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Abstract— Electroencephalogram (EEG) signal-based emotion recognition has attracted wide interests in 

recent years and has been broadly adopted in medical, affective computing, and other relevant fields. 

Depression has become a leading mental disorder worldwide. Evidence has shown that subjects with 

depression exhibit different spatial responses in neurophysiologic signals from the healthy controls when 

they are exposed to positive and negative. Depression is a common reason for an increase in suicide cases 

worldwide. EEG plays an important role in E-healthcare systems, especially in the mental healthcare area, 

where constant and unobtrusive monitoring is desirable. EEG signals can reflect activities of the human 

brain and represent different emotional states. Mental stress has become a social issue and could become a 

cause of functional disability during routine work. This paper proposed an adaptive approach based on deep 

learning for detecting depression using EEG. The algorithm first extracts features from EEG signals and 

classifies emotions using machine and deep learning techniques, in which different parts of a trial are used 

to train the proposed model and assess its impact on emotion recognition results.        
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I.  INTRODUCTION  

Depression, clinically known as Major Depressive Disorder (MDD), is one of the most common and 
debilitating mental health conditions worldwide. It is characterized by persistent feelings of sadness, 
hopelessness, loss of interest in daily activities, cognitive impairments, disturbances in sleep and appetite, 
and in severe cases, suicidal ideation[1]. According to the World Health Organization (WHO), depression 
affects over 280 million people globally, cutting across age, gender, and socioeconomic status. The growing 
prevalence of depressive disorders has raised significant public health concerns, as untreated depression can 
lead to chronic disability, reduced quality of life, and higher mortality rates. Despite the availability of 
pharmacological and psychotherapeutic interventions, the accurate, objective, and early detection of 
depression remains a critical challenge in clinical psychiatry[2]. 

Traditional diagnostic approaches for depression rely heavily on self-reported questionnaires, structured 
interviews, and clinician observations, such as the Hamilton Depression Rating Scale (HDRS) or the Beck 
Depression Inventory (BDI). While these tools are widely used, they are inherently subjective and prone to 
variability due to differences in patient reporting, cultural influences, and clinician judgment. Consequently, 
there is an urgent need for objective biomarkers that can support reliable and early detection of depressive 
disorders[3]. In recent years, neurophysiological signals have emerged as promising tools for exploring 
brain activity patterns associated with mental health conditions. Among them, Electroencephalography 
(EEG) has gained significant attention due to its non-invasive nature, high temporal resolution, affordability, 
and portability[4]. 

EEG measures the brain’s electrical activity through electrodes placed on the scalp, capturing neural 
oscillations across different frequency bands such as delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta 
(13–30 Hz), and gamma (>30 Hz)[5]. Research has demonstrated that depressive disorders are often 
associated with abnormalities in these EEG rhythms, particularly in the frontal and temporal lobes, which 
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are regions strongly linked to emotional processing, decision-making, and cognitive control. For instance, 
depressed patients often exhibit reduced alpha activity, increased theta power, and asymmetric activity 
between the left and right frontal regions. These distinctive EEG biomarkers make EEG a valuable modality 
for developing objective diagnostic systems for depression detection[6]. 

With the rapid advancement of Machine Learning (ML) and Artificial Intelligence (AI) techniques, EEG 
signals can be analyzed more effectively to uncover hidden patterns indicative of depression[7]. Traditional 
statistical methods often fail to capture the complex, non-linear dynamics of brain activity, but machine 
learning approaches such as Support Vector Machines (SVM), k-Nearest Neighbors (KNN), Random Forest 
(RF), and Logistic Regression have been applied successfully to classify depressive and non-depressive 
subjects based on EEG features. More recently, Deep Learning (DL) techniques, especially Convolutional 
Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, have demonstrated superior 
performance by automatically extracting high-level features from raw EEG data, thereby reducing the 
dependency on manual feature engineering[8]. 

In addition to classification tasks, EEG-based depression detection research has also explored feature 
extraction and selection methods such as wavelet transform, power spectral density (PSD), entropy 
measures, and functional connectivity analysis. These methods provide deeper insights into the temporal 
and spatial characteristics of brain activity in depressed individuals[9]. Furthermore, the integration of EEG 
with other modalities, such as functional Magnetic Resonance Imaging (fMRI), speech, and physiological 
signals, has opened new pathways for developing multimodal depression detection systems that are more 
accurate and robust[10]. 

The application of EEG for depression detection offers several benefits. First, it provides an objective 
biomarker-based approach that can complement clinical assessments. Second, EEG devices are relatively 
low-cost and widely available, making them suitable for large-scale screening in hospitals, clinics, and even 
home-based monitoring systems. Third, EEG-based systems can enable early detection, allowing timely 
therapeutic interventions before the disorder progresses to a severe stage[11]. 

However, there are also notable challenges. EEG signals are often contaminated by artifacts such as eye 
blinks, muscle activity, and environmental noise, which can affect classification accuracy. Additionally, 
depression is a heterogeneous disorder, and EEG patterns may vary significantly across individuals 
depending on age, gender, comorbidities, and medication use. Another challenge lies in the standardization 
of protocols, as differences in electrode placement, recording duration, and preprocessing methods can lead 
to inconsistent results across studies[12]. 

Despite these challenges, ongoing research in this field continues to advance rapidly. The fusion of EEG 
signal processing, artificial intelligence, and neuropsychiatry holds immense potential for building reliable, 
automated, and scalable tools for depression detection. Such systems can play a pivotal role not only in 
clinical diagnostics but also in remote mental health monitoring, personalized treatment planning, and 
preventive healthcare strategies[13]. 

 

Figure 1: EEG Signal [1] 

http://www.ijcrt.org/


www.ijcrt.org                                                    © 2026 IJCRT | Volume 14, Issue 1 January 2026 | ISSN: 2320-2882 

IJCRT2601206 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b731 
 

Stress is your body's reaction to a challenge or demand. In short bursts, stress can be positive, such as 
when it helps you avoid danger or meet a deadline[14]. EEG nonlinear dynamics features and frontal 
asymmetry of theta, alpha, and beta bands have been selected as biological indicators for chronic stress, 
showing relative greater right anterior EEG data activity in stressful individuals[15]. 

Facial expression recognition (FER) is currently one of the most active research topics due to its wide 
range of applications in the human-computer interaction field. An important part of the recent success of 
automatic FER was achieved thanks to the emergence of deep learning approaches[16]. However, training 
deep networks for FER is still a very challenging task, since most of the available FER data sets are 
relatively small. Although transfer learning can partially alleviate the issue, the performance of deep models 
is still below of its full potential as deep features may contain redundant information from the pre-trained 
domain[17]. 

Emotions often facilitate interactions among human beings, but the big variation of human emotional 
states make a negative effect on the reliable emotion recognition [18]. Multimodal emotion recognition is an 
emerging interdisciplinary field of research in the area of affective computing and sentiment analysis. It 
aims at exploiting the information carried by signals of different nature to make emotion recognition 
systems more accurate. This is achieved by employing a powerful multimodal fusion method[19]. The main 
motivation of this work is to make a optimize model of prediction of the depression using EEG signal. 

II. METHODOLOGY 

The suggested model of depressive disorder detection using EEG Signal is as below flow chart. 

 

 
 

Figure 2: Flow Chart 

Firstly, download the EEG dataset from kaggle website, which is a large dataset provider and machine 

learning repository Provider Company for research. 

The EEG dataset have 2133 rows and CTA columns. The features of the dataset shows like # mean_0_a

 mean_1_a, mean_2_a, mean_3_a, mean_4_a, mean_d_0_a mean_d_1_a, mean_d_2_a

 mean_d_3_a etc. 

The sample dataset of selected dataset is taken form fft_0_b':'fft_749_b. 

 Now apply the preprocessing of the data, here handing the missing data, removal null values.  

 Now extract the data features and evaluate in dependent and independent variable.  

 Now apply the classification method based on the machine learning (KNN) and deep learning (LSTM) 

approach.  

KNN:- KNN algorithm assumes the similarity between the new case/data and available cases and put the 

new case into the category that is most similar to the available categories. It classifies a new data point 

based on the similarity. This means when new data appears then it can be easily classified into a well suite 

category by using K- NN algorithm. 
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RNN- LSTM:- Long short-term memory (LSTM) is an artificial recurrent neural network (RNN) 

architecture used in the field of deep learning. 

It can process not only single data points (such as EEG signal o EEG images), but also entire sequences of 

data.  

The Long Short-Term Memory (LSTM) cell can process data sequentially and keep its hidden state through 

time. 

A recurrent neural network (RNN) is a class of artificial neural networks where connections between nodes 

form a directed or undirected graph along a temporal sequence. This allows it to exhibit temporal dynamic 

behavior. 

 
Figure 3: Basic RNN Architecture 

Recurrent Layer 

The Independently recurrent neural network addresses the gradient vanishing and exploding problems in the 

traditional fully connected RNN. Each neuron in one layer only receives its own past state as context 

information (instead of full connectivity to all other neurons in this layer) and thus neurons are independent 

of each other's history. The gradient back propagation can be regulated to avoid gradient vanishing and 

exploding in order to keep long or short-term memory. The cross-neuron information is explored in the next 

layers. IndRNN can be robustly trained with the non-saturated nonlinear functions such as ReLU. Using 

skip connections, deep networks can be trained. 

 

 
Figure 4: (a) Recurrent operation (b) Equivalent transposed recurrent operation 

 

Mathematically the Recurrent operation can be expressed as- 

g(x,y)=w*f(x,y) 

Where 

g(x,y) =Image after filtering,  

w = Filter kernel, 

f(x,y)= Input image 

Initially the computer vision experts were designing the filters which were applied to the images for the 

analysis of various features of the image. Now days during the training process the weights i.e the values in 

the filter are updated automatically, this is the innovation of using the recurrent layer in the neural network. 

During the training process the network learns which features it needs to be extracted from the image.   
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 Now generate confusion matrix and show all predicted class like true positive, false positive, true 

negative and false negative. 

 Now calculate the performance parameters by using the standard formulas in terms of the precision, 

recall, F_measure, accuracy and error rate.  

 Precision is a measure of the accuracy, provided that a class label has been predicted. It is defined by:  

 

 

 Recall is the true positive rate:  

 

 

 F1 Score is needed to a balance between Precision and Recall 

 

 

        Classification Error = 100- Accuracy  

III. SIMULATION AND RESULTS 

 

The simulation is performed using python spyder software. 

 

 
Figure 5: dataset 

 

Figure 5 is showing the dataset of this research. The dataset is taken from the Kaggle website. 
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Figure 6: Train dataset 

 

Figure 6 is showing the training dataset which is used to train the model. 

 
 

Figure 7: Test dataset 

 

Figure 7 is showing the test dataset which is used to test the proposed model. 
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Figure 8: Confusion matrix 

 

Figure 8 is showing the confusion matrix of the proposed model. 

 

Table 1: Simulation Results of LSTM 

Sr. No.  Parameters  Proposed 

Approach  

1  Accuracy  96.48 %  

2  Classification 

error  

3.52 %  

3  Precision  97%  

4  Recall  97%  

5  F-measure  97%  

 

Table 2: Result Comparison 

Sr. No. Parameters Previous Work [1] Proposed Work 

1 Accuracy 94.64% 96.48% 

2 Classification Error 4.36 % 3.52% 

3 Precision 94% 97% 

4 Recall 96.55% 97% 

5 F-measure 95% 97% 

IV. CONCLUSION 

This research proposed the efficient deep learning technique to identify the prediction from given dataset. 

The python spyder 3.7 software is used to simulate the work. Previous work classifier approach is achieved 

94% accuracy while deep learning LSTM classifier approach is achieved 96% accuracy. Therefore the 

simulation results shows that the proposed approach gives significant better results than existing work. In 

future the other set can be taken and apply more classification and the regression methods and predict 

various other parameters. 
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