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Abstract. Depression diagnosis remains largely dependent on subjective clinical
assessments, creating a strong need for objective and reproducible biomarkers.
Electroencephalography (EEG) offers a non-invasive and cost-effective solution for
capturing neural activity associated with depressive states. This study proposes a deep
learning-based framework for automated depression detection using EEG Power
Spectral Density (PSD) features estimated through the Welch method. After
preprocessing with bandpass filtering, notch filtering, and Independent Component
Analysis (ICA)-based artifact removal, PSD features were extracted from the delta,
theta, alpha, beta, and gamma bands. These spectral representations were then classified
using Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and
Transformer-based architectures. Experimental results on EEG recordings from 90
subjects (60 depressed and 30 healthy controls) demonstrated that the Transformer
model achieved a classification accuracy of 83.78%, with favorable convergence,
generalization, and computational efficiency compared with the CNN and RNN models.
The findings confirm that Welch-based spectral analysis combined with Transformer
learning provides an effective and scalable framework for objective depression
detection, with strong potential for clinical decision support and portable mental health
monitoring systems.
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1. Introduction

Depression affects more than 280 million people worldwide and remains one of the most significant
contributors to global disability [1], [2]. Conventional diagnosis primarily relies on subjective symptom-
based assessments, which may introduce inter-clinician variability and diagnostic bias [3.4].
Consequently, there is an increasing demand for objective biomarkers that can support reliable
depression screening. EEG has emerged as a promising modality due to its non-invasive nature,
affordability, and ability to capture neural oscillatory dynamics linked to depressive disorders [5,6].
Previous studies have highlighted abnormalities in alpha asymmetry, theta power, and beta activity
among depressed individuals [3,7] .In this work, EEG signals recorded under resting-state and task-
specific conditions were preprocessed using a 0.5—45 Hz bandpass filter, a 50 Hz notch filter, and ICA-
based artifact rejection. The Welch method was then employed to estimate PSD features across the
standard EEG frequency bands [8-10].

Despite significant advances in EEG-based depression detection, most prior studies have focused
either on handcrafted spectral biomarkers with classical machine learning or on CNN/RNN-based deep
architectures that primarily capture local spatial or sequential dependencies. A clear research gap
remains in effectively modeling global inter-band and inter-channel contextual relationships within
Welch-derived EEG spectral representations while maintaining robustness against EEG noise variance
[11-15]. EEG has emerged as a promising modality due to its non-invasive nature, affordability, and
ability to capture neural oscillatory dynamics linked to depressive disorders. Previous studies have
highlighted abnormalities in alpha asymmetry, theta power, and beta activity among depressed
individuals. The major contribution of this study is the integration of robust Welch-based spectral feature
extraction with advanced deep learning architectures, particularly Transformer encoders, for improved
depression classification [16—18]

The literature on EEG-based depression detection spans clinical biomarker studies, spectral signal
processing, compact CNN frameworks, explainable deep learning, and recent Transformer-based
architectures. Foundational clinical and biomarker evidence is reported in [1-3,5] and [4] Signal
processing and PSD estimation principles are supported by [8,9] and [10]. CNN and EEGNet-based
representation learning methods are detailed in [6,19,20] and [21], while advanced explainable and
clinical Al pipelines are discussed in [22—-24]. Recent Transformer and hybrid attention-based studies
relevant to this work are covered in [16,17,25] and [18]. Additional machine learning surveys, nonlinear
feature studies, and broader depression-classification reviews are reported in [7, 26-30].

By explicitly grounding the proposed work across all these dimensions, the present study positions
itself as an integration of clinically meaningful EEG biomarkers with robust spectral estimation and
modern attention-based deep learning. Recent advances in EEG-based depression detection have shown
that both handcrafted spectral biomarkers and deep learning representations contribute significantly to
classification performance [15,25,31]. Traditional machine learning approaches using frontal alpha
asymmetry, entropy, and connectivity measures established the diagnostic value of EEG biomarkers,
while more recent CNN, RNN, graph neural network, and Transformer architectures have substantially
improved predictive accuracy. However, many studies rely on curated datasets with limited subject
diversity, reducing clinical generalizability [32-34].This work addresses that gap by combining robust
Welch-based PSD estimation with Transformer learning on multi-subject EEG recordings.

The novelty of the present work lies in combining variance-reduced Welch PSD estimation with a
Transformer self-attention framework that learns long-range dependencies among delta, theta, alpha,
beta, and gamma band powers. Unlike conventional CNN and RNN approaches, the proposed model
captures broader contextual interactions across spectral tokens, leading to stronger generalization and
more clinically meaningful depression biomarkers. This integration provides a scalable and interpretable
pathway for objective EEG-based depression screening in real-world mental health applications.

1.1 Contributions of this Study
The main contributions of this work are as follows:
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e An end-to-end EEG-based depression detection system that covers the entire process of signal pre-
processing, ICA-based artifact removal, Welch PSD estimation, and classification using Transformer.

e A condensed Transformer architecture for learning low-dimensional welch-derived EEG spectral
features, which can be learned with a few trainable parameters.

e Representing EEG spectral band powers as ordered feature tokens enables the Transformer self-attention
mechanism to capture the relationships between various frequency bands in the EEG signal.

e Evaluation of CNN, RNN and Transformer models comparing their performance, with the same
preprocessing pipeline and training conditions.

e Computationally efficient demonstration of a framework that could be deployed in a portable EEG-based
depression screening system in the future.

2. Methods

The proposed framework follows a five-stage pipeline supported by established EEG signal processing
principles and modern deep learning workflows [8,19,20]:

1. EEG data acquisition using standard 10-20 electrode placement.

2. Signal preprocessing involves filtering, denoising, and epoching.

3. Feature extraction using Welch-based PSD estimation.

4. Deep learning classification using CNN, RNN, and Transformer models and Performance evaluation
5. Hyperparameter optimization for robust generalization.

Sl - LAl - K

DATA PREPROCESSING FEATURE ML / DL MODEL OPTIMIZATION
ACQUISITION Filtering EXTRACTION ALGORITHMS & EVALUATION
EEG Signal Artifact Removal F'eq“F‘Z’;‘;;ﬂ'rggmai" Machine Learning and Hyperparameter
Acquisition Segmentation / (PSD, Welch, Multitaper) ~ D@ep Learning Models Optimization
via Electrodes Epoching Time-Frequency Model Evaluation
Features and Selection

Statistical Features

Functional Connectivity
Features

Figure 1. EEG-based ML/DL Analysis Pipeline

As shown in figure 1, we employed the Welch method [2—4,7] for feature extraction as it provides
robust and smooth power spectral density (PSD) estimates by reducing noise and variance through
segmentation, windowing, and averaging as shown This makes it particularly effective for noisy, non-
stationary EEG signals, enhancing the reliability of depression-related biomarkers and improving
classification performance.

The Welch method was chosen because it is a method that can give stable power spectral densities
(PSD) estimates by averaging modified periodograms and thus decreases the spectral variance. The
continuous EEG recordings were initially divided into 1-second epochs without any overlap (256
samples at 256 Hz sampling frequency). Each epoch was first windowed using a Hamming window and
then FFT-based spectral estimation was performed. These PSD values were then used to calculate the
average power in 5 frequency bands: delta, theta, alpha, beta, and gamma that were used to construct
the feature vector for classification.

Figure

The proposed framework for depression detection begins with EEG data acquisition from subjects
under resting or task-specific conditions. The recorded signals undergo interference removal through
bandpass filtering with a low cutoff of 0.5 Hz and a high cutoff of 45 Hz, along with a notch filter at 50
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Hz to eliminate power line noise. Artifact removal is performed to discard non-cerebral signal
components caused by eye blinks, muscle movements, and residual line noise. Independent Component
Analysis (ICA) is applied to raw EEG data to isolate and remove ocular and muscular artifacts, thereby
enhancing signal quality. In the feature extraction stage, Power Spectral Density (PSD) features are
computed for standard EEG frequency bands—delta, theta, alpha, beta, and gamma—using the Welch
method for improved spectral resolution and variance reduction. The Fast Fourier Transform (FFT) is
applied to quantify frequency-specific energy distribution, with particular emphasis on alpha, beta,
gamma, and theta bands, which have known associations with depressive states. The EEG data set is
available in public domain at fig share which consists of 90 subjects which may be Healthy or may have
Major Depressive Disorder. It can also have situations like eyes closed, eyes open or doing some tasks.
The ready data after extracted spectral features are fed into a Spectro-Temporal Transformer or Time
Series Transformer such as ViT or CNN-RNN is used for classification, enabling the identification of
depressed versus non-depressed mental states.

3. Results and Discussion

The EEG dataset consisted of 90 subjects, including 60 clinically depressed participants and 30 healthy
controls. Recordings were collected using the international 10-20 electrode system at a sampling
frequency of 256 Hz. In the original source experiments, the raw depressed-subject recordings were first
organized in CSV format with electrode-wise amplitude columns and later converted into EDF
representation for standardized biomedical processing. This dual representation improved
interoperability across preprocessing and visualization workflows. Preprocessing included bandpass
filtering, notch filtering, [CA-based artifact rejection, normalization, and segmentation into fixed-length
epochs.

The continuous EEG stream was divided into 1-second non-overlapping epochs, which improved
spectral stability during Welch PSD estimation. Welch PSD estimation was then applied to derive delta,
theta, alpha, beta, and gamma band powers. Particular emphasis was placed on alpha, theta, beta, and
gamma alterations because these biomarkers repeatedly showed discriminative relevance in the source
experimental observations. The CNN, RNN, and Transformer models were trained for 50 epochs with
a batch size of 16 using the Adam optimizer and binary cross-entropy loss. Performance was evaluated
using accuracy, precision, recall, F1-score, and loss convergence.

3.1 Data Splitting and Leakage Prevention

The dataset was split at the subject level and not the EEG epoch level to obtain an unbiased assessment
of the proposed depression classification framework. EEG data were collected from 90 subjects (60
depressed and 30 healthy control) and subsequently split into mutually exclusive training, validation and
test sets. Each EEG epoch from a given subject was only included in a single partition so that data from
the same participant was not included in more than one partition. This approach of separating the
subjects per each problem type was done in order to avoid data leakage and let the actual classification
performance be representative of the model's learned ability to solve problems for subjects not
previously encountered.

The data set was split into a 70% training set, 15% validation set and 15% testing set. The training
subset was used to optimize the parameters of the model, the validation subset was used to select the
hyperparameters and to stop the model training early, and the independent test subset was used only to
evaluate the final performance of the model. 5-fold subject-wise cross validation was done to further
assess the strength of the proposed model. These subjects were randomly split into five folds as nearly
equally as possible whilst preserving the disease class distribution. For each iteration, the subjects in the
evaluation set were not used in the training of the models. The whole process was repeated over all five
folds, and the performance values were averaged over the folds to evaluate the stability and
generalization ability of the proposed model. The validation loss was monitored, the hyperparameters
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were tuned and early stopping was performed on the validation set, which served as a monitoring set for
the model training. The independent test set was not seen at all during the model development process,
but only at the end for final performance evaluation.

To minimize leakage of subject data by subject, splitting was done prior to the generation of the
features at the epoch-level and model training; thus, an epoch of features for a given participant were
kept together in the same data partition.

3.2 Data Representation and Preprocessing

The raw data for depressed subjects was initially stored in CSV format as shown in Figure 2, where each
column represented the amplitude values recorded from the electrodes at different time points (time,
Fpl, F3, C3, P3, O1, F7, T7, P7, Fz, Fp2, F4, C4, P4, O2, F8, T8, P8, Cz, Pz) as shown in figure 3.

time Fpl F3 c3 P3 01 F7 17 P7 Fz Fp2 FA ca P4 02 F8 T3 P8 Cz Pz
0
0.003306
0.007813
0.01171%
0.015625
0.019531
0.023438
0.027344
0.03125
0.035156
0.039063
0.042965
0.0468735
0.050781
0.054688
0.058594
0.0625
0.066406
0.070313
0.07421%
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Figure 2. Raw CSV representation of depressed subject EEG
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The same dataset, when converted into European Data Format (EDF), is illustrated in Figure 3.
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Figure 3. EDF representation of depressed subject EEG
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EEG recordings were acquired under resting-state conditions with both eyes-open and eyes-closed trials.
To remove noise and artifacts, a band-pass filter with lower and upper cutoff frequencies of 0.5 Hz and
45 Hz, respectively, was applied. Additionally, a notch filter at 50 Hz was employed to suppress power-
line interference. The continuous EEG data was segmented into non-overlapping epochs of 1 second,
resulting in a total of five epochs for each subject used in subsequent feature extraction. Frequency-
domain features were derived using Power Spectral Density (PSD) estimation. The features were
extracted in the frequency domain using Welch Power Spectral Density (PSD) estimation method. The
EEG data was windowed with a Hamming window, and each window was Fourier transformed to
generate the PSD. To reduce spectral variance and improve robustness to EEG noise, PSD estimates
were computed for the windowed epochs, and the resulting spectral information was used to calculate
the average band powers. The average band powers were then divided into five frequency bands: delta
(0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-45 Hz) and these
frequency bands were used to feed the deep learning models.

Figure 4 represents the average band power (Delta, Theta, Alpha, Beta, Gamma) computed from our
EEG CSV file of a healthy participant.

le-10 Average Band Power per Channel

Average Power (V?/Hz)

EEG Fpl-LE
EEG F3-LE 4
EEG C3-LE
EEG P3-LE 4
EEG O1-LE 4
EEG F7-LE 4
EEG T3-LE 4
EEG T5-LE 4
EEG Fz-LE 4

EEG Fp2-LE
EEG F4-LE 4
EEG C4-LE
EEG P4-LE 4
EEG O2-LE 4
EEG F8-LE 4
EEG T4-LE 4
EEG T6-LE 4
EEG Cz-LE 4
EEG Pz-LE 4
EEG A2-Al 4

EEG 23A-23R
EEG 24A-24R

Channel

Figure 4. Average band power from csv file of a healthy participant

Analysis of the PSD values revealed distinct differences between depressed and healthy groups.
Specifically, delta-band power was consistently elevated in depressed subjects, whereas beta- and
gamma-band powers were reduced compared to healthy controls. These results are illustrated in Figure
5 which presents the PSD comparison between depressed and healthy subjects across frequency bands.
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Figure 5. PSD comparison between depressed and healthy groups
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3.3. Classification Experiment Setup

In this study, power spectral density (PSD) features were used as the primary input for classification
experiments. To evaluate the effectiveness of deep learning models in distinguishing between depressed
and healthy subjects, three architectures were explored: Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Transformer-based models.

3.3.1 Convolutional Neural Network (CNN) Architecture

The CNN was designed to capture the spatial-spectral patterns embedded in the PSD features. The
features derived from the Welch-derived EEG Power Spectral Density (PSD) were used to train a
Convolutional Neural Network (CNN) to learn discriminative spatial-spectral representations
automatically. The input was the PSD features extracted from all the five EEG frequency bands (delta,
theta, alpha, beta, gamma) in a two-dimensional feature representation, suitable for convolutional
operations in CNN. The proposed CNN architecture (see Fig. 6) involved two convolutional blocks,
which are a series of convolutional and max-pooling layers to progressively learn higher-level feature
representations for the reduction of the spatial dimensions. Non-linearity was introduced in the network
after each convolutional layer with the help of rectified linear unit (ReLLU) activation. Dropout after all
of the pooling layers was used to decrease overfitting and enhance the generalization of the model. The
extracted feature maps were then flattened and fed into a fully connected dense layer along with an
output neuron with sigmoid activation function for binary classification of depressed and healthy
subjects. The network was trained with the Adam optimizer and binary cross-entropy loss, 16 as a batch
size and 50 training epochs. The final CNN that was trained had 3809 trainable parameters, which makes
it a light CNN and its complexity is low, but it still achieves competitive classification results.

Layer (type) Output Shape Param #
conv2d_2 (ConviD) { s 5, 1, 18) 64 |
max_pooling2d 2 (MaxPooling2D) [ » 2, 1, 18) a :
dropout_3 (Dropout) [ » 2, 1, 18) a :
conv2d_3 (ConvZD) [ » 2, 1, 32) 1,568
max_pooling2d 3 (MaxPooling2D) [ » 1, 1, 32) a :
dropout_4 (Dropout) [ » 1, 1, 32) a :
flatten_1 (Flatten) [ s 32) a |
dense_2 (Dense) { . 64) 2,112
dropout_5 (Dropout) [ » B4) a
dense_3 (Dense [ » 1) 65

Total params: 2,809 (14.88 KB)
Trainable params: 3,382 (14.88 KB)
Non-trainable params: @ (2.88 B)

Figure 6. Parameters and detailed architecture of the proposed CNN model

In CNN as shown in Figure 7 shows how training accuracy steadily increased, while validation accuracy
plateaued at ~0.8378 after epoch 18.
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Figure 7. Accuracy and loss per epoch in CNN model

3.3.2 Recurrent Neural Network (RNN) Architecture

The proposed RNN model is a sequential deep learning architecture designed for binary classification
of EEG signals. A Long Short-Term Memory (LSTM) recurrent neural network (RNN) was employed
to model the temporal dependency that exists in PSD features derived from EEG signals. The sequential
EEG spectral features extracted by Welch PSD were the input to the model. To represent the long-term
temporal relationships between the spectral features, an LSTM layer with 64 hidden units was used.
Figure 8 shows the structure of the LSTM-based RNN model that has been developed to classify the
EEG depression signal.

Layer (type) Output Shape Param #
simple rnn {SimplaRNH) ( . 32) 1,216
dropout (Dropout) ( » 32) 8
dense (Dense) ( . 1B} 528
dropout_1 (Dropout) { , 18} 8
dense_1 (Dense) ( » 1) 17

Total params: 1,761 (6.88 KEB)
Trainable params: 1,761 (6.88 KB)
Mon-trainable params: 8 (@.88 B)
Figure 8. Parameters and detailed architecture of the proposed RNN model

A dropout layer with dropout rate of 0.3 was added to the LSTM layer to improve the generalization
and reduce overfitting. The obtained temporal representations were then fed into a fully connected dense
layer of 64 ReL U neurons. Another dropout layer (0.3) was added prior to the last classification layer.
The output layer contained only one neuron with a sigmoid activation function, whose output was the
probability of an EEG sample being depressed or healthy. The Adam optimizer, binary cross-entropy
loss, batch size 16, and 50 epochs of training were used to train the model. To avoid overfitting and keep
the best model, early stopping was used, which was based on validating loss.

Figure 9 shows the training and validation accuracy and loss graph for the LSTM-based RNN model
through 50 epochs. It is evident from the figure that the model shows stable convergence with increasing
training accuracy and reducing loss.
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Figure 9. Accuracy and Loss per Epoch in RNN

As shown in Figure 10, Training accuracy first surpasses validation accuracy at Epoch 6 (0.8007 >
0.7568). Validation accuracy increases in steps: 0.7568 — 0.7838 — 0.8108 — 0.8378. and Training
accuracy steadily rises and peaks at 0.9140 at Epoch 50.

Figure 10 below shows the comparative Accuracy and loss measure of the CNN and RNN models.

Training and Validation Accuracy (CNN vs RNN) Training and Validation Loss (CNN vs RNN)

0.7 1

—— CNN Training Loss
CNN Validation Loss
—— RNN Training Loss
0.6

—— RNN Validation Loss

0.9

0.8

0.7 051

Loss

Accuracy

0.4 4

0.6

—— CNN Training Accuracy
CNN Validation Accuracy

0.5 —— RNN Training Accuracy 0.3

—— RNN Validation Accuracy

T T T T T T T T T T T T T T
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch

Figure 10. Accuracy and Loss per epoch in RNN vs CNN

3.3.3. Transformer Model Architecture

The proposed Transformer model (see Fig. 11) was designed to classify EEG signals on the basis of
spectral features extracted by Welch. Five normalized band-power features that were extracted from
each EEG epoch were used as the input to the model: the band powers for delta, theta, alpha, beta, and
gamma. The five spectral features were used in an ordered fashion and embedded into a 32-dimensional
space using a learnable embedding layer. Positional embeddings were added which were learnt to
maintain the relative order of the spectral bands prior to feature processing.

The embedded feature sequence was processed by a Transformer encoder consisting of a single
encoder block with two-head multi-head self-attention. The encoder used a position-wise feed-forward
network with an embedding dimension of 32, residual connections and layer normalization. Self-
attention was used to acquire local interactions between different frequency bands of EEG data and
maintain global feature interactions. The output of the encoder was flattened and then fed into a fully
connected layer with 20 neurons and a ReLU activation function. The dropout layer was used to prevent
overfitting by dropping out 0.1 of the weight, which results in better generalization. Finally, a sigmoid
activation function in the output layer resulted in the classification of depression probability.
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Figure 11. Architecture of the proposed Transformer model

The Transformer processing pipeline is made up of four key components: (i) embedding of the
features in the spectrum, (ii) positional encoding, (iii) multi-head self-attention and feed-forward
learning, and (iv) a dense classifier, with a sigmoid output layer.

Self-attention is used for Transformer architecture to better learn the global dependency among the
EEG spectral features compared to the convolutional or recurrent neural networks that are mainly used
for learning local spatial or sequential dependency. This is especially ideal for modelling interactions
between multiple bands of the EEG signal linked to depression.

The hyperparameters of the Transformer model as shown in Table 1 were chosen empirically to find
a balance between accuracy and computational complexity. Only a single encoder layer with two
attention heads was enough to model the dependency between the five EEG spectral bands with a light
architecture (758 trainable parameters). The number of embedding dimensions was set to 32 while 0.1
dropout rate was sufficient to prevent overfitting. With the learning rate set to 0.001, the Adam optimizer
converged to a stable solution during training.

Table 1. Transformer Hyperparameter Configuration

Hyperparameter Value
Input Features Five EEG band powers (9, 0, a, B, v)
Sequence Length 5
Embedding Dimension 32
Transformer Encoder Layers 1
Attention Heads 2
Feed-Forward Dimension 32
Activation ReLU
Dropout 0.1
Output Activation Sigmoid
Optimizer Adam
Learning Rate 0.001
Batch Size 16
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Epochs 50
Loss Function Binary Cross-Entropy
The proposed Transformer architecture only has 758 trainable parameters, which is far less than the
number of parameters used in the traditional deep Transformer architecture. With fewer parameters, the
proposed approach can be trained and tested more efficiently, with competitive accuracy in depression
classification, which is suitable for real-time and resource-constrained applications. Figure 12 shows the
detailed specifications of the model used.

Layer (type) Output Shape Param #
input_layer 2 (InputLayer) ( . 1, 5) 8
positional embedding_ 1 { s 1, 5) 5

(PositionalEmbedding)

transformer_encoder_1 ( s 1, 5) 612
(TransformerEncoder)

flatten (Flatten) ( s 5) 8
dense_6 (Dense) ( . 28) 128
dropout_7 (Dropout) { , 28) ]
dense_7 (Dense) ( ., 1) 21

Total params: 758 (2.96 KB)
Trainable params: 758 (2.96 KB)
Non-trainable params: @ (8.88 B)

Figure 12. Parameters and detailed architecture of the proposed Transformer model

Figure 13 shows the training and validation accuracy and loss curves of the proposed Transformer
model for 50 epochs. The model exhibits stability with consistent improvement in training performance

and good validation accuracy.
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Figure 13. Accuracy and Loss of Transformer model

Finally, a Transformer architecture as shown in Figure 12 was employed to exploit attention
mechanisms for capturing global dependencies across EEG channels. The PSD features were structured
as input sequences, where each channel-frequency component was treated as a token embedding.

A lightweight encoder architecture was used in the Transformer model to learn the contextual
dependency of the Welch derived EEG spectral features. The five band-powered features were
normalized and then fed into a 32-dimensional feature representation and passed through one
Transformer encoder block, two attention heads, and a feed-forward dimension of 32. Regularization
with a dropout rate = 0.1 was used. The encoded representation was fed into a fully connected layer of
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20 ReLU activated neurons followed by a single sigmoid output neuron for a binary classification. The
model has 758 trainable parameters and was trained for 50 epochs with a learning rate of 0.001, a batch
size of 16, and the loss function was binary cross-entropy. This model was optimized using the Adam
optimizer with binary cross-entropy loss and trained under the same experimental settings (50 epochs,
batch size 16). The Transformer’s self-attention mechanism enabled the network to learn global
interactions across EEG channels more effectively than CNN or RNN.

The experimental analysis, as done in Figure 13 revealed several important observations regarding
the performance of the Transformer Encoder model:
e The Transformer Encoder model achieved a test accuracy of approximately 83.78%, demonstrating

its effectiveness in capturing discriminative features from EEG signals for depression classification.

¢ During the training phase, the validation accuracy stabilized at around 83.78% from the very first
epoch, whereas the training accuracy continued to improve across subsequent epochs. This indicates
that the model was able to generalize early, while still optimizing its fit to the training data as shown
in Figure 13.

o The training loss exhibited a consistent decreasing trend across epochs, signifying effective learning.
In contrast, the validation loss remained relatively stable, which suggests that the model maintained
a balanced generalization capability without significant overfitting as shown in Figure 13.

e Thus, the plot comparing the training and validation accuracy and loss for the CNN, RNN, and
Transformer models has been generated in Figure 14.

These findings highlight the suitability of the Transformer-based approach for EEG-based
depression detection, while also indicating the potential scope for further optimization to improve
generalization performance.

Training and Validation Accuracy (CNN, RNN, Transformer) Training and Validation Loss (CNN, RNN, Transformer)
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Figure 14. All three models’ Accuracy and Loss in each epoch

Three deep learning models were evaluated on the extracted EEG spectral features. The CNN model
successfully captured spatial-spectral EEG patterns and achieved a peak validation accuracy of 83.78%
after 50 epochs. While it demonstrated stable convergence, its ability to model temporal dependencies
was limited. The RNN model improved temporal learning through sequential PSD modeling and
achieved comparable validation accuracy. However, the training—validation gap indicated mild
overfitting, especially in later epochs. The Transformer encoder achieved the best overall performance
(83.78%) with faster convergence and stronger generalization. Its self-attention mechanism effectively
captured inter-band and inter-channel dependencies that were less efficiently modeled by CNN and
RNN architectures. The comparative results confirm that Transformer-based learning is better suited for
EEG depression detection tasks where contextual relationships between spectral bands are critical.

Convergence was achieved by the CNN with stable validation accuracy from around 18 epochs,
indicating the successful learning of the spatial patterns of discriminants without overfitting. The LSTM
showed continuous improvement in training accuracy owing to the recurrence memory which helped
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the model in learning the sequential pattern of the EEG spectrum. Validation loss being stable shows
satisfactory generalization ability. Rapid convergence of the Transformer can be attributed to the multi-
head self-attention that captured the global relationships between the EEG spectral bands effectively.
Small training and validation accuracy gap shows good generalization. The superior performance of the
Transformer can be attributed to its self-attention mechanism, which efficiently models long-range
interdependencies among EEG spectral bands. Unlike CNNs, which mainly capture local spatial
patterns, and RNNs, which may suffer from vanishing gradient issues in longer dependencies,
Transformers preserve global contextual relationships more effectively. From a clinical perspective, the
proposed framework offers a scalable pathway for objective depression screening, especially in
telemedicine and portable EEG settings.

There are some limitations in this study. The evaluation was performed on a relatively small public
EEG dataset that potentially could restrict the generalizability of the reported performance. In addition,
the Welch method was used only for deriving spectral band-power features. The proposed framework
will be tested on larger, multi-center datasets in the future and will be extended with more temporal and
connectivity-based EEG features for further enhancements in classification performance.

3.4 Engineering Significance

The proposed framework is practical in engineering considerations. The use of Welch PSD provides a
better estimate of the spectrum with low variance and yet remains relatively simple to compute. The
Transformer is a lightweight architecture that has relatively few trainable parameters, which is important
for computational efficiency, as compared with other significant deep learning architectures. For this
reason, the proposed framework is suitable to be implemented in portable EEG equipment as well as in
embedded clinical decision support systems with limited computational resources.

Table 2 shows a comparison of the engineering properties of the CNN, RNN based on LSTM, and
our proposed Transformer model. While CNN was able to model local spatial features and LSTM
learned the time series relationships, our Transformer learns global relationships between the EEG
spectral bands using the self-attention mechanism. Moreover, having only 758 trainable parameters
makes it lightweight.

Table 2. Engineering Comparison of Deep Learning Models

Criterion CNN LSTM-RNN Proposed Transformer
Local Feature Learning V4 Moderate v

Temporal Dependency Learning X N4 v

Global Context Modeling X Limited v
Self-Attention X X 4
Computational Efficiency Moderate ~ Moderate High
Real-Time Deployment Moderate  Moderate High

4. Conclusion

This study demonstrates that EEG spectral band power features derived through the Welch method can
serve as reliable biomarkers for automated depression detection. Among the evaluated models, the
Transformer encoder provided the most balanced performance by effectively learning both contextual
and sequential dependencies in EEG PSD representations. The proposed framework offers strong
potential for integration into portable EEG systems and real-time mental health monitoring applications.
CNN captured spatial features but lagged in temporal modeling, RNN better handled sequential patterns
but overfit, while the Transformer Encoder achieved the best performance (=83.78% accuracy) with
strong generalization and minimal overfitting, making it the most robust model for EEG-based
depression detection. The framework introduces a powerful Welch-based spectral analysis while
keeping a light-weight Transformer architecture to offer an effective and repeatable depression detection
system from EEG signals. In addition to competitive classification accuracy, the proposed approach is
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computationally efficient and scalable, enabling its future potential integration in portable EEG devices
and clinical decision-support systems.

Overall, the comparative analysis suggests that while CNNs and RNNs capture spatial and temporal
aspects of EEG signals, respectively, the Transformer Encoder offers a more balanced and effective
representation, combining both sequential and contextual dependencies. This positions the Transformer
as a promising architecture for EEG-based depression detection tasks. The proposed method can support
early depression screening in hospitals, educational institutions, and workplace wellness systems. Its
integration with portable EEG headsets may enable real-time, non-invasive, and affordable mental
health monitoring. Future research should investigate multimodal fusion frameworks integrating EEG
with ECG, HRV, and functional near-infrared spectroscopy signals. Explainable Al techniques such as
SHAP and attention visualization can improve clinician trust.
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