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ABSTRACT: 
 

This research proposes an enhanced system integrating convolutional neural networks (CNNs) with 

both electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) data for the 

detection of major depressive disorder (MDD). 

The new approach leverages brain activity patterns from EEG signal images and fMRI data, capturing 

a more comprehensive view of neural dynamics associated with MDD. By incorporating additional 

CNN layers into the model, we aim to improve its ability to recognize complex patterns in these 

multimodal datasets. The combined EEG and fMRI data enable the CNN to better differentiate 

between characteristic brain signatures of depression and other neural conditions. 

The models output not only predicts the presence of MDD but also provides insights into its severity, 

enabling earlier and more precise interventions. This hybrid system holds the potential to revolutionize 

MDD diagnosis by offering a more accessible, objective, and accurate tool for identifying at-risk 

individuals, ultimately improving patient outcomes and alleviating the societal burden of depression. 
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[1] INTRODUCTION 

 Major Depressive Disorder (MDD) is a prevalent and draining mental health condition 

characterized by persistent sadness, loss of interest, and cognitive impairments. Detecting 

MDD early and accurately is crucial for effective treatment and improved patient outcomes. 

Electroencephalography (EEG), a non-invasive method that measures electrical activity in 

the brain, has emerged as a valuable tool in the detection and analysis of MDD. EEG's 
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ability to capture real-time brain activity offers insights into the neural mechanisms 

underlying depression, making it a promising biomarker for diagnosis. 

EEG is important in MDD detection for several reasons. Firstly, it provides objective, 

quantifiable data on brain function, which can help differentiate MDD from other 

psychiatric or neurological conditions. Secondly, EEG can detect subtle brain activity 

patterns associated with MDD that might not be evident through clinical evaluation alone. 

This enhances diagnostic accuracy and helps tailor individualized treatment plans. 

Moreover, EEG is relatively cost-effective and widely accessible, making it a practical 

choice for routine clinical use. 

While other imaging techniques like MRI and PET scans offer detailed structural and 

metabolic information, they are expensive, time-consuming, and less accessible. EEG' 

patterns associated with MDD that might not be evident through clinical evaluation alone. 

This enhances diagnostic accuracy and helps tailor individualized treatment plans. 

Moreover, EEG is relatively cost-effective and widely accessible, making it a practical 

choice for routine clinical use. 

While other imaging techniques like MRI and PET scans offer detailed structural and 

metabolic information, they are expensive, time-consuming, and less accessible. EEG's 

portability, lower cost, and real-time capabilities make it a superior choice for continuous 

monitoring and early detection of MDD, thus bridging the gap between clinical assessment 

and advanced neuroimaging. 

Combining Convolutional Neural Networks (CNNs) with Electroencephalography (EEG) 

data significantly advances the detection of neurological and psychiatric conditions like 

Major Depressive Disorder (MDD), EEG provides real-time brain activity data, capturing 

complex electrical patterns. CNNs, with their powerful pattern recognition capabilities, can 

automatically extract and classify these patterns, distinguishing between healthy and 

depressed individuals. This integration allows for efficient, accurate analysis of EEG 

signals, enhancing diagnostic precision and enabling personalized treatment plans. The 

synergy between CNNs and EEG fosters improved detection and monitoring of MDD, 

offering a practical, scalable solution for clinical applications. Among the many health 

challenges facing society, mental health disorders stand out as a significant concern. Major 

depressive disorder (MDD), in particular, is a prevalent and draining condition that affects 

millions of people worldwide. The diagnosis of MDD traditionally relies on subjective 

assessments based on clinical interviews and self-reported symptoms, which can be prone 

to bias and inaccuracies. Moreover, accessing mental healthcare services for timely 

diagnosis and intervention remains a significant challenge for many individuals due to 

various barriers, including stigırım, cost, and lack of resources. 

To address these challenges, researchers have increasingly turned to emerging technologies 

to develop innovative solutions for mental health diagnosis and intervention. In this context, 

this research paper explores the potential of integrating EEG technology with machine 

learning algorithms, specifically convolutional neural networks (CNNs), for the detection 

of MDD. EEG offers a non-invasive and accessible method for monitoring brain activity, 

while CNNs excel at learning complex patterns from large datasets, making them well-

suited for analyzing EEG data. 

Building upon this foundation, our research aims to develop a novel framework for the early 

detection of MDD using EEG and CNN technology. By leveraging the distinctive neural 
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signatures associated with MDD, we seek to create a robust diagnostic tool capable of 

accurately identifying individuals at risk of depression. Such a tool could revolutionize the 

field of mental healthcare by providing clinicians with objective and quantifiable measures 

for assessing mental health status, facilitating timely interventions, and improving patient 

outcomes. 

Furthermore, the integration of EEG-based MDD detection into existing healthcare systems 

holds the promise of expanding access to mental health services, particularly in underserved 

communities where resources are limited. By harnessing the power of technology, we aspire 

to break down barriers to mental healthcare and empower individuals to seek the support 

they need for better mental well-being. 

Detecting Major Depressive Disorder (MDD) using EEG data and convolutional neural 

networks (CNNs) in the Keras framework is a complex yet promising approach that 

combines advancements in neuroscience, machine learning, and data analysis to improve 

mental health diagnostics. This process involves several key stages, each crucial for 

achieving accurate and reliable results in MDD classification. 

The deployment and application of the trained CNN model in clinical or research settings 

mark the final stage of the depression detection process. The model can be deployed for 

automated MDD detection using new EEG samples, contributing to advancements in 

mental health diagnostics and personalized treatment strategies. Continuous research, 

refinement, and collaboration further enhance the reliability and applicability of EEG-based 

depression detection methods, paving the way for improved patient outcomes and a deeper 

understanding of depressive disorders. 

 Basically, log analysis should focus on major operations problems like forensic 

analysis, fault detection, system alert or failure prediction and remediation 

recommendation. To find out the root cause of system failure, need to perform post-analysis 

of system logs known as Forensic analysis. To quickly detect the symptoms of critical 

failures when they appear like anomaly detection is known as Fault detection. To analyse 

and predict early sign of potential system alert or failure is known as failure prediction and 

it is a proactive approach [2]. Suggesting healing actions, based on alert history and 

performed manual steps, is known as remediation recommendation. 

 Machine Learning algorithms can play a vital role to reduce complexity and 

minimizes manual efforts in these major IT operations. Also, we can leverage Machine 

Learning algorithms for better system health monitoring, to reduce alert noise and 

operations cost, to reduce mean Time to detect (MTTD) and faster mean time to recovery 

(MTTR). 

 

[2] RELATED WORK 

1. Conversion of EEG signals from .edf file to png image: 

Explanation: EEG (Electroencephalogram) signals are typically stored in .edf (European 

Data Format) files. This step involves converting these signals into images (e.g., PNG 

format). Each EEG signal segment is visualized as an image, which can be used as input 

for image-based machine learning models. 
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Tools Methods: Python libraries such as MNE for reading .edf files and Matplotlib for 

plotting and saving images. 

2.  Image pre-processing & image labelling: 

Explanation: The generated images undergo pre-processing steps such as resizing, 

normalization, and possibly data augmentation (e.g., rotation, flipping). Each image is also 

labelled according to the category it belongs to (e.g., different types of brain activity or 

conditions). 

Tools/Methods: Python libraries like Pillow or OpenCV for image processing, and labelling 

can be done manually or with the help of predefined metadata. 

3.  Division of dataset into training and testing (70:30): 

Explanation: The entire dataset of images is split into two subsets: 70% for training the 

model and 30% for testing its performance. This helps in assessing the model's ability to 

generalize to unseen data. 

Tools/Methods: Python's scikit-learn library provides utilities for splitting datasets. 

 4.  Feeding the data to TensorFlow CNN: 

Explanation: The pre-processed and labeled images are then fed into a Convolutional 

Neural Network (CNN) architecture built using TensorFIow. CNNs are particularly 

effective for image classification tasks. 

Tools/Methods: TensorFIow, a popular machine learning framework, is used to define and 

train the CNN model. 

5.  Compiling the model with 'adam' optimizer, loss: 

Explanation: The CNN model is compiled by specifying the optimizer and loss function. 

The 'adam' optimizer is an efficient variant of gradient descent, and 'sparse categorical 

crossentropy' is a suitable loss function for multi-class classification problems with integer 

labels. 

Tools [Methods: TensorFlow's compile method is used to configure the learning process. 

6.  Training the model with the training dataset (batch_size = 8, epoch = 50): 

Explanation: The compiled CNN model is trained on the training dataset. The batch size (8) 

indicates the number of samples processed before the model's internal parameters are 

updated. An epoch (50) is one complete pass through the entire training dataset. 

Tools/Methods: TensorFlow's fit method is used for training the model over the specified 

number of epochs and batch size. 

7.  Saving the model: 
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Explanation: After training, the model is saved to disk for later use. This allows the trained 

model to be loaded and used for making predictions without retraining. 

Tools/Methods: TensorFlow's save method is used to save the trained model. 

This step-by-step process converts raw EEG signals into a format suitable for machine 

learning, trains a CNN to classify these signals, and saves the resulting model for future 

use. 

 

[5] SUMMARY 

The proposed system for detecting Major Depressive Disorder (MDD) using EEG and fMRI 

data provides an effective tool for enhancing mental health diagnostics. By integrating 

CNNs with multimodal brain data, the system accurately classifies MDD and predicts its 

severity in real time, offering valuable insights for early intervention. The results 

demonstrate the system’s potential for clinical integration, enhancing the accuracy and 

objectivity of depression diagnosis. 

Future improvements could focus on enhancing model generalization, incorporating 

additional neuroimaging modalities, and expanding its use for long-term monitoring. 

Overall, this system represents a significant advancement in personalized mental health 

care, showcasing the potential of AI-driven solutions in medical diagnostics. 
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