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Abstract— The visualization of human brain networks using
neuroimaging techniques such as electroencephalography (EEG)
and functional magnetic resonance imaging (fMRI) plays a crucial
role in advancing mental health diagnosis. This paper introduces a
hybrid Al framework that combines graph neural networks for
connectivity analysis and Fourier-based spectral features to
improve diagnostic precision. By applying graph theory and small-
world network analysis, we decode structural and functional
connectivity patterns and achieve high classification accuracy in
identifying disorders such as schizophrenia and depression
through multi-modal EEG-fMRI fusion. Unlike traditional
unimodal methods, our approach integrates explainable AI to
provide interpretable results for clinicians. We also explore
challenges related to dataset standardization and machine learning
integration. Future directions involve real-time edge computing for
wearable devices and addressing ethical concerns in Al-driven
clinical diagnostics.

Keyword—Brain network visualization, EEG, fMRI, graph theory,
small-world networks, machine learning

[. INTRODUCTION

The visualization of human brain networks using neu-
roimaging data has gained significant attention in neuro-
science research. By leveraging graph theory and
mathematical models, researchers aim to analyze structural
and functional connectivity to better understand mental
disorders. This paper explores brain network visualization,
small-world network properties, and Fourier transform
applications in mental health diagnosis. Unlike existing
studies focusing solely on unimodal data, our work uniquely
integrates EEG and fMRI with ex- plainable Al (XAI) to
bridge the gap between computational
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models and clinical usability. This addresses key challenges in
generalizability and ethical Al diagnostics raised by [5] and
[14].

II. LITERATURE REVIEW

Recent advances in neuroimaging and computational neu-
roscience have revolutionized our understanding of brain net-
work dynamics in mental health disorders. Foundational work
by Bullmore Sporns [2] established graph theory as a critical
framework for modeling brain connectivity, demonstrating
that healthy neural networks exhibit small-world properties
that optimize information transfer. Subsequent studies by
Bassett et al. [1] revealed hierarchical organizational
disruptions in schizophrenia using fMRI, linking topological
abnormalities to cognitive deficits.

Functional connectivity analysis has evolved significantly
with Friston’s [3] differentiation of structural, functional, and
effective connectivity, enabling precise characterization of
neural interactions. Rubinov Sporns [7] later standardized
complex network metrics like clustering coefficient and path
length, facilitating cross-study comparisons of psychiatric dis-
orders. For instance, Zhang et al. [10] identified reduced
prefrontal-limbic connectivity in schizophrenia using graph
theory, while Wang et al. [8] demonstrated altered alpha-
band network efficiency in major depressive disorder (MDD)
through EEG analysis.

The integration of machine learning has addressed critical
limitations in traditional methods. Sharma et al. [11] applied
deep learning to neuroimaging time-series data, achieving
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robust classification of neural patterns. Vaswani et al. [13]
introduced transformer architectures that inspired multi-modal
fusion techniques, particularly valuable for combining EEG
and fMRI data. Recent breakthroughs in synthetic data gener-
ation using GANs [14] have mitigated dataset scarcity, though
challenges persist in clinical translation due to heterogeneous
preprocessing pipelines [5].

Key unresolved challenges include:

Standardization of connectivity thresholds across studies

[7] Limited generalizability of ML models to diverse

popula-
tions [§]

Ethical implications of Al-driven diagnostics [14]. Recent
work by [13] on attention mechanisms and [14] on GANs has

enabled multi-modal data fusion, but gaps remain in translating

these to clinical settings. Our methodology builds on these

advances while incorporating XAl for transparency.
This paper addresses these gaps through a unified frame-
work combining graph-based connectivity analysis, spectral
processing, and explainable Al techniques.

III.PREFERENCES IN BRAIN NETWORK ANALYSIS
A. Structural vs Functional Connectivity

+ Structural Connectivity: Examines physical
connections using diffusion MRI

- Functional Connectivity: Identifies statistical dependen-
cies in neuroimaging data

- Effective Connectivity: Investigates causal influences
using dynamic models

B. Visualization Techniques

+ Graph theory-based node-edge diagrams
- Heatmaps and connectivity matrices
- 3D interactive network models

IV.DATASET CHALLENGES & STANDARDIZATION
A. Neuroimaging Data Limitations
- Label scarcity and demographic variability
- Data imbalance in rare disorders
B. Synthetic Data Generation

« GAN:s for realistic EEG/fMRI synthesis
- Probabilistic connectivity modeling
- Noise injection augmentation techniques

Latent space

Noise vector (z)

Fig. 1. GAN architecture for synthetic neuroimaging data
generation
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V. METHODOLOGY
A. Data Collection

The GAN architecture used for data generation is shown in
Fig. 1.EEG data from multi-channel electrodes and fMRI
scans from the Human Connectome Project were analyzed,
including both clinical and control groups.

B. Preprocessing Techniques

Artifact removal using ICA
Signal normalization with z-score
Bandpass filtering (0.5-40 Hz)

C. Graph Construction

Ay =

Threshold (0.7) was selected based on ROC analysis to opti-

mize sensitivity/specificity, following [7].
D. Feature Extraction

- Small World Properties
- Network Efficiency
- Spectral Features

VI. BRAIN CONNECTIVITY ANALYSIS

Brain connectivity refers to the organization of neural
interactions within the brain, classified into structural, func-
tional, and effective connectivity (Friston, 2011) [3]. Graph-
based approaches are widely used to represent these connec-
tions, where nodes represent brain regions, and edges denote
connectivity strength (Bullmore Sporns, 2009) [2]. Studies
have shown that altered brain network topology is associated
with mental disorders such as schizophrenia, depression, and
bipolar disorder (Rubinov Sporns, 2010) [7].

For example, Zhang et al. (2021) [10] analyzed fMRI data
using graph theory and identified disrupted functional connec-
tivity in schizophrenia patients. Similarly, EEG-based network
analysis has been applied in diagnosing major depressive
disorder (MDD), showing significant differences in network
efficiency compared to healthy controls (Wang et al., 2019)
[8]. Brain networks were modeled as graphs G = (V, E) with
adjacency matrices representing connection strengths. Altered
network topology was observed in mental disorders:

01010
10101
=0 1 0 1 0 (2)
10101
01010

This
adjacency matrix represents a brain network with five regions
where a value of 1 indicates a connection between regions,
and 0 indicates no connection between regions.

A. Neurotransmitter Impacts

- Dopamine/serotonin connectivity relationships
- Multi-modal models incorporating neurotransmitter maps

- Machine learning for rece3ptor density analtysis
:11:34 UTC from IEEE Xplore. Restrictions apply.
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VII. SMALL-WORLD NETWORK PROPERTIES IN MENTAL
HEALTH DIAGNOSIS

The small-world property of brain networks refers to an
optimal balance between local specialization and global inte-
gration (Watts Strogatz, 1998) [9]. Studies have demonstrated
that mental disorders can disrupt small-world topology, affect-
ing cognitive functions (Liao et al., 2017) [4].

A. Small-World Properties Equations

+ Clustering Coefficient:
(©)

Measures the tendency of nodes to form tightly connected
groups.
B. Small-World Properties Equations
« Characteristic Path Length:
1 ..
= d(i, j)

n(n — 1) e

L= @

Represents the average shortest distance between all pairs of
nodes as shown in Fig.2 .
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Fig. 2. Comparison of small-world metrics (CC, LL) across
disorders. Error bars show +1 SD (n=50 per group).

VIII. FOURIER TRANSFORM APPLICATIONS

The Fourier transform (FT) is widely used in EEG sig-
nal processing to analyze frequency-domain characteristics of
brain activity. It helps in decomposing complex brain signals
into fundamental frequency components, aiding in mental
health assessments (Niedermeyer da Silva, 2004) [5].

EEG signals were analyzed using Fourier transform:

oo

X(f) [ x(t)e7*™dt )

This equation represents the Fourier Transform, which con-
verts a time-domain signal (z(t)) into its frequency-domain
representation (X(f)).

For instance, studies have shown that power spectral
density (PSD) analysis using FT can detect abnormal brain
rhythms in depression and anxiety disorders (Olbrich et
al., 2015).

Moreover, spectral graph theory has been applied to analyze
brain networks, revealing frequency-dependent connectivity
changes in neurological disorders (Fransson et al., 2018).

IX. ADVANCED MACHINE LEARNING TECHNIQUES FOR
BRAIN NETWORK ANALYSIS

A. Deep Learning for Neuroimaging Analysis

- Convolutional Neural Networks (CNNs) for automated
feature extraction in fMRI/EEG

- Graph Neural Networks (GNNs) for modeling brain con-
nectivity patterns

- Temporal analysis with LSTM networks for EEG signals

B. Explainability in Al for Mental Health

- SHAP/LIME for model interpretability
- Feature attribution for biomarker identification
- FEthical considerations in Al diagnostics

C. Multi-Modal Fusion Techniques

- Attention mechanisms [13] for multi-source data integra-
tion

« Cross-domain transfer learning approaches

« Fusion of EEG, fMRI, and behavioral data

X. DATASET AUGMENTATION AND STANDARDIZATION

A. Synthetic Data Generation

- GAN-based synthetic data generation [14] addresses
dataset limitations

- Use of Generative Adversarial Networks (GANs) to cre-
ate realistic EEG/fMRI signals

- Data augmentation via noise injection and signal trans-
formations

XI. GRAPHS, TABLES, AND PLOTS

Fig. 3. Brain Connectivity Graph

TABLE I. DIFFERENCES IN BRAIN NETWORK
ORGANIZATION ACROSS MENTAL DISORDERS
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Disorder CcC LL

Healthy Brain 0.42 2.5
Schizophrenia 0.30 32
Depression 0.35 3.0

A. Small-World Brain Network Structure

This table highlights differences in brain network organi-
zation across mental disorders. A lower clustering coefficient
(CC) and higher path length (LL) suggest altered connectivity
patterns compared to a healthy brain as shown Fig. 3.

XII. RESULT ANALYSIS
A. Graph Theory & Mental Disorders

- Altered small-world properties indicate disrupted neural
connectivity.
Schizophrenia patients
cluster- ing coefficients,
connectivity.

- This aligns with Bassett et al. [1], where schizophrenia
patients showed similar reductions in clustering coeffi-
cient (CC=0.32).

- Depression and anxiety exhibit moderate disruptions in
network efficiency.

B. Fourier Transform & EEG Analysis

Spectral features reveal abnormal frequency patterns in
mental health conditions.

- Depression is associated with altered beta and gamma
wave power distributions.

show significantly reduced

EEG Signal Fourier Transform
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Fig. 4. EEG Signal Analysis using Fourier Transform

C. Machine Learning Enhancement

- Implementing ML techniques improves classification ac-
curacy, aiding automated diagnosis.

- Hybrid models combining EEG and fMRI data yield
higher precision in mental disorder detection.

« Our hybrid model’s accuracy (98.3 percent) surpasses
Sharma et al. [11] (95.6 percent) due to multi-modal
fusion, though their dataset was 20 percent larger.

D. Future Directions

- Enhancing deep learning frameworks to refine classifica-
tion performance

- Expanding datasets to include diverse patient
demograph- ics for better generalization.

- Integrating real-time EEG processing for clinical appli-
cations.

E. Accuracy

To assess the effectiveness of different techniques in diag-
nosing mental disorders, we compare the classification accu-
racy of various models.

The hybrid approach demonstrates superior performance,
with 98.3% accuracy in multi-modal diagnosis.

implying weakened local TABLE Il ACCURACY REPORTED AS MEAN + STD. DEV.

OVER 5-FOLD CROSS-VALIDATION.

Model Dataset Accuracy (%)
SVM EEG 95.2
CNN EEG 96.5
Hybrid (EEG+HMRI)Multi-modal 98.3

This table demonstrates that hybrid approaches combining
EEG and fMRI achieve the highest accuracy, making them the
most effective for mental disorder classification.

XIII. REAL-TIME EEG PROCESSING

A. Edge Computing Implementations

- Lightweight models for portable EEG devices
- Latency reduction strategies
Wearable technology integration

B. Brain-Computer Interface Applications

« Neuro feedback systems for anxiety/depression
- Adaptive therapy recommendation models
- Real-time signal quality challenges

XIV. CLINICAL TRANSLATION & FUTURE DIRECTIONS

A. Healthcare Integration

- Hospital deployment strategies
Clinician training requirements
- Regulatory considerations

B. Personalized Medicine Approaches

Genetic- epigenetic network analysis
Treatment response prediction models
- Longitudinal digital biomarker studies

C. Emerging Technologies

+ Quantum computing for connectivity analysis
+ VR /AR visualization tools
- Wearable neuro-monitoring devices
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Edge Computing in Healthcare

Patient data from healthcare
facilities is processed by on-
site edge compute resources.
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Fig. 5. Edge computing framework for real-time EEG analysis
(5]
CONCLUSION
The visualization of human brain networks using EEG
and fMRI data has proven to be an invaluable tool in (6]
understanding and diagnosing mental disorders. By
leveraging graph the- ory, small-world network properties,
and Fourier transform techniques, researchers can uncover 7]
critical insights into the structural and functional
connectivity of the brain. This study highlights the
significance of these approaches in identifying alterations (8]
associated with conditions such as schizophrenia,
depression, and anxiety. Despite notable advancements, [9]
chal- lenges remain in improving accuracy, integrating
multi-modal  neuroimaging data, and enhancing
computational models for real-world clinical applications. [10]
The incorporation of machine learning techniques has
shown promising results in automating mental health
diagnosis, with hybrid models demonstrating superior [11]
accuracy. Future research should focus on refining deep
learning frameworks, expanding datasets to ensure gen-
eralizability, and developing real-time EEG processing sys- [12]
tems for early intervention and personalized treatment. By
continuously improving brain network visualization
techniques and diagnostic methodologies, this field holds [13]
great potential for transforming mental health assessments
and advancing precision medicine.
[14]
[15]
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