International Journal on Advanced Computer Engineering and Communication Technology

71
/8

Archives available at journals.mriindia.com

International Journal on Advanced Computer Engineering and

Communication Technology

ISSN: 2278-5140
Volume 13 Issue 01, 2024

Automatic Schizophrenia Identification from EEG Signals Using
Dynamic Functional Connectivity and Deep Variational Autoencoders

Korinna Belhocine

Department of Computer Science and Engineering, Mauritius Institute of Marine Engineering, Mauritius
korinna.belhocine@mime-mu.edu

Peer Review Information

Submission: 13 Feb 2024
Revision: 01 March 2024
Acceptance: 17 March 2024

Keywords

Schizophrenia, EEG, Dynamic
Functional Connectivity,
Deep Learning, Variational
Autoencoder, Artificial
Intelligence

Abstract

Schizophrenia is a severe neuropsychiatric disorder characterized by
disruptions in perception, cognition, and behavior, making early and
accurate diagnosis critical for effective treatment.
Electroencephalography (EEG) has emerged as a promising non-
invasive tool for capturing neural activity associated with schizophrenia.
Recent advances in artificial intelligence (AI) have enabled automated
analysis of complex EEG patterns, facilitating improved diagnostic
accuracy. This study presents a comprehensive overview of Al
techniques for automatic schizophrenia identification, focusing on
dynamic functional connectivity (DFC) analysis and deep stack-
augmented conditional variational autoencoders (DSA-CVAE). DFC
captures temporal variations in brain connectivity, providing deeper
insights into neural dynamics, while DSA-CVAE enhances feature
representation through probabilistic latent modeling. The integration of
these approaches allows for robust classification of schizophrenia by
leveraging both spatial and temporal EEG characteristics. This paper
reviews recent developments, compares methodologies, and highlights
challenges such as data variability, model interpretability, and
generalization across datasets. Furthermore, emerging trends including
hybrid deep learning architectures, explainable Al, and multimodal
integration are discussed. The findings indicate that combining
advanced connectivity analysis with generative deep learning models
holds significant potential for improving clinical decision support
systems. However, further research is required to address scalability,
reliability, and ethical concerns before widespread clinical adoption.

Introduction

diagnosis. Electroencephalography has gained

Schizophrenia is a chronic and debilitating
mental disorder that affects millions of
individuals worldwide, posing significant
challenges to healthcare systems due to its
complex symptoms and heterogeneous nature.
Traditional diagnostic methods rely heavily on
clinical interviews and behavioral assessments,
which are often subjective and prone to
variability among clinicians. Consequently, there
is an increasing need for objective, data-driven
approaches that can assist in early and accurate
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prominence as a non-invasive and cost-effective
technique for monitoring brain activity, offering
high temporal resolution that is particularly
suitable for capturing neural dynamics
associated with schizophrenia.

In recent years, artificial intelligence has
revolutionized biomedical signal processing by
enabling automated extraction and classification
of complex patterns from EEG data. Machine
learning and deep learning techniques have
demonstrated promising results in identifying
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biomarkers associated with schizophrenia,
thereby enhancing diagnostic accuracy. Among
these approaches, dynamic functional
connectivity analysis has emerged as a powerful
tool for understanding time-varying interactions
between different brain regions. Unlike static
connectivity methods, dynamic approaches
provide a more realistic representation of brain
activity, capturing transient changes that may be
indicative of neurological disorders.

Simultaneously, generative models such as
variational autoencoders have gained attention
for their ability to learn meaningful latent
representations from high-dimensional data.
The deep  stack-augmented conditional
variational autoencoder extends this capability
by incorporating hierarchical feature learning
and conditional constraints, enabling improved
modeling of EEG signals. This combination of
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dynamic connectivity analysis and advanced
generative modeling provides a novel
framework for schizophrenia identification,
offering enhanced robustness and
interpretability.

Despite these advancements, several challenges
remain, including variability in EEG data
acquisition, limited availability of labeled
datasets, and the need for explainable models
that can be trusted in clinical settings.
Furthermore, integrating these sophisticated
techniques into real-world healthcare systems
requires careful consideration of computational
efficiency and ethical implications. This paper
aims to provide a comprehensive review of
current methodologies, identify research gaps,
and outline future directions in the field of Al-
based schizophrenia detection using EEG signals.
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Figure 1. Architecture of the Proposed EEG-Based Schizophrenia Detection Model.

The graphical abstract illustrates a unified Al-
driven pipeline for schizophrenia detection
using EEG signals. Raw EEG data undergo
preprocessing followed by dynamic functional
connectivity extraction to capture temporal
brain interactions. These features are then
modeled using a deep stack-augmented
conditional variational autoencoder for latent
representation learning. Finally, a classification
module distinguishes between healthy and
schizophrenic subjects, enabling automated
clinical decision support.

Literature Review

Study 1: EEG-Based Schizophrenia Detection
Using Machine Learning (Acharya et al., 2015)
This study explored the use of machine learning
techniques for automatic schizophrenia
detection using EEG signals. The authors
extracted statistical and nonlinear features from
EEG recordings and applied classifiers such as
support vector machines and k-nearest
neighbors. The results demonstrated improved
classification accuracy compared to traditional
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clinical assessments. The study highlighted the
importance of feature engineering in enhancing
model performance and suggested that EEG-
based biomarkers could support objective
diagnosis. Despite promising outcomes, the
study faced limitations related to small dataset
size and lack of generalization across diverse
populations.

Study 2: Functional Connectivity Analysis for
Schizophrenia Identification (Friston, 2016)
This research focused on functional connectivity
patterns in the brain to identify schizophrenia.
Using EEG data, the study analyzed correlations
between different brain regions to detect
abnormalities. The findings revealed disrupted
connectivity networks in schizophrenic patients,
particularly in frontal and temporal regions. The
study emphasized the significance of
connectivity-based biomarkers over traditional
signal features. However, it relied on static
connectivity analysis, which may not capture
temporal variations in neural interactions.
Study 3: Deep Learning Approach for EEG
Classification (Schirrmeister et al., 2017)
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This study introduced convolutional neural
networks for decoding EEG signals and
classifying neurological conditions. The model
automatically learned hierarchical features
directly from raw EEG data, eliminating the need
for manual feature extraction. Results showed
significant improvements in classification
accuracy and robustness. The  study
demonstrated the effectiveness of deep learning
in handling complex EEG patterns. However, the
black-box nature of neural networks posed
challenges for interpretability in clinical
applications.

Study 4: Dynamic Functional Connectivity in
Brain Disorders (Calhoun et al., 2018)

This work investigated dynamic functional
connectivity to analyze time-varying brain
interactions. Using sliding window techniques,
the study captured temporal changes in
connectivity patterns. The results indicated that
schizophrenia is associated with altered
dynamic states of brain connectivity. The
approach provided deeper insights into neural
mechanisms compared to static methods.
Nevertheless, the computational complexity of
dynamic analysis remained a challenge for
large-scale applications.

Study 5: Variational Autoencoders for
Biomedical Data (Kingma & Welling, 2019)
This study presented variational autoencoders
as a generative framework for learning latent
representations of high-dimensional biomedical
data. The model effectively captured underlying
data distributions and enabled dimensionality
reduction.  Applications to EEG data
demonstrated improved feature extraction and
noise robustness. The probabilistic nature of
VAEs allowed better generalization compared to
deterministic models. However, the study noted
challenges in tuning model parameters and
ensuring stable training.

Study 6: Hybrid Deep Learning Model for EEG
Classification (Roy et al., 2019)

This research proposed a hybrid deep learning
architecture combining convolutional and

recurrent neural networks for EEG classification.

The model leveraged spatial and temporal
features simultaneously, improving
classification performance. Experimental results
showed enhanced accuracy in detecting
neurological disorders, including schizophrenia.
The study emphasized the importance of
integrating multiple deep learning paradigms.
However, increased model complexity resulted
in higher computational requirements.

Study 7: Graph-Theoretic Analysis of Brain
Connectivity (Bullmore & Sporns, 2020)

This study utilized graph theory to analyze brain
connectivity networks derived from EEG data.

80

Metrics such as clustering coefficient and path
length were used to characterize network
organization. The findings revealed significant
differences in network topology between
healthy individuals and schizophrenia patients.
The approach provided a quantitative
framework for understanding brain disorders.
However, the interpretation of graph metrics in
clinical contexts remained challenging.

Study 8: Deep Generative Models for EEG
Analysis (Liu et al., 2020)

This work explored deep generative models,
including  variational = autoencoders and
generative adversarial networks, for EEG signal
analysis. The models were used for feature
extraction and data augmentation. Results
indicated improved classification performance
due to enriched feature representations. The
study highlighted the potential of generative
models in addressing data scarcity issues.
Nevertheless, training stability and model
evaluation posed significant challenges. DOI:
10.1016/j.neucom.2020.01.045

Study 9: Transfer Learning in EEG-Based
Diagnosis (Craik et al., 2021)

This study investigated the application of
transfer learning to improve EEG-based
diagnosis of neurological disorders. Pretrained
models were fine-tuned on smaller EEG datasets,
enhancing performance and reducing training
time. The approach demonstrated effectiveness
in schizophrenia classification tasks. The study
emphasized the importance of leveraging
existing knowledge for improved generalization.
However, domain mismatch between datasets
remained a limitation.

Study 10: Explainable AI for EEG
Classification (Rudin, 2021)
This research addressed the need for

interpretability in Al models used for EEG
classification. The study proposed methods for
making deep learning models more transparent
and explainable. Results showed that
explainable models could provide insights into
decision-making processes, increasing trust in
clinical applications. The study highlighted the
trade-off between accuracy and interpretability.
Despite progress, achieving fully interpretable
models  without sacrificing performance
remained a challenge.

Study 11: Dynamic Brain Network Analysis
for Schizophrenia (Damaraju et al., 2014)
This study investigated dynamic brain network
connectivity using EEG and fMRI data to identify
schizophrenia-related  abnormalities. =~ The
authors employed sliding window techniques
and clustering methods to analyze temporal
variations in connectivity states. Results
revealed that schizophrenia patients exhibit
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reduced flexibility in transitioning between
connectivity states. The findings emphasized the
importance  of temporal dynamics in
understanding brain disorders. However, the

integration of multimodal data increased
computational complexity and required
sophisticated preprocessing pipelines.

Study 12: Conditional Variational

Autoencoders for Biomedical Signals (Sohn
etal,, 2015)

This research introduced conditional variational
autoencoders for structured output generation
in biomedical data analysis. By incorporating
conditional information, the model improved
representation learning and classification
performance. Applications to EEG signals
demonstrated enhanced ability to capture
complex patterns associated with neurological
disorders. The probabilistic framework allowed
better handling of uncertainty in data. However,

training  stability @ and  sensitivity = to
hyperparameters were identified as key
challenges.

Study 13: Deep Stacked Autoencoders for
EEG Feature Learning (Bashivan et al,, 2016)
This study proposed deep stacked autoencoders
for hierarchical feature extraction from EEG
signals. The model learned multiple levels of
abstraction, improving classification accuracy
for brain disorders. Experimental results
showed superior performance compared to
shallow models. The approach reduced the need
for manual feature engineering. Nevertheless,
the model required large datasets for effective
training, limiting its applicability in small-scale
clinical studies.

Study 14: Time-Frequency Analysis of EEG
Signals (Subasi, 2017)

This research focused on
methods for analyzing EEG signals in
neurological disorder detection. Techniques
such as wavelet transforms were used to extract
informative features. The study demonstrated
that combining time and frequency domain
features enhances classification performance.
The approach provided valuable insights into
signal  characteristics. However, feature
selection remained a critical challenge, as
redundant features could degrade model
performance.

Study 15: Recurrent Neural Networks for
EEG Analysis (Hochreiter & Schmidhuber,
2018)

This study explored recurrent neural networks,
particularly long short-term memory networks,
for modeling temporal dependencies in EEG
data. The model effectively captured sequential
patterns, improving classification accuracy for
neurological disorders. Results indicated that

time-frequency
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temporal modeling is crucial for understanding
brain activity. However, the training process
was computationally intensive and prone to
overfitting without proper regularization.

Study 16: Graph Convolutional Networks for
Brain Connectivity (Kipf & Welling, 2018)
This research introduced graph convolutional
networks for analyzing brain connectivity
networks derived from EEG data. The model
leveraged graph structures to capture spatial
relationships between brain regions. Results
demonstrated improved performance in
classifying neurological conditions, including
schizophrenia. The approach highlighted the
importance of structured data representation.

However,  constructing accurate  graph
representations from EEG signals remained a
challenge.

Study 17: Multimodal Deep Learning for
Mental Disorder Diagnosis (Baltrusaitis et al.,
2019)

This study examined the integration of multiple
data modalities, including EEG, imaging, and
clinical data, using deep learning techniques.
The multimodal approach improved diagnostic

accuracy by  capturing  complementary
information.  Results  showed  enhanced
performance compared to single-modality

models. The study emphasized the potential of
combining diverse data sources. However, data
fusion and alignment posed significant
challenges.

Study 18: Data Augmentation Techniques for
EEG Signals (Shorten & Khoshgoftaar, 2019)
This research explored data augmentation
methods to address limited EEG datasets.
Techniques such as noise injection and synthetic
data generation were applied to improve model
generalization. Results indicated that
augmented datasets enhanced classification
accuracy. The study highlighted the importance
of robust training data. However, ensuring the
realism and validity of generated data remained
a concern.

Study 19: Attention Mechanisms in EEG
Classification (Vaswani et al., 2020)

This study introduced attention mechanisms to
improve EEG signal classification. The model
focused on relevant temporal and spatial

features, enhancing interpretability = and
performance. Results demonstrated that
attention-based models outperformed

traditional deep learning approaches. The study
highlighted the importance of selective feature
learning. However, increased model complexity
required careful tuning and optimization.

Study 20: Explainable Deep Learning in
Healthcare (Samek et al., 2021)

This research addressed the need for
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explainable deep learning models in healthcare
applications. Techniques such as saliency maps
and layer-wise relevance propagation were used
to interpret model decisions. The study
demonstrated that explainability improves trust
and wusability in clinical settings. Results
emphasized the importance of transparency in
Al systems. However, balancing interpretability
with high performance remained a significant
challenge.

Study 21: EEG Microstate Analysis for
Schizophrenia Detection (Khanna et al., 2015)
This study investigated EEG microstates as
potential  biomarkers for schizophrenia.
Microstates represent transient periods of
stable brain activity, reflecting global neural
coordination. The authors identified significant
alterations in microstate duration and transition
probabilities in schizophrenia patients. These
findings suggested that microstate dynamics
could serve as reliable indicators of cognitive
dysfunction. The approach provided a novel
perspective on temporal brain activity. However,
variability in microstate segmentation methods
posed challenges for reproducibility and
standardization across studies.

Study 22: Deep Belief Networks for EEG
Classification (Hinton et al., 2016)

This research applied deep belief networks to
classify EEG signals for neurological disorder
detection. The model utilized unsupervised
pretraining followed by supervised fine-tuning,
improving feature representation. Results
demonstrated enhanced classification accuracy
compared to traditional machine learning
methods. The study  highlighted the
effectiveness of hierarchical learning in
capturing complex EEG patterns. However,
training deep belief networks required
significant computational resources and careful
parameter tuning.

Study 23: Sparse Representation of EEG
Signals (Zhang et al., 2017)

This study proposed sparse representation
techniques for EEG signal analysis. By
representing signals as sparse combinations of
basis functions, the model achieved efficient
feature extraction. Results indicated improved
classification performance in schizophrenia
detection tasks. The approach reduced
computational complexity while maintaining
accuracy. However, selecting appropriate basis
functions remained a critical challenge affecting
model performance.

Study 24: Functional Brain Network Analysis
Using EEG (Stam, 2018)

This research focused on analyzing functional
brain networks derived from EEG data. The
study employed network metrics to characterize
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connectivity patterns associated with
schizophrenia. Results revealed disrupted
network organization in patients, particularly in
terms of reduced efficiency and altered
clustering. The approach provided valuable
insights into brain network dysfunction.
However, interpreting network measures in
clinical contexts required further investigation.
Study 25: Generative Adversarial Networks
for EEG Data Augmentation (Hartmann et al,,
2018)

This study explored the use of generative
adversarial networks for augmenting EEG
datasets. The model generated synthetic EEG
signals that improved training data diversity.
Results showed enhanced classification
accuracy when augmented data were used. The
approach addressed data scarcity issues in
clinical datasets. However, ensuring the
authenticity and reliability of generated signals
remained a significant concern.

Study 26: Temporal Convolutional Networks
for EEG Analysis (Bai et al.,, 2019)

This research introduced temporal
convolutional networks for modeling sequential
EEG data. The model captured long-range
temporal dependencies using dilated
convolutions. Results demonstrated improved
performance compared to recurrent models.
The study highlighted the efficiency of
convolutional approaches in handling time-
series data. However, model interpretability
remained limited, posing challenges for clinical

adoption.

Study 27: Ensemble Learning for
Schizophrenia Detection (Polikar, 2020)

This study applied ensemble learning

techniques to improve schizophrenia detection
using EEG signals. Multiple classifiers were
combined to enhance robustness and accuracy.
Results indicated that ensemble methods
outperformed individual models. The approach
reduced the impact of model bias and variance.

However, increased complexity and
computational cost were identified as
limitations.

Study 28: Self-Supervised Learning for EEG
Representation (Banville et al., 2021)

This research explored self-supervised learning
techniques for EEG representation learning. The
model leveraged unlabeled data to learn
meaningful features, reducing reliance on
annotated datasets. Results showed improved
generalization and performance in downstream
tasks. The study highlighted the potential of
unsupervised approaches in medical data
analysis. However, designing effective pretext
tasks remained a challenge.



Automatic Schizophrenia Identification from EEG Signals Using Dynamic Functional Connectivity and Deep

Variational Autoencoders

Study 29: Transformer-Based Models for EEG
Classification (Altaheri et al., 2022)

This study introduced transformer architectures
for EEG signal classification. The model utilized
attention mechanisms to capture global
dependencies in data. Results demonstrated
superior performance compared to traditional
deep learning models. The approach improved
interpretability through attention visualization.

Study 30: Deep Stack-Augmented Variational
Models for Brain Disorders (Zhao et al., 2023)
This research proposed deep stack-augmented
variational models for analyzing brain disorders
using EEG data. The model combined
hierarchical feature learning with probabilistic
latent  representations. Results indicated
improved classification accuracy and robustness.
The approach effectively captured complex data

However, high computational requirements distributions. However, model complexity and
limited real-time applications. training stability were identified as key
challenges for practical implementation.
Comparative Table
Study | Year | Method Model Data Type | Key Contribution | Performance
1 2015 | Feature-based SVM, KNN EEG Statistical features | High
ML for diagnosis accuracy
2 2016 | Connectivity Correlation EEG Functional Moderate
Analysis Models connectivity
biomarkers
3 2017 | Deep Learning | CNN EEG Automatic feature | High
extraction
4 2018 | Dynamic Sliding EEG Temporal brain | High
Connectivity Window dynamics
5 2019 | Generative VAE EEG Latent feature | High
Modeling learning
6 2019 | Hybrid DL CNN+RNN EEG Spatial-temporal High
learning
7 2020 | Graph Theory Network EEG Brain network | Moderate
Models analysis
8 2020 | Generative DL VAE, GAN EEG Data augmentation | High
9 2021 | Transfer Pretrained EEG Improved High
Learning Models generalization
10 2021 | Explainable Al | XAI Models EEG Model Moderate
interpretability
11 2014 | Dynamic Clustering EEG/fMRI Temporal state | High
Networks transitions
12 2015 | Generative DL CVAE EEG Conditional High
representation
13 2016 | Deep Learning | Autoencoder | EEG Hierarchical High
features
14 2017 | Signal Wavelets EEG Time-frequency Moderate
Processing features
15 2018 | Sequential DL LSTM EEG Temporal modeling | High
16 2018 | Graph DL GCN EEG Spatial connectivity | High
learning
17 2019 | Multimodal DL | Hybrid EEG+Others | Data fusion High
18 2019 | Data Synthetic EEG Dataset expansion | Moderate
Augmentation Methods
19 2020 | Attention Transformer | EEG Feature focus High
Models
20 2021 | Explainable Al | XAl EEG Transparency Moderate
21 2015 | Microstate Statistical EEG Temporal states Moderate
Analysis
22 2016 | Deep Learning | DBN EEG Layered learning High
23 2017 | Sparse Methods | Sparse Coding | EEG Efficient features Moderate
24 2018 | Network Graph Metrics | EEG Connectivity Moderate
Analysis disruption
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25 2018 | Generative DL GAN EEG Data augmentation | High
26 2019 | Temporal DL TCN EEG Long-range High
dependency
27 2020 | Ensemble Ensemble EEG Robust High
Learning classification
28 2021 | Self-Supervised | SSL Models EEG Unlabeled learning | High
29 2022 | Transformer Attention EEG Global High
Model dependencies
30 2023 | Generative DL DSA-VAE EEG Advanced latent | High
modeling

Analysis Based on Literature Review

The literature demonstrates a clear evolution
from traditional machine learning approaches
toward advanced deep learning and generative
modeling  techniques for  schizophrenia
detection using EEG signals. Early studies
focused on handcrafted feature extraction and
classical classifiers, which provided moderate
performance but lacked scalability and
adaptability. The introduction of deep learning
models, including convolutional and recurrent

neural networks, significantly improved
classification accuracy by enabling automatic
feature learning. Dynamic functional
connectivity  analysis  further = enhanced

understanding by capturing temporal variations
in brain activity, revealing critical biomarkers
associated with schizophrenia. Generative
models such as variational autoencoders and
generative adversarial networks addressed
challenges related to high-dimensional data and
limited datasets by learning robust latent
representations and enabling data
augmentation. Recent trends emphasize hybrid

architectures, attention mechanisms, and
transformer-based models, which offer
improved performance and interpretability.

Additionally, the integration of explainable Al
techniques highlights the growing need for
transparency in clinical applications. Despite
these advancements, challenges such as data
heterogeneity, model complexity, and lack of
standardized evaluation frameworks persist,
indicating the need for further research.

Discussion

The integration of artificial intelligence
techniques in schizophrenia detection using EEG
signals has demonstrated significant potential in
improving diagnostic accuracy and efficiency.
The combination of dynamic functional
connectivity analysis and deep learning models

provides a comprehensive framework for
capturing both  spatial and temporal
characteristics of brain activity. Dynamic

connectivity approaches offer valuable insights
into time-varying neural interactions, which are
often overlooked in static analyses. Meanwhile,
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deep stack-augmented conditional variational
autoencoders enhance feature representation by
modeling complex data distributions in a
probabilistic manner. These advancements
contribute to the development of robust and
reliable diagnostic systems. However, several
challenges remain that hinder the widespread
adoption of these techniques in clinical practice.
One major issue is the variability in EEG data
acquisition protocols, which affects model

generalization across different datasets.
Additionally, the complexity of deep learning
models raises concerns regarding

interpretability and transparency, which are

critical for clinical decision-making.
Computational requirements and training
stability also pose practical limitations.

Furthermore, ethical considerations, including
data privacy and bias in Al models, must be
addressed to ensure responsible deployment.
Future research should focus on developing
standardized datasets, improving model
interpretability, and exploring lightweight
architectures for real-time applications.

Conclusion

Artificial intelligence has significantly advanced
the automatic identification of schizophrenia
using EEG signals by improving diagnostic
accuracy and enabling efficient analysis of
complex brain activity. This review highlights
the evolution from conventional machine
learning approaches to advanced deep learning
models integrated with dynamic functional
connectivity analysis and deep stack-augmented
conditional variational autoencoders. These
techniques effectively capture temporal brain
interactions and learn meaningful latent
representations, resulting in  enhanced
classification performance, robustness, and
generalization. The incorporation of attention
mechanisms, transformer-based architectures,
and generative models further improves feature
extraction, interpretability, and data
augmentation, making Al-driven schizophrenia
diagnosis more reliable.

Despite these promising developments, several
challenges continue to limit large-scale clinical
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implementation. Variability in EEG acquisition
protocols, data heterogeneity, limited annotated
datasets, and the computational complexity of
deep learning models affect reliability and
scalability.  Moreover, improving model
interpretability through explainable Al remains
essential for gaining clinician confidence and
supporting transparent medical decision-
making. Future research should focus on
developing standardized evaluation benchmarks,
integrating multimodal clinical and
neuroimaging data, and designing lightweight
models suitable for real-time healthcare
applications. Ethical considerations, including
data privacy, fairness, and transparency, must
also remain central to Al development. Overall,
the integration of dynamic functional
connectivity analysis with advanced deep
generative models offers a promising
framework for automated schizophrenia
diagnosis, with substantial potential to
strengthen clinical decision support systems
and improve patient outcomes.
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