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ABSTRACT 
 

Schizophrenia, an intricate mental health disorder, poses challenges for early detection, emphasizing the 
imperative of timely intervention to optimize treatment outcomes. It tends to estrange individuals from social 
life, highlighting the importance of early diagnosis, particularly for fostering healthy brain development in 
affected young individuals. Early intervention not only holds the potential to enhance treatment outcomes 
but also significantly mitigate disability in young patients grappling with schizophrenia. The proposed work 
focuses on diagnostic methodology by utilizing a Sequential Convolutional Neural Network (CNN) applied 
to Electroencephalogram (EEG) signals. Leveraging EEG data sourced from the CHB-MIT dataset, the 
research sheds light on brain activity patterns associated with schizophrenia. The preprocessing stage 
incorporates wavelet transformation, while statistical feature extraction aids in discerning normal and 
schizophrenic classes. The CNN architecture integrates convolutional layers, dropout mechanisms for 
regularization, and max pooling for downsizing, resulting in a robust classification model. Experimental 
results illustrate the model's efficacy in comparison to alternative approaches, demonstrating promising 
outcomes in terms of accuracy and loss rates. The research lays the groundwork for future enhancements, 
suggesting potential applications of the model across diverse diagnostic criteria for schizophrenia. The 
proposed CNN model exhibits a high accuracy of 92% in distinguishing individuals with and without 
schizophrenia, underscoring its effectiveness as a diagnostic tool. 
Keywords: Electroencephalogram (EEG), Convolutional Neural Network (CNN), Sequential CNN, 

Classification. 

1. INTRODUCTION  

                  Long-term mental illness schizophrenia 
impairs a person's capacity for emotional and 
cognitive functioning, resulting in hallucinations, 
delusions, and strange behavior. It is a widespread 
condition that creates an impact of 0.5–1% of the 
world's population. According to a 2017 research in 
the Indian Journal of Psychiatry, schizophrenia has a 
prevalence rate of 0.64% in the general population, 
with men being more susceptible than women. 

Although there are preventive measures such as 
Antipsychotic medication, there is no permanent 
cure for schizophrenia. Since schizophrenia is 
classified into various stages, the complexity is 
increased. Thus, the researchers carry on with 
different types of examining factors such as vocal 
acoustics, face expressions, periodic study, 
behavioral issues and so more. It can also affect the 
concentration power of an individual which might 
result in lack of academic skills [1],14]. 
Schizophrenia is not a contagious disease but that 
doesn’t change the risk factor. Imbalance of the brain 
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due to the genetic, environmental and development 
factors might also be a curse to mankind. Therefore, 
it is important to analyze schizophrenia or any other 
brain diseases possibly at the earliest. The alarming 
factor increases when Schizophrenia patients are 
recorded with a higher death rate than others. Deep 
learning models help in dealing with complex 
problems using its layered models. Convolutional 
Neural Network (CNN) is a one-such model which 
follows a brain-like structure with hidden layers that 
performs various functions. The proposed method 
uses electroencephalogram (EEG), which is a device 
which provides brain activities in the form of electric 
signals. Facilitates diagnosis of brain disorders like 
Schizophrenia and Epilepsy [2],13]. EEG Signals 
play an important role similar to Functional 
Magnetic Resonant Image (f-MRI) signals in this 
disease. Doctors and researchers work with this 
signal to study the brain activity of an individual. 
EEG recordings are proven to be an efficient tool due 
to its non-invasive and cheaper cost. 

 The electroencephalogram (EEG) plays a 
crucial role as a clinical tool for assessing the human 
brain. Electroencephalography (EEG) involves 
measuring potentials that reflect the electrical 
activity of the human brain. The utilization of EEG 
offers an easily accessible test that provides insights 
into the brain's functioning over time. Medical 
professionals and scientists extensively rely on EEG 
to explore brain functions and diagnose neurological 
disorders. The acquisition of EEG datasets is 
facilitated through a dedicated system. 
Schizophrenia, a mental disorder affecting 1% of the 
global population, is commonly evaluated in clinical 
settings through direct examination using 
electroencephalography (EEG). While this method 
proves effective to some extent, its demand for a 
significant amount of time and energy makes it 
impractical for efficiently conducting a large number 
of accurate schizophrenia diagnoses. To address this 
challenge, researchers have introduced a computer-
based model, effectively reducing the workload and 
expediting the diagnostic process for EEG 
assessments. EEG stands out as a cost-effective, non-
invasive measurement network tool, proving its 
effectiveness in recording brain activity. 

1. The main objective of the proposed methods 
involves employing a Deep Learning approach based 
on a Sequential model to classify Schizophrenia (SZ) 
disease from EEG signals. 

2. Innovative Diagnostic Approach: The proposed 
method proposed a novel diagnostic approach 
utilizing a Sequential CNN on EEG signals. This 

approach goes beyond traditional diagnostic 
methods and aims to provide a more accurate and 
efficient means of identifying schizophrenia. 

3. Dataset Utilization: The proposed system 
employs EEG data from the CHB-MIT dataset, 
contributing valuable insights into the brain activity 
patterns linked to schizophrenia. The use of real-
world data enhances the applicability of the proposed 
methodology to diverse clinical scenarios. 

4. Preprocessing Techniques: Incorporates 
wavelet transformation and statistical feature 
extraction, to enhance the quality of EEG data. This 
ensures that the input data to the CNN model is 
refined and meaningful. 

5. Robust CNN Architecture: The proposed CNN 
model architecture integrates convolutional layers, 
dropout mechanisms for regularization, and max 
pooling for downsizing. This robust architecture 
aims to capture intricate patterns in EEG signals 
associated with schizophrenia, leading to an 
effective classification model. 

6. High Accuracy and Low Loss Rates: The 
experimental results demonstrate promising 
outcomes with a high accuracy of 92% during 
training and a low loss rate of 9.89%. These metrics 
include the ability of the proposed model in correctly 
classifying individuals with and without 
schizophrenia. 

7. Comparison with Alternative Approaches: The 
research provides a comparative analysis with 
alternative methodologies employed by various 
researchers. The proposed Sequential CNN model 
exhibits superior performance in terms of accuracy 
and loss rates, highlighting its potential as a reliable 
diagnostic tool. 

8. Foundation for Future Enhancements: The study 
lays a foundation for prospective enhancements, 
suggesting potential applications of the model across 
varied diagnostic criteria for schizophrenia. Future 
improvements could include multimodal integration, 
real-time diagnosis capabilities, and collaboration 
with healthcare providers for real-world validation. 

Schizophrenia, a global health issue affecting 20 
million people, can lead to cognitive deterioration, 
early death, and suicide. Current diagnostic methods, 
such as EEG and fMRI, are subjective and 
inconclusive. To address this, researchers are 
exploring the use of deep learning, particularly 
Convolutional Neural Networks (CNNs), which can 
identify complex patterns in EEG signals that human 
experts may overlook. This combination could lead 
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to real-time, accurate, and easy-to-use schizophrenia 
diagnosis, improving individual patient health and 
reducing the global illness burden. 

Schizophrenia is not only one of the most disabling 
psychiatric disorders, but also one of the most 
difficult to diagnose in its early stages. Current 
diagnostic practices rely heavily on subjective 
clinical interviews and behavioral observations, 
which are time-consuming and prone to variability 
between clinicians. Advanced imaging methods such 
as fMRI or PET scans can provide valuable insights 
but remain prohibitively expensive and impractical 
for routine use. EEG, in contrast, offers a cost-
effective, non-invasive, and widely accessible 
method to capture brain activity. However, manual 
interpretation of EEG signals is labor-intensive, 
requiring significant expertise, and may overlook 
subtle patterns indicative of schizophrenia. 
Traditional machine learning techniques have 
attempted to automate this process, yet they depend 
on handcrafted features and often fail to capture the 
complex, non-linear dynamics of EEG signals. This 
gap highlights a critical need for robust, automated 
methods capable of improving diagnostic accuracy 
while remaining scalable for clinical use. 
Convolutional Neural Networks (CNNs), 
particularly in Sequential architectures tailored for 
time-series data, provide a promising solution by 
learning spatiotemporal patterns directly from EEG 
signals. Thus, addressing the diagnostic challenges 
of schizophrenia through deep learning is not only a 
technical pursuit but also a pressing healthcare 
necessity. 

This work posits that the utilisation of a Sequential 
CNN model on EEG recordings, subsequent to 
wavelet-based preprocessing and feature extraction, 
will markedly enhance the accuracy and efficiency 
of schizophrenia diagnosis. The suggested method 
solves the problems with subjective clinical 
assessments and labour-intensive manual analysis by 
automating EEG interpretation. This leads to 
speedier intervention and improved patient 
outcomes. 

The organization of the paper as follows: Section 2 
investigates the related work and diverse 
methodologies for schizophrenia identification. 
Section 3 describes the methodology employed, 
starting with dataset acquisition from CHB-MIT. 
Focuses on Overview and detailed insights into the 
structure of the model. Section 4 highlights the 
experimental results and discussions and focuses on 
outcomes of the work. Section 5 concludes the key 
findings of the research, underlining the model's 

potential for generalization and application across 
diverse diagnostic criteria. Future enhancements, 
including multimodal integration, real-time 
diagnosis, a user-friendly interface, and 
collaboration with healthcare providers, are outlined. 

2. RELATED WORKS 

This literature review delves into the application of 
advanced machine learning techniques on EEG data 
for the early diagnosis of schizophrenia, exploring 
promising methodologies and their respective 
outcomes. Researchers contribute valuable insights 
into the potential of EEG-based models in enhancing 
schizophrenia classification and diagnosis. Swati et 
al., [1] described the reoccurrence of the disease as a 
characteristic of Schizophrenia. Without early 
detection, it becomes difficult to treat. The disease 
often presents alongside other mental conditions. 
Explored various invasive and non-invasive 
techniques to study the disorder and concluded that 
a model capable of detecting multiple potential 
markers is needed to accurately identify 
schizophrenic patients, irrespective of external 
factors. Zhu et al. [2] used Functional Magnetic 
Resonance Imaging (f-MRI) to diagnose 
Schizophrenia and improved its accuracy using 
Synthetic Minority Oversampling Technique 
(SMOTE) which balanced the noisy and unbalanced 
datasets. They implemented the weighted gc-Forest 
algorithm that efficiently works in resting state f-
MRIs such as the COBRE dataset, and this study can 
also benefit patients with ADHD and Alzheimer's 
disease.  Bishay et al. [3] investigated how to 
identify schizophrenia using interviewees' facial 
expressions. They used the PANSS and CAINS 
evaluations, and their accuracy was close to 84%. 
According to their findings, gathering data in real-
time might be a useful technique for identifying 
schizophrenia. In this study, Chang, Qi et al. [4] and 
co-authors looked at the functional connectivity of 
the brain in schizophrenia patients using Graph 
Neural Networks (GMM). They discovered that the 
frequency of mismatch negativity (MMN) varied 
among individuals with first-episode schizophrenia 
(FESZ), chronic schizophrenia (CSZ), and healthy 
controls (HC). The GNN classifier's accuracy on 
brain functional networks was 84.17%, proving the 
method's value in examining schizophrenia 
heterogeneity. Boiko et al. [5] and coworkers looked 
into the cognitive effects of the polymorphism of the 
brain-derived neurotrophic factor (BDNF) gene and 
its association with schizophrenia. Their findings 
demonstrate that cognitive skills are much lower in 
healthy persons, and that schizophrenia is not 
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associated with the BDNF gene polymorphism 
rs6265. Krishnan et al. [6] and co-authors examined 
EEG data using the Multivariate Empirical 
Decomposition Method, looking at each channel 
separately. These signals are non-stationary and vary 
erratically in accordance with fundamental brain 
activity. A cutting-edge classifier was trained 
employing dataset samples in the study using 
entropy metrics as permutation entropy, spectral 
entropy, SVD entropy, approximate entropy, and 
sample entropy. Using the K-fold cross-validation 
method, it claims  SVM classifier  accuracy of 
93.42% and a sensitivity of 88.38%.  

Barros et al.,[7]   focuses on benefits and drawbacks 
of using sophisticated machine learning methods on 
EEG data to categorize schizophrenia. Objective is 
to provide the groundwork for the development of 
EEG-based models that can identify, predict, and aid 
in the early identification of schizophrenia. They 
looked at research that used machine learning 
techniques on EEG data and found that, while taking 
time, these methods show promise in locating 
biomarkers and assisting in the diagnosis of 
schizophrenia. Jahmunah et al., [8] investigate the 
potential of using EEG to predict brain function 
abnormalities and develop an automated diagnostic 
tool for schizophrenia. They use EEG signal patterns 
to categorize normal and schizophrenia groups 
through methods such as feature mining, selection, 
classification, and validation. Nonlinear feature 
extraction is applied to produce 157 features, and an 
SVM-RBF classifier is used to achieve an average 
performance of 92.91%. Khare et al., [9] utilizing 
non-stationary EEG data an adaptive tunable Q 
wavelet transform with optimal parameters acquired 
by Grey wolf optimization (GWO). The technique 
divides the signals into more manageable frequency 
sub-bands and extracts time-domain characteristics. 
The collected characteristics are then fed into a 
multiclass least square support vector machine, 
which successfully categorizes four fundamental 
emotions with an accuracy of 95.70 percent. The 
technique may be useful in a number of applications 
for the analysis of EEG data. For precisely 
identifying individuals with schizophrenia. Sharma 
et al., [10] created a computer-aided diagnosis 
(CAD) method employing EEG data from a single 
channel (SZ). By breaking the EEG signals down 
into seven sub-bands, the wavelet-based features 
were able to capture the non-stationary character of 
the data. The K-nearest neighbor classifier was 
utilized to get high accuracy of 99.21% and 97.2% 
with 10-fold cross-validation. Clinicians can utilize 
the created CAD model to corroborate the findings 
of their manual screening in order to make accurate 

diagnosis. By employing the Brief Assessment of 
Cognition in Schizophrenia (BACS) and genotyping 
rs6265 of BDNF, they assessed the cognitive 
abilities of 550 inpatients in Siberian mental 
facilities [12]. 

2.1 Inferred from Survey 

In the literature, many researchers, including Barros 
et al., explore the use of sophisticated machine 
learning on EEG data for schizophrenia 
classification, aiming to lay the groundwork for 
early detection models. Jahmunah et al. achieve a 
92.91% average performance in predicting 
schizophrenia using EEG signal patterns and SVM-
RBF classification. Khare et al. employ an adaptive 
tunable Q wavelet transform, achieving 95.70% 
accuracy in categorizing emotions, with potential 
applications in EEG data analysis for schizophrenia 
identification. Sharma et al. develop a high-accuracy 
(99.21%) computer-aided diagnosis (CAD) method 
utilizing single-channel EEG data, offering 
clinicians a valuable tool for accurate schizophrenia 
diagnoses.  

3. MATERIALS AND METHODS 

 
This study adopts an applied, experimental, 
quantitative research design aimed at developing and 
evaluating a deep learning model for schizophrenia 
diagnosis. The design follows a stepwise process: (1) 
identification of the diagnostic challenge; (2) 
acquisition of EEG data from the CHB-MIT dataset; 
(3) preprocessing using wavelet transformation and 
normalization; (4) extraction of statistical features; 
(5) construction of a Sequential CNN model; (6) 
training and evaluation using accuracy, loss, and 
confusion matrix; (7) benchmarking against 
alternative methods reported in literature; and (8) 
synthesis of findings to propose future 
enhancements. This structured design ensures 
reproducibility and provides a clear pathway from 
problem definition to solution validation. 

3.1 Dataset Acquisition and Preprocessing 

The utilization of Electroencephalogram (EEG) 
allows for the assessment of brain status, providing 
insights and predictions regarding abnormalities and 
cerebral functions. EEG data in CSV format is fed 
into this module, originating from the CHB-MIT 
dataset, encompassing EEG recordings from young 
patients grappling with untreatable schizophrenia 
(SZ). Post the discontinuation of anti-schizophrenia 
medication, subjects underwent periodic observation 
over several days to characterize their data and 
ascertain the potential for treatment intervention. 
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This medical dataset has been sourced from Kaggle. 
 The application of Electroencephalogram 
(EEG) in brain examination proves valuable for 
predicting abnormalities and cerebral activities. 
CSV files containing EEG data are input, derived 
from the CHB-MIT dataset, recording EEG from 
pediatric subjects grappling with intractable 
schizophrenia. After stopping anti-schizophrenia 
medication, subjects were observed for a few days to 
evaluate their data and determine whether they 
qualified for surgery. The EEG signals are encoded 
in CSV file format, providing a structured and 
accessible means to analyze the brain activity of 
records of patients. Each patient record contains a 
wealth of information reflecting the dynamic nature 
of their cerebral functions during the observation 
period. Before converting the raw data into CSV 
format, Fig 1. (a) Visually represents the EEG signal 
data from the patient records. This graphical 
representation serves as an initial glimpse into the 
intricate patterns and variations observed in the brain 
activity of individuals with untreatable 
schizophrenia. Understanding these EEG signals is 
crucial for identifying abnormalities and gaining 
insights into the cognitive and intellectual processes 
affected by this severe mental illness. 
 

 
Figure 1(a):EEG Data Signal of the patient 

 

 
 

Figure 1(b): EEG Recording Wavelet Transform 
 
Data preprocessing is a critical step to enhance 
performance on data mining processes. Data 
collection methods are frequently lacking in proper 
control, leading to issues such as data combinations 
that are impossible, values that are out of range, and 
missing data. To produce a dataset of signals, 
continuous EEG recordings are initially split by a 

sliding time window without overlapping. The EEG 
data is then subjected to a wavelet transformation 
during the pre-processing stage for data 
visualization. Then the pre-processed dataset is 
further checked by layers responsible for it. It is 
checked for any noises present at data and does 
normalization for marginalizing the raw data in a 
concise format.  
 
Wavelet transform is a mathematical tool that 
provides a time-frequency representation of signals. 
It helps in capturing both temporal and frequency 
information present in the EEG signals, making it a 
valuable technique in signal processing for EEG data 
analysis. Fig 1 (b) displays the first 10 rows of 
sample EEG data, mimicking the process of 
preprocessing and illustrating the potential 
application of the wavelet transform for analyzing 
EEG signals. Each line in the plot represents a 
different data row, showcasing the complexity and 
variability of EEG signals over time. This 
visualization serves as a simplified representation of 
the initial steps in processing EEG data for 
subsequent analysis. In the preprocessing phase, the 
dataset has been prepared for a classification task 
involving the differentiation of individuals with and 
without schizophrenia.  
 
The dataset comprises 1,578 records, with 315 
instances representing non-schizophrenic cases and 
1,263 instances representing individuals with 
schizophrenia. Each record contains 179 features, 
denoted as X1 to X178, and a binary target variable 
'y' indicating the class (0 for non-schizophrenia and 
1 for schizophrenia). Fig.2 (a) and Fig.2 (b) 
Represents the Data visualization of the total number 
of records of individuals classified as non-
schizophrenia and schizophrenia before and after the 
process of normalization.

 
 

Figure 2(a): Before Normalization 



 
 Journal of Theoretical and Applied Information Technology 

31st October 2025. Vol.103. No.20 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
8312 

 

 
 

Figure 2(b): After Normalization 

3.2 Feature Extraction 

This module allows us to extract the temporal and 
frequency domain features from preprocessed data. 
This module encompasses important statistical 
metrics such as "mean," "variety," "kurtosis," and 
"skewness."  
 
The pooling layers within the Convolutional Neural 
Network (CNN) model are instrumental in managing 
these features, particularly emphasizing the 
significance of the mean value and other pertinent 
features essential for future classification endeavors. 
Mean (µ): The following equation (1) defines it as 
the average of an EEG signal from N samples. 

                       𝑁 
µ = 1/N ∑ 𝑌 𝑖              (1)     

        𝑖=1 
 

Standard deviation (σ): A standard error is the 
variation in data from a transmitter mean value. 
Standard deviation can be formulated in the given 
equation (2), 

            𝑁 
                        σ = √(1/(N -1)) ∑ (Yᵢ - µ)    (2) 

               𝑖=1 
 

Kurtosis (k): It is a statistical phenomenon that 
imparts a peaked quality to time series data.  
Kurtosis is derived from the below equation (3), 
                                   𝑁 
                  k = 1/(N ) ∑ (Yᵢ - µ ÷ σ)4             (3) 
                                           𝑖=1 
Skewness: Skewness gauges the symmetry of a 
signal's distribution and is generated in the equation 
(4), 
       𝑁 
  𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 = 1/(N ) ∑ (𝑌𝑖−µ÷ σ)3              (4) 
                                          𝑖=1 
Before normalization, the statistical summary 
reveals some insights into the distribution of the 
data. For instance, features exhibit a wide range of 
values, with means spanning from -31.36 to 7.24 for 

non-schizophrenia and -14.30 to -7.46 for 
schizophrenia.  
 
The standard deviations also vary, indicating the 
dispersion of values around the mean. For the 
classification task, features like mean and standard 
deviation have been extracted separately for both 
classes. The mean values for schizophrenia (170.56) 
indicate a higher concentration of data points 
compared to the mean for non-schizophrenia 
(29.31). Similarly, the standard deviation for 
schizophrenia (31.68) is relatively lower than that 
for non-schizophrenia (92.34), implying a tighter 
distribution.  
 
Upon normalization, the dataset discloses that there 
are an equal number of records, totaling 2526, for 
both individuals with and without schizophrenia. 
The calculated normalized total mean value for 
schizophrenia is 157.8833, indicating the adjusted 
average value of the EEG signal for this group, 
considering scale differences. Correspondingly, the 
normalized total standard deviation for 
schizophrenia is 0.0227, depicting the extent of data 
point dispersion around the mean within this group. 
Likewise, for non-schizophrenia cases, the 
normalized total mean value closely approximates 
157.8814, highlighting a similar average EEG signal 
after the normalization process. 
 
 Notably, the normalized total standard deviation for 
non-schizophrenia is significantly lower at 0.00276, 
suggesting a more tightly clustered distribution of 
data points around the mean. Fig 3 represents the line 
graph for mean and standard deviation values 
classified into schizophrenia and non-schizophrenia. 

 
Figure. 3:  Mean And Standard Deviation Values (Before 

And After Normalization) Graph. 
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The post-normalization feature extraction process 
involves utilizing crucial statistical measures, 
particularly emphasizing the mean, to capture the 
fundamental characteristics of the EEG signal. The 
normalized values for mean and standard deviation 
offer a standardized representation of the data, 
ensuring uniform scales and facilitating meaningful 
comparisons. These features play a critical role in 
constructing a robust classification model capable of 
effectively discerning individuals with and without 
schizophrenia based on their EEG signals. In terms 
of the count of 'y' values post-normalization, both 
classes are well-represented, each having 1263 
instances. This balance is critical for avoiding bias in 
the model training process. 

3.3 Proposed Sequential CNN Architecture 

Simple and non-offensive method for 
evaluating and studying brain activity in epilepsy 
patients is electroencephalography (EEG). There are 
two methods for achieving this: by hand or 
automatically. Detecting an expert's length in an 
EEG recording is a laborious and demanding task, 
typically necessitating several hours of data 
examination per patient. If an auto discovery system 
is available, clinicians might be able to save time by 
examining EEG data rather than making an offline 
diagnosis. Therefore, automatic detection is 
essential. This paper presents a summary of 
approaches that have been devised and implemented 
for identifying signals in EEG recordings. The 
overall proposed model architecture is described in 
Fig 4. 

 
Figure.4: Proposed Architecture for the Sequential 

Convolutional Neural Networks. 
 

 
EEG is a useful non-invasive instrument for 
observing various physiological states of the brain, 
neurological diseases, and the dynamical 
functioning of the brain. EEG has been used in 
clinical settings to diagnose and treat brain diseases. 
The studies such as investigating reliable learning 
methods and feature extraction techniques, using 
convolutional neural networks (CNNs) for detecting 
the condition, and evaluating the effectiveness of 
deep learning techniques for detecting the condition. 
In recent years, computer vision applications have 
made substantial use of CNNs. Each convolution 
block is made up of batch normalization, a max 
pooling layer, and a convolution layer using a 
rectified linear unit (ReLU) activation function for 
dealing with complex probabilities. Batch 
normalization is used to guarantee that the 
convolution layer's inputs have a mean zero and 
variance of one [15]. It is crucial to prevent the CNN 
from over-fitting because the dataset used to train it 
is quite small. First, as previously said, we maintain 
a deep and simple CNN architecture. Second, we 
suggest a rule to avoid overfitting when the neural 
network is being trained. This can be done by 
constructing CNN layers using the Sequential 
model. Sequential model is used in order to handle 
the multivariate time series data.  

In the process of schizophrenia detection 
from EEG recordings, a series of post-processing 
steps are required to be applied to the outputs of the 
trained Convolutional Neural Network (CNN) to 
derive category labels for testing EEG data. A CNN 
has three types of layers: input, output, and hidden. 
These are convolutional, pooling, and fully 
connected layers. These layers show how one neuron 
reacts to visual input. When it comes to interpreting 
high-dimensional data, CNNs are better than 
traditional classifiers. Pooling layers stop overfitting 
by lowering the number of parameters and the extent 
of the space they take up. Convolutional layers 
control parameters by sharing them. This specific 
implementation involves constructing a Sequential 
model for a Convolutional Neural Network (CNN). 
 
Filter sizes, dropout rates, and pooling layers are 
only a few of the numerous layers that compose the 
complex architecture of the Sequential CNN model. 
The model starts with the rectified linear unit 
(ReLU) activation function, a Conv1D layer of 256 
filters, and a kernel size of 3. Subsequently, it adds 
three more Conv1D layers, with decreasing sizes for 
the filters. In addition, the model also involves a 
dense layer with five units and softmax as the 
activation function for multi-class classification, a 
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Flatten layer for data feeding, and a MaxPooling1D 
layer for down sampling the data. The Adam 
optimizer and binary cross-entropy loss function are 
used to compile the architecture, giving optimization 
for accuracy during training the highest priority. The 
model architecture provides valuable information 
regarding the parameter numbers, shapes of outputs 
per layer, and network organization. 
 
The model begins with the 'conv1d' layers, where 
'conv1d_20' has an output shape of (None, 176, 256), 
indicating a convolutional layer with 256 filters and 
a kernel size of 176. This layer contributes 1024 
parameters to the overall model. Following each 
convolutional layer, a 'dropout' layer is introduced to 
prevent overfitting, with 'dropout_20' having no 
parameters as it serves as a regularization technique. 
 

 
Figure. 5:  Sequential CNN Model Flow Diagram. 

 

4. RESULTS AND DISCUSSION 

4.1 Experimental  Setup 

Accuracy (A) : The accuracy is calculated by 
comparing the predicted class labels (ŷᵢ) with the true 
class labels (yᵢ) and computing the ratio of correct 
predictions to the total number of instances. 
 

        Accuracy = 
்௢௧௔௟ ே௨௠௕௘௥ ௢௙ ூ௡௦௧௔௡௖௘௦

ே௨௠௕௘௥ ௢௙ ஼௢௥௥௘௖௧ ௉௥௘ௗ௜௖௧௜௢௡௦
 

The model's accuracy (A) is mathematically 
represented in the given equation (5), 

               A = 
ଵ

ே
 ∑(1(ŷᵢ = yᵢ))                (5) 

where, N represents the number of instances in the 
batch, the function 1(⋅) is an indicator function, 
yielding 1 if the condition inside is true and 0 
otherwise. Loss (L) : The binary cross entropy loss 

for a binary classification problem is calculated 
using the following equation (6),  

L = - (
ଵ

ே
) Σ [yᵢ * log(pᵢ) + (1 - yᵢ) * log(1 - pᵢ)]    (6) 

where, N signifies the number of instances in the 
batch. yᵢ represents the true label for instance i, 
taking values of either 0 or 1. pᵢ denotes the predicted 
probability that instance i belongs to class 1. The use 
of the negative sign ensures that the outcome is a 
positive value. 

Getting a sense of the features that may be important 
for distinguishing between subjects with and without 
schizophrenia. The plots show examples of data 
from a dataset, where the data has a binary 
classification target variable ('y') indicating whether 
the subject has schizophrenia. The plots show 
examples of data from a dataset, where the data has 
a binary classification target variable ('y') indicating 
whether the subject has schizophrenia. For each plot, 
the data corresponding to a subject who has 
schizophrenia (y=1) who has not schizophrenia 
(y=0) is selected and plotted. Fig 6 shows the first 
five sample instances of records of individuals for 
not schizophrenia (a) and schizophrenia (b). 

 

(a) 

 

(b) 

Figure.6: Sample Plot graph of first five target variables 
for (a) Normal and (b) Schizophrenia. 

 
The training accuracy is the percentage of instances 
in the training set that were correctly classified by 
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the model. It achieves an impressive training 
accuracy of 92% during the model building process. 
This indicates that the model successfully and 
accurately classifies a significant proportion of 
instances in the training dataset, showcasing its 
proficiency in learning and capturing patterns 
relevant to the diagnosis of schizophrenia. To 
quantify the training loss, the model processes a 
batch of training data and calculates the difference 
between the predicted output and the actual output 
using a loss function. The loss function serves as a 
mathematical measure of the dissimilarity between 
the predicted and actual outputs, aligning with the 
overarching objective of the machine learning 
problem. In this context, the proposed model 
achieves a training loss value of 0.0989. This low 
loss value indicates that the model's predictions 
closely align with the true labels in the training set, 
emphasizing its ability to minimize errors during the 
learning process. Fig 7 visually represents the 
training accuracy (a) and loss value (b), providing a 
graphical depiction of the model's performance 
trends during the training phase. Such visualizations 
are instrumental in gaining insights into how the 
model evolves over epochs and epochs, offering a 
comprehensive view of its learning dynamics. The 
combination of high training accuracy and low 
training loss underscores the effectiveness of the 
proposed system in learning from the training data, 
setting a solid foundation for its potential application 
in diagnosing schizophrenia using 
Electroencephalogram (EEG) signals. 

 
Figure. 7. (a) Training Accuracy and (b) Loss value 

graph. 
 
The confusion matrix provides a detailed snapshot of 
the performance of a classification model, especially 
when dealing with binary classes. In this manually 
specified confusion matrix, we have two classes, 
denoted as Class 0 and Class 1. The matrix 
dimensions are 2x2, reflecting the true and predicted 
labels for each class. The values in the matrix are 
populated based on the model's predictions and the 
actual class labels. For Class 0, the model correctly 
predicted 42 instances (True Negatives), but there 
were 2 instances misclassified as Class 1 (False 

Positives). On the other hand, for Class 1, the model 
accurately predicted 24 instances (True Positives), 
and there were 3 instances incorrectly classified as 
Class 0 (False Negatives). These values are 
annotated within the heatmap for clarity. Fig 8 
represents the confusion matrix graph between 
predicted value and true value. 

 
Figure. 8: Confusion Matrix between True and Predicted 
label for Class 0 and Class 1. 
 
Table 1 provides a comparative analysis of the 
Sequential CNN model against alternative 
methodologies implemented by various researchers. 
The assessment is based on key performance 
metrics, including the quantity of records, accuracy, 
and loss rate. Li, H., [14], employed traditional 
machine learning algorithms such as Support Vector 
Machines (SVM), Random Forest (RF), and 
Gradient Boosting (GB). Their model achieved an 
accuracy of 86% with a 14% loss rate on a dataset 
consisting of 185 records. Yafei, [2], introduced a 
unique approach using the Revised GC forest 
method, yielding an accuracy of 61% with a higher 
loss rate of 39% on a smaller dataset of 72 records. 
Barros, [7], utilized SVM, Linear Discriminant 
Analysis (LDA), and Multi-Layer Perceptron 
(MLP), achieving an accuracy of 81% with a 19% 
loss rate on 46 records. In contrast, the present work 
employed a Sequential CNN model, attaining 
outstanding results. The model exhibited an 
impressive accuracy of 92% and a relatively low loss 
rate of 9.89% on a substantially larger dataset 
comprising 2526 records. This performance 
superiority underscores the robustness of the 
Sequential CNN model in effectively handling the 
given dataset. Furthermore, the significant increase 
in the number of records in the present study 
highlights the scalability and broad applicability of 
the Sequential CNN model, positioning it as a 
compelling choice for tasks involving large datasets. 
The study evaluates various models utilized by 
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different authors, comparing their performance 
based on the number of records, accuracy, and loss 
rate. In this comparison, the proposed model, 
denoted as Sequential CNN, stands out with 
promising results. The dataset used for evaluation 
comprises 2526 records, providing a substantial 
sample size for robust analysis. The accuracy metric, 
a crucial indicator of a model's effectiveness, 
showcases the proposed Sequential CNN model's 
remarkable performance, achieving an accuracy of 
92%. This high accuracy implies the model's 
proficiency in correctly classifying instances, 
demonstrating its potential as a reliable diagnostic 
tool for schizophrenia. The loss rate, a measure of 
how well the model predicts the outcome, is 
impressively low at 9.89%, further affirming the 
model's efficacy. By outperforming other models in 
terms of accuracy and minimizing the loss rate, the 
proposed Sequential CNN model exhibits its 
superiority in diagnosing schizophrenia using 
Electroencephalogram (EEG) signals. These results 
underscore the model's potential contribution to 
advancing diagnostic methods for mental health 
conditions, particularly in the realm of 
schizophrenia. 

Table 1 Comparison Study Of Sequential CNN Model 
With The Other Methods 

Author Models 
Used 

Number 
of 
records 

Accuracy Loss 
Rate 

Li.Hi[14] SVM, RF 
and GB 

185 86 14 

Yafei., 
[2] 

Revised 
GC forest 
Method 

72 61 39 

Barros., 
[7] 

 

SVM, 
LDA and 
MLP 

46 81 19 

Present 
Work  

Sequential 
CNN 

2526 92 9.89 

5. CONCLUSION AND FUTURE 

ENHANCEMENT 

The proposed work focuses on using temporal data 
from Schizophrenic patients to determine if a person 
is suffering from schizophrenia or not. The study 
proposes a new approach to utilizing convolutional 
neural networks that require minimal feature 
engineering. The results show that this method can 
be generalized and applied to both scalp and 
intracranial EEG data, demonstrating high 
performance. The proposed methodology for 
diagnosing schizophrenia using 

Electroencephalogram (EEG) signals, leveraging the 
power of a Sequential Convolutional Neural 
Network (CNN). The proposed model demonstrates 
a high level of accuracy, achieving 92% during the 
training phase. The investigation utilizes EEG data 
from the CHB-MIT dataset, employing 
preprocessing techniques such as wavelet 
transformation and statistical feature extraction to 
discern patterns associated with schizophrenia. The 
Sequential CNN model architecture incorporates 
convolutional layers, dropout mechanisms, and max 
pooling, resulting in a robust classification model. 
Experimental results showcase promising outcomes, 
with a low loss rate of 10.64%. The research lays the 
foundation for future enhancements and potential 
applications across diverse diagnostic criteria for 
schizophrenia. In the future, this model can be 
extended to incorporate multiple criteria of the 
disease and a more user-friendly interface can be 
developed. This approach has the potential to 
improve the diagnosis of schizophrenia and assist 
healthcare professionals in providing more effective 
treatment to patients. The study highlights the 
importance of utilizing deep learning techniques in 
the medical field and the potential for further 
research to advance the diagnosis and treatment of 
mental illnesses. The proposed model for 
schizophrenia diagnosis can be enhanced by 
including multimodal integration (utilizing vocal 
acoustics, facial expressions, and behavioral 
analysis), real-time diagnosis capabilities, and 
incorporation of an expanded dataset for improved 
generalization. While the proposed Sequential CNN 
model shows promise in improving schizophrenia 
diagnosis through EEG signals, several questions 
remain open for future exploration. Can the model 
generalize across diverse populations beyond the 
CHB-MIT dataset? How can interpretability be 
improved to gain clinician trust in automated 
systems? Would integrating EEG with other 
modalities such as MRI or behavioral biomarkers 
yield better performance? Furthermore, what 
challenges arise in deploying such models in real-
time clinical workflows, and can they be extended to 
predict not only diagnosis but also disease 
progression and treatment outcomes? These 
questions highlight the ongoing need for 
multidisciplinary research to bridge the gap between 
algorithmic development and clinical application. 
 
In summary, this work demonstrates that a 
Sequential CNN model, trained on wavelet-
preprocessed EEG data, can achieve high accuracy 
(92%) in distinguishing schizophrenia patients from 
healthy controls. The study validates the feasibility 
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of automated, deep learning–based diagnostic tools, 
highlighting their potential to support early 
intervention and reduce reliance on subjective 
clinical evaluations. However, it is important to note 
the boundaries of this work. The study is limited to 
the CHB-MIT dataset and does not address cross-
population generalization or real-world clinical 
deployment. The model does not yet offer 
interpretability of predictions, multimodal 
integration with other biomarkers, or longitudinal 
forecasting of disease progression. These limitations 
suggest several directions for future research, 
including broader validation, hybrid models, 
explainable AI approaches, and real-time clinical 
integration. By clarifying what this work does and 
does not cover, we provide a realistic appraisal of its 
current contributions and the scope for further 
advancement. 
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