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ABSTRACT

This study explores the global signal topography of core and periphery brain networks in Major Depressive Disorder (MDD), Bipolar disorder (BD-Dep) and healthy
controls (HC) using resting-state fMRI. In a sample of 140 depressed MDD and BD patients, and 70 HC, we observed a significant shift toward increased activity in the
transmodal-core regions (e.g., default mode network, frontoparietal network) at the expense of unimodal-periphery regions (e.g., visual, sensory-motor cortices) in
both depressed MDD and BD patients compared to HC. Whole brain machine learning analyses further demonstrated that altered global signal dynamics can
effectively distinguish MDD and BD from HC (ACC = 79% and 77% respectively). Notably, we identified a significant negative correlation between global signal
correlation in unimodal-periphery networks and depressive symptom severity. Additionally, in a smaller sample of BD during mania (N = 22) a distinct topographic
pattern was observed, with increased global representation in the unimodal-periphery compared to depressive states, suggesting mood state-dependent shifts in
network organization. To assess multivariate discriminability across diagnostic groups, a Partial Least Squares (PLS) analysis revealed that higher Core and related
network activity (DMN, FPN) predicted diagnostic assignment to MDD and BD-Dep, whereas higher Periphery and related network (e.g., visual and sensory-motor
networks) predicted assignment to BD-Man and HC. The Core-Periphery (C-P) ratio emerged as the strongest predictor (VIP = 1.65). These results underscore the
critical role of global signal topography in mood disorders, particularly the imbalance between core and peripheral brain networks, as a potential neurobiological

marker for depressive states.

1. Introduction

Depression represents a major global contributor to lifelong
disability, imposing both economic and societal burdens (Wittchen,
2012). Major depressive episodes may occur in Major Depressive Dis-
order (MDD) and in Bipolar Disorder (BD), where depressive phases
alternate with hypomanic or manic episodes (Cuellar et al., 2005).
Resting-state functional MRI (rs-fMRI) has become a central tool for
investigating the neurobiological mechanisms underlying these condi-
tions, consistently revealing abnormalities in large-scale intrinsic brain
networks such as the Default Mode Network (DMN), Frontoparietal
Network (FPN), and Salience Network (SN) (Davey et al., 2016; Berger,
1929; Northoff, 2016a; Raichle, 2015; Raichle et al., 2001). Altered
resting state dynamics within these networks, particularly in the DMN
and FPN have been repeatedly associated with symptoms such as

rumination, excessive mind-wandering, and heightened self-focus (Price
and Drevets, 2010; Buckner et al., 2008). Additionally, changes have
been observed in unimodal sensory and motor regions, further sug-
gesting a global imbalance of brain activity (Liu et al., 2022; Martino
et al., 2020; Martino et al., 2016; Northoff et al., 2018; Quraishi and
Frangou, 2002; Scalabrini et al., 2025a; Song et al., 2021; Song et al.,
2024a). This perspective aligns with the notion that large-scale brain
organization is shaped by a core-periphery (C-P) architecture, whereby
integrative transmodal “core” regions (e.g., DMN, FPN) are distin-
guished from sensory-motor “periphery” regions, suggesting that an
imbalance in this C-P topography may characterize mood disorders
(Doucet et al., 2020; Hamilton et al., 2012; Hamilton et al., 2011; Janiri
and Frangou, 2022; Northoff and Hirjak, 2024; Zhou et al., 2010).
However, this topographic imbalance has yet to be empirically investi-
gated by comparing the depressive episodes in the two disorders, which
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is the main aim of the present study.

Increased connectivity within the DMN, particularly between regions
such as the medial prefrontal cortex and hippocampus, has been
consistently reported in MDD (Hao et al., 2020; Kaiser et al., 2015;
Zhang et al.,, 2018). More recent work has shifted attention toward
global signal dynamics, particularly global signal correlation (GSCORR)
(Ao et al., 2021; Liu et al., 2017; Murphy and Fox, 2017; Yang et al.,
2024), which examines the spatial average of the time-varying BOLD
signal across the entire brain (Scalabrini et al., 2020). Abnormal
GSCORR patterns have been observed in DMN hubs during both rest and
task states and have been linked to depressive symptoms (Abdallah
et al., 2017; Murrough et al., 2016; Scheinost et al., 2018) as well as to
treatment responses (Yang et al., 2024). Scalabrini et al. (Scalabrini
et al., 2020) further showed that alterations in both within-DMN and
DMN-non-DMN connectivity result in a reorganization of global signal
topography in MDD, characterized by a shift toward greater global
representation of DMN regions. This shift reflects a bias toward inter-
nally oriented cognition, consistent with symptoms such as rumination
and heightened self-referential processing (Northoff, 2007; Northoff,
2016b; Northoff, 2024). In addition, recent findings emphasize the
contribution of unimodal periphery regions, with reduced activity in
visual cortex correlating with overall depressive severity and psycho-
motor retardation (Liu et al., 2022; Scalabrini et al., 2025b; Song et al.,
2024b).

Literature on global signal dynamics in BD is limited, but available
evidence indicates mood-state-dependent shifts in global signal topog-
raphy. Zhang et al. (Zhang et al., 2019) reported that during manic
episodes, BD patients show increased global signal in motor regions,
consistent with heightened psychomotor activity and agitation. In
contrast, BD depression is characterized by increased global signal in the
hippocampus, potentially reflecting enhanced autobiographical mem-
ory processing. These findings suggest that alterations in global signal
topography also characterize BD and vary systematically across mood
states.

Mood disorders, particularly during depressive episodes, are thought
to involve a dysfunctional shift from unimodal sensory regions toward
transmodal core networks, accompanied by altered global signal dy-
namics (Liu et al., 2022; Scalabrini et al., 2020; Lu et al., 2022). Such
imbalance may contribute to key depressive symptoms, including
excessive self-focus, rumination, and disruptions in internally directed
cognition. Despite growing evidence, the precise nature of this cor-
e—periphery alteration in MDD and BD—especially during depressive
episodes—remains insufficiently understood.

1.1. Aims of the study

The primary aim of this study is to examine differences in global
core-periphery topography across individuals with MDD, BD during
depressive episodes (BD-Dep), and healthy controls (HC), focusing on
the balance between transmodal-core and unimodal-periphery net-
works. We assessed both voxel-wise and network-level global signal
dynamics and examined whether these alterations relate to depressive
symptom severity. As a preliminary proof of concept, we also explored
global signal patterns in BD mania (BD-Mania) to identify potential
state-dependent shifts in core-periphery organization.

Drawing on prior findings (Scalabrini et al., 2020; Lu et al., 2022;
Zhang and Northoff, 2022), we hypothesized that both MDD and BD-Dep
would show a common shift toward increased global representation of
core transmodal networks (e.g., DMN, FPN) and reduced representation
of unimodal sensory-motor regions. We further expected these alter-
ations to emerge in both voxel-wise and network-of-interest analyses, to
correlate with depressive symptom severity, and to support diagnostic
classification of MDD and BD-Dep relative to HC using machine-learning
approaches. Finally, we hypothesized that BD-Mania would show a
distinct, state-dependent shift, characterized by relatively greater ac-
tivity in unimodal periphery networks.

Journal of Affective Disorders 405 (2026) 121550
1.2. Experimental procedures

The sample included 140 inpatients with a major depressive episode,
either with a diagnosis of MDD (n = 70) or BD (n = 70) and 22 inpatients
with a manic episode of illness, consecutively admitted at the Mood
Disorder Unit of IRCCS Ospedale San Raffaele in Milan, Italy. Seventy
healthy participants served as controls.

Descriptive statistics and differences between groups are reported in
Table 1.

Clinical assessment, fMRI data acquisition, and preprocessing are
reported in Supplementary materials.

After a complete description of the study, written informed consent
was obtained. All research activities were approved by the local ethical
committee.

1.3. fMRI analyses

The fMRI analysis followed a four-step approach. First, voxel-wise
GSCORR maps were used to compare whole-brain topography in
depressive episodes (MDD, BD-Dep) versus healthy controls. Second, a
network-of-interest analysis examined Core (DMN, FPN, Limbic) and
Periphery (Visual, SMN, DAN, VAN) networks across groups, supple-
mented by machine learning to test the predictive value of these features

Table 1
Descriptive statistics.

HC (n MDD BD-Dep BD- P Post-
=70) (n= (n= Man hoc
70) 70) n=
22)
Age 28.34 51.65 47.69 44.95 <0.001 HC<
+ + +13.01 + MDD,
7.70 10.00 11.50 BD-
Dep,
BD-
Man
Sex (F/M) 37/33 35/35 34/36 14/9 0.679
Education (yrs) 16.03 12.87 12.26 12.65 <0.001 HC>
+ +3.92 + 3.67 +4.98 MDD,
3.08 BD-
Dep,
BD-
Man
Duration of - 16.57 19.00 12.00 0.053
illness (yrs) + +12.12 +
12.54 10.16
BDI score - 14.50 14.23 - 0.389
+8.12 + 8.94
Imipramine eq. - 173.14 131.49 2.61 <0.001 MDD
+ + + > BD-
78.73 100.04 12,51 Dep,
BD-
Man
BD-
Dep >
BD-
Man
Chlorpromazine - 16.1 + 8.51 + 208 + <0.001 MDD
eq. 41.9 23.1 167 > BD-
Dep,
BD-
Man
BD-
Dep >
BD-
Man
Lorazepam eq. - 0.53 + 2.06 + 1.93 0.201
1.04 7.80 +2.41
Lithium (N/Y) - 67/3 36/34 7/16 <0.001 MDD
< BD-
Dep,
BD-
Man
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and by correlations with depressive symptoms. Third, to assess the
specificity of Core-Periphery disruptions to depressive states, we
included a smaller sample of BD individuals scanned during mania (BD-
Man, N = 22), acknowledging the practical challenges and reduced
statistical power inherent in scanning manic patients. Finally, Partial
Least Squares (PLS) analysis was conducted to evaluate the multivariate
discriminability of whole-brain GSCORR patterns across all diagnostic
groups.

2. Voxelwise analysis
2.1. Calculation of global brain activity—GSCORR
As a first step GSCORR was calculated as the Pearson correlation

between the GS and all the other voxels in the whole brain gray matter
with Fisher z transformation (Power et al., 2012). Group comparisons

A
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were performed using AFNI's function “3dANOVA”. The results were
thresholded at p < 0.001 (FDR corrected; with a minimum cluster size of
40 voxels) (See Fig. 1). Statistical maps were thresholded at p = 0.001,
False Discovery Rate-corrected (FDR-p) of p < 0.05 with a minimum
cluster size of 100 significant voxels (Zhu et al., 2019).

Statistical maps (Fig. 1) were thresholded at a voxel-wise threshold
of p < 0.001 and corrected for multiple comparisons using false dis-
covery rate (FDR) at q < 0.05, with a minimum cluster extent of 100
contiguous voxels (Zhu et al., 2019). Global signal regression was not
applied, as the primary outcome (GSCORR) quantifies voxelwise
coupling with the global signal. Applying GSR removes the defining
signal component and can induce sign inversions by construction; a
GSR-based sensitivity analysis is therefore reported in the Supplemen-
tary Material (Fig. S1). Sensitivity analyses on pharmacological expo-
sure indicated that medication load did not account for the observed
Core-Periphery topographic organization, nor for its association with

Global Signal Correlation - Depressive Disorders (MDD+BD-Dep) vs. HC

t=3.3436; p<0.001; FDR corrected

3
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Global Topographical similarities between MDD and BD-Dep

Fig. 1. Global brain topography. A) Whole brain global signal correlation (GSCORR) topography of depressive disorders, i.e., Major Depressive Disorder and Bipolar
Disorder in Depressive state (MDD + BD-Dep) vs. Healthy Controls (HC). B) Independent comparisons: MDD vs. HC; BD-Dep vs. HC and MDD vs. BD-Dep.
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depressive symptom severity (see Supplementary Materials).

2.2. Individual classification of subjects—machine learning using support
vector machine

To assess whether global signal topography discriminates diagnostic
groups, we performed multivariate pattern classification on GSCORR
maps using support vector machines (SVM) implemented in PRoNTo
2.1.  (http://www.mlnl.cs.ucl.ac.uk/pronto). Binary classifications
included MDD vs. HC, BD vs. HC, and MDD vs. BD. Model performance
was evaluated using stratified 5-fold nested cross-validation with
hyperparameter optimization (Baars, 2005; Dehaene et al., 2011;
Mashour et al., 2020) and to assess model's performance. Nested cross-
validation scheme has been shown to provide more reliable estimates
than other validation procedures such as leave one-out (Varoquaux,
2018).

Predictions obtained in the test set allow defining balanced accuracy
(BA) value, computed as the average of the class accuracies (corre-
sponding to the sensitivity for mood disorders and specificity for HC),
positive (PPV) and negative predictive values (NPV) and area under the
receiver operator curve (AUC). We also estimated the statistical signif-
icance (p < 0.05) of accuracies by using 5000 permutations of the labels
during training phase.

Voxel-wise SVM weight maps were computed for visualization pur-
poses and are reported in the Supplementary Material (Fig. S2). These
maps represent multivariate discriminative patterns rather than inde-
pendent voxel-wise effects (Schrouff et al., 2013).

3. Network of interest approach
3.1. Core-periphery similarities and differences between groups

GSCORR values were extracted from predefined large-scale func-
tional networks following established parcellation frameworks (Yeo
etal., 2011a) Networks were grouped into Core (DMN, FPN, Limbic) and
Periphery (Visual, Somatomotor, Dorsal Attention, Ventral Attention). A
Core-Periphery (C-P) ratio was computed to quantify the balance be-
tween transmodal and unimodal systems.

To assess group differences in large-scale topography, we performed
a 2 (Topography: Core vs. Periphery) x 3 (Group: MDD, BD-Dep, HC)
ANCOVA including age, sex and education as covariates. We then
examined each of the seven canonical networks individually to identify
which networks contributed to the observed core-periphery effects.
Moreover, to test for diagnostic predictivity we performed a series of
ROC (Receiver Operating Characteristic) curves on Core, Periphery and
on the ratio between the two, i.e., Core-Periphery (C-P ratio) (see
Supplementary material, Fig. S3).

We then examined each of the seven canonical networks individually
to identify which networks contributed to the observed core—periphery
effects. As a sensitivity check, we repeated the analyses in an age-
matched subsample (patients vs. controls), obtaining a highly similar
pattern of group differences in GSCORR (see Supplementary Materials
for full details, Table S2).

3.2. GSCORR-depressive symptoms correlation

Associations between GSCORR values and depressive symptom
severity were examined using Pearson correlations between Core and
Periphery network GSCORR (Yeo et al., 2011a) and BDI scores. Partial
correlations controlling for age, sex and education were computed. To
assess the robustness of these associations against potential pharmaco-
logical confounds, additional sensitivity analyses controlling for medi-
cation load were conducted and are reported in the Supplementary
Materials (Table S4).
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3.3. Testing the difference between depressive vs. manic dimension -
introduction of bipolar disorder in manic state

To evaluate whether core-periphery alterations vary across mood
states, we included 22 BD patients scanned during a manic episode (BD-
Man). This proof-of-concept step tested whether global signal topog-
raphy differs between manic and depressive states. A chained ANCOVA
approach was applied: first assessing Core-Periphery balance across
groups (HC, MDD, BD-Dep, BD-Man), followed by network-level ana-
lyses. Including BD-Man enabled examination of a potential continuum
from healthy controls to depressive and manic states. This approach
provided a more nuanced understanding of the psychopathological
spectrum in mood disorders.

3.4. Individual classification of subjects—machine learning using PLS

Given the above, we wondered whether Core-Periphery imbalances
as proxied by GSCORR may potentially serve as a reliable biomarker for
distinguishing mood states.

To this end, we performed a partial least square (PLS) regression
entering GSCORR values for Core, Periphery, Core/Periphery ratio,
together with metrics for each network separately as independent var-
iables predicting mood state category (BD-manic, BD-dep, MDD, HC).
PLS allows creating composite variables of X data, but unlike PCA, it
exploits information in the dependent variable to rank the composite
variables and order them by their correlations with the response in the
regression model. The accuracy of the predictive value of the model was
assessed by using the Nonlinear Iterative Partial Least Squares (NIPALS)
algorithm (Akarachantachote et al., 2014; Palermo et al., 2009; Wold,
1966) and optimizing by cross-validation the number of PLS compo-
nents to extract (A), then calculating R2X (a A-dimensional vector, to
record the explained variance of the data matrix of predictors by each
PLS component), R2Y (a A-dimensional vector, to record the explained
variance of response variables by each PLS component); and for each
variable predictive weights (w), and the variable importance in pro-
jection (VIP) values, to estimate the contribute of each variable to the
explanation of the Y variance and the direction of effect. The signifi-
cance of variables contributions was defined by VIP >1
(Akarachantachote et al., 2014; Palermo et al., 2009; Bravi et al., 2025).

4. Results
4.1. Neural global signal topography in depression

4.1.1. Abnormal voxel-wise global topography in depressed MDD and BD vs
Healthy controls

Voxel-wise ANOVA on GSCORR maps revealed a significant group
effect (F = 5.63, p = 0.001, FDR-corrected) in a large cluster primarily
involving core DMN regions (Fig. 1; Table S1). Post hoc comparisons
showed that both depressive groups combined (MDD + BD-Dep) dis-
played increased GSCORR relative to HC (t = 3.35, p < 0.001, FDR-
corrected) in transmodal networks such as DMN and FPN, along with
reduced GSCORR in unimodal visual regions.

Separate contrasts yielded the same pattern for MDD vs. HC and BD-
Dep vs. HC (t = 2.50, p = 0.005, FDR-corrected), whereas no significant
differences emerged between MDD and BD-Dep under identical
thresholds (Fig. 1B).

Overall, voxel-wise results indicate a shared Core-Periphery imbal-
ance in both depressive groups relative to healthy controls, with no
detectable topographic differences between MDD and BD-Dep.

4.1.2. Single subject prediction - support vector machine group
classification using GSCORR maps

We tested whether voxel-wise GSCORR topography could predict
individual group membership using SVM multivariate pattern analysis
in PRONTO. For MDD vs. HC, the classifier achieved a balanced
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accuracy (BA) of 79% (p = 0.0002), with sensitivity 82.86%, specificity
75.71%, and AUC = 89%. For BD-Dep vs. HC, performance was similarly
robust (BA = 77%, p = 0.0002; sensitivity 82.86%; specificity 71.43%;
AUC = 83%).

These results significantly exceeded chance, indicating that altered
GSCORR patterns reliably distinguish depressive groups from healthy
controls (Schrouff et al., 2016).

To facilitate interpretation of the multivariate classification results,
voxel-wise SVM weight maps were computed and are reported in the
Supplementary Material (Fig. S2). As expected for multivariate models,
these maps represent distributed discriminative patterns rather than
independent voxel-wise effects.

4.1.3. Core-periphery topography of depression

The 2 (Topography: Core vs. Periphery) x 3 (Group: MDD, BD-Dep,
HC) ANCOVA, controlling for age, sex, and education showed a signif-
icant Topography x Group interaction, F = 4.65,p = 0.011, l']zp = 0.044,
indicating that the Core-Periphery difference in GSCORR varied across
groups. Post hoc tests showed that, although Core values were lower
than Periphery in all groups (all p < 0.001), this difference was reduced
in both MDD and BD-Dep relative to HC (Fig. 2A).

Between-group comparisons further clarified these effects. In Core
regions, both MDD and BD-Dep groups exhibited significantly higher
GSCORR values compared to HC (p < 0.001), while no significant dif-
ference was observed between MDD and BD-Dep (p = 0.81). In contrast,
no significant group differences were found in the Periphery network.
These findings suggest that the significant interaction was driven pri-
marily by increased activity in Core networks in the depression groups,
while Periphery activity remained comparable across groups (Fig. 2B).

Although a main effect of topography was also observed, F = 14.38,
p < 0.001, 1% = 0.07—indicating generally lower GSCORR values in
Core regions compared to Periphery—and the main effect of group was
not significant (F = 1.35, p = 0.261), these effects are secondary in
interpretative weight due to the presence of the significant interaction.

So far, the data suggest a Core-Periphery (C-P) topographic reor-
ganization in both MDD and BD-Dep relative to HC. A key question that
arises is whether this reflects an abnormal relationship between Core
and Periphery activity levels in the two depression groups. To address
this, a ratio metric, referred to as the C-P Ratio, was computed to
quantify the relative balance between Core and Periphery GSCORR
values. A one-way ANCOVA with age, sex, and education as nuisance
covariates, was then conducted to examine group differences in C-P
Ratio across MDD, BD-Dep, and HC.

The results revealed a significant group effect, F = 8.72, p < 0.001,
02 = 0.079, indicating that diagnosis accounted for 7.9% of the variance
in C-P Ratio values. Post hoc comparisons using the Fisher LSD test
showed that both MDD and BD-Dep had significantly elevated C-P Ratio
values compared to HC (both p < 0.001), consistent with an imbalance
favoring transmodal core activity. No significant difference was found
between MDD and BD-Dep (p = 0.806), further supporting a shared
alteration in core-periphery dynamics across depressive disorders
(Fig. 20).

These findings reinforce the view that MDD and BD-Dep are marked
by a disruption in large-scale functional network topography, particu-
larly in the form of elevated transmodal core activity and a relative
flattening of the normal core—periphery gradient. This alteration may
represent a transdiagnostic = feature of depression-related
pathophysiology.

4.1.4. Testing specific networks in core and periphery for their similarities
and differences between groups

So far, we focused on the global Core-Periphery topography of MDD
and BD-Dep. This leaves open whether they differ in specific single
networks. For that, we now tested group differences in each network of
the Core (FPN, DMN, Limbic) and Periphery (Visual, SMN, DAN, VAN)
via ANCOVA 7 x 3, again considering age sex, and education as
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nuisance covariates. A consistent pattern of results emerged, with a
significant main effect of network (F = 8.5, p < 0.001) together with a
significant Network*Diagnosis interaction (F = 3.1, p < 0.001). MDD
and BD-Dep exhibited substantially higher GSCORR across most of the
Core Networks. Specifically, MDD patients showed higher GSCORR in
FPN (LSD p = 0.001), as well as in DMN (LSD p <0.001), while the
difference did not reach significance for the Limbic network (LSD p =
0.226). The comparison of the three Core networks between BD-Dep and
HC returned a similar pattern of results, with the former showing greater
GSCORR values in FPN (LSD p < 0.001), DMN (LSD p < 0.001), yet
GSCORR measures are similar in Limbic network among the two groups
(LSD p = 0.178) (Fig. 3A). Considering the Periphery networks, we
obtained overlapping findings when considering MDD and BD against
HC. Indeed, MDD patients exhibited reduced GSCORR compared to HC
in Visual (LDS p < 0.001) and SMN (LSD p = 0.027), yet differences were
no longer significant for DAN (LSD p = 0.875). An opposite trend was
observed for VAN, with MDD exhibiting greater GSCORR compared to
HC (LSD p < 0.001). Partially overlapping with the above, BD-Dep
showed lower GSCORR values in Visual Network (LSD p = 0.002),
while differences no longer exist for SMN (LSD p = 0.119). DAN
GSCORR were comparable in the two groups (LSD p = 0.302), while
VAN GSCORR were substantially higher in the clinical group compared
to HC (LSD p < 0.001). We detected no main effect of Diagnosis (F =
1.03, p = 0.359) (Fig. 3B).

Overall, our data show an abnormal GSCORR increase in the Core
networks, especially in DMN and FPN for MDD and BD, while a
decreased GSCORR can be observed in Periphery networks such as Vi-
sual and Somatomotor networks (Fig. 3C).

4.1.5. Are the global topographic changes in core and periphery related to
depressive symptoms?

We investigated the correlation between GSCORR values of Core and
Periphery networks with depressive symptoms as measured by BDI.
Partial correlations corrected for age, sex and education revealed a
significant negative association of Periphery GSCORR with BDI (r =
—0.229, p = 0.013), while no correlation was found for Core GSCORR
and BDI (r = —0.05, p = 0.606).

The same pattern of correlation was also found for single networks in
the Periphery, like Visual Network (r = —0.2, p = 0.031), SMN (r =
—0.22, p = 0.015), and DA (r = —0.2, p = 0.028). Together, these
findings show a clear relationship of lower GSCORR representation in
Periphery networks with the severity of depressive symptomatology
(Table S2s). Consistent with these findings Core-Periphery (C-P) ratio
was not significantly associated with BDI (r = —0.15, p = 0.11), indi-
cating that while Periphery network disengagement scales with symp-
tom burden, the C-P Ratio primarily reflects a state-related imbalance
between transmodal and unimodal systems rather than a dimensional
marker of clinical severity (Table S2).

4.1.6. Global topographic changes in core and periphery in BD mania

To further support the specificity of the Core-Periphery (C-P)
imbalance observed in depression (MDD and BD-Dep), we included a
sample of individuals with bipolar disorder experiencing a manic
episode (BD-Man, N = 22). Analyses were first conducted on Core and
Periphery GSCORR values and, in a second step, extended to individual
resting-state networks. A 2 (Topography: Core, Periphery) x 4 (Group:
MDD, BD-Dep, BD-Man, HC) mixed-model ANCOVA revealed a signifi-
cant topography-by-group interaction (F = 5.23, p < 0.002). In addition
to previously documented differences between depressed and healthy
participants, post hoc LSD tests showed that individuals in the manic
group exhibited significantly higher GSCORR in the Periphery compared
to the MDD group (p = 0.034) but did not differ from BD-Dep (p = 0.118)
or HC participants (p = 0.212). No significant group differences were
observed in Core regions.
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4.1.7. Testing specific networks in core and periphery in BD mania

To provide a more detailed characterization of topographic reorga-
nization across mood states, we conducted a 7 (Network: DMN, FPN,
Limbic, Visual, SMN, DA, VA) x 4 (Group: MDD, BD-Dep, BD-Man, HC)
mixed-model ANCOVA, again correcting for age, sex, and education.
This analysis revealed a significant network-by-group interaction (F =
3.35, p < 0.001). Manic patients showed significantly elevated GSCORR
in the Visual Network compared to both MDD (p = 0.002) and BD-Dep
(p = 0.013) but not compared to healthy controls (p = 0.238). A similar
pattern was observed in the Somatomotor Network (SMN), where manic
patients exhibited higher GSCORR relative to MDD (p = 0.013) and BD-
Dep (p = 0.039). For the Ventral Attention Network (VA), manic in-
dividuals also showed increased GSCORR compared to healthy controls
(p = 0.002), though no significant differences were found between
manic and depressed participants. In contrast, no group differences were
observed within Core networks (DMN, FPN, Limbic). (Descriptive sta-
tistics for these analyses are provided in Supplementary Table S7,
Fig. S5).

Finally, to further explore group differences in C-P balance, a one-
way ANCOVA was performed on the C-P Ratio. A significant main ef-
fect of diagnosis emerged (F = 7.46, p < 0.001). Post hoc comparisons
revealed that both BD-Dep and MDD groups had significantly higher C-P
Ratio values than the BD-Man group (BD-Dep: p = 0.033; MDD: p =
0.022). Additionally, healthy controls exhibited lower C-P Ratio values
relative to manic patients (p = 0.043). (See Fig. 4 for a visual repre-
sentation overview of findings including MDD, BD-Dep, HC and BD-
mania).

4.1.8. Partial least squares discriminating mood states

Lastly, to assess the multivariate discriminability of brain-wide
GSCORR patterns across diagnostic groups, a Partial Least Squares
(PLS) analysis was conducted to distinguish between BD-Man, BD-Dep,
MDD, and HC.

A Core-Periphery topography with proportionally higher values for
global Core and Core-related specific networks predicted group assign-
ment to MDD or BD-Dep; while proportionally higher values for global
Periphery and Periphery-related specific networks predicted group
assignment to HC or BD-Man (see Fig. 5).

A PLS linear regression, with measures of Core-Periphery (Core,
Periphery, and C-P ratio) and specific network (DMN, FPN, Limbic,
Visual, SMN, DA, VA) topography as predictors of diagnosis, defined a
model with one significant component (coefficient = 0.289) explaining
7.2% of variance in diagnostic assignment, by using 37.5% of the vari-
ance in the predictor variables (R?X = 0.375; R?%Y = 0.072; Q2 = 0.046).
The variable selected as the most relevant to predict diagnosis was the
C-P ratio (VIP = 1.65), followed by a significant effect of DMN (VIP =
1.35), Core (VIP = 1.29), FPN (VIP = 1.09) and Visual (VIP = 1.01), with
VA, Limbic, SMN, Periphery, and DA showing a VIP < 1.The analysis of
predictive weights (w) showed that the contribution of single factors to
the latent variable, to predict diagnosis, was in opposite direction for
predictors related to a higher Core topography (Core w = 0.408, C-P
ratio w = 0.523, DMN = 0.428, FPN w = 0.346, Limbic w = 0.184), and
for predictors related to a higher Periphery topography (Periphery w =
—0.116, Visual w = —0.318, SMN w = —0.170), with two exceptions
however related to non-significant factors (DA w = 0.022, VA w =
0.281).

Analysis of Y loadings showed that the latent variable, resulting from
the above Core-Periphery topography, had positive effects of similar
strength in predicting group assignment to depression (MDD = 0.435,
BD-Dep = 0.427), with opposite effects to predict the HC (—0.783) and
BD-Man (—0.124) conditions.

Based on the above, we then repeated the PLS linear regression after
grouping together depressed (MDD + BD-Dep) and non-depressed (HC
+ BD-Man) participants. The model improved its predictive power, by
increasing its level of significance (Q? = 0.14) and its coefficient of
determination, becoming able to explain 19.4% of variance, by using a
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similar 36.3% variance in predictors R?X = 0.363; R?Y = 0.194). Again,
C-P ratio was the main predictor, with significant contributions of DMN,
Core Visual, and FPN. Predictive weights and Y loadings did not change
directions.

Excluding manic patients, and testing depressed patients (MDD +
BD-Dep) against HC, further improved the coefficient of determination
(R%Y = 0.210), leaving the model effects unchanged.

Finally, a model with this same set of predictors was unable to pro-
vide a significant solution for differentiating group assignment to MDD
vs BD-Dep, using a large proportion of variance in predictors to explain a
negligible proportion of variance in the dependent variable (R?X =
0.561; R%Y = 0.006; Q = -0.103).

5. Discussion

5.1. Topographic reorganization in depression of both MDD and BD-Dep
in fMRI

We show a topographic reorganization of transmodal-core and
unimodal-periphery networks in both MDD and BD-Dep, with a shift
toward core regions and reduced periphery engagement. This converges
with prior evidence of similar reorganization in acute MDD (Northoff
and Hirjak, 2024; Scalabrini et al., 2020) and its ‘normalization’ in
response to pharmacological (Abdallah et al., 2017; Zhu et al., 2019;
Kraus et al., 2020; Long et al., 2023; van de Ven et al., 2013; Zhang et al.,
2020), stimulation (Kong et al., 2023; Zhang et al., 2021) and psycho-
therapeutic (Long et al., 2023) interventions.

Extending this work to BD, our findings, together with reports of
increased activity/connectivity in transmodal DMN regions (Martino
et al., 2020; Martino et al., 2016; Yang et al., 2021) and decreased
engagement of unimodal sensory-motor cortices (Martino et al., 2020;
Martino et al., 2016; Northoff et al., 2018; Zhang et al., 2019), suggest
that core—periphery imbalance may represent a shared neural marker of
depressive states across diagnoses.

Taken together, these findings indicate that, at the macroscale level
of global signal topography, depressive states share a common organi-
zational signature across diagnostic categories, whereas disorder-
specific differences may become evident at finer levels of analysis.
Such common network alterations may help explain overlapping clinical
features of MDD and BD depression, including excessive rumination,
heightened self-focus, persistent negative mood, and psychomotor
retardation (Scalabrini et al., 2025a; Song et al., 2024a; Zhang et al.,
2019; Davey and Harrison, 2022; Grimm et al., 2009; Grimm et al.,
2011; Hamilton et al., 2015; Keskin et al., 2023; Nejad et al., 2013; Zhou
et al., 2020).

Importantly, increased coupling within the Core should not be
interpreted as reflecting a single cognitive process restricted to self-
referential mentation. The Core networks considered here (including
the DMN, FPN, and limbic systems) collectively support a broad range of
transmodal and internally oriented functions, such as autobiographical
memory retrieval, future-oriented simulation, emotional appraisal, and
higher-order cognitive control (Buckner et al., 2008; Spreng et al., 2010;
Zanto and Gazzaley, 2013). Within this framework, the DMN has been
consistently implicated in memory-based and prospective cognition
(Buckner et al., 2008; Schacter et al., 2012), the frontoparietal network
in the regulation and monitoring of internally generated mental content
(Spreng et al., 2010; Dixon et al., 2018), and limbic regions in affective
salience and emotional integration (Pessoa et al., 2012). While DMN and
frontoparietal contributions were robust across analyses, limbic
involvement appeared more variable, suggesting greater state-
dependence of affective components. Accordingly, the observed shift
toward the Core is best understood as a large-scale reorganization fa-
voring internally oriented, abstract, and temporally extended modes of
cognition, rather than selective amplification of any single cognitive
function.

Intriguingly, while the shift toward Core networks highlights their
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central role, our data also underscore the relevance of Periphery sys-
tems. The Core-Periphery (C-P) Ratio differentiated diagnostic groups,
and Periphery GSCORR showed a significant negative association with
depressive severity, indicating that reduced Periphery representation
relates to more severe symptoms. This is consistent with evidence
implicating sensory—-motor and visual networks in mood disorders.
These networks support basic sensory processing and bodily regulation,
and their disruption reflects broader alterations in perceptual and motor
functions in depression. Liu et al. (Liu et al., 2022) and Song et al. (Song
et al., 2024b) observed that in individuals with depression, activity in
visual and sensory-motor cortices was often diminished, which is asso-
ciated with emotional blunting and psychomotor retardation. Similarly,
Scalabrini et al. (Scalabrini et al., 2025a) reported abnormally slow and
desynchronized visual cortical activity linked to greater symptom
severity and altered higher-order connectivity.

These findings are consistent with evidence showing that depression
involves disturbances not only in higher-order cognition but also in basic
sensory and motor processing (Hu et al., 2024; Zhang et al., 2025).
Accordingly, core-periphery imbalance may reflect a broader dysregu-
lation of both externally oriented sensory processes and internally ori-
ented cognitive-emotional functions that jointly shape depressive
symptomatology. Our results therefore highlight the relevance of
considering disruptions in both network classes, with the C-P Ratio of-
fering a useful large-scale marker. While traditional models emphasize
cognitive and emotional regulation, our data underscore the contribu-
tion of periphery systems to symptom severity. Future studies should
clarify how these imbalances evolve and whether they are modifiable
through treatment.

Finally, our proof-of-concept analysis of BD mania showed a distinct
topographic pattern compared to BD-Dep and MDD, with greater glob-
ally mediated connectivity in unimodal-periphery regions. Although
based on a smaller sample, this suggests an opposite network configu-
ration during mania relative to depression, consistent with prior reports
of contrasting network balances across BD mood states (Martino et al.,
2016).

Further supporting the topographical findings, machine learning
analyses showed that altered GSCORR topography reliably distin-
guished both MDD and BD-Dep from healthy controls (HC), with
balanced accuracies of 79% for MDD vs. HC and 77% for BD-Dep vs. HC,
and AUCs of 89% and 83%, respectively. PLS analysis corroborated
these effects by identifying a latent pattern of GSCORR variability that
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differentiated depressive and manic states as well as HC. The proportion
of diagnostic variance explained exceeded 20% when comparing
depressed participants (MDD + BD-Dep) to HC, underscoring that
distributed large-scale features carry meaningful state-related
information.

The emergence of the Core-Periphery Ratio as the most predictive
feature reinforces our central conclusion: mood disorders may be better
characterized by large-scale network imbalances than by isolated
regional abnormalities. The prominence of DMN, FPN, and Visual net-
works in the VIP analysis is consistent with their roles in self-referential
processing and emotional regulation (Raichle et al., 2001; Greicius et al.,
2003), executive control and cognitive flexibility (Dosenbach et al.,
2008), and perceptual processing of emotionally salient stimuli
(Vuilleumier, 2005).

These findings align with literature indicating that disruptions in
macroscale functional architecture (particularly the balance between
transmodal hubs and unimodal systems) contribute to dysregulated
emotion, impaired cognitive control, and altered self-referential
thinking in mood disorders (Menon, 2011; Seeley et al., 2007; Yeo
et al., 2011b). Imbalances between core and periphery networks may
therefore represent a systems-level mechanism underlying depressive
and manic psychopathology (Cole et al., 2014; Crossley et al., 2014).

Still in its infancy, a growing line of research is beginning to identify
fine-grained rsfMRI differences that help distinguish BD from MDD
during depressive episodes. Such work has highlighted alterations in
cortico-limbic-striatal circuits, components of reward and aversion
pathways, and regions within the DMN (e.g., ventral striatum, peri-
acqueductal gray, anterior cingulate cortex, prefrontal cortex, insula,
hippocampus) (Calesella et al., 2024), with some studies linking specific
psychopathological dimensions to distinct neural regions or networks
(Redlich et al., 2015).

At the same time, the phenomenology of depression points to a
fundamental experiential disruption, one that shapes emotional life and
responsivity to stimuli, even if its mechanisms remain inaccessible to
awareness (Schneider, 1949). A sparse literature suggests that this key
vital change can be partly revealed by studies of the biological correlates
of cognitive vulnerability, such as time generation, interoception, and
other dimensions that surpass the possibility of awareness (Elliott et al.,
2002; Erickson et al., 2005; Yoshiike et al., 2020). We propose that
examining global brain-signal topography, as a marker of system-level
dysregulation, may help capture these foundational aspects of
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depressive experience, supporting the view of depression as a disorder of
global dynamic reorganization (Northoff and Hirjak, 2024).

Future work should assess whether the Core-Periphery imbalance
identified here in MDD and BD-Dep extends to other forms of depressive
psychopathology, including postpartum, schizoaffective, and medically
related depression.

In conclusion, our data suggests that Core—Periphery (C-P) imbal-
ance may serve as a dynamic neural marker reflecting shifts along the
mood continuum. This dynamic perspective aligns with emerging
models that conceptualize mood disorders as fluctuating disruptions
within large-scale network organization rather than fixed regional ab-
normalities. It supports the notion that cognitive-affective-sensory states
are associated with shifting patterns of integration and segregation
across functional networks, particularly between transmodal-core re-
gions and unimodal-peripheral systems (Deco et al., 2015; Shine et al.,
2019).

Taken together, these findings argue for a conceptual shift toward
viewing mood pathology through the lens of global-system level dys-
regulation, rather than as static, region-specific dysfunction. This global-
systems level framework may help bridge phenomenological observa-
tions of mood lability with measurable neural dynamics, offering novel
pathways for understanding and potentially treating mood disorders.

5.2. Theoretical integration with network-dynamics frameworks

We interpret the observed Core-Periphery imbalance in global signal
topography as a form of system-level dysregulation grounded in
spatiotemporal neuroscience, whereby spatial gradients (unim-
odal-transmodal / periphery-core) are coupled with temporal hierar-
chies (short-long intrinsic timescales) that constrain large-scale
integration and segregation (Northoff and Hirjak, 2024; Wolff et al.,
2022). Within this framework, depression can be conceived as a top-
ographic-dynamic reorganization in which transmodal core systems (e.
g., DMN/FPN and partially limbic circuits) exert abnormally strong
global coordination, while unimodal peripheral systems show reduced
global coupling, consistent with the idea that global activity is not mere
“noise” but carries physiologically meaningful information relevant to
psychopathology (Northoff and Hirjak, 2024; Scholvinck et al., 2010).

This system-level view aligns naturally with predictive coding /
active inference accounts: a shift toward core regions may reflect an
over-weighting of higher-order priors and internally generated models
(supported by long timescales and strong transmodal integration),
alongside reduced precision or impact of sensory prediction errors in
unimodal systems, yielding diminished peripheral engagement and a
bias toward internally oriented cognition (Clark, 2013; Friston, 2010;
Seth and Friston, 2016). In this sense, Core-Periphery imbalance pro-
vides a macroscale neural signature consistent with aberrant hierar-
chical inference, potentially linking global topography to clinical
phenomena such as rumination, altered self-related processing, and
reduced sensory—-motor reactivity.

Finally, the findings are also compatible (at a more abstract level)
with global workspace-type proposals, where conscious access and
flexible reportability depend on large-scale broadcasting and integration
across frontoparietal/transmodal systems (Baars, 2005; Dehaene et al.,
2011; Mashour et al., 2020). Our results do not adjudicate between
frameworks, but they support the broader notion that depressive states
involve a reconfiguration of global integration architecture, with altered
balance between transmodal core hubs and unimodal peripheral
systems.

5.3. Limitations

Some limitations should be acknowledged. First, although fMRI
provides valuable insight into large-scale topographic organization, its
spatial and temporal constraints limit the precision with which dynamic
processes can be captured. Nonetheless, the present findings align with
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prior work (Scalabrini et al., 2020), and extend it by including both
depressive and manic states, supporting the robustness of the approach.

Second, the sample derives from a specific clinical cohort, which may
limit generalizability. Replication in larger and more demographically
diverse populations is needed to confirm the reliability of these results.

Third, while the Core-Periphery imbalance and related topographic
features show promise, their clinical utility as biomarkers remains pre-
liminary. Real-world diagnostic contexts involve confounding factors
such as medication and comorbidities that were not exhaustively
addressed here. Nevertheless, extensive whole brain and network level
medication sensitivity analysis (see Supplementary material) indicated
that the main findings were robust.

Finally, the BD-Man group was comparatively small due to the
inherent difficulties of scanning individuals in manic states. Although
included primarily as a proof of principle, this limits statistical power
and calls for replication in larger manic samples. Despite this, the BD-
Man data offer initial insight into topographic alterations across the
mood continuum.

6. Conclusion

This study shows a shared topographic reorganization in MDD and
BD-Dep, marked by a shift toward transmodal-core networks and
reduced engagement of unimodal-periphery regions, extending previous
MDD findings (Scalabrini et al., 2020), to bipolar depression. Machine
learning analyses confirmed that altered GSCORR topography reliably
distinguishes depressive states from healthy controls.

Our results also emphasize the contribution of peripheral networks,
particularly visual and sensory-motor systems, to depressive severity,
supporting the view that depression involves disruptions in both
cognitive and basic sensory-motor functions (Liu et al., 2022; Song
et al., 2024a; Scalabrini et al., 2025b). In contrast, BD mania displayed
an opposite pattern, with increased unimodal-periphery and reduced
core connectivity, consistent with prior evidence of divergent network
balances across mood states. PLS analyses further highlighted the rele-
vance of distributed topographic features, especially the Core-Periphery
ratio and activity within DMN, FPN, and Visual networks, reinforcing a
global-systems model of mood disorder pathology.

In summary, both core and periphery disruptions appear central to
mood disorders. Although topographic abnormalities represent a
promising neurobiological marker, the overlap between MDD and BD-
Dep underscores the challenges of differential diagnosis. Future work
should refine and validate such biomarkers to support more precise and
personalized interventions.
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