by the observed
DGM structural damage leading to functional reorganiza-
tion even distant from the primary site of injury by rear-
ranging the entire brain network.4

Even though fatigue is clinically well-characterized,
the underlying pathophysiological mechanisms remain
incompletely understood.4 This might be traced back to
mixed (mainly inconsistent) results on the potential link
between global measures of brain atrophy and fatigue.49,50

One study has demonstrated the association between
lower global GM fraction and fatigue,49 whereas another
has postulated that scattered regional damage contributes
more to fatigue than global brain damage.51 Moreover, it
has recently been demonstrated that fatigue is also related
to widespread normal-appearing WM damage and to a
lesser extent to conventional lesion load or GM atrophy.13

However, specific brain regions seem to be typically
involved in the development of fatigue.10

Our results suggest that patients with MS with cau-
date and pallidal atrophy develop progressing fatigue, and
thus might reveal less premorbid functional reserve or
reduced resistance to atrophy. In fact, fatigue-related
records were found with higher frequency among patients
with MS than controls up to 5 years before the clinical
onset in a large registry study.6

Our additional network analysis approach has con-
sistently identified the same DGM structures linked to
fatigue and clinical progression as in the conventional vol-
umetric analysis. The occurrence of network hubs within
the putamen, pallidum, caudate, and pons in patients
experiencing progression (but not in stable patients) may

be indicative of disturbances in DGM’s local physiology,
energy metabolism, and neural processing that set them
apart from other, less-central brain network regions. The
colocalization of the hubs to the subcortical structures
(putamen, caudate, pallidum, and pons) identified in the
main analysis could reflect the subcortical network’s
response to early tissue damage through structural reorga-
nization.52 Acting as an integrative hub of upstream and
downstream information flow, the early affection of the
striatum might precipitate the “emersion” of fatigue and
clinical disability.

Interestingly, the thalamus volume at disease onset
displayed a less consistent pattern in predicting clinical
impairment. Its atrophy appears to represent a common
pathway through which both WM lesions and focal
DGM pathology contribute to clinical disability.53 How-
ever, among the subcortical structures, our data attribute
caudate and pallidum a stronger predictive validity in
fatigue progression than the thalamus. This finding could
be partly supported by the functional implications of stria-
tum in self-motivation and reward-related components of
fatigue, and the decrement in motivational influence from
the striatal inputs to the frontal lobe would aggravate
expression of fatigue.4

Our third predictive model (including only demo-
graphics and the clinical scores) is notable for at least
3 main features. First, age is associated with disease sever-
ity measured by the EDSS at disease onset and addition-
ally with EDSS and both fatigue scores in the 4-year
follow-up cohort, confirming interdependency between
these variables. Second, this model provides causal evi-
dence of an association between physical disability itself
(EDSS) and both fatigue measures in the baseline as well
as the 4-year follow-up cohort. Third, it demonstrates that
both men and women were significant determinants that
influence fatigue (measured by FSMC), consistent with
some observations having shown that women and men
experience MS-related fatigue with the same frequency.54

In conclusion, our findings provide evidence that
early fatigue is related to DGM integrity loss at disease
onset in a large cohort of initially untreated patients with
MS. Subcortical volume reductions, mainly within the
caudate, pallidum, and pons, are important scaffolds in
predicting emerging fatigue. Our model-based approaches
went beyond correlation analysis and investigated associa-
tions quantifying the pathways underlying fatigue develop-
ment and subcortical brain volume changes. Finally, the
colocalization of the detected subcortical regions with
structural network hubs in patients with progressing
fatigue suggests an integrating role of these brain regions
in terms of fatigue evolution. These observations should
urge close follow-up of high-risk patients for fatigue
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worsening, encourage clinical decisions already from the
disease onset and thereby reduce the burden of progressing
fatigue.
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