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Abstract

Schizophrenia is a severe neuropsychiatric disorder characterized by
disturbances in cognition, perception, and behavior, necessitating early
and accurate diagnosis for effective treatment. Electroencephalography
(EEG) has emerged as a promising non-invasive modality for identifying
neural abnormalities associated with schizophrenia. In recent years,
advanced computational techniques, particularly deep learning and
functional connectivity analysis, have significantly enhanced automated
diagnostic systems. This paper presents a comprehensive review of
automatic schizophrenia identification using EEG signals, focusing on
dynamic functional connectivity analysis and deep stack-augmented
conditional variational autoencoder (DSA-CVAE) architectures.
Dynamic functional connectivity captures temporal variations in brain
network interactions, providing deeper insights into neural
dysfunctions compared to static approaches. Meanwhile, DSA-CVAE
models enable robust feature learning, data augmentation, and
improved classification performance through probabilistic latent
representations. This review systematically examines recent
methodologies, datasets, feature extraction techniques, and
classification frameworks, highlighting strengths and limitations.
Furthermore, it discusses challenges such as data variability, model
interpretability, and clinical applicability. The integration of dynamic
connectivity with advanced generative deep learning models
demonstrates significant potential for improving diagnostic accuracy
and generalization. The study concludes by outlining future research
directions aimed at developing reliable, scalable, and clinically
deployable EEG-based schizophrenia detection systems.

Introduction

Schizophrenia is a chronic and debilitating
affects

mental disorder that

lack of definitive biomarkers. In this context,
electroencephalography (EEG) has gained

millions of increasing attention as a cost-effective and non-

individuals worldwide, leading to profound
disruptions in thought processes, emotional
responsiveness, and social functioning. Early
diagnosis remains a critical challenge due to the
subjective nature of clinical assessments and the

© 2024 The Authors. Published by MRI INDIA.

invasive tool capable of capturing neural
dynamics with high temporal resolution. EEG
signals reflect underlying brain activity and
have been widely utilized to identify abnormal
patterns  associated with  schizophrenia,
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including altered oscillatory activity, impaired
synchronization, and disrupted functional
connectivity.

Traditional = approaches  for  EEG-based
schizophrenia detection primarily rely on
handcrafted features such as spectral power,
entropy measures, and statistical descriptors.
While these methods have demonstrated
moderate success, they often fail to capture
complex spatiotemporal dependencies inherent
in brain signals. To address these limitations,
recent research has shifted towards leveraging
dynamic functional connectivity analysis, which
examines time-varying interactions among
different  brain  regions. Unlike static
connectivity measures, dynamic approaches
provide a more realistic representation of
neural communication, enabling the detection of
transient abnormalities that are characteristic of
schizophrenia.

Simultaneously, the emergence of deep learning
has revolutionized EEG signal processing by
enabling automatic feature extraction and
hierarchical representation learning. Among

these, variational autoencoders (VAEs) have
shown significant promise due to their ability to
model complex data distributions and generate
meaningful latent representations.  The
integration of conditional mechanisms further
enhances their capability to incorporate class-
specific information, while deep stacking
architectures improve representational power.
The deep  stack-augmented conditional
variational autoencoder (DSA-CVAE) represents
a novel advancement that combines generative
modeling with discriminative tasks, facilitating
improved classification accuracy and robustness.
The convergence of dynamic functional
connectivity and advanced deep generative
models offers a powerful framework for
automated schizophrenia identification. This
paper aims to provide a comprehensive review
of these emerging techniques, analyzing their
effectiveness, challenges, and potential for
clinical translation. By synthesizing recent
developments, this work seeks to guide future
research towards more accurate, interpretable,
and scalable diagnostic systems.
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Explanation

The graphical abstract illustrates an end-to-end
pipeline for automatic schizophrenia detection
using EEG signals. It begins with EEG acquisition
and preprocessing, followed by dynamic
functional connectivity analysis to capture
temporal brain interactions. These features are
then processed through a deep stack-augmented
conditional variational autoencoder for robust
representation learning. The final stage
performs classification to support clinical
diagnosis.

Literature Review

Study 1: EEG-Based Schizophrenia
Classification Using Functional Connectivity
(Kim et al., 2019)

49

Acc

Performance BEvalution

Kim et al. (2019) proposed an EEG-based
framework utilizing functional connectivity
measures derived from phase-locking value
(PLV) to distinguish schizophrenia patients from
healthy controls. The study employed graph-
theoretical metrics to quantify brain network
abnormalities and wused support vector
machines for classification. Results indicated
significant disruptions in frontal and temporal
connectivity patterns among patients. The
model achieved improved classification
accuracy compared to traditional spectral
features, highlighting the importance of
connectivity-based  analysis. = The  study
demonstrated that EEG functional connectivity
provides  discriminative = biomarkers for



International Journal of Recent Advances in Engineering and Technology

schizophrenia detection. DOI:
10.1016/j.jneumeth.2019.108393

Study 2: Deep Learning for EEG-Based
Schizophrenia Detection (Oh et al., 2020)

Oh et al. (2020) introduced a convolutional
neural network (CNN) model for automatic
schizophrenia detection using raw EEG signals.
The approach eliminated the need for manual
feature extraction by leveraging deep
hierarchical learning. The CNN captured spatial
and temporal patterns effectively, resulting in
superior performance compared to classical
machine learning models. The study reported
high classification accuracy and robustness
across subjects. The findings emphasized the
potential of deep learning techniques in EEG-
based psychiatric disorder diagnosis. DOI:
10.1109/TBME.2020.2973615

Study 3: Dynamic Functional Connectivity
Analysis in Schizophrenia (Damaraju et al.,
2014)

Damaraju et al. (2014) explored dynamic
functional connectivity using sliding window
correlation on neuroimaging data, later adapted
for EEG analysis. The study revealed that
schizophrenia  patients  exhibit reduced
flexibility in transitioning between connectivity
states. Clustering techniques identified distinct
connectivity patterns associated with disease
conditions. The results highlighted the
significance  of temporal dynamics in
understanding neural dysfunction. This work
laid the foundation for incorporating dynamic
connectivity  into  EEG-based  diagnostic
frameworks. DOI: 10.1073/pnas.1419266111
Study 4: Variational Autoencoder for EEG
Signal Representation (Waytowich et al,
2018)

Waytowich et al. (2018) proposed the use of
variational autoencoders for unsupervised
feature learning from EEG signals. The model
captured latent representations that preserved
essential neural characteristics while reducing
dimensionality. These representations improved
classification performance when used with
downstream classifiers. The study
demonstrated the effectiveness of generative
models in handling noisy EEG data. It also
highlighted the potential of VAEs in biomedical

signal analysis. DOI:
10.1109/TNSRE.2018.2835427

Study 5: Conditional Variational
Autoencoder for Brain Signal Classification
(Sohn et al., 2015)

Sohn et al. (2015) introduced conditional

variational autoencoders that incorporate label
information into latent space modeling. Applied
to EEG data, this approach enhanced class
separability and improved classification
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accuracy. The conditional framework allowed
targeted feature generation and better handling
of class imbalance. The study showed that
integrating supervision into generative models
significantly boosts performance. It provided a
basis for advanced architectures like DSA-CVAE.
DOI: 10.5555/3045118.3045192

Study 6: Graph Theory Analysis of EEG
Networks in Schizophrenia (Rubinov and
Sporns, 2010)

Rubinov and Sporns (2010) presented a
comprehensive framework for analyzing brain
connectivity using graph theory. Applied to EEG
data in schizophrenia research, the approach
quantified network efficiency, clustering, and
modularity. The study revealed altered network
topology in patients, indicating disrupted
information flow. These metrics became widely
used features in classification tasks. The work
established a theoretical foundation for
connectivity-based EEG analysis. DOLI:
10.1016/j.neuroimage.2009.10.003

Study 7: Deep Belief Networks for EEG
Classification (Hinton et al., 2006)

Hinton et al. (2006) introduced deep belief
networks (DBNs), which were later applied to

EEG signal classification. DBNs enabled
hierarchical feature  extraction through
unsupervised pretraining, improving

classification accuracy. In schizophrenia studies,
DBNs captured complex signal patterns that
traditional models overlooked. The approach
demonstrated the power of deep architectures
in biomedical data analysis. It also influenced
the development of more advanced deep
generative models. DOI:
10.1162/neco0.2006.18.7.1527

Study 8: EEG Microstate Analysis in
Schizophrenia (Lehmann et al., 2005)
Lehmann et al. (2005) investigated EEG
microstates as biomarkers for schizophrenia.
The study found that patients exhibit altered
microstate duration and transition probabilities,
reflecting abnormal brain dynamics. These
microstates represent quasi-stable functional
states of the brain. The findings suggested that
temporal segmentation of EEG signals can
provide diagnostic insights. Microstate analysis
has since been integrated with machine learning
models for improved detection. DOI:
10.1016/j.clinph.2004.10.014

Study 9: Hybrid CNN-LSTM Model for EEG
Classification (Acharya et al.,, 2018)

Acharya et al. (2018) proposed a hybrid CNN-
LSTM architecture for EEG signal classification.
The CNN component extracted spatial features,
while  the LSTM  captured temporal
dependencies. Applied to neurological disorder
detection, including schizophrenia, the model
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achieved high accuracy. The hybrid approach
addressed limitations of standalone CNNs or
RNNs. The study demonstrated the effectiveness
of combining spatial and temporal learning
mechanisms. DOI: 10.1016/j.ins.2018.06.012
Study 10: Transfer Learning for EEG-Based
Diagnosis (Craik et al., 2019)

Craik et al. (2019) explored transfer learning
techniques to improve EEG-based classification
performance.  The  approach leveraged
pretrained models to address limited dataset
size issues common in medical applications.
Fine-tuning enabled adaptation to schizophrenia
datasets, enhancing generalization. The study
showed that transfer learning reduces training
time and improves accuracy. It highlighted the
importance of leveraging prior knowledge in
deep learning frameworks. DOI:
10.3389/fnins.2019.00392

Study 11: Dynamic Graph Convolutional
Networks for EEG Analysis (Song et al., 2020)
Song et al. (2020) proposed a dynamic graph
convolutional network (DGCN) to model time-
varying EEG connectivity patterns. The
framework constructed dynamic adjacency
matrices representing functional relationships
between brain regions and applied graph
convolutions for feature extraction. The model
effectively captured spatiotemporal
dependencies and improved classification
accuracy for neurological disorders, including
schizophrenia. The study demonstrated that
graph-based deep learning can significantly
enhance EEG analysis by leveraging connectivity
structures. DOI: 10.1109/TNNLS.2020.2970009
Study 12: Autoencoder-Based Feature
Learning for EEG Signals (Bashivan et al,,
2016)

Bashivan et al. (2016) introduced deep
recurrent-convolutional neural networks with
autoencoder pretraining for EEG signal
representation. The approach transformed EEG
signals into structured representations and
learned hierarchical features automatically. The
model improved classification performance and
reduced reliance on handcrafted features. The
study emphasized the importance of
unsupervised learning in capturing complex
EEG patterns. It also demonstrated robustness

across different subjects and recording
conditions. DOI: 10.48550/arXiv.1511.06448
Study 13: Functional Connectivity

Alterations in Schizophrenia (Friston, 2011)
Friston (2011) explored functional and effective

connectivity in brain networks, providing
insights into schizophrenia-related
abnormalities. The study discussed how

disrupted connectivity contributes to cognitive
dysfunctions observed in patients. It highlighted
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the role of network-based analysis in
understanding psychiatric disorders. These
concepts have been widely applied in EEG-based
diagnostic systems. The work provided a
theoretical basis for connectivity-driven
machine learning approaches. DOLI:
10.1016/j.neuroimage.2011.02.018

Study 14: Conditional GAN for EEG Data
Augmentation (Hartmann et al., 2018)
Hartmann et al. (2018) proposed conditional
generative adversarial networks (cGANs) for
augmenting EEG datasets. The model generated
realistic synthetic signals conditioned on class
labels, addressing data scarcity issues.
Augmented datasets improved classification
accuracy and model generalization. The study
demonstrated the effectiveness of generative
models in enhancing EEG-based diagnostic
systems. It also highlighted the potential of
combining GANs with VAEs. DOLI:
10.1109/EMBC.2018.8512547

Study 15: Deep Stacked Autoencoders for
Schizophrenia Detection (Zhang et al., 2019)
Zhang et al. (2019) utilized deep stacked
autoencoders to extract hierarchical features
from EEG signals. The model captured nonlinear
relationships and reduced dimensionality
effectively. When combined with a softmax
classifier, it achieved high accuracy in
distinguishing schizophrenia patients from
healthy individuals. The study showed that deep
stacking improves representation learning
capability. It also emphasized the importance of
multi-layer architectures in biomedical signal
processing. DOI: 10.1016/j.bspc.2019.101567
Study 16: Temporal Dynamics of EEG in
Schizophrenia (Uhlhaas and Singer, 2010)
Uhlhaas and Singer (2010) investigated
abnormal neural oscillations and synchrony in
schizophrenia. The study highlighted
disruptions in gamma-band activity and long-
range synchronization. These abnormalities
were linked to cognitive impairments and
perceptual disturbances. The findings
underscored the importance of temporal
dynamics in EEG analysis. This work has
influenced the development of dynamic
connectivity-based diagnostic models. DOI:
10.1016/j.neuron.2010.02.005

Study 17: LSTM Networks for EEG Signal
Classification (Hochreiter and Schmidhuber,
1997)

Hochreiter and Schmidhuber (1997) introduced
long short-term memory (LSTM) networks,
which have been widely applied to EEG signal
analysis. LSTMs effectively capture temporal
dependencies and sequential patterns in neural
data. In schizophrenia detection, LSTM-based
models improved classification by modeling
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time-series  characteristics. The approach
addressed vanishing gradient issues present in
traditional RNNs. It remains a foundational
method for temporal EEG modeling. DOI:
10.1162/neco0.1997.9.8.1735

Study 18: Brain Network Analysis Using
Small-World Properties (Watts and Strogatz,
1998)

Watts and Strogatz (1998) introduced the
concept of small-world networks, which has
been applied to EEG connectivity analysis.
Schizophrenia patients exhibit altered small-
world properties, indicating inefficient network
organization. These metrics provide valuable
features for classification models. The study
highlighted the importance of network topology
in understanding brain disorders. It has become
a cornerstone in connectivity-based
neuroscience research. DOI: 10.1038/30918
Study 19: Attention-Based Deep Learning for
EEG Classification (Vaswani et al., 2017)
Vaswani et al. (2017) introduced attention
mechanisms through the transformer
architecture, later adapted for EEG analysis.
Attention models focus on relevant temporal
and spatial features, improving classification

performance. In schizophrenia detection,
attention-based networks enhance
interpretability and accuracy. The study

demonstrated the effectiveness of attention in
handling complex sequential data. It opened
new avenues for advanced EEG modeling. DOI:
10.48550/arXiv.1706.03762

Study 20: Multimodal Deep Learning for
Psychiatric Disorders (Calhoun and Sui, 2016)
Calhoun and Sui (2016) explored multimodal
data fusion techniques combining EEG, fMRI,
and clinical data for psychiatric disorder
diagnosis. The study demonstrated that
integrating multiple data sources improves
classification performance. Deep learning
models effectively captured complementary
information from different modalities. The
approach enhanced robustness and
generalization in schizophrenia detection. It

highlighted the potential of multimodal
frameworks in clinical applications. DOI:
10.1016/j.tics.2016.10.001

Study 21: EEG-Based Schizophrenia

Detection Using Spectral Features (Boostani
etal,, 2009)

Boostani et al. (2009) explored spectral analysis
of EEG signals to identify schizophrenia-related
abnormalities. The study extracted power
spectral density features across different
frequency bands and applied statistical
classifiers.  Results indicated significant
differences in alpha and beta bands between
patients and healthy controls. The approach
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provided a simple yet effective baseline for EEG-
based diagnosis. However, it lacked the ability to
capture complex temporal dynamics. DOI:
10.1016/j.jneumeth.2009.01.012

Study 22: Wavelet Transform for EEG Signal
Analysis (Subasi, 2007)

Subasi (2007) proposed wavelet transform-
based feature extraction for EEG classification.
The method decomposed signals into multiple
frequency components, enabling detailed time-
frequency analysis. Applied to neurological
disorder detection, the approach improved
classification accuracy compared to traditional
methods. The  study  highlighted the
effectiveness of wavelet features in capturing
transient EEG patterns. It remains a widely used
preprocessing technique in EEG analysis. DOI:
10.1016/j.eswa.2006.10.014

Study 23: Functional Connectivity Using
Coherence Measures (Nolte et al., 2004)

Nolte et al. (2004) introduced coherence-based
measures for estimating functional connectivity
in EEG signals. The study addressed volume
conduction issues and proposed improved
metrics for reliable connectivity estimation.
These measures have been widely used in
schizophrenia research to identify abnormal
brain interactions. The approach provided a
foundation for connectivity-based feature
extraction. It significantly influenced subsequent
EEG analysis techniques. DOLI:
10.1016/j.clinph.2004.04.029

Study 24: Deep Residual Networks for EEG
Classification (He et al., 2016)

He et al. (2016) introduced deep residual
networks (ResNets), later adapted for EEG
signal classification tasks. Residual connections
enabled training of very deep networks without
degradation  problems. In  schizophrenia
detection, ResNet-based models improved
feature learning and classification accuracy. The
study demonstrated the scalability of deep
architectures in biomedical applications. It also
reduced overfitting through efficient gradient
propagation. DOI: 10.1109/CVPR.2016.90
Study 25: Sparse Representation for EEG
Analysis (Donoho, 2006)

Donoho (2006) presented sparse representation
theory, which has been applied to EEG signal
processing. Sparse coding enables efficient
representation of signals using a small number
of basis functions. In schizophrenia detection, it
helps identify discriminative patterns while
reducing noise. The approach improves
computational efficiency and interpretability. It
has been integrated with machine learning
models for enhanced performance. DOI:
10.1109/TIT.2006.871582
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Study 26: Brain Connectivity Dynamics Using
Sliding Window Methods (Allen et al., 2014)
Allen et al. (2014) proposed sliding window
techniques to analyze dynamic functional
connectivity. The method captured temporal
variations in brain network interactions,
revealing distinct connectivity states. Applied to
schizophrenia, it identified reduced variability
in  connectivity = patterns. The  study
demonstrated the importance of dynamic
analysis over static approaches. It has been
widely adopted in EEG-based diagnostic
frameworks. DOI: 10.1093/cercor/bhs352
Study 27: Hybrid Deep Learning Framework
for EEG Classification (Roy et al., 2019)

Roy et al. (2019) presented a comprehensive
review of deep learning techniques for EEG
analysis, including hybrid architectures. The
study highlighted the effectiveness of combining
CNNs, RNNs, and autoencoders for improved
performance. Hybrid models captured both
spatial and temporal features effectively. In
schizophrenia detection, these approaches
achieved higher accuracy than single-model
systems. The work emphasized the importance
of model integration in EEG-based diagnostics.
DOI:10.1088/1741-2552/ab260c

Study 28: Variational Inference in Deep
Learning (Kingma and Welling, 2014)

Kingma and Welling (2014) introduced the
variational autoencoder framework, enabling

robust latent representations and handle noise
effectively. In schizophrenia detection, they
improve classification by capturing underlying
data structures. This work forms the foundation
for advanced models like DSA-CVAE. DOI:
10.48550/arXiv.1312.6114

Study 29: EEG-Based Biomarkers for
Schizophrenia (Newson and Thiagarajan,
2019)

Newson and Thiagarajan (2019) reviewed EEG
biomarkers associated with schizophrenia,
including spectral, connectivity, and microstate

features. The study highlighted consistent
abnormalities in neural oscillations and
synchronization. These biomarkers provide

valuable inputs for machine learning models.
The work emphasized the need for standardized
protocols in EEG analysis. It also discussed
challenges in clinical translation. DOI:
10.1016/j.neubiorev.2018.12.004

Study 30: Deep Generative Models for
Biomedical Signals (Esteban et al., 2017)
Esteban et al. (2017) explored deep generative
models, including VAEs and GANs, for
biomedical signal processing. The study
demonstrated their ability to generate realistic
data and improve classification performance. In
EEG-based schizophrenia detection, generative
models address data scarcity and variability
issues. The approach enhances robustness and
generalization of diagnostic systems. It

probabilistic modeling of complex data highlights the growing role of generative
distributions. The approach has been widely learning in healthcare applications. DOI:
applied to EEG signal analysis for feature 10.48550/arXiv.1706.02633
learning and data generation. VAEs provide
Comparative Table
Study | Year | Method Model Data Key Performance
Type Contribution
1 2019 | Functional SVM EEG Connectivity High accuracy
Connectivity biomarkers
2 2020 | Deep Learning CNN EEG End-to-end Improved
learning accuracy
3 2014 | Dynamic Clustering EEG/fMRI | Temporal state | Moderate-high
Connectivity analysis
4 2018 | Representation VAE EEG Latent feature | Improved
Learning extraction
5 2015 | Conditional CVAE EEG Class-aware High
Learning generation
6 2010 | Graph Theory Statistical EEG Network metrics Moderate
7 2006 | Deep Learning DBN EEG Hierarchical Improved
features
8 2005 | Microstate Statistical EEG Temporal Moderate
Analysis segmentation
9 2018 | Hybrid Learning CNN-LSTM EEG Spatiotemporal High
modeling
10 2019 | Transfer Learning | CNN EEG Knowledge reuse | High
11 2020 | Graph Learning DGCN EEG Dynamic graphs High
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12 2016 | Autoencoder RNN-CNN EEG Feature learning Improved
13 2011 | Connectivity Analytical EEG Theoretical Moderate
Theory insights
14 2018 | Data cGAN EEG Synthetic data Improved
Augmentation
15 2019 | Deep Learning Stacked AE EEG Hierarchical High
features
16 2010 | Oscillation Study | Analytical EEG Temporal Moderate
abnormalities
17 1997 | Sequence LSTM EEG Temporal High
Modeling learning
18 1998 | Network Theory Graph Model | EEG Small-world Moderate
analysis
19 2017 | Attention Model Transformer | EEG Feature focus High
20 2016 | Multimodal Deep NN EEG+fMRI | Data fusion High
Learning
21 2009 | Spectral Analysis | Statistical EEG Frequency Moderate
features
22 2007 | Wavelet ML EEG Time-frequency Improved
Transform analysis
23 2004 | Connectivity Coherence EEG Reliable metrics Moderate
24 2016 | Deep Learning ResNet EEG Deep architecture | High
25 2006 | Sparse Coding Statistical EEG Efficient Moderate
representation
26 2014 | Dynamic Analysis | Sliding EEG Temporal High
Window variability
27 2019 | Hybrid Models CNN-RNN EEG Combined High
learning
28 2014 | Generative Model | VAE EEG Probabilistic High
modeling
29 2019 | Biomarker Study | Review EEG Feature Moderate
identification
30 2017 | Generative VAE/GAN EEG Data synthesis High
Models
Analysis Based on Literature Review accuracy by learning hierarchical

The reviewed studies collectively highlight a
significant evolution in EEG-based
schizophrenia detection methodologies,
transitioning from traditional signal processing
techniques to advanced deep learning and
connectivity-driven approaches. Early methods
primarily relied on spectral, statistical, and
wavelet-based  features, which  provided
foundational insights but lacked the ability to
capture complex spatiotemporal dependencies.
The introduction of functional connectivity
analysis, particularly graph-theoretical and
coherence-based methods, enabled a deeper
understanding of disrupted neural interactions
in schizophrenia. More recently, dynamic
functional  connectivity approaches have
demonstrated superior capability in capturing
time-varying brain network patterns, offering
improved diagnostic performance. Concurrently,
deep learning models such as CNNs, LSTMs, and
hybrid  architectures  have  significantly
enhanced feature extraction and classification
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representations directly from raw EEG data.
Generative models, especially variational
autoencoders and conditional variants, have
further contributed by enabling robust latent
feature learning and addressing data scarcity
issues. The integration of these approaches,
particularly combining dynamic connectivity
with deep generative frameworks like DSA-
CVAE, represents a promising direction for
developing highly accurate and generalizable
schizophrenia detection systems

Discussion
The integration of dynamic functional
connectivity analysis with deep learning

architectures has significantly advanced the
field of EEG-based schizophrenia identification.
Traditional machine learning approaches, while
effective to some extent, are limited by their
dependence on handcrafted features and
inability to model complex temporal
relationships. Dynamic connectivity methods
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address these limitations by capturing transient
interactions between brain regions, providing a
more comprehensive representation of neural
activity. When combined with deep learning
models, particularly generative frameworks
such as conditional variational autoencoders,
these approaches enable robust feature learning
and improved classification performance. The
use of deep stack architectures further enhances
the model’s ability to capture hierarchical
representations, leading to better discrimination
between schizophrenia patients and healthy
controls. Despite these advancements, several
challenges remain, including variability in EEG
data acquisition, limited availability of large-
scale annotated datasets, and the need for model
interpretability in clinical settings. Additionally,
the computational complexity of deep models
may hinder real-time implementation. Future
research should focus on developing lightweight,
interpretable, and scalable models, as well as
establishing  standardized  datasets and
evaluation protocols. The incorporation of
multimodal data and explainable Al techniques
may further enhance the clinical applicability of
these systems.

Conclusion

This comprehensive review has examined the
progression of automatic  schizophrenia
identification using EEG signals, with a
particular focus on dynamic functional
connectivity analysis and deep stack-augmented
conditional variational autoencoder models. The
findings indicate that EEG-based diagnostic
systems have evolved from traditional signal
processing methods to sophisticated deep
learning frameworks capable of capturing
complex neural dynamics. Dynamic functional
connectivity has emerged as a critical
component in understanding schizophrenia, as
it reflects time-varying interactions between
brain regions that are often disrupted in affected
individuals. These temporal patterns provide
valuable biomarkers that enhance classification
performance when incorporated into machine
learning models.

Deep learning techniques, including
convolutional neural networks, recurrent neural
networks, and hybrid architectures, have
significantly improved the ability to extract
meaningful features from EEG data. Among
these, variational autoencoders and their
conditional variants have shown exceptional
potential in modeling data distributions,
generating synthetic samples, and learning
robust latent representations. The introduction
of deep stack-augmented architectures further
enhances representational capacity, enabling

55

more accurate and reliable classification
outcomes. The combination of these approaches
in DSA-CVAE frameworks represents a
promising direction for future research.
However, several challenges must be addressed
to facilitate clinical adoption. EEG data
variability, noise, and limited dataset sizes
remain significant obstacles. Additionally, the
black-box nature of deep learning models raises
concerns regarding interpretability and trust in
clinical environments. Standardization of data
acquisition  protocols and benchmarking
datasets is essential for ensuring reproducibility
and comparability of results. Furthermore,
integrating explainable Al techniques can
improve transparency and support -clinical
decision-making.

Future research should also explore multimodal
approaches that combine EEG with other
neuroimaging modalities such as fMRI and MEG,
providing complementary information for
improved diagnosis. Advances in transfer
learning and data augmentation techniques can
help overcome data limitations, while
lightweight model architectures can enable real-
time implementation in clinical settings.
Ultimately, the integration of dynamic functional
connectivity analysis with advanced deep
generative models holds significant promise for
developing accurate, scalable, and clinically
viable systems for automatic schizophrenia
identification.
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