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ARTICLE INFO ABSTRACT
Keywords: Background: Neuroinflammation affects brain tissue integrity in multiple sclerosis (MS) and may have a role in
Multiple sclerosis major depressive disorder (MDD). Whether advanced magnetic resonance imaging characteristics of the gray-to-
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Network reorganization
Gray-to-white matter junction
Cortical morphometry

white matter border serve as proxy of neuroinflammatory activity in MDD and MS remain unknown.

Methods: We included 684 participants (132 MDD patients with recurrent depressive episodes (RDE), 70 MDD
patients with a single depressive episode (SDE), 222 MS patients without depressive symptoms (nMS), 58 MS
patients with depressive symptoms (dMS), and 202 healthy controls (HC)). 3 T-T1w MRI-derived gray-to-white
matter contrast (GWc) was used to reconstruct and characterize connectivity alterations of GWc-covariance
networks by means of modularity, clustering coefficient, and degree. A cross-validated support vector ma-
chine was used to test the ability of GWc to stratify groups according to their depression symptoms, measured
with BDI, at the single-subject level in MS and MDD independently.

Findings: MS and MDD patients showed increased modularity (ANOVA partial-n? = 0.3) and clustering (partial-n?
= 0.1) compared to HC. In the subgroups, a linear trend analysis attested a gradient of modularity increases in
the form: HC, dMS, nMS, SDE, and RDE (ANOVA partial—q2 = 0.28, p < 0.001) while this trend was less evident
for clustering coefficient. Reduced morphological integrity (GWc) was seen in patients with increased depressive
symptoms (partial-n2 = 0.42, P < 0.001) and was associated with depression scores across patient groups (r =
-0.2, P < 0.001). Depressive symptoms in MS were robustly classified (88 %).

Conclusions: Similar structural network alterations in MDD and MS exist, suggesting possible common inflam-
matory events like demyelination, neuroinflammation that are caught by GWc analyses. These alterations may
vary depending on the severity of symptoms and in the case of MS may elucidate the occurrence of comorbid

depression.
1. Introduction In patients with MS, comorbidities, particularly psychiatric symptoms
such as depression, anxiety, and fatigue often co-occur and significantly
Multiple sclerosis (MS) is the most frequently occurring neuro- contribute to functional impairment (Widge et al., 2019). Being
inflammatory disease, accompanied by demyelination and axonal and depression the most prevalent psychiatric comorbidity in MS
neuronal damage (Visser-Vandewalle et al., 2022; Isensee et al., 2021). (Boeschoten et al., 2017; Widge, 2023), it relates to lower quality-of-life,
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cognitive dysfunction and disability worsening, consequently leading to
an increased MS-related disease burden (Little and Brown, 2012).
Depression traits in MS do not clinically differ from major depressive
disorder (MDD) (Anderson et al., 2021), namely negative mood and
reduced interest or pleasure of daily activities, which can be accompa-
nied by severe somatic or vegetative symptoms (Ng et al., 2023).
Recently, high involvement of the neuroimmune system in MDD has
been shown (Isensee et al., 2019; Tinkhauser et al., 2018), which may
relate to abnormal innate and adaptive chronic inflammatory reactions
(Moraud et al., 2018). Deeper understanding of the role of the immune
system for psychiatric symptoms and disorders has a vast conceptual
value for the development of new immunomodulatory remedies as
therapeutic interventions (Herz et al., 2018; Neumann et al., 2021).
Recent work suggests that clinical features and microstructural alter-
ations in both MS and MDD could parallel mesoscale gray matter (GM)
and white matter (WM) abnormalities (Herz et al., 2022; Steffen et al.,
2023). Therefore, the analysis of morphometric brain networks archi-
tecture is important for characterizing neuropathological processes in
vivo (Isensee et al., 2021). In early disease stages of MS, as network
reorganization occurs, even before common morphometric MRI mea-
sures can detect tissue degeneration (Isensee et al., 2021), increases in
regional and modular connectivity are suggested as potential compen-
satory mechanisms to maintain clinical function. Afterwards, the pro-
gressive tissue damage in later disease stages leads to a network collapse
in MS (Fleischer et al., 2019; Schoonheim et al., 2015). In MDD, network
reorganization is detected on a regional level, particularly affecting re-
gions involved in mood and emotion regulation (Maere et al., 2005)
within the fronto-temporal circuits (Lofredi et al., 2019).

Regarding structural changes, in MS, cortical thinning is consistently
found in frontal, temporal, and parietal regions (Steenwijk et al., 2016).
Moreover, fronto-temporal regions show increased cortical thinning in
MS patients with depressive symptoms as compared to non-depressive
patients (Pravata et al., 2017). Thus, it is conceivable that maladap-
tive structural network reorganization involving fronto-temporal re-
gions may contribute to the increased susceptibility to depression in MS
patients (Bame et al., 2021). In MDD, many studies evidenced cortical
thickening involving mostly frontal and temporal regions (Maere et al.,
2005; Khawaldeh et al., 2022), while the Enhancing NeuroImaging
Genetics through Meta-Analysis (ENIGMA) group has reported thinning
within the same set or neighboring regions (Jacobsen et al., 2014;
Brittain and Brown, 2014). However, different studies have yield small
effect sizes when comparing MDD and healthy subjects (Lofredi et al.,
2019; Holtzheimer et al., 2012), suggesting that brain structural effects
of MDD are smaller than in MS. One possibility is that conventional
measurements of brain morphometry may not fully capture the under-
lying neurobiological processes. Alternatively, the contrasting observa-
tions may result from different local disease-specific effects such as
neuroinflammation (Kohler et al., 2017), which cannot be fully disen-
tangled using standard morphometric parameters like cortical thickness.
Early research using postmortem data and more recently using in vivo
specialized brain imaging has suggested that cortical myelin, particu-
larly in the frontal cortex, is compromised in MDD patients and that
structural and molecular abnormalities of myelin integrity or myelin
supporting cells is related to the clinical presentation (Sacchet and
Gotlib, 2017; Sokolov, 2007; Tham et al., 2011). However a specific link
between this findings and network alterations in MDD is missing. In this
line, despite recent reports highlighting the involvement of neuro-
inflammation in the trajectory of depression (Isensee et al., 2019;
Tinkhauser et al., 2018), a head-to-head comparison between MDD and
primary neuroinflammatory diseases, such as MS, is missing. This is
necessary in order to unveil the underlying neurobiological mechanisms
of the observed morphometric changes. Recent reports on postmortem
data suggest that apparent changes in cortical thickness are affected by
myelin alterations in the border between GM and WM (Natu et al.,
2019). Accordingly, whereas cortical thickness has been consistently
used in MS research as a measurement of neurodegeneration (Isensee
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et al.,, 2021), the gray-to-white matter contrast (GWc), proposed as
proxy measurement of myelin related alterations (Vidal-Pineiro et al.,
2016; Kramer et al., 2015) may provide new opportunities for non-
invasively investigating neuroinflammation. In MS patients (Isensee
etal., 2021) and in animal models (Haider et al., 2014) demyelination is
known to be immune-mediated. Recently, we evidenced GM-network
reorganization already in the earliest disease stages of MS (Fleischer
et al., 2017) and proposed that GWc can better delineate inflammatory
damage from GM vulnerability in MS patients (Gonzalez-Escamilla
et al., 2020). Under this premise, in this study, we aimed to quantify the
impact of comorbid depression in MS on cortical network architecture in
comparison to MDD. We now go one step further to analyze morpho-
metric covariance networks derived from GWc and hypothesized that
this imaging morphometric measurement may mirror similarities of
brain pathology linking depression and neuroinflammation.

2. Subjects and methods
2.1. Participants

In total 684 participants from three different German neuroscience
centers were included — Department of Neurology of the Johannes
Gutenberg University Mainz, Department of Psychiatry and Psycho-
therapy of the Philipps-University of Marburg, and the Institute for
Translational Psychiatry of the University of Miinster. This included 280
MS patients from both centers, of which 222 subjects had no psychiatric
comorbidity (nMS) and 58 MS patients presented depressive symptoms
but no further psychiatric comorbidity (dMS). All MS patients were
diagnosed with relapsing-remitting MS according to the 2010 McDonald
criteria (Polman et al., 2011), were relapse-free and without steroid
treatment at least sixty days prior to enrollment. Moreover, we enrolled
202 MDD patients, diagnosed according to the Structured Clinical
Interview for Diagnostic and Statistical Manual of Mental Disorders IV
(SCID-IV) interview (Little et al., 2016), who were divided in two
groups: the first group had experienced a single depressive episode (SDE,
n = 70) and the second group had suffered recurrent depressive episodes
(RDE, n = 132). MDD patients did not suffer from any neurologic/psy-
chiatric disease besides MDD according to the Structural Clinical Inter-
view for Diagnostic (SCID-I) and Statistical Manual of Mental Disorders-
IV Text Revision (DSM-IV-TR) (Wittchen et al., 1997). The control group
consisted of 202 healthy participants without a history of any neurologic
or psychiatric disorder. Depressed patients and healthy controls were
part of the FOR2107 cohort (Miinster and Marburg) (Bocci et al., 2021).
All participants were matched for age and sex. The ethics committees of
both centers approved the study and all patients signed the informed
consent prior to participation. The FOR2107 cohort project (WP1) was
approved by the Ethics Committees of the Medical Faculties, University
of Marburg (AZ: 07/14) and University of Miinster (AZ: 2014-422-b-S).
For Mainz, the study was approved by the ethics committee of the State
Medical Board of Rhineland-Palatine (approval number 837.543.11
[8085]).

2.2. Neuropsychological, clinical, and depression symptoms assessment

Depression symptom severity was evaluated with the Beck Depres-
sion Inventory (BDI) for MDD and HC (FOR2107 participants) and BDI-II
for MS. Given the combination of different BDI versions and diseases, in
our study a score in the range of 0-8 was considered as not having
depressive symptoms, while scores greater than 8 indicated the oppo-
site, according to proposed cutoffs (Klistorner et al., 2022). The degree
of clinical disability in MS patients was determined according to the
Expanded Disability Status Scale (EDSS). Patient medication regarding
MS or depression symptoms were also extracted.
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2.3. MRI acquisition

For all participants from the first center in Mainz, 3 T-MRI scan data
were acquired on a Siemens Prisma-FIT scanner (Siemens, Germany)
with a 32-channel head coil, using an anatomical 3D sagittal T1-
weighted magnetization-prepared rapid acquisition with gradient echo
(MPRAGE) sequence with parameters: repetition time (TR) = 1900 ms,
echo time (TE) = 2.52 ms, inversion time (TI) = 900 ms, flip angle (FA)
= 9°, field of view (FoV) = 256 x 256 mmz, matrix size = 256 x 256,
voxel size = 1 x 1 mm?>.

For the FOR2107 participants, two scanners have been employed. In
Marburg, a 3 T MRI scanner (Tim Trio, Siemens, Erlangen, Germany)
with a 12-channel head matrix Rx-coil. In Miinster, a 3 T MRI scanner
(Prisma, Siemens, Erlangen, Germany) with a 20-channel head matrix
Rx-coil. Pulse sequence parameters were standardized across both sites
to the extent permitted by each platform. Structural data was acquired
using a T1-weighted 3D MPRAGE with parameters: TR = 2130 ms, TE =
2.28 ms, TI = 900 ms, FA = 8°, FoV = 256 x 256 rnmz, matrix size =
256 x 256, with an isotropic voxel size of 1 mm®. Details of the imaging
procedures and implemented quality assurance protocol have been
extensively described elsewhere (Arlotti et al., 2018).

2.4. MRI preprocessing and morphometry

Individual T1-weighted data were preprocessed semi-automatically
using FreeSurfer (v6.0; https://surfer.nmr.mgh.harvard.edu). Struc-
tural image processing included bias field correction, intensity normal-
ization, lesion filling and skull stripping. Furthermore, white matter
volume for both hemispheres was created, white (gray/white matter
boundary) and pial (gray matter/CSF boundary) surfaces defined and
corrected for topology (Fischl, 2012). To better analyze the gray-white
matter boundary, intensity maps from T1-weighted images are created
and then, the ratio of white to gray matter signal, i.e., gray-to-white
matter contrast, is computed. Tissue intensities were measured in gray
matter in a depth of 30 % of the cortical ribbon and in white matter 1
mm subjacent from the gray-white matter border (Gonzalez-Escamilla
et al., 2020), and resulting values were mapped back to the cortical
surface (see Fig. 1). Cortical surfaces were parceled into 68 regions (34
per hemisphere) according to the Desikan-Killiany atlas parcellation in
FreeSurfer (Fischl, 2012).
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2.5. Hierarchical morphometric network analyses

We computed morphometric networks derived from GWec. The
network analysis was performed using a gradual approach. First, whole-
cortex networks including all 68 regions were constructed for the three
main groups (HC, MDD and MS). For each group, connectivity matrices
were reconstructed as nodes, representing the cortical regions, and
edges, representing the similarity (correlation) in between each pair of
regions. The networks were reconstructed across a range of thresholds
applied to the connectivity matrix (N = 64, starting at 0.3 and ending in
0.9 in 0.01 steps), allowing for statistical inference while avoiding the
thresholding bias (Gonzalez-Escamilla et al., 2020). Next, we recon-
structed subgroup networks and performed a global subgroup analysis,
investigating differences between MDD patients with single and recur-
rent episodes, as well as the difference between the presence and
absence of depressive symptoms in MS. As a final step of the hierarchy,
according to previous work highlighting the involvement of fronto-
temporal regions in depression (Maere et al., 2005; Jacobsen et al.,
2014), in the further subgroup analyses 44 fronto-temporal regions (22
per hemisphere, including the cingulate cortex), defined according to
FreeSurfer’s lobe regional assignment (Gonzalez-Escamilla et al., 2020)
(https://surfer.nmr.mgh.harvard.edu/fswiki/CorticalParcellation),
were included.

2.6. Assessment of network topology

According to the relevance of network measures for evaluating
neuroinflammation-related network reorganization (Fleischer et al.,
2019), we analyzed modularity and clustering. Modularity measures the
extent of subdivisions of the global network into groups of highly
interconnected regions with sparse connections to the rest of the
network (Bullmore and Sporns, 2009). The clustering coefficient eval-
uates the density of local connections as the number of edges between its
nearest neighbours (Bullmore and Sporns, 2009).

From the reconstructed GWc networks, the regions showing differ-
ences in their degree of connectivity between groups after correction for
multiple comparisons (FDR P < 0.05) were extracted to evidence simi-
larity and dissimilarity among groups in regions conferring vulnerability
for network reorganization.
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Fig. 1. Brain surface morphology metrics. Based on 3 T MRI T1-weighted images, gray-to-white matter contrast was measured based on tissue intensities, for the gray
matter in a depth of 30 % from the cortical surface and in the white matter 1 mm subjacent from the gray-white matter border. The resulting intensity values were

mapped to the cortical surface.
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2.7. Statistical analysis

Statistical analyses were performed in Statistica™ (version 14.0;
TIBCO Software) and MATLAB R2018b (Mathworks, Natick, MA, USA).
One-way analysis of variance (ANOVA), y>-test, independent t-test and
Mann Whitney U test were conducted to evaluate group differences in
demographic and clinical variables, where appropriate. Network to-
pology parameters and differences in cortical surface morphology were
assessed by one-way ANOVA using group as factor (HC, SDE, RDE, nMS,
and dMS) while controlling for age, sex and disease duration.
Tukey-HSD post hoc analyses (P < 0.05) were used. A linear regression
analysis was performed to test the association between global GWc and
depression scores.

2.7.1. Morphometry-based classification analysis

We implemented an optimized support vector machine (SVM) clas-
sification model (Gonzalez-Escamilla et al., 2019) to estimate the
discriminatory power of GWc within the MS subgroups. The SVM was
trained on HC and MDD data. In this model, the classification accuracy
was cross-validated via leave-one-out strategy. The trained cross-
validated model was used to assess whether the morphometric param-
eters allow a robust classification of depressive symptoms in MS pa-
tients. Additionally, the area under the curve (AUC) from receiver
operating characteristic (ROC) curves was estimated to test the sensi-
tivity and specificity of GWc to differentiate patient subgroups from HC.

Table 1
Characteristics of the participants.
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3. Results

Depressive symptoms differed significantly between subgroups (F (4,
679) = 178.41, P < 0.001, partial-r]2 = 0.52; Table 1). Particularly, no
differences were found between dMS, SDE and RDE (post hoc P > 0.05),
whereas these three groups had significantly higher depression scores
than both nMS and HC (all P < 0.001). Within the MS subgroups (nMS
and dMS), no differences in the level of disability as measured with EDSS
or DMT (disease modifying therapy). nMS patients had a longer disease
duration than dMS, whereas disease duration was longer in RDE than
SDE. In MDD patients, the use of antidepressant medication was
significantly more frequent in RDE than in SDE and in both MDD sub-
groups than in dMS. The characteristics of subjects, per subgroup
including demographic and clinical information is presented in Table 1.

3.1. Group differences in whole-cortex network topology

In GWc-derived networks, we observed increased modularity (F (2,
174) = 36.4, P < 0.001, partial-n2 = 0.3) and clustering (F (2, 174) =
5.2, P =0.006, partial—n2 = 0.1) across groups. Particularly, both MS and
MDD patients had higher modularity and clustering in comparison to HC
(Fig. 2). Higher modularity was observed in MS patients in comparison
to MDD patients (Fig. 2).

3.2. Whole-cortex network subgroup analyses

The ANOVA showed that in whole-cortex GWc-derived networks
both modularity (F (4, 276) = 26.12, P < 0.001, panrtial-n2 =0.28) and

HC (n = 202) nMS (n = 222) dMS (n = 58) SDE (n = 70) RDE (n = 132) Test statistic® Effect size
Gender; male/female 82/120 71/151 8/50 26/43 49/84 15.6* 0.16"
Age (in years); mean (SD) 35.7 (12.5) 34.0 (10.4) 36.4 (9.6) 36.1 (12.9) 37.9 (12.9) 1.72 0.01"
EDSS; median (range) —- 1 (0-6) 1.5 (0-3.5) —- —- 1.15 0.01¢
Depression score; mean (SD) 4.05 (3.88) 1.68 (2.53) 15.5 (5.97) 15.66 (11.03) 18.24 (11.29) 178.41** 0.52"f
Disease duration; years, mean (SD) —- 2.3(3.9) 1(2.6) 7.3 (19.1) 12.4 (9.8) 38.66** 0.16"
DMT; % —- 75.5 64.4 —- —- 2.31 0.1°
IFN 19.6 20.0
GA 17.6 20.0
Teriflunomide 2.0 0.0
DMF 14.7 3.3
Fingolimod 3.4 2.2
Cladribine 0.0 2.2
Natalizumab 15.2 4.4
Alemtuzumab 0.5 0.0
Rituximab 0.5 2.2
Mitoxantrone 2.0 0.0
AD; % —- —- 6.9 45.7 72.0 55.70%** 0.47°
Conventional MRI-findings
GMV; mL (SD)
707.5 (92.9) 633.7 (78.0) 621.6 (55.7) 694.5 (78.1) 700.5 (72.5) 32.96%** 0.16"
WMV; mL (SD) 532.4 (76.4) 575.0 (82.3) 557.8 (50.4) 523.8 (59.4) 530.0 (57.0)
—- 6.3 (11.6) 3.4 (6.5) —- —- 14.33%** 0.08"
WML; mL (SD)
1.81 0.31¢

HC, healthy controls; nMS, non-depressed multiple sclerosis patients; dMS, multiple sclerosis patients with depressive symptoms; SDE, major depressive disorder with a
single episode; RDE, major depressive disorder with recurrent episodes; EDSS, Expanded Disability Status Scale; BDI-II, Beck Depression Inventory-II; DMT, disease
modifying therapy; IFN, Interferon; GA, Glatiramer acetate; DMF, Dimethyl fumarate; AD, antidepressants; GMV, gray matter volume; WMV; white matter volume;

WML, white matter lesion load; mL, milliliters; SD, standard deviation.

Significant P values (<0.05) are shown in bold. *P < 0.05, **P < 0.005, ***P < 0.001.

2 P value derived from y? test, effect size is presented as phi.

b p value derived from one-way ANOVA, effect size is presented as patial- Eta squared (n2).
¢ P value derived from Mann Whitney U test, effect size is presented as Cohen’s Ul.
4 P value derived from independent t-test, effect size is presented as Cohens’s d.

¢ y?/F-value/Z-value, where appropriate.

f Separate ANOVAS were additionally modelled for participants with BDI (HC, SDE and RDE) and BDI-II (nMS and dMS) scores. ANOVA for HC, SDE and RDE F
(401,2) = 131.9, P < 0.001, patial—n2 = 0.4; ANOVA for nMS and dMS F(278,1) = 711.6, P < 0.001, patial—n2 =0.72.
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Fig. 2. Differences in modularity and clustering coefficient across groups. Network parameters of morphometric covariance networks derived from gray-to-white
matter contrast in the three main groups: healthy controls (HC), multiple sclerosis (MS) and major depressive disorder (MDD). For each network parameter an
ANOVA was used, followed by Tukey-HSD post-hoc analysis to evaluate pair-wise differences between the groups (P < 0.05). *P < 0.05, **P < 0.005, ***P < 0.001.
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Fig. 3. Subgroup differences in whole-cortex network topology. A) Increased modularity as derived from morphometric covariance networks based on gray-to-white
matter contrast in major depressive disorder with single (SDE) and recurrent depressive episodes (RDE), multiple sclerosis patients without depression symptoms
(nMS), and multiple sclerosis with depressive symptoms (dMS) compared to healthy controls (HC). Post-hoc analyses for differences between groups were calculated
with Tukey-HSD (P < 0.05). *P < 0.05, **P < 0.005, ***P < 0.001. B) Depiction of the cortical regions included in the reconstruction of the GW contrast networks,
according to the cortical segmentation form Freesurfer. C) Linear trend analysis evidencing a statistically significant gradient of modularity increases across groups.
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clustering (F (4, 276) = 3.36, P = 0.01, partial-n2 = 0.04) differed
significantly among the subgroups. Specifically, for modularity a
gradient of increase was observed in the direction HC < SDE < RDE <
nMS < dMS (all P < 0.005; Fig. 3). MS subgroups differed from the
depression subgroups (all P < 0.001), and increased modularity was
observed in dMS when compared to nMS (P = 0.036). For clustering,
patient subgroups showed a significant increase in comparison to HC (all
P < 0.05). A similar pattern of increased gradient emerged within the
subgroups, but only differences between SDE and nMS were significant
(P < 0.05).

3.3. Fronto-temporal network reorganization in MS and MDD

The network analysis including the fronto-temporal regions (Fig. 4)
evidenced a significant increase in modularity (F (4, 271) = 15.8, P <
0.001, partial-n2 = 0.19) but not for clustering (F (4, 271) = 1.77, P =
0.065 partial-n? = 0.023). The pattern of differences here showed main
differences for all groups to HC (all P < 0.001). Increased modularity
was observed among nMS, dMS and RDE, as well as between dMS and
SDE (all P < 0.05; Fig. 4).

3.4. Regional similarities on network vulnerability

Our analyses evidenced that the number of vulnerable regions, i.e.
with significant influence on network reorganization, was greater in
RDE and both MS subgroups in comparison to SDE (see Table 2). Across
subgroups a predominance of fronto-temporal regions (including the
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cingulate) was evident. Interestingly, in all patient subgroups the ento-
rhinal cortex was the area with the highest degree, and the only area
identified as a network hub (i.e., region with degree above 2 standard
deviations than the mean network degree). Accordingly, the entorhinal
cortex showed network topology (degree) differences across SDE, RDE
and dMS subgroups when compared to HC (Table 2). A robust linear
regression analysis between the structural integrity of the entorhinal
cortex and BDI-scores, revealed that the severity of depressive symptoms
was associated with increased GWc abnormalities across all patients (r
=0.39, P < 0.001) but not in HC (r = -0.126, P > 0.05).

3.5. Cortical morphometry differentially correspond to depressive
symptomatology

When comparing the cortical morphometry among the three main
groups (HC, MDD, and MS) (Fig. 5), group differences across all cortical
regions showed a similar pattern of GWc (F (2, 681) = 247.2, P < 0.001,
partial-n? = 0.42). More specifically, GWc decreased in MS compared to
MDD and HC (all P < 0.001), without noticeable differences between
MDD and HC (P > 0.05).

When subdividing the MDD and MS groups, again reduced GWc was
observed (F (4, 679) = 125.04, P < 0.001, partial—n2 = 0.42), but con-
trary to the network analyses no clear differences among all subgroups
were attested. For GWc, significant differences appeared only between
MS subgroups and HC as well as between MS subgroups and MDD
subgroups (all P < 0.001), whereas no differences were seen between
SDE and RDE when compared to HC, nor between SDE and RDE or nMS
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Fig. 4. Subgroup differences in fronto-temporal network topology. A) Forty-four fronto-temporal regions were included as defined by FreeSurfer lobe segmentation
(see methods). The ANOVA evidenced increased modularity as derived from morphometric covariance networks based on gray-to-white matter contrast in major
depressive disorder with a single (SDE) and recurrent depressive episodes (RDE), multiple sclerosis patients without depressive symptoms (nMS), and multiple
sclerosis patients with depressive symptoms (dMS) in comparison to healthy controls (HC). Post-hoc analyses for differences between groups were calculated with
Tukey-HSD (P < 0.05). *P < 0.05, **P < 0.005, ***P < 0.001. We further assessed the association between depression symptoms severity, assessed via BDI, and the
morphological integrity of the entorhinal cortex (marked in red in the upper right gray small brain), which resulted non-significant in HC (B) but significant in the
included patients (C). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 2
Regional subgroup differences in network degree as indicator of higher vulnerability.
SDE RDE nMS dMs
regions (n = 3) P regions (n = 11) P* regions (n = 11) P* regions (n = 7) P
Left hemisphere
isthmus cingulate 0.01 postcentral <0.001 middle temporal <0.001 parahippocampal <0.001
bankssts 0.03 posterior cingulate 0.01 caudal middle frontal 0.01 lingual 0.02
entorhinal 0.045 pars opercularis 0.03 pars orbitalis 0.02 pars orbitalis 0.04
lingual 0.03 inferior temporal 0.04 isthmus cingulate 0.04
pericalcarine 0.04 pericalcarine 0.04
temporal pole 0.045
Right hemisphere
entorhinal <0.001 paracentral 0.03 entorhinal 0.01
postcentral <0.001 caudal anterior cingulate 0.04 bankssts 0.03
pericalcarine <0.001 transverse temporal 0.04 inferior temporal 0.03
posterior cingulate 0.03 fusiform 0.04
parahippocampal 0.03 caudal middle frontal 0.045
middle temporal 0.045

bankssts = banks of superior temporal sulcus; SDE = major depressive disorder with a single depressive episode; RDE = major depressive disorder with recurrent
depressive episodes; nMS = multiple sclerosis patients without depressive symptoms; dMS = multiple sclerosis patients with depressive symptoms.

" P-values are shown after FDR correction with a threshold of 95% confidence.
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Fig. 5. Morphometric differences between groups. For the main groups and subgroups, reductions in gray-to-white matter contrast (GW-contrast) were attested.
Post-hoc pair-wise differences were calculated with Tukey-HSD. Only significant results (p < 0.05) are shown. Healthy controls (HC), major depressive disorder
patients (MDD) with a single episode (SDE), MDD with recurrent episodes (RDE), and multiple sclerosis (MS) patients with no symptoms of depression (nMS), and MS

patients with depressive symptoms (dMS).

and dMS.

GWc in the fronto-temporal regions showed significant group dif-
ferences (F (4, 679) = 117.22, P < 0.001, partial—n2 = 0.41). Post-hoc
analysis revealed decreased GWc in nMS and dMS to all groups (all P
< 0.05), whereas no differences between HC and SDE or RDE were
observed. Thus, in comparison to the network analyses, pure morpho-
metric approaches may not provide enough sensitivity to follow the

clinical presentation of MDD.

In order to further shed light onto the value of GWc on depression
symptoms, we first trained a SVM to distinguish between HC and
depression patients reaching a 75 % leave-one-out cross-validated ac-
curacy of. The validation accuracy reached 84 % for classifying nMS
patients and 88 % for classifying dMS (Fig. 6). We further tested,
through ROC analysis, the discriminative value of GWc for
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Fig. 6. Differentiation of multiple sclerosis, major depressive disorder and healthy controls. (A) Cross-validated accuracy (%) of the support vector machine clas-
sification of depression symptoms among MS patients; the higher accuracy was attested for multiple sclerosis patients with depressive symptoms (dMS; 88%) fol-
lowed by non-depressed multiple sclerosis (nMS; 84%). (B) The receiver operating characteristic (ROC) curves with their respective area under the curve (AUC)
depict the performance of whole-cortex gray-to-white matter contrast (GW-contrast) in differentiating nMS and dMS against HC, as well as for major depressive
disorder patients with a single depressive episode (SDE) and major depressive disorder patients with recurrent depressive episodes (RDE) against HC.

distinguishing between patient subgroups and HC. GWc discriminated at
best between HC and nMS (AUC = 0.96), followed by dMS (AUC =
0.91). Lower performance was achieved between HC and SDE (AUC =
0.7) and RDE (AUC = 0.72).

4. Discussion

By evaluating cortical morphometric covariance networks of MS
patients with and without depressive symptoms in comparison to MDD
and HC, we attempted to disentangle the effects of comorbidity and
disease severity on cortical network reorganization. The demonstrated
similarities in network reorganization between MS and MDD indicate
the involvement of neuroinflammation in patients with MDD and may
underlie the increased vulnerability of MS patients to develop depressive
symptoms.

4.1. Network reorganization in MDD resembles neuroinflammation-
related reorganization

In MS patients, neuroimmune-related cortical network reorganiza-
tion, as reflected by increased topology metrics, is detectable very early
in the disease trajectory, even before gray matter atrophy becomes
manifest and is related to the clinical phenotype (Isensee et al., 2021;
Miiller et al., 2023). In the early stages of MS, a decomposition of the
network into smaller modules is widely interpreted as an adaptive
mechanism to maintain brain function despite long-range disconnection
(Isensee et al., 2021; Schoonheim et al., 2015). This increase in modu-
larity was also evidenced in our study. However, here, increased
modularity closely reflected the severity in depression in both MDD
subgroups and the comorbidity in MS patients, depicting a significant
linear trend (gradient) of the form dMS > nMS > RDE > SDE > HC.
Interestingly, the clustering coefficient increased in all groups when
compared to HC, but not among them. In view of the observed modu-
larity pattern, this may reflect an adaptive mechanism in which local
connections are strengthened in response to an ongoing loss of long-
range connections between subnetworks (Isensee et al., 2021;
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Fleischer et al., 2017), whereas the lack of alterations in clustering
among subgroups strongly suggests the involvement of similar mecha-
nisms underlying network organization. We propose that brain inflam-
mation contributes to network reorganization in MDD and increase
vulnerability to depression in MS patients. This is supported by previous
reports on increased network topology in MS patients mirroring ongoing
neuroinflammation (Ciolac et al., 2019) (see Groppa et al. (Isensee et al.,
2021) for a recent review). Moreover, recent findings have posed a
major role of neuroinflammation in MDD (Isensee et al., 2019; Tink-
hauser et al., 2018). Peripheral inflammatory markers are linked to a
disturbed white matter integrity underpinning the relevance of inflam-
mation on myeloarchitecture (Vercellino et al., 2008). In MS, a direct
link between neuroinflammation and depression has been recently evi-
denced (Gonzalez-Escamilla et al., 2022; Tinkhauser et al., 2017).

4.2. The added value of GW-contrast for assessing neuroinflammation
and brain reorganization

GWCc has been proposed to assess myelin-related alterations within
the GW-boundary, (Vidal-Pineiro et al., 2016; Kramer et al., 2015)which
in MS are known to be immune-mediated (Isensee et al., 2021). In the
cuprizone animal model of inflammatory demyelination a decrease in
GWc during demyelination phase has been reported (Haider et al.,
2014). Histological correlates of cortical structural network alterations
in a post-mortem sample of MS patients evidenced an association of
integration and segregation parameters with neuronal size and axonal
density (Steffen et al., 2023), therefore in MS patients GWc network-
derived topology likely depicts neuroimmune-related aspects of tissue
reorganization (Gonzalez-Escamilla et al., 2020).

In MDD patients, our findings of reduced GWc are supported by
previous postmortem MDD and quantitative MRI studies reporting
reduced myelin in the cortex and superficial white matter (Duchet et al.,
2021; Ricigliano et al., 2021). Possible explanations comprise neuro-
inflammation —mediated effects, as elevated cytokine concentrations in
blood (Elkjaer et al., 2021), cerebrospinal fluid (Assarsson et al., 2014)
as well as in post-mortem brain tissue (Szklarczyk et al., 2021) exist in
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depressed patients. Some of these cytokines like tumor necrosis factor
(TNF)-a induce oligodendrocyte apoptosis via direct cytotoxicity
(Huang et al., 2020). Defects of oligodendrocyte lineage cells lead to
disturbed myelination, which may account for interindividual vulnera-
bility to depressive symptoms (Giordano et al., 2022). Reduced oligo-
dendrocyte density is found in post-mortem brain samples of MDD
patients (Assarsson et al., 2014). Therefore, reduced myelin content,
captured by GWc, is a potential proxy for the neuroinflammatoy activity
in MDD and MS. Indeed, treatment with antidepressant medication has
an anti-inflammatory effect by cytokine reduction (Engel et al., 2020)
and can therefore shape myeloarchitecture and the GWc-signal. This is
underpinned by studies of MS mouse models showing that that treat-
ment with venlafaxine reduces demyelination in cuprizone mice while
fluvoxamine mitigates inflammation and demyelination in experimental
autoimmune encephalitis (Steffen et al., 2023; Parodi and Kerlero de
Rosbo, 2021). In our study, use of antidepressants in the MDD subgroups
might have reduced the effect on GWc signal by above mentioned
mechanisms, while in the MS patients only about 7 % of the depressed
participants were on antidepresants. Likewise, effects could be
comparatively more severe in dMS due to absent antidepressant
medication.

Altogether, GWc may be rendered a more sensitive proxy for
neuroinflammation-associated myelin-related alterations, while cortical
thickness remains a sensitive proxy for neurodegeneration. Both brain
morphometric parameters mirroring parallel processes of tissue
remodeling that can be considered complementary to each other, of-
fering a more comprehensive assessment of gray matter pathology.
Further research should address the underlying histologic processes to
elucidate their neuropathological basis.

4.3. Reduced cortical integrity increases vulnerability to depressive
symptoms in MS

In accordance with the network analyses, MS patients with depres-
sive symptoms presented reduction of the GWc and more pronounced
network abnormalities. In accordance, depressive symptoms in MS have
been linked to cortical integrity abnormalities in the temporal (Maere
et al., 2005; Chen et al., 2018) and fronto-temporal (Pravata et al., 2017;
Tham et al., 2011) regions. Two possible hypothesis may serve to
explain the current results, first depressive symptomatology may have a
cumulative effect on the preexisting neural damage in MS. Alternatively,
neural damage related to neuroinflammation and demyelination in MS
may drive depression symptoms. Noteworthy, across all patient sub-
groups, the entorhinal cortex was the only area that exhibited hub
properties and, thereby posed the highest vulnerability to the network.
Due to its core position as component of the upstream hippocampal
circuitry, the entorhinal cortex provides excitatory inputs to the hip-
pocampus via the perforant pathway and the entorhinal layer IV re-
ceives one of the major efferent projections from the hippocampus.
Additionally we found an association between structural damage in the
entorhinal cortex (abnormal GWc) and increased depressive symptoms.
A recent study reported an association of entorhinal integrity and in-
crease of depressive symptoms in depressed patients with elevated pe-
ripheral inflammatory markers, which was suggested as an indicator of
entorhinal cortex increased vulnerability to inflammation in MDD-
patients (Sacco et al., 2016). Altogether, this suggests that a combina-
tion of network- and microstructure-mediated effects account for the
increased susceptibility to developing depressive symptoms in MS and
further episodes in MDD.

Overall, we evidenced that depressive symptoms are associated with
alterations in the organization of morphometric networks that over-
lapped with neuroinflammation-related reorganization. Depressive
symptoms in MS and recurrent depression episodes in MDD showed to
have a cumulative effect on aberrant cortical connectivity but similar in
topology. Altogether, we show that network reorganization related to
depression is overlapping with neuroinflammatory patterns. GW-
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contrast analyses serve as a valuable complementary morphometric
parameter that allows detection of subtle alterations related to clinical
manifestations.

4.4. Limitations of study

There are limitations of our study. A first limitation is that different
versions of the BDI depression scale were used (BDI-I and BDI-II).
However, the revised version (BDI-II) only included small adaptation
of the wording to better fit the DSM-IV criteria for depression and in a
comprehensive review a high correlation between both BDI versions was
found (Wang and Gorenstein, 2013). Moreover, we opted to use a cut-off
of 8 points for the BDI scales, which is within the widely-used ranges
(Wang and Gorenstein, 2013) although being lower than other sug-
gested cut-offs determined for MS (Sacco et al., 2016), and despite non
comparable, both BDI-I and —II are well-validated for the assessment of
depressive symptoms in MDD and MS. (Sacco et al., 2016; Kiihner et al.,
2007) Nonetheless, the use of any arbitrary threshold might led to un-
certain inclusion of participant in the subgroups. A plausible solution to
combine test would be the usage of metrics transformation methods htt
ps://www.common-metrics.org/. Unfortunately the mentioned method
is still not validated and require measurement of same lengths, which
are not always available in multi-centric studies. Related to this, we have
based our analyses on one single depression score, but others are
available, which have a different sensitivity are shown to be comple-
mentary measurements (Seemuller et al., 2023), such as the Hamilton
Depression Rating Scale (HAM-D) and the Montgomery Asberg
Depression Rating Scale (MADRS). Further, the two main cohorts of
patients were scanner in different scanners, resulting in uneven distri-
bution of the groups across scanners. Although correction for scanner
can be included in the statistical models for HC and MDD, inclusion of
this confounding factor in MS may narrow the disease effects of interest.
However, the MRI acquisition parameters, particularly the TI were
comparable across centers. Noteworthy, the morphometric measure-
ments of all groups were found to fall well into the range of the other
groups (GWc values [20.7-32.4]). Noteworthy, the exact link between
neuroinflammation, demyelination and symptom severity remain to be
fully elucidated, for this endeavor further longitudinal studies with
myelin sensitive imaging are necessary and possibly substantiated with
histological data are needed. Additionally, not enough information was
available to evaluate possible effects of medication over the mye-
loarchitecture and the GWc-signal. Finally, despite using nonspecific
markers of neuroinflammation, as above discussed previous post-
mortem and animal reports guaranty the link between GWc and
ongoing neuroinflammation.
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