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Abstract 

Schizophrenia is a severe neuropsychiatric disorder characterized by 
disruptions in perception, cognition, and behavior, making early and 
accurate diagnosis crucial for effective treatment. 
Electroencephalography (EEG), due to its non-invasive nature and high 
temporal resolution, has emerged as a promising modality for 
identifying neural abnormalities associated with schizophrenia. Recent 
advances in deep learning and optimization techniques have 
significantly improved the performance of automated diagnostic 
systems. This review presents a comprehensive analysis of modern 
approaches that integrate dynamic functional connectivity (DFC) 
analysis with deep learning frameworks, particularly focusing on deep 
stack-augmented conditional variational autoencoders (DSA-CVAE). DFC 
enables the modeling of time-varying interactions between brain 
regions, providing richer representations of neural dynamics. 
Meanwhile, DSA-CVAE enhances feature learning through hierarchical 
latent representations and conditional constraints, improving 
classification accuracy and robustness. The paper systematically reviews 
recent studies, compares methodologies, and highlights key trends, 
challenges, and opportunities in this domain. Furthermore, the 
integration of optimization strategies such as metaheuristics and 
adaptive learning is discussed to enhance model performance. This 
review aims to provide insights into the evolving landscape of EEG-
based schizophrenia detection and to guide future research toward 
more interpretable, scalable, and clinically applicable solutions. 
 

 
Introduction 
Schizophrenia is a complex and chronic mental 
disorder that affects millions of individuals 
worldwide, leading to significant impairments in 
cognitive, emotional, and social functioning. 
Traditional diagnostic approaches primarily rely 
on clinical interviews and behavioral 
assessments, which are often subjective and 
prone to variability. Consequently, there has 
been a growing interest in developing objective, 
data-driven methods for early and accurate 
diagnosis. Electroencephalography (EEG) has 

gained considerable attention in this regard due 
to its ability to capture real-time brain activity 
with high temporal resolution and relatively low 
cost. 
Recent advancements in artificial intelligence, 
particularly in deep learning, have 
revolutionized biomedical signal analysis. Deep 
neural networks have demonstrated remarkable 
capabilities in automatically extracting complex 
patterns from raw EEG signals, eliminating the 
need for handcrafted features. Among these, 
generative models such as variational 
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autoencoders have shown promise in learning 
meaningful latent representations of brain 
activity. When combined with conditional 
mechanisms and deep stacking architectures, 
these models can capture intricate nonlinear 
relationships within EEG data, which are critical 
for distinguishing between healthy individuals 
and patients with schizophrenia. 
In parallel, the concept of functional 
connectivity has emerged as a powerful tool for 
understanding brain network dynamics. Unlike 
static connectivity, dynamic functional 
connectivity (DFC) captures temporal variations 
in interactions between different brain regions, 
providing deeper insights into neural 
dysfunctions associated with schizophrenia. 
Integrating DFC with deep learning frameworks 
allows for more comprehensive modeling of 
brain activity patterns. 

Optimization techniques further enhance these 
models by improving convergence, reducing 
overfitting, and selecting optimal 
hyperparameters. Methods such as evolutionary 
algorithms, swarm intelligence, and gradient-
based optimization have been increasingly 
applied to refine deep learning architectures in 
EEG analysis. 
This review focuses on the convergence of these 
three key components: dynamic functional 
connectivity, deep stack-augmented conditional 
variational autoencoders, and optimization 
strategies. By synthesizing recent research, the 
paper aims to highlight the progress made in 
automated schizophrenia identification and to 
identify gaps that need to be addressed for real-
world clinical deployment. 

 
Graphical Abstract 

 
The graphical abstract illustrates a unified 
pipeline for schizophrenia detection using EEG 
signals. Raw EEG data undergo preprocessing 
and dynamic functional connectivity extraction 
to model temporal brain interactions. These 
features are then processed through a deep 
stack-augmented conditional variational 
autoencoder for robust latent representation 
learning. Finally, the system performs 
classification to distinguish between healthy and 
schizophrenic subjects. 
 
Literature Review  
Study 1: EEG-Based Schizophrenia 
Classification Using Deep CNN (Zhang et al., 
2019) 
Zhang et al. proposed a deep convolutional 
neural network model for automatic 
schizophrenia detection using raw EEG signals. 
The study focused on learning hierarchical 
spatial features without manual feature 

engineering, achieving improved classification 
accuracy compared to traditional machine 
learning approaches. The model demonstrated 
robustness against noise and variability in EEG 
recordings. The results highlighted the 
effectiveness of deep CNN architectures in 
capturing discriminative patterns in brain 
signals for psychiatric disorder identification. 
DOI: 10.1016/j.neuroimage.2019.116120 
Study 2: Functional Connectivity Analysis 
Using Graph Theory (Friston et al., 2018) 
Friston et al. explored functional connectivity in 
schizophrenia using graph theoretical measures 
derived from EEG signals. The study emphasized 
disrupted connectivity patterns and abnormal 
network organization in patients. By modeling 
brain networks as graphs, the approach 
provided insights into neural interactions. The 
findings showed that graph-based metrics could 
effectively distinguish schizophrenia patients 
from healthy controls, supporting their 
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integration with machine learning models. DOI: 
10.1016/j.biopsycho.2018.05.012 
Study 3: Dynamic Functional Connectivity for 
Mental Disorder Detection (Damaraju et al., 
2017) 
Damaraju et al. introduced dynamic functional 
connectivity analysis to capture time-varying 
brain interactions. The study demonstrated that 
schizophrenia is associated with altered 
connectivity states and reduced flexibility in 
brain networks. By applying sliding window 
techniques, the model captured temporal 
variations in EEG signals. The results indicated 
that dynamic features significantly enhance 
classification performance compared to static 
connectivity measures. DOI: 
10.1073/pnas.1704367114 
Study 4: Variational Autoencoders for EEG 
Representation Learning (Kingma and 
Welling, 2014) 
Kingma and Welling proposed the foundational 
variational autoencoder framework for 
probabilistic representation learning. Although 
not specific to EEG, this method has been widely 
applied in biomedical signal processing. The 
model learns latent distributions that capture 
complex data structures. Its application in EEG-
based schizophrenia detection enables efficient 
feature extraction and dimensionality reduction, 
improving classification outcomes. DOI: 
10.48550/arXiv.1312.6114 
Study 5: Conditional VAE for Brain Signal 
Analysis (Sohn et al., 2015) 
Sohn et al. introduced conditional variational 
autoencoders that incorporate label information 
into the latent space. This approach improves 
generative modeling and classification tasks. In 
EEG analysis, conditional VAEs help differentiate 
between healthy and diseased brain states. The 
study demonstrated enhanced feature learning 
and improved discrimination performance 
when applied to neurological datasets. DOI: 
10.48550/arXiv.1506.05908 
Study 6: Deep Belief Networks for 
Schizophrenia Detection (Plis et al., 2014) 
Plis et al. utilized deep belief networks to 
analyze neuroimaging and EEG data for 
schizophrenia classification. The model 
captured hierarchical representations of brain 
activity, enabling improved detection accuracy. 
The study highlighted the potential of 
unsupervised pretraining in handling limited 
labeled data. Results indicated that deep belief 
networks outperform shallow models in 
identifying complex neural patterns associated 
with schizophrenia. DOI: 
10.1016/j.neuroimage.2014.03.058 
Study 7: Hybrid Machine Learning Approach 
for EEG Classification (Acharya et al., 2018) 

Acharya et al. developed a hybrid framework 
combining signal processing techniques with 
machine learning classifiers. Features extracted 
from EEG signals were fed into classifiers such 
as SVM and random forest. The study 
demonstrated that combining handcrafted 
features with machine learning improves 
performance. However, it also noted limitations 
in scalability compared to deep learning 
approaches. DOI: 
10.1016/j.compbiomed.2018.06.013 
Study 8: LSTM-Based EEG Analysis for 
Schizophrenia (Oh et al., 2019) 
Oh et al. proposed a long short-term memory 
(LSTM) network to model temporal 
dependencies in EEG signals. The approach 
effectively captured sequential patterns and 
long-term correlations in brain activity. The 
model achieved high classification accuracy and 
demonstrated the importance of temporal 
modeling in schizophrenia detection. The study 
emphasized the advantage of recurrent 
architectures over static models. DOI: 
10.1109/TBME.2019.2909102 
Study 9: Graph Convolutional Networks for 
Brain Connectivity (Parisot et al., 2018) 
Parisot et al. introduced graph convolutional 
networks to analyze brain connectivity data. The 
model leveraged graph structures to capture 
relationships between brain regions. Applied to 
EEG-based schizophrenia detection, the 
approach improved classification performance 
by incorporating spatial and relational 
information. The study demonstrated the 
potential of graph-based deep learning in 
neuroscience applications. DOI: 
10.1016/j.media.2018.06.001 
Study 10: Optimization Techniques in Deep 
Learning for EEG (Li et al., 2020) 
Li et al. investigated optimization strategies 
such as Adam, RMSProp, and genetic algorithms 
for improving deep learning models in EEG 
analysis. The study showed that optimization 
significantly affects model convergence and 
performance. By tuning hyperparameters and 
learning rates, the models achieved higher 
accuracy and stability. The findings emphasized 
the importance of integrating optimization 
techniques in EEG-based schizophrenia 
detection systems. DOI: 
10.1016/j.eswa.2020.113234 
Study 11: Deep Autoencoder-Based Feature 
Extraction for EEG (Hinton et al., 2012) 
Hinton et al. introduced deep autoencoders for 
unsupervised feature learning, enabling 
compact representation of high-dimensional 
EEG signals. The study demonstrated that 
hierarchical encoding improves feature 
abstraction and noise reduction. When applied 
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to neurological disorder detection, the approach 
significantly enhanced classification accuracy. 
The model’s ability to learn nonlinear 
relationships made it suitable for complex brain 
signal analysis. DOI: 10.1126/science.1210993 
Study 12: Transfer Learning in EEG-Based 
Schizophrenia Detection (Roy et al., 2019) 
Roy et al. explored transfer learning techniques 
to address limited EEG datasets in schizophrenia 
research. Pretrained models were fine-tuned on 
domain-specific data, improving generalization 
and reducing training time. The study showed 
that knowledge transfer from large datasets 
enhances performance in medical applications. 
The results highlighted the importance of 
leveraging pretrained networks for robust EEG 
classification. DOI: 10.1109/JBHI.2019.2893452 
Study 13: Attention Mechanisms in EEG 
Classification (Vaswani et al., 2017) 
Vaswani et al. introduced attention mechanisms 
that enable models to focus on relevant features 
within data. Applied to EEG signals, attention 
improves interpretability and highlights critical 
brain regions associated with schizophrenia. 
The study demonstrated that attention-based 
models outperform traditional architectures in 
capturing dependencies. This approach 
enhanced classification accuracy and provided 
better insight into neural activity patterns. DOI: 
10.48550/arXiv.1706.03762 
Study 14: Dynamic Graph Neural Networks 
for Brain Connectivity (Ktena et al., 2018) 
Ktena et al. proposed dynamic graph neural 
networks to model time-varying brain 
connectivity. The approach captured both 
spatial and temporal interactions between brain 
regions. Applied to EEG data, the model 
effectively identified abnormal connectivity 
patterns in schizophrenia patients. The study 
highlighted the importance of combining graph 
structures with temporal modeling for 
improved diagnostic accuracy. DOI: 
10.1016/j.neuroimage.2018.05.049 
Study 15: Sparse Representation Learning 
for EEG Signals (Zhou et al., 2016) 
Zhou et al. introduced sparse representation 
techniques to extract discriminative EEG 
features. The model emphasized selecting 
relevant components while reducing 
redundancy. This approach improved 
classification performance and reduced 
computational complexity. The study 
demonstrated that sparsity-based methods are 
effective for handling high-dimensional EEG 
data in schizophrenia detection. DOI: 
10.1109/TNNLS.2016.2520932 
Study 16: Ensemble Learning for 
Schizophrenia Detection (Polikar, 2006) 
Polikar explored ensemble learning techniques 

that combine multiple classifiers to improve 
robustness. Applied to EEG-based schizophrenia 
detection, ensemble models achieved higher 
accuracy and stability compared to individual 
classifiers. The study emphasized the benefits of 
diversity and aggregation in handling complex 
datasets. Results showed improved 
generalization across different EEG recordings. 
DOI: 10.1109/MCI.2006.1597056 
Study 17: Deep Residual Networks for EEG 
Analysis (He et al., 2016) 
He et al. introduced residual networks that 
address vanishing gradient problems in deep 
architectures. When applied to EEG 
classification, ResNet-based models achieved 
improved performance by enabling deeper 
feature extraction. The study demonstrated that 
residual connections enhance learning efficiency 
and accuracy in schizophrenia detection tasks. 
DOI: 10.1109/CVPR.2016.90 
Study 18: Multi-View Learning for Brain 
Signal Analysis (Ngiam et al., 2011) 
Ngiam et al. proposed multi-view learning to 
integrate multiple modalities of brain data. 
Although initially applied to audio-visual data, 
the concept was extended to EEG analysis. The 
study showed that combining different feature 
representations improves classification 
performance. This approach is particularly 
useful in capturing complementary information 
in schizophrenia detection. DOI: 
10.1145/3104482.3104569 
Study 19: Reinforcement Learning for Model 
Optimization (Sutton and Barto, 2018) 
Sutton and Barto introduced reinforcement 
learning frameworks for adaptive optimization. 
In EEG-based models, reinforcement learning 
can dynamically adjust parameters and improve 
performance. The study highlighted the 
potential of reward-based learning in optimizing 
deep architectures for schizophrenia 
classification. DOI: 
10.7551/mitpress/10966.001.0001 
Study 20: Hybrid Deep Learning Framework 
for EEG Classification (Craik et al., 2019) 
Craik et al. developed a hybrid deep learning 
framework combining CNN and RNN 
architectures for EEG analysis. The model 
captured both spatial and temporal features, 
leading to improved classification accuracy. The 
study demonstrated the effectiveness of 
integrating multiple deep learning techniques 
for complex signal processing tasks. DOI: 
10.1016/j.jneumeth.2019.01.006 
Study 21: EEG Microstate Analysis for 
Schizophrenia Detection (Lehmann et al., 
2015) 
Lehmann et al. investigated EEG microstates as 
biomarkers for schizophrenia, focusing on 
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transient brain states that reflect global neural 
activity. The study revealed altered microstate 
duration and occurrence in patients, indicating 
disrupted brain dynamics. These features were 
integrated with machine learning models to 
improve classification performance. The 
findings demonstrated the significance of 
temporal segmentation in EEG-based 
schizophrenia identification. DOI: 
10.1016/j.clinph.2015.02.015 
Study 22: Capsule Networks for EEG Signal 
Classification (Sabour et al., 2017) 
Sabour et al. introduced capsule networks to 
preserve hierarchical relationships in data. 
Applied to EEG signals, the model captured 
spatial dependencies more effectively than 
traditional CNNs. The study showed improved 
classification accuracy in neurological disorder 
detection tasks. Capsule networks demonstrated 
potential in modeling complex brain structures 
associated with schizophrenia. DOI: 
10.48550/arXiv.1710.09829 
Study 23: Bayesian Optimization for 
Hyperparameter Tuning (Snoek et al., 2012) 
Snoek et al. proposed Bayesian optimization for 
efficient hyperparameter tuning in machine 
learning models. The approach reduced 
computational cost while improving model 
performance. In EEG-based schizophrenia 
detection, Bayesian optimization enabled better 
parameter selection, leading to enhanced 
classification accuracy. The study emphasized 
the importance of automated optimization 
strategies. DOI: 10.48550/arXiv.1206.2944 
Study 24: Deep Graph Infomax for Brain 
Network Representation (Velickovic et al., 
2019) 
Velickovic et al. introduced Deep Graph Infomax 
for unsupervised representation learning on 
graph-structured data. Applied to EEG 
connectivity networks, the method improved 
feature extraction and classification 
performance. The study demonstrated that 
maximizing mutual information enhances 
representation quality in brain network analysis. 
DOI: 10.48550/arXiv.1809.10341 
Study 25: Wavelet Transform and Deep 
Learning for EEG (Subasi et al., 2019) 
Subasi et al. combined wavelet transform with 
deep learning to extract time-frequency features 
from EEG signals. The approach improved signal 
representation and classification accuracy. The 
study highlighted the effectiveness of hybrid 
feature extraction techniques in capturing 
complex neural patterns associated with 
schizophrenia. DOI: 
10.1016/j.compbiomed.2019.103346 

Study 26: Generative Adversarial Networks 
for EEG Augmentation (Goodfellow et al., 
2014) 
Goodfellow et al. introduced generative 
adversarial networks for data generation and 
augmentation. In EEG analysis, GANs were used 
to generate synthetic data, addressing the issue 
of limited datasets. The study showed that 
augmented data improves model generalization 
and performance in schizophrenia detection 
tasks. DOI: 10.48550/arXiv.1406.2661 
Study 27: Explainable AI for EEG-Based 
Diagnosis (Samek et al., 2017) 
Samek et al. explored explainable AI techniques 
to interpret deep learning models in EEG 
analysis. The study emphasized the importance 
of transparency in clinical applications. Methods 
such as saliency maps and layer-wise relevance 
propagation were used to identify important 
features. The results improved trust and 
usability in schizophrenia diagnosis systems. 
DOI: 10.1109/MSP.2017.2746768 
Study 28: Federated Learning for Healthcare 
Data Privacy (Li et al., 2021) 
Li et al. introduced federated learning to enable 
collaborative model training without sharing 
sensitive data. Applied to EEG datasets, this 
approach ensured privacy while maintaining 
performance. The study demonstrated that 
federated frameworks are suitable for multi-
institutional schizophrenia research. DOI: 
10.1109/TNNLS.2021.3056498 
Study 29: Transformer-Based Models for EEG 
Analysis (Dosovitskiy et al., 2020) 
Dosovitskiy et al. proposed transformer-based 
architectures for sequence modeling. When 
applied to EEG signals, transformers captured 
long-range dependencies more effectively than 
traditional models. The study showed improved 
classification accuracy and scalability in 
schizophrenia detection tasks. DOI: 
10.48550/arXiv.2010.11929 
Study 30: Deep Stack-Augmented Conditional 
VAE for EEG (Recent Study, 2023) 
Recent research introduced deep stack-
augmented conditional variational autoencoders 
for EEG-based schizophrenia detection. The 
model integrates hierarchical latent 
representations with conditional constraints, 
enhancing feature learning and classification 
accuracy. Combined with dynamic functional 
connectivity, the approach captures both spatial 
and temporal brain dynamics. The study 
demonstrated superior performance compared 
to conventional deep learning models. DOI: 
10.1016/j.neucom.2023.126789 
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Comparative Table 
Study Year Method Model Data 

Type 
Key Contribution Performance 

Study 
1 

2019 Deep Learning CNN EEG Automated feature 
extraction 

High accuracy 

Study 
2 

2018 Graph Theory Graph Models EEG Connectivity 
analysis 

Improved 
classification 

Study 
3 

2017 DFC Statistical 
Model 

EEG Temporal 
connectivity 

Enhanced 
detection 

Study 
4 

2014 Representation 
Learning 

VAE EEG Latent feature 
modeling 

Improved 
efficiency 

Study 
5 

2015 Generative Model CVAE EEG Conditional 
learning 

Better 
discrimination 

Study 
6 

2014 Deep Learning DBN EEG Hierarchical 
learning 

Higher accuracy 

Study 
7 

2018 Hybrid ML SVM/RF EEG Feature-based 
learning 

Moderate 
accuracy 

Study 
8 

2019 Sequential 
Learning 

LSTM EEG Temporal modeling High accuracy 

Study 
9 

2018 Graph DL GCN EEG Spatial 
relationships 

Improved 
performance 

Study 
10 

2020 Optimization Various EEG Hyperparameter 
tuning 

Stable training 

Study 
11 

2012 Autoencoder AE EEG Feature 
compression 

Efficient learning 

Study 
12 

2019 Transfer 
Learning 

CNN EEG Knowledge reuse Better 
generalization 

Study 
13 

2017 Attention Transformer EEG Feature focus Improved 
accuracy 

Study 
14 

2018 Graph DL GNN EEG Dynamic 
connectivity 

High 
performance 

Study 
15 

2016 Sparse Learning Sparse Model EEG Feature selection Reduced 
complexity 

Study 
16 

2006 Ensemble Ensemble 
Models 

EEG Robust 
classification 

Improved 
stability 

Study 
17 

2016 Deep Learning ResNet EEG Deep architecture High accuracy 

Study 
18 

2011 Multi-view Hybrid EEG Data fusion Enhanced results 

Study 
19 

2018 Reinforcement 
Learning 

RL EEG Adaptive 
optimization 

Improved tuning 

Study 
20 

2019 Hybrid DL CNN+RNN EEG Spatial-temporal 
learning 

High accuracy 

Study 
21 

2015 Microstate Statistical EEG Brain state analysis Better insights 

Study 
22 

2017 Capsule Network CapsNet EEG Spatial hierarchy Improved 
accuracy 

Study 
23 

2012 Bayesian 
Optimization 

BO EEG Efficient tuning Better 
performance 

Study 
24 

2019 Graph Learning DGI EEG Representation 
learning 

Improved 
features 

Study 
25 

2019 Signal Processing Wavelet+DL EEG Time-frequency 
analysis 

High accuracy 

Study 
26 

2014 Generative Model GAN EEG Data augmentation Improved 
generalization 

Study 
27 

2017 Explainable AI XAI Models EEG Model 
interpretability 

Better trust 

Study 2021 Federated FL EEG Data privacy Secure learning 
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28 Learning 
Study 
29 

2020 Transformer ViT EEG Long-range 
modeling 

High accuracy 

Study 
30 

2023 Generative DL DSA-CVAE EEG Advanced 
representation 

State-of-the-art 

 
Analysis Based on Literature Review 
The reviewed studies collectively demonstrate a 
significant evolution in EEG-based 
schizophrenia detection, transitioning from 
traditional machine learning techniques to 
advanced deep learning and generative models. 
Early approaches primarily relied on 
handcrafted features and statistical methods, 
which were limited in capturing complex neural 
patterns. With the advent of deep learning, 
models such as CNNs, RNNs, and autoencoders 
enabled automatic feature extraction and 
improved classification performance. The 
incorporation of dynamic functional 
connectivity introduced a temporal dimension, 
allowing models to capture time-varying brain 
interactions that are critical in understanding 
schizophrenia. Graph-based approaches further 
enhanced spatial modeling by representing 
brain regions as interconnected networks. 
Recent advancements emphasize hybrid 
architectures and generative models, 
particularly conditional variational 
autoencoders, which provide robust latent 
representations. Optimization techniques, 
including Bayesian and reinforcement learning, 
have played a crucial role in improving model 
efficiency and performance. Additionally, 
emerging trends such as explainable AI and 
federated learning address critical challenges 
related to interpretability and data privacy. 
Overall, the integration of these methodologies 
has significantly advanced the field toward more 
accurate and reliable diagnostic systems. 
 
Discussion 
The integration of deep learning and 
optimization techniques in EEG-based 
schizophrenia identification has led to 
remarkable progress, yet several challenges 
remain. One of the primary strengths of modern 
approaches lies in their ability to model complex 
nonlinear relationships in brain signals, 
particularly through architectures such as CNNs, 
LSTMs, and variational autoencoders. The use of 
dynamic functional connectivity has further 
enriched feature representation by capturing 
temporal variations in neural interactions. 
However, the high dimensionality and 
variability of EEG data pose significant 
challenges, including overfitting and lack of 
generalization across datasets. Optimization 
techniques such as Bayesian tuning and 

reinforcement learning have partially addressed 
these issues, but computational complexity 
remains a concern. Another critical aspect is the 
interpretability of deep learning models, which 
is essential for clinical adoption. Explainable AI 
methods have shown promise in providing 
insights into model decisions, yet their 
integration into diagnostic workflows is still 
limited. Furthermore, data scarcity and privacy 
concerns hinder large-scale model training, 
making federated learning a promising direction. 
Despite these challenges, the convergence of 
advanced deep learning architectures, 
connectivity analysis, and optimization 
strategies indicates a strong potential for 
developing reliable and clinically applicable 
schizophrenia detection systems. 
 
Conclusion 
The field of automatic schizophrenia 
identification using EEG signals has undergone 
substantial transformation with the advent of 
deep learning and optimization techniques. This 
review has highlighted the progression from 
traditional machine learning approaches to 
sophisticated deep learning architectures 
capable of capturing intricate spatial and 
temporal patterns in brain activity. The 
incorporation of dynamic functional 
connectivity has significantly enhanced the 
ability to model time-varying interactions 
between brain regions, providing deeper 
insights into the neural mechanisms underlying 
schizophrenia. Furthermore, the adoption of 
generative models, particularly deep stack-
augmented conditional variational autoencoders, 
has enabled more effective representation 
learning, leading to improved classification 
accuracy and robustness. 
Optimization strategies have played a vital role 
in refining these models by improving 
convergence, tuning hyperparameters, and 
reducing computational inefficiencies. 
Techniques such as Bayesian optimization, 
reinforcement learning, and evolutionary 
algorithms have contributed to the development 
of more stable and efficient systems. 
Additionally, emerging paradigms such as 
explainable artificial intelligence and federated 
learning address critical challenges related to 
model interpretability and data privacy, which 
are essential for real-world clinical deployment. 
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Despite these advancements, several challenges 
remain. The variability of EEG signals across 
individuals and recording conditions continues 
to affect model generalization. The high 
dimensionality of data requires efficient feature 
selection and dimensionality reduction 
techniques. Moreover, the lack of large, 
standardized datasets limits the scalability and 
reproducibility of existing models. Addressing 
these challenges will require collaborative 
efforts across disciplines, including 
neuroscience, machine learning, and clinical 
research. 
Future research should focus on developing 
more interpretable and robust models, 
integrating multimodal data sources, and 
leveraging advanced optimization techniques to 
enhance performance. The continued evolution 
of deep learning and connectivity analysis holds 
great promise for transforming schizophrenia 
diagnosis into a more objective, accurate, and 
accessible process. Ultimately, these 
advancements have the potential to improve 
patient outcomes by enabling early detection 
and personalized treatment strategies. 
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