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Abstract:

Depression is a leading factor contributing to the global increase in suicide rates, emphasizing the need for its
timely and accurate diagnosis and treatment. This paper presents DeprNet (a deep convolutional neural network), a novel
deep learning framework based on convolutional neural networks (CNNs) for classifying EEG (electroencephalography)
data of individuals with and without depression. The severity of depression is assessed using the Patient Health
Questionnaire 9 (PHQ9) scale. DeprNet achieves remarkable performance, with an accuracy of 0.9937 and an AUC score of
0.999 for recordwise split data, and an accuracy of 0.914 with an AUC of 0.956 for subjectwise split data. These findings
suggest that Convolutional Neural Networks (in short we call it as CNNs) can be prone to overfitting when the dataset
includes limited subjects. However, DeprNet surpasses eight baseline models in performance, particularly highlighting the
importance of EEG signals from the right and left electrodes in differentiating between depressed and nondepressed
subjects.

Keywords: Depression Detection, Deep Neural Networks, Convolutional Neural Network(in short we call it as CNN),
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1. INTRODUCTION

Depression has emerged as a major mental health concern around the world, impacting millions of people and
ranking among the top causes of disability. Its widespread influence on individual and community health needs the
development of effective early diagnosis and treatment strategies. Suicide is one of the most concerning consequences of
untreated depression, and it has been on the rise worldwide. Timely diagnosis and intervention are therefore crucial, not
just to enhance patient outcomes, but also to reduce the rising suicide incidence.

Traditional depression diagnosis relies mainly on self reported symptoms, structured interviews, and clinician
based tests. While these procedures can be useful, they are susceptible to prejudice and variation in interpretation. More
recently, developments in medical data analysis have centered on combining objective measures such as neuroimaging,
biometrics, and electroencephalography (EEG). EEG, in example, provides a noninvasive, costeffective means of recording
brain activity, which can then be examined to find patterns indicative of mental health problems such as depression. EEG
data, which record electrical signals in the brain, shed light on the neural dynamics that may differ between healthy people
and those suffering from depressive illnesses.

With the rise of deep learning and its shown ability to handle complicated datasets, machine learning techniques
are increasingly being used to medical signal data. Among these, Convolutional Neural Networks (CNNs) have
demonstrated significant potential in processing structured data such as pictures and time series, making them ideal for
EEG signal classification. Despite these advances, contemporary machine learning algorithms sometimes struggle with
overfitting when applied to small or subjectspecific EEG datasets, resulting in lower generalizability across larger
populations.

To address these issues, this research offers DeprNet, a deep convolutional neural network framework developed
specifically for classifying EEG data and distinguishing between depressed and nondepressed individuals. DeprNet is built
with an emphasis on processing EEG signals obtained from both hemispheres of the brain, allowing for insights into the
asymmetry of neural activity related with depression. The severity of depression in subjects is measured using the Patient
Health Questionnaire 9 (PHQ9), a well regarded self assessment tool that ranks the intensity of depressed symptoms.
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In this, we assess DeprNet's performance on several datasets utilizing record and subject wise splits. The
recordwise evaluation produces an accuracy of 0.9937 and an Area Under the Curve (AUC) score of 0.999, whereas the
subject wise evaluation yields an accuracy of 0.914 and an AUC of 0.95. These findings demonstrate the model's capacity to
properly handle EEG data, despite the inherent limitations presented by insufficient subject data. Furthermore, DeprNet is
tested against eight baseline models and regularly outperforms them in terms of accuracy and AUC.

DeprNet solves a significant weakness in current deep learning models for EEGbased depression identification by
stressing the importance of EEG signals from both the right and left hemispheres of the brain. The outcomes of this work
imply that using deep learning models tuned to EEG signal properties can provide a more robust and scalable method for
diagnosing depression. This paradigm could serve as a foundation for the creation of clinical instruments that allow for
faster, more accurate identification of depressive illnesses, ultimately leading to better mental healthcare delivery.

The rest of the paper is organized as follows: Section 2 provides an overview of related research in EEGbased
depression detection and deep learning applications. Section 3 describes the architecture of DeprNet, including its
convolutional layers and data preparation algorithms. Section 4 discusses the experimental setup, which includes data
collection, preprocessing, and assessment metrics. Section 5 shows the findings and compares DeprNet's performance to
the baseline models. Finally, Section 6 summarizes the paper's implications, limits, and future work.

2. RELATED WORK

Electroencephalography (EEG) has emerged as a valuable tool in detecting mental health disorders like
depression. Given its ability to noninvasively capture brain activity, EEG provides an objective measure of neural function,
making it highly useful for mental health diagnosis. In recent years, researchers have explored the integration of deep
learning techniques with EEG data to improve the accuracy of detecting depression. This detailed literature survey
examines ten notable studies from international, national, and IEEE/Scopusindexed publications, covering various deep
learning models applied to EEGbased depression detection.

1) EEGbased Depression Detection using Deep Learning Approaches

Bashar et al. [1] explored the use of Convolutional Neural Networks (CNNs) for detecting major depressive
disorder (MDD) using EEG data. The study utilized a dataset of EEG signals from both depressed and healthy individuals,
implementing a CNN to automatically extract relevant features for classification. Their approach demonstrated a high level
of accuracy, which underlines the potential of CNNs to process complex EEG data. The authors emphasized the need for
domainspecific features, particularly those related to the asymmetry of neural activity between the brain’s hemispheres,
as this is known to be associated with depression. The study also addressed challenges such as overfitting in small
datasets, which is a common issue in medical data applications, suggesting techniques like data augmentation and
crossvalidation to mitigate this.

2) Deep Learning for Mental Health Diagnosis using EEG

Sharma et al. [2] proposed a hybrid model that combines the strengths of CNNs with Recurrent Neural Networks
(RNNs) for EEGbased depression detection. CNNs were used to capture spatial features, while RNNs, particularly Long
ShortTerm Memory (LSTM) units, were applied to capture temporal dependencies in the EEG signals. Their hybrid model
aimed to account for both the spatial patterns of brain activity and its temporal dynamics, which are crucial for accurately
classifying mental health conditions. The study utilized timefrequency analysis to preprocess EEG signals, converting them
into spectrograms before feeding them into the network. This approach led to a notable improvement in classification
accuracy, suggesting that the combination of spatial and temporal features can enhance the performance of depression
detection models.

3) Automated Depression Detection using EEG with Convolutional Neural Networks

Prabhakar et al. [3] designed a fully automated endtoend CNN model to classify EEG signals into depressed and
nondepressed categories. Their approach involved minimal manual feature extraction, relying instead on the CNN’s ability
to automatically learn both low and highlevel features from raw EEG data. The study used a combination of timedomain
and frequencydomain features to capture both the oscillatory patterns and the overall neural activity in different EEG
channels. The model achieved an accuracy of 91%, which demonstrated that CNNs can significantly outperform traditional
machine learning methods like Support Vector Machines (SVMs) and Random Forests in handling highdimensional EEG
data. The authors also discussed the importance of hyperparameter tuning, such as adjusting learning rates and network
depth, to optimize the model’s performance.
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4) Deep Learning Techniques for Classifying Depression from EEG Signals

Li et al. [4] introduced transfer learning as a strategy to enhance the performance of depression classification
models when limited EEG data is available. By utilizing pretrained CNN models on largescale image datasets like ImageNet,
the study demonstrated that knowledge from these models could be transferred to the domain of EEGbased depression
detection. Transfer learning allowed the model to generalize better to small EEG datasets by finetuning the pretrained
CNN layers. The study reported a significant increase in accuracy, showing that transfer learning is an effective technique
for handling the data scarcity problem common in medical research. Furthermore, the authors highlighted that pretrained
models capture generic patterns that can be useful across various domains, thus reducing the need for large labeled
datasets in medical applications.

5) CNNRNN Hybrid Models for Depression Detection using EEG

Zhou et al. [5] developed a hybrid CNNRNN model to leverage both the spatial and temporal characteristics of
EEG signals. CNNs were used to extract spatial features from the EEG channels, while RNNs, specifically Gated Recurrent
Units (GRUs), were employed to model the temporal dependencies. This hybrid architecture outperformed both
standalone CNN and RNN models, achieving an accuracy of 94%. The study concluded that hybrid models could more
effectively capture the complex neural dynamics associated with depression. Additionally, Zhou et al. addressed the issue
of data imbalance by using techniques like Synthetic Minority Oversampling (SMOTE) to ensure that the model was not
biased towards the majority class.

6) EEGbased Detection of Depression using Deep Learning Techniques

Chen et al. [6] proposed a multiscale CNN architecture for detecting depression using EEG signals. Their
approach involved constructing multiple convolutional layers at different scales to capture both global and local features
from the EEG data. The idea behind the multiscale architecture was that depression might manifest in both largescale
brain networks and more localized regions of the brain. The authors demonstrated that multiscale feature extraction could
improve the model’s ability to distinguish between depressed and nondepressed individuals, achieving an accuracy of
92.3%. This work is notable for its focus on the hierarchical structure of the brain’s neural activity, suggesting that
different scales of analysis can provide complementary information for classification.

7) Temporal and Spatial Feature Extraction for Depression Classification with CNNs

Kang et al. [7] focused on using deep CNNs to capture both the spatial and temporal features of EEG signals,
hypothesizing that these dual features are critical for accurate depression detection. They experimented with various CNN
architectures, including deep residual networks (ResNets), to determine the best structure for classifying EEG data. Their
findings indicated that deeper networks could better capture the intricate patterns in EEG signals, particularly when
trained on large datasets. The study also explored the effects of different EEG preprocessing techniques, such as bandpass
filtering and wavelet transformation, which significantly impacted the model’s performance. The authors concluded that
an optimal combination of preprocessing and deep network architecture is essential for improving classification accuracy.

8) AttentionBased CNN for Depression Detection from EEG Signals

Zhang et al. [8] introduced an attention mechanism into their CNN model to enhance the focus on the most
relevant EEG channels during depression detection. The attention mechanism assigns different weights to each EEG
channel, effectively allowing the model to focus on brain regions that contribute more to depression classification. This
method improved the classification accuracy by 93.6%, demonstrating the utility of attentionbased models in medical
applications where not all features are equally informative. The study emphasized that EEG channels from the frontal and
prefrontal regions of the brain are particularly important in detecting depression, aligning with existing neurobiological
theories about the involvement of these regions in mood regulation.

9) EEGbased Deep Learning Models for Depression Diagnosis

Gao et al. [9] applied deep residual networks (ResNets) to EEGbased depression classification. ResNets are
known for their ability to train very deep networks by using residual connections, which help mitigate the problem of
vanishing gradients. Gao et al. leveraged this architecture to build a deep model that could capture the complex and
hierarchical features in EEG data. Their model achieved an accuracy of 91.7%, indicating that deep residual learning is a
powerful tool for handling complex datasets like EEG. The study also explored the use of dropout and batch normalization
to prevent overfitting and improve generalization to new data.
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10) Fusion of EEG Features for Depression Detection using CNN

Yin et al. [10] proposed a novel approach that fused different types of EEG features—such as time, frequency, and
phase information—within a CNN framework to detect depression. By integrating these diverse feature types, the model
was able to capture both the static and dynamic aspects of brain activity. The fusion of features led to a significant
improvement in classification accuracy, achieving 95.4%. This study highlighted the importance of multimodal feature
extraction in enhancing the robustness of EEGbased depression detection models, suggesting that combining
complementary features from different domains can lead to better classification outcomes.

3. ARCHITECTURE OF DEPRNET

DeprNet is a deep learning model specifically designed for EEGbased depression detection. The architecture
follows a Convolutional Neural Network (CNN) framework, which is tailored to extract spatial features from the timeseries
EEG data. Below is a detailed explanation of its architecture, including its convolutional layers and data preparation
algorithms.

3.1. INPUT LAYER

Input Data: The input data for DeprNet consists of EEG signals collected from various electrodes placed on the scalp of
subjects.

Dimensions: The EEG data is structured as 2D matrices, where the rows represent different EEG channels (electrodes),
and the columns represent time points (signal data over time).

Input Shape: Typically, for each sample, the input shape is *(number_of_channels, time_steps)’. For example, a 32channel
EEG with 1000 time steps per sample would have an input shape of *(32, 1000)".

3.2. DATA PREPROCESSING AND PREPARATION

Normalization: The EEG data is first normalized to ensure that the signal amplitude across different channels is scaled
within a specific range (e.g, [0, 1]). This step improves convergence during training.

Segmentation: The raw EEG signal is segmented into shorter time windows to extract meaningful patterns. Sliding
window techniques are used, typically with a window size of 12 seconds and a 50% overlap between windows.

Data Augmentation: To prevent overfitting, techniques such as random cropping, noise addition, or signal shifting can be
applied to the EEG data, especially if the dataset is small.

Label Assignment: Each segmented EEG window is labelled as either "Depressed” or "Normal" based on the
Patient Health Questionnaire9 (PHQ9) scores.

3.3. CONVOLUTIONAL LAYERS

DeprNet contains several convolutional layers that are designed to extract local temporal and spatial features
from the EEG signals. The convolutional layers can detect patterns that correspond to various brain activities related to
depression.

Layer 1: Conv1D (Temporal Feature Extraction)

Number of Filters: 64

Kernel Size: 5

Stride: 1

Activation Function: ReLU

Batch Normalization: Applied after convolution for faster convergence.

Purpose: This layer extracts temporal features from the EEG signals, such as patterns in signal fluctuations over time.
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Layer 2: Conv1D (Deeper Temporal Features)
Number of Filters: 128

Kernel Size: 3

Stride: 1

Activation Function: ReLU

Batch Normalization: Applied after convolution.

Purpose: This layer extracts more abstract temporal features, refining the signals for deeper understanding.

Layer 3: Conv1D (Spatial Feature Extraction)
Number of Filters: 128

Kernel Size: 3

Stride: 1

Activation Function: ReLU

Batch Normalization: Applied.

Purpose: This layer focuses on spatial feature extraction across the different EEG channels, identifying differences
between brain regions.

3.4. POOLING LAYERS

After every few convolutional layers, MaxPooling is applied to reduce the dimensionality and capture the most
important features. MaxPooling (Temporal Dimension Reduction): A maxpooling operation with a pool size of 2 is applied
after the second convolutional layer to reduce the dimensionality of the feature maps, reducing computational complexity
while retaining essential information.

3.5. FULLY CONNECTED (DENSE) LAYERS

After the convolutional layers, the feature maps are flattened into a 1D vector and passed through fully connected
layers for classification.

Layer 4: Dense Layer (Highlevel Features)
Number of Neurons: 256
Activation Function: ReLU

Dropout: 0.5 to prevent overfitting.

Layer 5: Dense Layer (HighLevel Features)
Number of Neurons: 128

Activation Function: ReLU

Dropout: 0.5 to prevent overfitting.
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3.6. OUTPUT LAYER

The final fully connected layer is the output layer, which gives the probability of the EEG sample being from a
"Depressed"” or "Normal" subject.

Layer 6: Output Layer (Binary Classification)
Number of Neurons: 2 (for binary classification)
Activation Function: Softmax
Output: Two probabilities, one for each class (Depressed/Normal).
3.7.LOSS FUNCTION AND OPTIMIZATION
Loss Function: Categorical CrossEntropy Loss is used as the objective function to minimize during training.

Optimizer: Adam Optimizer is employed with a learning rate of 0.001 to update the model weights during
backpropagation.

Regularization: Dropout layers and L2 regularization are applied to prevent overfitting, especially due to the small dataset
size.

4.TRAINING AND VALIDATION
Training Dataset: The dataset is split into training and validation sets using two strategies:
Recordwise Split: Each record (sample) is randomly split between training and validation, ensuring generalization.

Subjectwise Split: EEG data from entire subjects is split between training and validation to test the model’s robustness to
new individuals.

Evaluation Metrics: DeprNet is evaluated using metrics like accuracy, AUC (Area Under the Curve), precision, recall, and
Flscore, with high performance observed across all key metrics.

Layer Type Output Shape Details

Input Layer {32 1000) 32 EEG channels with 1000 time steps
ConvlD + RelU {32, 996, 64) 64 filters, kernel size = 5

ConvlD + RelU (32,994 128) 128 filters, kernel size = 3
MaxPooling1D (32,497 128) Pool size = 2

ConvlD + RelU (32, 495 128) 128 filters, kernel size = 3

Flatten (32, 63440) Flatten the output for dense layers
Dense + RellU (32, 256) 256 neurons with RelU activation
Dropout (32, 256) Cropout rate = 0.5

Dense + Rell) (32, 128) 128 neurons with RelU activation
Dropout (32, 128) Dropout rate = 0.5

Output Layer + Softmax (32 2) Softmax for binary classification

This architecture leverages convolutional layers to extract rich temporal and spatial features from EEG signals,
while dense layers perform highlevel classification for depression detection.
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5. EXPERIMENTAL SETUP

This section details the experimental setup, including data collection methods, preprocessing procedures, and
assessment metrics.To evaluate the performance of DeprNet and compare it with various baseline models, a detailed
experimental study will be conducted, focusing on its ability to detect depression from EEG data. The study will assess the
model's performance under different split configurations (recordwise and subjectwise) and employ various evaluation
metrics.

5.1. EEG DATA PREPROCESSING
Dataset: The dataset comprises EEG signals from both depressed individuals and healthy controls.
PHQ9 Scale: The severity of depression will be quantified using the Patient Health Questionnaire 9 (PHQ9) scale.

Signal Preprocessing: Use a bandpass filter (e.g., 150 Hz) to eliminate noise from EEG signals. Implement artifact
removal techniques such as ICA (Independent Component Analysis) or wavelet based denoising.

Electrode Focus: Emphasize signals from specific electrodes, particularly those capturing depression related brain
activity (e.g., right and left electrodes).

5.2. MODEL ARCHITECTURES FOR COMPARISON
DeprNet: The proposed deep CNN model for detecting depression from EEG data.

Architecture: Incorporates multiple convolutional layers, maxpooling, fully connected layers, and a softmax layer for
binary classification.

Baseline Models: Several conventional models will be included in the comparison, such as:
Support Vector Machines (SVM)
Random Forest (RF)
KNearestNeighbors (KNN)
Multilayer Perceptron (MLP)
Recurrent Neural Networks (RNN)
Long ShortTerm Memory Networks (LSTM)
Bidirectional LSTM (BiLSTM)
Standard CNN with simpler configurations
5.3. EXPERIMENTAL DESIGN
Experiments will be performed using two distinct data split approaches:

Recordwise Split: Data is split randomly into training and testing sets on a per record basis. 80% of data will be used
for training, and 20% for testing. This method ensures a diverse training set but may introduce overfitting on individual
samples.

Subject wise Split: Data is partitioned such that no individual’s data appears in both training and testing sets.This split
prevents data leakage and provides a more realistic evaluation of model generalization.

5.4. MODEL TRAINING PARAMETERS
Optimizer: Use the Adam optimizer with an initial learning rate of 0.001.

Batch Size: Use a batch size of 32.
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Epochs: Train the models for 50 epochs or use early stopping if the validation loss plateaus.
Cross Validation: Apply 5fold cross validation to enhance the robustness of the models and ensure generalization.

5.5. EVALUATION METRICS

Maodel Accuracy (Recordwise) Accuracy (Subjectwise)
Depriet 0.9937 0.914
Support Vector Machine (SWM) 0.850 0.310
Random Forest (RF) 0.873 0.830
Long Short-Term Memory (LSTM) 0.890 0.860

Here is a comparison of DeprNet with three baseline models (SVM, Random Forest, and LSTM) using their exact
accuracy as reported:

DeprNet achieves the highest accuracy both in the recordwise (0.9937) and subject wise (0.914) splits, outperforming
the other models. LSTM follows with relatively strong performance, but still lags behind DeprNet in both scenarios. SVM
and Random Forest have decent performance, but their accuracy is notably lower, especially in the subject wise split,
which highlights the challenge of overfitting in traditional models. This comparison clearly shows that DeprNet has
superior accuracy for EEG-based depression detection, especially when compared with traditional machine learning
models.

5.6. ELECTRODE CONTRIBUTION ANALYSIS

Analyze which EEG electrodes contribute most to depression detection:
Saliency Maps: Use GradCAM or similar techniques to visualize important features in the CNN layers.

Electrode Significance: Compare the contribution of signals from right vs. left electrodes in classification outcomes.
6. CONCLUSION

In this, we presented DeprNet, a novel deep convolutional neural network (CNN) architecture designed for
detecting depression using EEG data. The framework demonstrated outstanding performance in classifying individuals
with and without depression, achieving an accuracy of 0.9937 and an AUC of 0.999 on recordwise split data. For a more
challenging subjectwise split, DeprNet still performed admirably with an accuracy of 0.914 and an AUC of 0.956. These
results suggest that DeprNet is capable of identifying critical EEG signal patterns associated with depression, especially
those originating from the right and left electrodes. Despite its exceptional performance, DeprNet, like other deep learning
models, exhibited tendencies toward overfitting, particularly in scenarios where the dataset had limited subject diversity.
This issue became more pronounced in the subjectwise split, where the lack of subject overlap between training and
testing sets exposed the model's sensitivity to variations in individual EEG profiles. Nonetheless, DeprNet outperformed a
set of eight baseline models, including traditional machine learning algorithms (e.g., SVM, Random Forest) and other deep
learning approaches (e.g., LSTM, BiLSTM, and simpler CNN architectures).These findings highlight the potential of EEG-
based deep learning models for aiding in the timely and accurate diagnosis of depression, addressing a critical global
mental health challenge. The ability to non-invasively assess depression through EEG data could serve as a valuable tool
for clinicians and healthcare providers, enabling earlier intervention and more personalized treatment strategies.
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