International Journal of Electrical, Electronics and Computer Systems

Archives available at journals.mriindia.com

International Journal of Electrical, Electronics and
Computer Systems

ISSN: 2347-2820

Volume 13 Issue 01, 2024

Recent Advances in Automatic Schizophrenia Identification Based on
EEG Signals Using Dynamic Functional Connectivity Analysis and Deep
Stack-Augmented Conditional Variational Autoencoder: A Systematic

Review

Celestine Petropoulos

Assistant Professor, Department of Electronics and Communication Engineering, Delta Polytechnic Institute

of Engineering, Bangladesh

Email: celestine.petropoulos@dpi-bd.edu

Peer Review Information

Submission: 26 Dec 2023
Revision: 04 Jan 2024
Acceptance: 18 Jan 2024

Keywords

Schizophrenia, EEG,
Dynamic Functional
Connectivity, Deep Learning,
Variational Autoencoder,
Neurodiagnostics

Abstract

Schizophrenia is a complex neuropsychiatric disorder characterized by
disruptions in perception, cognition, and emotional regulation, making
early and accurate diagnosis a significant clinical challenge.
Electroencephalography (EEG) has emerged as a promising non-invasive
tool for identifying neural abnormalities associated with schizophrenia.
In recent years, advanced computational techniques such as dynamic
functional connectivity analysis and deep learning architectures have
significantly enhanced automated diagnostic capabilities. This
systematic review presents a comprehensive analysis of recent
advancements in schizophrenia identification using EEG signals, with a
particular focus on dynamic connectivity modeling and deep stack-
augmented conditional variational autoencoders. The integration of
temporal brain network dynamics with generative deep learning
frameworks has enabled improved feature representation, robustness to
noise, and better generalization across datasets. This paper critically
evaluates existing methodologies, highlighting their strengths,
limitations, and performance trends. Furthermore, it explores how
hybrid models combining functional connectivity and probabilistic
generative learning contribute to improved classification accuracy. The
review also identifies key research gaps, including issues related to data
heterogeneity, model interpretability, and clinical applicability. By
synthesizing findings from recent studies, this work provides valuable
insights into the future direction of EEG-based schizophrenia diagnosis
and the role of advanced deep learning frameworks in transforming
neuropsychiatric diagnostics.

I
ntroduction

delayed or inconsistent diagnoses. Consequently,

Schizophrenia is a severe and chronic mental
disorder that affects millions of individuals
worldwide, imposing substantial social and
economic burdens. Traditional diagnostic
methods rely heavily on clinical interviews and
subjective assessments, which often lead to
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there has been a growing interest in objective,
data-driven approaches that leverage
neurophysiological signals for early detection.
Electroencephalography has gained significant
attention due to its high temporal resolution,
cost-effectiveness, and ability to capture real-
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time brain activity patterns. EEG signals reflect
complex neuronal interactions, which can be
analyzed to uncover biomarkers associated with

schizophrenia.
Recent  developments in  computational
neuroscience  have introduced dynamic

functional connectivity as a powerful approach
for modeling time-varying interactions between
different  brain  regions. Unlike static
connectivity = methods, dynamic analysis
captures transient neural states and provides a
more comprehensive understanding of brain

dysfunction. These temporal connectivity
patterns are  particularly relevant in
schizophrenia, where abnormal neural

synchronization and disrupted connectivity are
well-documented.

Simultaneously, deep learning techniques have
revolutionized biomedical signal processing by
enabling automatic feature extraction and
hierarchical representation learning. Among
these, conditional variational autoencoders have
shown remarkable potential in modeling
complex distributions and generating latent
representations that capture underlying data
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structures. The incorporation of deep stack
architectures further enhances the learning
capacity, allowing for improved discrimination
between healthy and schizophrenic subjects.
The convergence of dynamic functional
connectivity analysis and deep stack-augmented
conditional variational autoencoders represents
a promising direction for automated
schizophrenia identification. These hybrid
approaches not only improve classification
performance but also offer insights into the
underlying neural mechanisms. However,
challenges such as data variability, model
interpretability, =~ and  scalability = remain
significant barriers to clinical adoption.

This systematic review aims to provide a
detailed examination of recent advances in this
domain, focusing on methodologies that
integrate EEG-based dynamic connectivity with
advanced deep learning frameworks. By
analyzing current trends, evaluating
performance metrics, and identifying research
gaps, this study contributes to the ongoing effort
to develop reliable and efficient diagnostic tools
for schizophrenia.
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The graphical abstract illustrates the complete
pipeline for automated schizophrenia

identification using EEG signals. Raw EEG data
undergo preprocessing and dynamic functional
connectivity extraction to capture temporal
brain interactions. These features are then
processed through a deep stack-augmented
conditional variational autoencoder for latent
representation learning. Finally, the model
performs classification to distinguish between
healthy and schizophrenic subjects, enabling
objective clinical decision support.
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Study 1: EEG-Based Schizophrenia Detection
Using Deep Neural Networks (Zhang, 2019)
Zhang (2019) proposed a deep neural network
framework for schizophrenia detection using
multi-channel EEG signals, focusing on
automated feature extraction without manual
intervention. The study leveraged temporal and
spectral EEG characteristics and demonstrated
improved classification accuracy compared to

traditional machine learning methods. The
model effectively captured nonlinear
relationships in brain activity, leading to
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enhanced diagnostic performance. However, the
study relied on static connectivity features,
limiting its ability to model temporal dynamics.
Despite this limitation, it established a strong
foundation for applying deep learning to EEG-
based schizophrenia classification.

Study 2: Functional Connectivity Alterations
in Schizophrenia Using EEG (Kim, 2020)

Kim (2020) investigated functional connectivity
disruptions in schizophrenia patients using EEG
coherence analysis. The study highlighted
abnormal synchronization patterns across brain
regions, particularly in the frontal and temporal
lobes. By quantifying connectivity metrics, the
research demonstrated significant differences
between patients and healthy controls. Although
the approach provided valuable
neurophysiological insights, it relied on static
connectivity measures, which limited temporal
resolution. The findings underscored the
importance of connectivity-based biomarkers
for schizophrenia diagnosis and motivated
further exploration of dynamic connectivity
approaches.

Study 3: Dynamic Functional Connectivity
Analysis for Mental Disorder Classification
(Li, 2021)

Li (2021) introduced a dynamic functional
connectivity framework to capture time-varying
brain interactions in EEG signals. The method
utilized sliding window techniques to model
temporal fluctuations and improve classification
performance. Results indicated that dynamic
features significantly outperformed static
connectivity = measures in  distinguishing
schizophrenia patients. The study demonstrated
the importance of temporal dynamics in
understanding neural abnormalities. However,
computational complexity and parameter
sensitivity remained challenges. This work laid
the groundwork for integrating dynamic
connectivity with advanced deep learning
models.

Study 4: Variational Autoencoder-Based EEG
Feature Learning (Park, 2021)

Park (2021) proposed the use of variational
autoencoders  for  unsupervised feature
extraction from EEG data. The model learned
compact latent representations that preserved
essential signal characteristics while reducing
noise. The approach improved classification
accuracy when combined with traditional
classifiers. Although effective, the model did not
incorporate conditional constraints or dynamic
connectivity information. The study
demonstrated the potential of generative
models in EEG analysis and inspired subsequent
research on  conditional and  stacked
architectures.
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Study 5: Conditional Variational
Autoencoder for Brain Signal Classification
(Wang, 2022)

Wang (2022) extended the variational
autoencoder framework by introducing
conditional constraints to improve classification
performance. The model incorporated label
information during training, enabling better
separation of latent representations. Applied to
EEG-based  schizophrenia  detection, the
approach achieved higher accuracy and
robustness compared to standard VAEs.
However, it did not fully exploit temporal
connectivity patterns. The study highlighted the
advantages of conditional generative models in
biomedical signal processing.

Study 6: Deep Stacked Autoencoder for EEG-
Based Diagnosis (Singh, 2022)

Singh (2022) developed a deep stacked
autoencoder architecture to capture hierarchical
features from EEG signals. The multi-layer
design enabled progressive abstraction of signal
characteristics, improving classification
accuracy. The model demonstrated robustness
against noise and variability in EEG data.
Despite its strengths, the approach lacked

integration with dynamic functional
connectivity, limiting its ability to capture
temporal brain interactions. The study
emphasized the importance of deep
architectures in enhancing  EEG-based

diagnostic systems.

Study 7: Hybrid Deep Learning Model for
Schizophrenia Classification (Chen, 2023)
Chen (2023) proposed a hybrid model
combining convolutional neural networks and
recurrent neural networks for EEG-based
schizophrenia detection. The model captured
both spatial and temporal features, leading to
improved classification performance.
Experimental results showed significant gains
over single-model approaches. However, the
study did not explicitly model functional
connectivity, focusing instead on raw signal
representations. This work demonstrated the
effectiveness of hybrid deep learning
architectures in biomedical signal analysis.
Study 8: Graph-Based Functional
Connectivity Analysis in EEG (Rahman, 2023)
Rahman (2023) introduced a graph-theoretical
approach to analyze functional connectivity in
EEG signals. Brain regions were modeled as
nodes, and connectivity strengths were
represented as edges. The study identified
disrupted network properties in schizophrenia
patients, providing valuable insights into brain
organization. While effective in capturing
structural relationships, the approach primarily
focused on static graphs and did not fully exploit
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temporal dynamics. The findings supported the
use of graph-based methods for neurological
disorder analysis.

Study 9: Dynamic Graph Neural Networks for
EEG Classification (Liu, 2024)

Liu (2024) proposed dynamic graph neural
networks to model time-varying functional
connectivity in EEG signals. The approach

combined graph structures with temporal
learning mechanisms, enabling effective
representation of brain dynamics. Results

showed improved classification accuracy for
schizophrenia detection compared to static
graph models. The study demonstrated the
potential of integrating dynamic connectivity
with deep learning frameworks. However, high
computational requirements posed challenges
for real-time applications.

Study 10: Deep Generative Models for
Neuropsychiatric Disorder Detection (Garcia,
2024)

Garcia (2024) explored the application of deep
generative models, including conditional VAEs,
for detecting neuropsychiatric disorders using
EEG data. The study highlighted the ability of
generative models to learn complex data

distributions and improve classification
robustness. By incorporating probabilistic
learning, the approach achieved superior

performance compared to deterministic models.
However, the integration of dynamic functional

connectivity remained limited. The work
emphasized the growing importance of
generative  deep  learning in  clinical
neuroscience.

Study 11: EEG Microstate Analysis for
Schizophrenia Identification (Lehmann,
2019)

Lehmann (2019) explored EEG microstate
analysis as a biomarker for schizophrenia by
examining short-duration stable brain states.
The study revealed that schizophrenia patients
exhibit altered microstate durations and
transitions, indicating  disrupted neural
processing. These microstates were used as
features for classification, achieving moderate
accuracy. While the approach provided valuable
temporal insights, it lacked integration with
deep learning models and dynamic connectivity
frameworks. The findings highlighted the
importance of temporal segmentation in EEG
analysis and encouraged further research into
combining microstate features with advanced
machine learning techniques.

Study 12: Spectral and Entropy-Based EEG
Features for Schizophrenia Detection
(Acharya, 2020)

Acharya (2020) proposed a feature engineering
approach combining spectral and entropy-based
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measures to classify schizophrenia using EEG
signals. The study demonstrated that nonlinear
entropy  features  significantly = improve
classification performance. Traditional machine
learning classifiers were employed, yielding
competitive results. However, the reliance on
handcrafted features limited scalability and
adaptability. The absence of dynamic functional
connectivity modeling also restricted the ability
to capture temporal brain interactions. Despite
these limitations, the study emphasized the
effectiveness  of nonlinear features in
distinguishing schizophrenia patients.

Study 13: Transfer Learning for EEG-Based
Schizophrenia Classification (Roy, 2021)

Roy (2021) introduced transfer learning
techniques to improve schizophrenia
classification using EEG data. By leveraging
pretrained deep models, the approach reduced
the need for large labeled datasets and
improved generalization. The study
demonstrated enhanced performance compared
to models trained from scratch. However, it did
not incorporate dynamic connectivity analysis,
focusing primarily on signal-level
representations. The work highlighted the
importance of knowledge transfer in biomedical
applications and addressed data scarcity
challenges.

Study 14: Attention-Based Deep Learning for
EEG Signal Analysis (Sharma, 2021)

Sharma (2021) proposed an attention-based
deep learning model to enhance feature
extraction from EEG signals. The attention
mechanism enabled the model to focus on
relevant temporal and spatial patterns,
improving classification accuracy. The study
showed promising results in schizophrenia
detection, outperforming conventional deep
learning models. However, the lack of explicit
functional connectivity modeling limited
interpretability. The research demonstrated the
potential of attention mechanisms in capturing
complex EEG patterns and improving diagnostic
performance.

Study 15: Time-Frequency Representation
with CNN for Schizophrenia Detection
(Kumar, 2022)

Kumar  (2022)  utilized time-frequency
representations of EEG signals combined with
convolutional neural networks for
schizophrenia classification. The approach
transformed EEG signals into spectrograms,
enabling spatial feature extraction. Results
indicated improved accuracy compared to raw
signal-based methods. However, the model did
not capture inter-regional connectivity or
temporal dependencies effectively. The study
highlighted the importance of signal



International Journal of Electrical, Electronics and Computer Systems

transformation techniques in enhancing deep
learning performance for EEG analysis.

Study 16: Graph Convolutional Networks for
Brain Connectivity Analysis (Zhou, 2022)
Zhou (2022) applied graph convolutional
networks to analyze functional connectivity in
EEG data for schizophrenia detection. The model
effectively captured spatial relationships
between brain regions, improving classification
accuracy. The  approach  demonstrated
advantages over traditional connectivity
measures by leveraging graph-based learning.
However, the study primarily focused on static
connectivity, limiting its ability to model
temporal variations. The findings supported the
integration of graph-based methods in
neuropsychiatric disorder analysis.

Study 17: Dynamic Functional Connectivity
with Recurrent Neural Networks (Hassan,
2023)

Hassan (2023) proposed a recurrent neural
network framework to model dynamic
functional connectivity in EEG signals. The
method captured temporal dependencies and
evolving connectivity patterns, leading to
improved schizophrenia classification
performance. The study demonstrated that
incorporating temporal dynamics significantly
enhances diagnostic accuracy. However, the
model required extensive computational
resources and large datasets for training. This
research reinforced the importance of dynamic
connectivity in EEG-based diagnosis.

Study 18: Conditional Generative Models for
EEG Data Augmentation (Patel, 2023)

Patel (2023) explored the use of conditional
generative models for augmenting EEG datasets
in schizophrenia research. The approach

Comparative Table

generated synthetic EEG samples, improving
model robustness and addressing data scarcity
issues. The augmented data led to enhanced
classification performance. However, the study
did not integrate dynamic functional
connectivity features into the generative
process. The findings highlighted the potential
of generative models in improving data
availability and model generalization.

Study 19: Multi-Modal Deep Learning for
Schizophrenia Diagnosis (Nguyen, 2024)
Nguyen (2024) proposed a multi-modal deep
learning framework combining EEG with other
neuroimaging modalities such as fMRI. The
integration of multiple data sources improved
diagnostic accuracy and provided
complementary insights into brain function.
However, the approach increased system
complexity and computational requirements.
The study emphasized the benefits of multi-
modal analysis but noted challenges in data
alignment and integration.

Study 20: Deep Stack-Augmented Variational
Autoencoder for EEG Analysis (Almeida,
2024)

Almeida (2024) introduced a deep stack-
augmented variational autoencoder for EEG-
based schizophrenia detection. The model
incorporated multiple stacked layers to enhance
feature representation and capture hierarchical
patterns. Results showed improved
classification = accuracy @ and  robustness
compared to conventional VAEs. However, the
study lacked integration with dynamic
functional connectivity, limiting its ability to
fully exploit temporal brain interactions. This
work demonstrated the effectiveness of deep
stacked generative models in EEG analysis.

Study | Year | Method Model Data Key Contribution Performance
Type
1 2019 | Deep Learning DNN EEG Automated feature | High
extraction
2 2020 | Connectivity Coherence EEG Identified Moderate
Analysis Model connectivity
disruptions
3 2021 | Dynamic Sliding EEG Temporal interaction | High
Connectivity Window modeling
4 2021 | Generative VAE EEG Latent feature | Moderate
Learning extraction
5 2022 | Conditional CVAE EEG Improved class | High
Learning separation
6 2022 | Deep Stacked AE EEG Hierarchical High
Architecture representation
7 2023 | Hybrid DL CNN-RNN EEG Spatial-temporal High
learning
8 2023 | Graph Analysis Graph Model | EEG Brain network | Moderate
modeling
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9 2024 | Dynamic Graph | GNN EEG Time-varying High
connectivity
10 2024 | Generative Deep EEG Probabilistic High
Model Generative modeling
11 2019 | Microstate Statistical EEG Temporal Moderate
Analysis segmentation
12 2020 | Feature ML Classifier | EEG Nonlinear features Moderate
Engineering
13 2021 | Transfer Pretrained EEG Improved High
Learning DL generalization
14 2021 | Attention Attention DL | EEG Focused feature | High
Mechanism extraction
15 2022 | Time-Frequency | CNN EEG Spectral High
representation
16 2022 | Graph Learning | GCN EEG Spatial connectivity High
17 2023 | Temporal RNN EEG Dynamic High
Modeling connectivity
18 2023 | Data Conditional EEG Synthetic data | Moderate
Augmentation Gen generation
19 2024 | Multi-Modal Fusion DL EEG+fMRI | Cross-modal learning | High
20 2024 | Generative DL Stacked VAE | EEG Deep latent learning | High
Analysis Based on Literature Review artificial ~ intelligence. Dynamic functional
The reviewed literature demonstrates a clear connectivity has emerged as a crucial
evolution from traditional feature engineering component in understanding the temporal

approaches toward advanced deep learning and
connectivity-based models for schizophrenia
identification using EEG signals. Early studies
primarily relied on handcrafted features and
static functional connectivity, which provided
limited insights into the temporal dynamics of
brain activity. With the introduction of dynamic
functional connectivity, researchers were able to

capture time-varying neural interactions,
significantly improving classification
performance. Concurrently, deep learning

architectures, including convolutional, recurrent,
and transformer-based models, enabled
automatic feature extraction and enhanced
representation learning. Generative models such
as variational autoencoders and conditional
VAEs further improved robustness by modeling
complex data distributions and addressing data
scarcity issues. Recent advancements have
focused on integrating dynamic connectivity
with deep generfative frameworks, resulting in
hybrid models that achieve superior
performance. However, challenges such as high
computational complexity, lack of
interpretability, and limited clinical validation
persist. The trend indicates a shift toward more
integrated, explainable, and scalable solutions
for real-world applications.

Discussion

The rapid advancement of EEG-based
schizophrenia detection methods reflects the
growing intersection of neuroscience and
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evolution of brain networks, offering significant
advantages over static approaches. By capturing
transient neural interactions, these methods
provide deeper insights into the underlying
pathophysiology of schizophrenia. At the same
time, deep learning techniques have
transformed EEG analysis by enabling
automated feature extraction and hierarchical
representation learning. The integration of
generative models, particularly conditional
variational autoencoders, has further enhanced
the ability to model complex and noisy EEG data.
Despite these advancements, several challenges
remain. One of the primary concerns is the lack
of interpretability in deep learning models,
which limits their acceptance in clinical settings.
Although explainable Al techniques have been
introduced, achieving a balance between model
performance and transparency remains an
ongoing challenge. Additionally, the high
computational requirements of advanced
models hinder their deployment in real-time
clinical environments. Data heterogeneity and
limited availability of large, standardized
datasets also pose significant obstacles to model
generalization.

Another important consideration is the need for
clinically validated systems. While many studies
report high classification accuracy, few have
been tested in real-world clinical scenarios.
Future research should focus on developing
lightweight, interpretable models that can be
integrated into clinical workflows. Furthermore,
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the combination of multi-modal data and
advanced learning frameworks may provide
more comprehensive diagnostic solutions.
Overall, continued innovation and
interdisciplinary collaboration are essential for
translating these technological advancements
into practical healthcare applications.

Conclusion

The field of automatic schizophrenia
identification using EEG signals has advanced
significantly over the past decade, driven by
progress in signal processing, machine learning,
and deep learning techniques. This review
highlights the transition from traditional
feature-based methods to advanced approaches
incorporating dynamic functional connectivity
and deep generative models. The shift from
static to dynamic connectivity analysis has been
particularly important, as it captures time-
varying brain interactions essential for
understanding schizophrenia. Deep learning
architectures such as convolutional, recurrent,
graph-based, and transformer models have
demonstrated strong capabilities in extracting
meaningful patterns directly from EEG data,
eliminating the need for manual feature
engineering. Generative models, including
variational autoencoders and their variants,
further enhance performance by modeling
complex data distributions, handling noise, and
addressing data scarcity. Hybrid frameworks
combining connectivity analysis with deep
generative learning have shown superior
accuracy and robustness.

Despite these advancements, several challenges
remain. The lack of interpretability in deep
learning models limits their clinical acceptance,
while variability in EEG datasets affects
generalization. Additionally, many models are
validated only on controlled datasets, raising
concerns about real-world applicability.
Standardized data collection, larger datasets,
and improved validation in clinical settings are
essential. Future research should also explore
multi-modal approaches integrating EEG with
other neuroimaging data to enhance diagnostic
accuracy. Overall, while promising progress has
been made, further efforts are needed to
develop transparent, efficient, and clinically
viable systems for schizophrenia diagnosis.
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