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1. Introduction

Interest in mental health has been steadily grow-
ing over the past few years, driven in part by
the consequences of the recent pandemic, which
has highlighted the profound impact of wellbeing
on individuals and society. Among these con-
ditions, major depressive disorder (MDD) and
bipolar disorder (BP) remain particularly chal-
lenging to diagnose and differentiate. While
BP is characterized by extreme mood fluctua-
tions, alternating between manic and depressive
episodes, MDD lacks this alternation, present-
ing a more persistent depressive state. However,
during the depressive phases, the distinction be-
tween these disorders is subtle, and current di-
agnostic methods — such as clinical assessments
and mood charting — frequently lead to misdi-
agnosis, with up to roughly 70% of BP patients
initially being classified as MDD [1]. Existing
literature has demonstrated that both MDD and
BP patients exhibit altered functional and struc-
tural brain connectivity compared to healthy
controls (HC), yet the identification of brain net-
work markers of disease, and particularly of dif-
ferential diagnosis, remains a challenge.

MDD and BP patients show altered functional
and structural brain connectivity with respect
to healthy subjects (HC), but the research of a
proper, significant biomarker is still ongoing [7].
In recent years, the application of graph theory
to brain connectivity research has gained signif-
icant traction, as its mathematical framework is
particularly well-suited to represent both func-
tional and structural connections between brain
regions. Specifically, a recent study conducted
on schizophrenia patients [3] demonstrated the
potential of graph-based approaches for analyz-
ing brain connectivity at the individual level, as
well as for identifying clusters of subjects with
similar connectivity patterns using community
detection algorithms.

Building upon this framework, the present study
aims to develop a fully data-driven pipeline
leveraging multimodal neuroimaging, graph the-
ory, and community detection techniques to
achieve an effective stratification of HC, MDD,
and BP subjects. The original dataset consists
of brain images acquired from MDD, BP, and
HC and includes T1-weighted anatomical mag-
netic resonance imaging (MRI), resting-state
functional MRI (rs-fMRI), and diffusion tensor



imaging (DTI). Given that functional and struc-
tural connectivity can be inferred from fMRI and
DTI data, respectively, this research exploits the
two techniques both separately and in combi-
nation. An inter-subject network-of-networks
model is constructed, where each node repre-
sents a different subject, and the edge weights
encode inter-subject similarity in connectivity
patterns. By applying community detection al-
gorithms to this network-of-networks, it is pos-
sible to identify groups of individuals who share
similar connectivity profiles.

The study is structured into three main analy-
ses conducted on different dataset subsamples,
each of which is associated to other five sub-
analyses exploring different input data combi-
nations: (1) structural-only, (2) functional-only,
(3) structural-functional integration based on
element-wise multiplication, similarity network
fusion (SNF) [6], and functional-structural cur-
rent (FSC) [5]. These approaches allow for
a thorough comparison between unimodal and
multimodal classification strategies. To ensure
a robust and reliable pipeline, we systemati-
cally evaluate multiple inter-subject similarity
measures and community detection algorithms.
Additionally, progressive thresholding analyses
are conducted to refine partitioning quality,
while multimodal data integration techniques
are employed to uncover novel insights on MDD
and BP. Finally, the relevance of individual
brain regions in distinguishing between groups
is assessed through single-ROI ablation studies.
This study is based on the hypotheses that (i)
connectivity-based features can effectively dis-
tinguish HC, MDD, and BP subjects, improv-
ing diagnostic precision, (ii) multimodal inte-
gration enhances diagnostic performance com-
pared to unimodal approaches, and (iii) a graph-
based, data-driven approach can enhance diag-
nostic accuracy by revealing connectivity-based
biomarkers capable of distinguishing MDD from
BP. By integrating functional and structural
brain networks and leveraging community detec-
tion methods, we aim to provide a more objec-
tive and biologically grounded framework for the
complicate management of affective disorders.

2. Dataset

All data used in this work was acquired at Fon-
dazione IRCCS Ca Granda Ospedale Maggiore

Policlinico di Milano and was obtained com-
bining information from three different research
projects: (1) MOODLEARNING, comprising
40 subjects in total (21 HC, 9 MDD, and 10
BP), (2) DEPTYPE, accounting for 10 MDD
patients, and (3) RADAR, consisting of 23 sub-
jects (9 HC and 14 adult-onset MDD). All in-
formation related to the demographic character-
ization of the subjects considered is reported in
table 1. Multimodal MRI data, including T1-
weighted, rs-fMRI, and DTI data was collected
using a Philips Achieva DStream 3T MR scan-
ner.

HC Sex (M/F) 11/10
Age (mean +std) | 29,3 +7,8
Sex (M/F) 3/6
MDD Age (mean +std) | 50,0£7,4
BP Sex (M/F) 7/3
Age (mean +std) | 51,9+9,6
Sex (M/F) 6/4
MDD Age (mean +std) | 48,1+ 13,3
HC Sex (M/F) 4/5
Age (mean +std) | 66,3 +10,5
Sex (M/F) 8/6
MDD Age (mean +std) | 67,1+6,89

Table 1: Subjects’ demographic characterization

3. Materials and methods

Preprocessing pipelines were performed in differ-
ent environments, Matlab and ENIGMA HALF-
pipe for fMRI data, and FMRIB software library
(FSL) for DTI data. All analyses performed in-
stead, comprising the creation of networks and
the application of community detection algo-
rithms, were carried out in Google Colab with
Python 3.11.11, employing also ad hoc libraries
like igraph, networkX, and netrd.

3.1. Data preprocessing

fMRI volumes were preprocessed using HALF-
pipe, including (1) bias field correction, spa-
tial normalization, and skull stripping of T1-
weighted scans, (2) correction for head motion
and susceptibility distortions, (3) registration
to a standard space for precise anatomical lo-
calization, and (4) denoising. For DTI data,



the preprocessing was performed using FSL, in-
volving (1) correction of susceptibility-induced
and motion artifacts, (2) brain extraction to iso-
late brain tissue, (3) correction of eddy currents
caused by gradient coil switching, (4) Bayesian
estimation of diffusion data using the Markov
chain Monte Carlo (MCMC) algorithm, (5) reg-
istration of template ROIs to subject-specific
diffusion space, and (6) probabilistic tractogra-
phy to reconstruct white matter (WM) tracts
based on estimated diffusion probabilities. The
preprocessed fMRI volumes and DTT maps were
used as input to the following processing steps.

3.2. Atlas parcellation

For both fMRI and DTI, region-based brain con-
nectivity was assessed using as reference the re-
gions of interest (ROIs) in the AAL3 atlas. For
fMRI, we performed the AAL3 parcellation in
MATLAB with the MarsBaR toolbox. Regions
associated with the cerebellum and vermis (26
ROIs) were excluded due to incomplete scan cov-
erage in some subjects, along with four small-
volume ROIs, resulting in 136 final ROIs. For
DTI, parcellation was applied during the prob-
trackx step, where the ROIs were mapped onto
the white matter tracts reconstructed from the
diffusion data, ensuring consistency across sub-
jects.

3.3. Unimodal connectivity matrices

For each patient, two 136 x 136 connectivity ma-
trices were generated: the functional connectiv-
ity (FC) matrix from fMRI data and the struc-
tural connectivity (SC) matrix from DTI data.

The FC matrix was obtained by calculating the
Pearson correlation between the BOLD time
series of each pair of ROIs, quantifying syn-
chronous activation between regions. The SC
matrix reflects structural connectivity between
regions, derived from DTI data. It represents
the density of WM tracts connecting ROIs. The
preliminary SC matrix is obtained from the final
DTI preprocessing step, providing an asymmet-
ric 136 x 136 matrix based on the number of WM
streamlines between ROIs. It is then processed
by normalizing each coefficient by the total num-
ber of WM tracts from the originating ROI and
making the matrix symmetric by averaging the
values at positions (7, j) and (j,1).

3.4. Multimodal connectivity matri-
ces

Three multimodal integration methods were
considered in this study to combine func-
tional (fMRI) and structural (DTI) data, aim-
ing to leverage the strengths of both modali-
ties. The first method, element-wise multiplica-
tion, simply multiplies the subject-level FC and
SC matrices element-by-element. The second,
functional-structural current (FSC) [5], mod-
els for each subject how functional information
travels through the brain’s structure, resembling
current flow in an electrical circuit, where FC
data acts as voltage sources and SC data as
electrical resistance. Finally, we applied Simi-
larity Network Fusion (SNF) [6] which, differ-
ently from the two previous multimodal meth-
ods, does not act at the single-subject level but
it integrates the group-level connectivity graphs
derived from different data types.

3.5. Inter-subject similarity measures

We used several inter-subject measures to esti-
mate the distance or similarity between pairs
of single-subject connectivity matrices. These
measures can be divided into two categories:
graph-based and non-graph-based.
Non-graph-based measures include the LL1 norm,
which calculates the maximum sum of abso-
lute differences between corresponding elements
of the matrices, and the Euclidean distance,
which measures the square root of the sum of
squared differences between corresponding el-
ements. Spearman’s rank correlation, on the
other hand, computes the correlation coefficient
between the ranked elements of the connectivity
matrices, providing a measure of similarity.
Graph-based measures include the Jaccard in-
dex, which compares the edge sets of two graphs
by measuring the ratio of the intersection to
the union of their edges. The DeltaCon dis-
tance, which assesses the distance between two
networks by comparing the similarity scores of
corresponding vertices [2]. Finally, the Jensen-
Shannon distance measures the similarity of
graphs by comparing their edge weight distribu-
tions, using the average of their Kullback-Leibler
divergences. For the latter, the computation of
the distance requires an intermediate step, as
described in section 3.6.



3.6. Main analysis pipeline

A total of three separate analyses have been
performed:

1. Multi-diagnosis analysis — discrimi-
nate between HC, MDD and BP consid-
ering only subjects in MOODLEARNING
dataset (both HC vs patients and multiclass
discrimination among HC, MDD and BD
subjects are performed).

2. Adult and elder MDD vs. HC —
discriminate between HC and MDD pa-
tients considering all HC and MDD sub-
jects of MOODLEARNING, DEPTYPE,
and RADAR datasets.

3. Adult MDD wvs. HC — discrim-
inate between HC and MDD patients
considering all HC and MDD subjects
present in MOODLEARNING and DEP-
TYPE datasets.

For each one of these analyses, a total of five
sub-analyses has been performed using the fol-
lowing unimodal and multimodal approaches:

1. First sub-analysis — use only unimodal
functional data (FC matrices)

2. Second sub-analysis — use only uni-
modal structural data (SC matrices)

3. Third sub-analysis — use multimodal
functional and structural data combined
through the element-wise multiplication of
FC and SC matrices

4. Fourth sub-analysis — use multimodal
functional and structural data integrated
using the FSC method

5. Fifth sub-analysis — use multimodal
functional and structural data combined
using the SNF method, which relies on
the most discriminative group-based graphs
obtained from the first and second sub-
analysis.

Group-based Similarity Matrix Com-
putation. The first step of the pipeline in-
volves computing the N x N inter-subject dis-
tance matrix D (where N is the number of sub-
jects). The inter-subject distance is calculated
using one of the six methods described in sec-
tion 3.5. From this, the group-based similarity
matrix S is obtained as S; j = 1/(1+D; ;). Non-
graph-based measures can be applied directly
to the weighted connectivity matrices, while the
graph-based ones require the binarization of the
single-subject connectivity matrices. Therefore,

a thresholding is used to remove the less relevant
connections, as the graphs being compared are
fully connected, and without binarization the
graphs would be considered equivalent despite
differences in edge weights. To determine the
optimal threshold for graph-based measures, we
test different threshold values based on the dis-
tribution of coefficients in the connectivity ma-
trices, selecting values at 0.1 intervals of the dis-
tribution quantiles. Only positive correlations
in FC matrices are considered, and one group-
based similarity matrix is generated for each
threshold tested.

Progressive thresholding for Group-
based Similarity Matrix. Once the group-
based similarity matrix (or matrices) is ob-
tained, the next step involves selecting the
best community detection algorithm and group-
based threshold that results in the most accurate
community structure. This process involves pro-
gressively testing threshold values on the group-
based similarity matrix within a defined inter-
val, starting from the minimum and increasing
by 10% of the range.

Community Detection Algorithms. The
community detection methods used for HC vs
patient group discrimination are GN between-
ness, Fast greedy, Walktrap, and Leading eigen-
vector. For multiclass tasks, Spinglass, Infomap,
Multilevel, and Leading eigenvector were ap-
plied.

Selection of the Optimal Framework.
The optimal framework is selected by monitor-
ing an unsupervised quality metric during the
iterative process of thresholding and commu-
nity algorithm selection. This data-driven ap-
proach ensures that the choice of framework is
independent of the distribution of labels within
each cluster. The metrics considered for frame-
work selection include Modularity (how well the
graph divides into subgraphs with many inter-
nal and few external connections), Coverage (the
fraction of intra-community edges), and Perfor-
mance(considering both intra-community con-
nections and absence of inter-community con-
nections). Among these, modularity was chosen
as the primary metric for framework selection.
Evaluation of Cluster Quality. Once the
optimal framework is determined, the partition
between communities is evaluated using quality
metrics such as the Silhouette index, Normalized



Mutual Information, Adjusted RAND Index, Ho-
mogeneity, and Completeness. These metrics as-
sess the cohesion, information sharing, cluster-
ing accuracy, and the consistency of the parti-
tion obtained.

Comparison of Cluster Distribution.
After computing the clustering quality metrics,
the most prevalent label (HC, MDD, BP) within
each cluster is identified and the generated clus-
ter partition is then compared with the expected
distribution of subjects by diagnosis. A Chi-
square test is conducted to determine if the
distribution of labels within the clusters sig-
nificantly differs from the expected distribution
based on the groups (HC, MDD, BP).
Multimodal SNF Approach. In con-
trast to the previous steps, the multimodal SNF
approach starts with a K-Nearest Neighbors
(KNN) procedure, which combines the fMRI and
DTI graphs into a single new graph. The num-
ber of neighbors K is typically set as v/ N, where
N is the number of subjects, with a reason-
able range for K being between 5 and 20 for
N = 40 or N = 63. The SNF method gen-
erates one group-based similarity matrix Sg?\), P
for each tested value of K. After this step, the
pipeline follows the same process as previously
outlined, continuing with the progressive testing
of thresholds, the selection of the optimal com-
munity detection algorithm, and the evaluation
of cluster quality.

Pipeline overview. A visual representation
of the pipeline is shown in Fig. 1.

3.7. Ablation studies

Ablation studies are conducted on the working
frameworks leading to partitions for which a sig-
nificant diagnostic discrimination was obtained
(p-value < 0.05). Ablation evaluates the impor-
tance of each brain region in defining diagnos-
tic differences across clusters. The approach in-

volves iterating the same analysis using the pre-
viously identified methodological framework, re-
moving one of the 136 ROIs from the individual
subject connectivity matrices in each iteration.
The p-values obtained are used to assess how
the absence of each ROI impacts the ability to
distinguish diagnostic groups. An increase in p-
value leading to non-significant label distribu-
tions among communities suggests that the re-
moval of that particular ROI significantly affects
the ability to generate a meaningful diagnostic
partition. Essentially, this process allows for a
ranking of the ROIs based on their importance
i diagnostic stratification.

4. Results

In this study, both unimodal and multimodal
frameworks were developed and applied to in-
vestigate the capability of inter-subject brain
connectivity analyses to stratify MDD, BP, and
HC. The unimodal frameworks were based solely
on fMRI data, while the multimodal frameworks
integrated both fMRI and DTI data. Of note,
for each best framework identified for the multi-
diagnosis analysis, results related to the appli-
cation of community-detection algorithms based
on binary (N=2 clusters, HC vs patients) and
multiclass discrimination (N=3 clusters, HC vs
MDD vs BD) were reported. Among the three
analyses performed on partly different samples,
significant differences in stratification were ob-
served only in the first (MOODLEARNING
data) and second analyses (MOODLEARN-
ING+DEPTYPE+RADAR data). Among the
sub-analyses focusing on different modalities
(fMRI, DTI, and fMRI-DTI) and similarity met-
rics (i.e., graph-based and non-graph based),
some provided inter-subject similarity matrices
delineating clusters with statistically significant
differences for the diagnostic label (p-value <
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0.05). In the multi-diagnosis analysis, involving
data from MDD, BD, and HC subjects, we found
that the fMRI connectivity, both alone and in-
tegrated with DTI one, was able to differenti-
ate among the HC and patients group including
MDD and BD. The unimodal fMRI framework
(F1) that yielded significant results employed
the Euclidean inter-subject similarity measure,
a group-based threshold set to 0.022, and the
leading eigenvector method for community de-
tection. The resulting p-value was 0.025 while
the clustering accuracy was 70% (C1: HC 23.1%,
MDD 15.4%, BD 61.5%; C2: HC 66.7%, MDD
25.9%, BD 7.4%). Additionally, Framework
2 (F2) employed the multimodal element-wise
multiplication approach, Jaccard inter-subject
similarity measure, a threshold of 0.619, and
the fast greedy community detection algorithm,
also produced clusters showing significant dif-
ferences among HC and MDD-BD patients. In
this case the p-value was 0.028 while the clus-
tering accuracy was 70% (C1: HC 69.6%, MDD
17.4%, BD 13.0%; C2: HC 29.4%, MDD 29.4%,
BD 41.2%). Framework 3 (F3), which applied
the multimodal SNF method combining Jaccard
for fMRI and Deltacon for DTI similarity mea-
sures, a group-based threshold of 0.026, and the
Girvan-Newman algorithm, also generated sig-
nificant results for the multi-diagnosis analysis,
resulting in a p-value of 0.025 and a clustering
accuracy of 67.5% (C1: HC 35.0%, MDD 20.0%,
BD 45.0%; C2: HC 70.0%, MDD 25.0%, BD
5.0%). Moreover, the multiclass analysis per-
formed with the same pipeline (F3) and lead-
ing eigenvector as community detection algo-
rithm (N=3 clusters) leads to a significant p-
value of 0.0062 and a clustering accuracy of
62.5% (C1: HC 30.0%, MDD 10.0%, BD 60.0%;
C2: HC 68.0%, MDD 24.0%, BD 8.0%; C3: HC
20.0%, MDD 40.0%, BD 40.0%). In the Adult
and elder MDD vs. HC analysis, involving only
MDD and HC individuals from all projects con-
sidered, Framework 4 (F4) employed the mul-
timodal FSC approach, with Spearman rank
inter-subject similarity measure, a threshold of
0.864, and the Girvan-Newman method for com-
munity detection, resulted in significant stratifi-
cation of MDD vs. HC. In this last case, the re-
sulting p-value was 0.041 while the clustering ac-
curacy was 63.5% (C1: HC 29.2%, MDD 70.8%;
C2: HC 59.0%, MDD 41.0%). For the third

analysis, focusing on data from MOODLEARN-
ING and DEPTYPE datasets, no framework
provided statistically significant results.
In table 2 are also reported all the quality met-
rics computed for the partitions achieved with

these frameworks:

Quality metrics Final pipelines evaluated
F1 F2 F3 F4
Modularity 0,007 | 0,164 | 0,487 | 0,07
Coverage 0,586 | 0,703 | 0,99 | 0,601
Performance 0,606 | 0,615 | 0,642 | 0,578
Sinlhouette 0,004 | 0,159 | 0,008 | 0,234
NMI 0,131 | 0,118 | 0,121 | 0,063
Adjusted RAND | 0,014 | 0,138 | 0,138 | 0,058
Homogeneity 0,125 | 0,117 | 0,121 | 0,062
Completeness 0,137 | 0,119 | 0,121 | 0,065
P-value 0,025 | 0,028 | 0,025 | 0,041

Table 2: Results table

The ablation studies performed for the best
frameworks from the multi-diagnosis analysis
(i.e., HC vs MDD and BD patients), including
F1, F2, F3, highlighted the gyrus rectus, support
motor area, and putamen regions as the most
important in achieving an effective stratification.
For the best framework F4 in the adult and elder
MDD vs. HC analysis (i.e., HC vs MDD) the
thalamus, substantia nigra, and medial orbital
gyrus regions resulted as the most critical ones.
However, for all frameworks the batch of regions
that predominantly influence the startification
were reported as frontal lobe (orbitofrontal cor-
tex, anterior cingulate cortex, and other frontal
gyri), the temporal lobe (amygdala, insula, and
temporal pole), and subcortical regions (thala-
mus, putamen, hippocampus, and substantia ni-

gra).

5. Discussion

In this work, for the first time, an innova-
tive multimodal neuroimaging (DTI-fMRI) and
graph theory approach was used to identify key
brain network markers of affective disorders, es-
pecially including those that could aid the dif-
ferential diagnosis of BP and MDD. The pro-
posed multimodal brain connectivity method-
ology effectively clustered healthy subjects and
patients, suggesting not only that fMRI connec-
tivity alone could provide relevant information,
but also that structural-functional integration



could significantly enhance diagnostic stratifica-
tion (HC, MDD, BP). The findings also demon-
strate the importance of adopting a multimetric
and multithreshold approach for identifying the
brain network patterns leading to the greatest
discrimination among groups.

The multi-diagnosis analysis highlighted that
BP patients were more easily distinguishable
from HC than MDD patients, reinforcing prior
evidence that BP presents more pronounced
neural alterations |7]. Despite needing confirma-
tion on larger independent samples, this result
aligns with previous studies showing that while
MDD and BP share functional brain abnormali-
ties, BP is typically associated with greater dis-
ruptions in emotional and cognitive networks [7].
The brain regions identified through ablation
studies further support the biological validity of
our approach. The most relevant areas for di-
agnostic stratification were primarily located in
the frontal and temporal lobes and key subcor-
tical structures [4]. Specifically, regions such as
the orbitofrontal cortex, anterior cingulate cor-
tex, amygdala, insula, and thalamus are known
to be implicated in emotional regulation, reward
processing, and executive control. Alterations
in these circuits have been linked to mood in-
stability and dysregulated affective processing,
which are core features of both MDD and BP.
These findings suggest that the identified net-
works may serve as potential biomarkers for
mood disorder subtyping.

The effectiveness of multimodal approaches,
particularly the SNF-based framework, under-
scores the importance of integrating different
neuroimaging modalities to capture complemen-
tary information about brain connectivity. Fu-
ture studies should explore refined fusion tech-
niques that incorporate additional neurobiologi-
cal and behavioral markers to further improve
clustering accuracy. Expanding validation ef-
forts on larger, independent datasets will also
be crucial to assess the generalizability of these
findings and support potential clinical applica-
tions.

6. Conclusions

This study highlights the potential of mul-
timodal neuroimaging and graph-based ap-
proaches for mood disorder stratification, par-
ticularly in differentiating BP from MDD, which

represents an open challenge in the psychiatric
clinical practice. The identification of key brain
regions aligns with existing literature, reinforc-
ing their relevance in mood disorder characteri-
zation. Future research should refine computa-
tional frameworks and validate findings across
diverse populations to enhance diagnostic preci-
sion and clinical applicability.
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