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The ability to detect and prevent mental health deterioration has been one of the major achievements of digital psychiatry 
using artificial intelligence and machine learning. The aim of this paper is to address the issue of preventing the mental 
health disorders of young generation by developing a system to predict the changes in an individual's states of psychological 
health. Pre-and post-yoga and Rajyoga meditation states were analyzed for classification of data. Also, the paper 
investigates if bidirectional long-short-term memory BiLSTM-based ensemble models outperform the CNN-based models in 
prediction modeling. The EEG data was collected from 69 students for pre- and post-intervention. To determine an objective 
marker for yoga and meditation, collected data were analyzed using spectrum analysis, and classification. The post 
meditation group exhibited highest band powers and wavelet coefficients, indicating the differences in meditation and 
control conditions. Additionally, in this study, an ensemble model classifier has been developed utilizing EEG data that was 
more accurate (82%) than other models at differentiating between meditation and control situations. To the best of the 
knowledge of the authors, this is the first research to apply ensemble model-based classifiers to distinguish between states of 
meditation and non-meditation. The performance of BiLSTM-DT was the highest among all other models in terms of 
precision, recall, f-measure, and accuracy. Therefore, the BiLSTM-DT ensemble model is a viable objective marker for 
psychological health states.  
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Introduction 
It is crucial to recognize and identify vulnerable 

people in the early phases of acute stress in order to 
stop the emergence of more severe long-term mental 
health conditions including depression, suicidal 
thoughts and behaviors, and PTSD. Mental illnesses 
are hard to diagnose, and much harder to forecast 
because of lack of bio markers and subjectivity in 
humans. One of the most significant effects of digital 
psychiatry, equipped with artificial intelligence and 
machine learning algorithms, in these situations is its 
capacity to detect and anticipate the decline in 
individual’s mental health, which can result in chronic 
mental health illnesses. Psychiatry powered by AI 
might assist mental health professionals in objectively 
redefining mental diseases. Healthcare system 
applications of machine and deep learning techniques 
have shown tremendous promise. These cutting-edge 
prediction algorithms have been effectively used for 

various tasks, including managing medical data, 
mental health analysis, and illness prediction. The 
effectiveness and robustness of predictions have been 
significantly increased by using ensemble learning, a 
potent approach that mixes numerous models. In recent 
years, addressing complicated prediction tasks has 
shown tremendous promise by combining deep 
learning and machine learning models inside ensemble 
frameworks.1 Convolutional Neural Networks (CNNs) 
and Recurrent Neural Networks (RNNs), in particular, 
have revolutionized several areas by successfully 
extracting complex patterns and representations from 
high-dimensional data. These models are exceptional in 
detecting, recognizing, and classifying data. In contrast, 
machine learning algorithms like K-Nearest Neighbors 
(KNN), decision trees, and Random Forests (RF) 
have a long history of producing reliable and 
understandable predictions for various applications. 
The complementing advantages of both methods may 
be taken advantage of by mixing deep learning and 
machine learning models in an ensemble. In contrast to 
machine learning models, which offer interpretability, 
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generalization abilities, and resistance to noise and 
outliers, deep learning models excel in extracting 
complicated connections and feature representations 
from raw data. By utilizing the diversity and 
complementary character of the models, the ensemble 
framework produces a synergistic effect that enhances 
prediction accuracy.2 

Complementary health interventions such as yoga 
and meditation have gained popularity as a productive 
way to improve cognitive function, lower stress, and 
promote mental health.3 To offer unbiased insights 
into yoga's advantages, it is necessary to analyze the 
changes in mental health before, objectively and after 
practice. Tests are conducted on a range of 
physiological and psychological parameter in order to 
comprehend the many sensations and consequences 
linked to meditation. EEG readings, which record the 
brain's electrical activity, provide helpful information 
on neurodynamic underlying mental health disorders. 
Researchers are now a days able to assess the  
ability of meditation using continuous EEG data. In 
order to comprehend the neurological correlations 
involved in the meditation process, it is crucial to 
investigate the viability of employing machine 
learning algorithms to compare the states of 
meditation with non-meditative states.  

The major contributions of this study are: 1) To 
evaluate EEG during control and meditation condition 
as potential markers of meditation ability and mental 
health of college students, 2) to evaluate the 
effectiveness of hybrid machine learning and deep 
learning-based classification algorithms using the 
provided data, and 3) to propose the most efficient 
algorithm for prediction of varying psychological 
health states depending on the band powers yielded 
by EEG data. While a large number of research have 
documented the categorization of mental health states 
using different models, classification studies using 
ensemble model classifiers are rare. 
 
Related Work 

Various machine learning and deep learning 
algorithms have been deployed for prediction of mental 
health states in research studies. Recent research on 
existing artificial intelligence based mental health 
prediction systems has been summarised in Table 1.  

Khare et al.4 investigated EEG data to identify 
Attention Deficit Hyperactivity Disorder (ADHD). The 
study suggests using a technique known as VMD-
HT—variational mode decomposition combined with 

the Hilbert transform—to extract hidden information 
from EEG data. The Explainable Boosted Machine 
(EBM) model, which enables interpretability and 
explainability of the model's predictions, is used to 
classify the extracted features. In automatically 
identifying ADHD, the model achieves excellent 
accuracy, sensitivity, specificity, and precision. The 
interpretability analysis emphasizes the significance of 
several brain areas in identifying ADHD. The results 
indicate that the created model is accurate, robust, 
interpretable, and explicable, offering medical 
professionals helpful information in identifying  
ADHD in youngsters. 

Balasubramanian et al.5 presented Adaptive Neuro-
Fuzzy Inference System (ANFIS) to accurately forecast 
schizophrenia from multi-channel EEG data. Pre-
processing the EEG data, extracting features, choosing 
distinguishing features, and using the ANFIS for 
classification are all steps in the procedure. The Hybrid 
Grey Wolf-Bat Algorithm increases accuracy and 
efficiency by optimizing the ANFIS settings. Results 
from experiments reveal how the suggested method is 
superior to previous approaches, highlighting its 
potential for computer-assisted diagnosis and better 
patient outcomes in schizophrenia. 

Emre et al.6 worked upon the machine learning 
techniques to distinguish and categorize the illnesses 
using a dataset of EEG recordings of people with 
various mental diagnoses. Random Forest (RF), C5.0, 
Support Vector Machine (SVM), and Artificial Neural 
Networks (ANN) are just a few of the machine 
learning models that were used. The hyperparameters 
in the models were additionally optimised by the use 
of the 5-fold Cross Validation (CV) approach, which 
iterates three times across the training dataset. 
Various models have been created using the chosen 
hyperparameters, and the test dataset has been used to 
evaluate each model's performance. The classification 
of the illness categories showed great accuracy, with 
schizophrenia, ADHD, and depression performing 
exceptionally well in distinction. The results point to 
the potential of EEG data as a valid biomarker for 
psychiatric disorder detection and diagnosis, 
advancing the field of psychiatry and facilitating 
further machine-learning research.  

Ksibi et al.7 identified depressive tendencies using 
EEG data available from open dataset. To enhance the 
generalization of the detection method, the study 
includes demographic variables that affect the 
occurrence of depression, such as gender and age. 
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Using EEG data, machine learning algorithms have 
been utilized to identify depressed patients. The study 
uses a convolutional neural network (CNN) trained with 
25 epoch repetitions, obtaining a high accuracy rate of 
97%. The analysis considers several mental conditions, 
such as Major Depressive Disorder (MDD) and other 
disorders. According to the research, detecting 
depression may be possible when demographic 
information is combined with EEG signals. 

Sumathi et al.8 used a variety of machine learning 
methods to predict children's mental health concerns. 
This study examined the accuracy of eight machine 
learning approaches in identifying five common 
mental health issues using different metrics of 
accuracy. For training and assessing the performance 
of the methods, a data set of sixty instances was 
gathered. Twenty-five characteristics were found to 
be critical in diagnosing the problem from the papers. 

Table 1 — Mental health classifiers using machine and deep learning algorithms 

Data Source Features Prediction ClassifierRef Results 
Publicly available 

EEG dataset of healthy 
and ADHD children from 

IEEE data port 

Entropy, statistical, and 
nonlinear measures from 

VMD-HT of EEG  
dataset 

Attention deficit 
hyperactivity 

disorder  
(ADHD) 

Explainable  
boosted machine  

(EBM) mode4 

The model yielded 9.81% 
accuracy, 99.78% sensitivity, 

99.84% specificity, 99.83% F-1 
measure, 99.87% precision,  
0.13% false detection rate 

Public datasets of 
depressive individuals 

Statistical, time domain, 
frequency 

domain, and spectral  
features from  
EEG dataset 

Psychiatric 
disorder 

Schizophrenia 

Adaptive neuro-fuzzy 
inference system 

(ANFIS) based on the 
Hybrid Grey Wolf- Bat 

Algorithm5 

The results show an accuracy  
of 99.54% and 99.35%,  

for datasets 1 and 2 respectively, 
with a respectable F1-score  

and MCC. 
Dataset of people 

diagnosed with different 
diseases and healthy 

people 

Absolute power values 
from EEG signals 

Psychiatric 
diseases 

Random forest (RF), 
support vector machine 

(SVM) and C5.0(6) 

Patients were classified  
with accuracy of 84.1% for  

C5.0 for SVM, and 76.2% for  
RF algorithms. 

Multi-modal open 
dataset MODMA 

Alpha, beta, delta, and 
theta powers, mean, median, 

max and min amplitude, 
spectral and singular value 

deposition entropy 

Depression 
detection 

XGBOOST;  
Random Forest;  
1D CNN model7 

The CNN model produced  
the greatest accuracy across  
25 training epochs, at 97%. 

Data set of children 
taken from Clinical 

psychologist 

Attributes from the 
dataset e.g. academic 

performance, relationship 
formation etc. 

Five basic 
mental health 

problems, 

AODE, Multi-Layer 
Perceptron, RBF 

Network, IB1, K Star, 
Multi-Class Classifier, 

FT, LAD Tree8 

MLP, MCC, and LAD  
Tree provided more  

accurate results 

Open Sourcing Mental 
Illness Survey of working 

individuals 

Labels Onset of 
mental illness 

Decision Tree, 
Random Forest, Naïve 

Bayes9 

Better Performance by Decision 
Tree (82.2%) 

Depression, Anxiety 
and Stress Scale 
Questionnaire of 

participants aged between 
20 and 60 years 

Scales from DASS 
questionnaire 

Anxiety, stress, 
depression 

Decision Tree, 
Random Forest Tree, 
Naïve Bayes, Support 

Vector Machine and K-
Nearest Neighbour10 

Although Random  
Forest was determined to be  

the best model, the accuracy of 
naive Bayes was found to be  

the greatest. 
Strengths and 

Difficulties Questionnaire 
of Twins from the Child 

and Adolescent Twin 
Study 

Binary variable created 
from parent reported 

subscales. 

Mental health 
problems in mid 

adolescence 

Random Forest, 
Support Vector 

Machines, Neural 
Network, and  
XG Boost11 

All the models had a 
respectable AUC, but none 

performed statistically  
significantly better than  

the others. 
EEG signal 

Analysis of stressed 
participants 

Absolute power, 
amplitude asymmetry, 

coherence, and phase lag 
from EEG signal 

Levels of stress Logistic regression, 
Naïve Bayes, SVM12 

The proposed framework 
produced 94.6% accuracy for stress 

identification. 

Twitter API of twitter 
users 

Structural features (words 
in tweet) and behavioral 

features (number of 
connections and hashtags etc.) 

Normal or 
alarming tweet 

Logistic Regression 
MLP Classifier, RF, 

KNN, Ada and 
Gradient Boosting13 

This model has an  
accuracy as high as  

89%. 
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Feature Selection methods were used to the whole 
attribute data set to minimise the attributes. The 
results show that Multilayer Perceptron, LAD Tree, 
and Multiclass Classifier yielded more accuracy, with 
just a small variation in performance between the 
entire attribute set and the chosen attribute set. 

Kavitha et al.9 presented a mental health prediction 
system for working individuals based on three 
machine learning algorithms and discovered that the 
decision tree algorithm outperforms the Random 
Forest and Nave Bayes techniques. The authors have 
created a web-based environment in which users must 
complete a questionnaire provided by the researchers, 
after which the researchers will suggest certain 
activities to the user. For prediction, the system had 
an accuracy of about 82%.  

Priya et al.10 proposed a prediction method for 
anxiety, depression, and stress based on machine 
learning. Working and jobless persons from various 
cultures and groups filled out the DASS-21 
questionnaire. Due to their excellent accuracy, five 
different machine learning algorithms were able to 
predict anxiety, sadness, and stress on five different 
severity levels. These algorithms are especially well-
suited to predict psychiatric diseases. The classes in the 
confusion matrix were not in balance. Consequently, 
the f1 score metric was introduced, which helped the 
Random Forest classifier choose the best model.  

Another method developed by Tate et al.11 utilises 
machine learning techniques to anticipate mental health 
issues. They used Random Forest, SVM, Neural 
Network, and XG Boost algorithms in this study, and it 
was particularly evaluated for teens. Although all of the 
models had a respectable AUC, none of them 
performed statistically significantly better than the 
others. Finally, they concluded that while machine 
learning approaches are promise for integrating risks 
across domains to predict mental health issues in 
adolescents, clinical adoption appears premature.  

Subhani et al.12 proposed a machine learning 
framework for stress level identification that includes 
feature extraction from EEG data of stressed 
individuals, selection of features using Bhattacharya 
distance, ROC curve, and t test. Logistic regression, 
Naïve Bayes, and SVM are used as classifiers. 
Montreal Imaging Stress Task (MIST) was used to 
create stress among the subjects and the task 
performance and subjective feedback confirmed the 
introduction of stress. The proposed framework was 
able to detect stress with a maximum accuracy of 
94.6% between two stress levels and the control. 

Joshi et.al.13 have blended deep learning feature 
extraction methods, such as phrase embedding, with 
classic machine learning algorithms to analyse 
people's mental health from their social media posts 
and behavioural variables. Apart from categorising 
tweets as either normal or concerning, the authors 
have gathered tagged data from several Twitter users 
and made an effort to divide them into two groups: 
individuals who are typically healthy and those who 
are vulnerable to mental health issues. The ensemble 
model has classified the Twitters users with an 
accuracy of 89%.  

From the literature review, it can be seen that most 
of the studies have relied upon single classifiers in 
order to produce mental health predictions. 
Additionally, mostly studies involving EEG datasets 
utilized online available datasets. The fact that the 
current study compared the psychological states 
among four classes, i.e. pre and post states of 
intervention and control groups, using ensemble of 
both machine and deep learning classifiers, makes this 
study unique and versatile. 
 

Experimental Details 
 

Participants 
Twenty-five PG Diploma in Yoga Therapy 

students and twenty B.Ed. students in Yoga Education 
from GCYEH, Chandigarh, made up the intervention 
group. Twenty-four students from Dev Samaj 
College, Chandigarh, who had never done yoga, made 
up the control group. Students who volunteered for 
the research were between the ages of 18 and 30 and 
had no prior history of mental illness. Those having a 
history of respiratory disease, known psychiatric 
disorder, current or chronic medical conditions, or 
experience with yoga or Rajyoga meditation were 
excluded. The intervention group learned yoga and 
meditation for eight weeks, six days per week and 120 
hours per day, whereas control group was not 
provided with any yoga or meditation practices.  
 
Data Collection 

Pankhtech's Neuphony setup was used to record the 
EEG data. This device, as seen in Fig. 1, has 8 sensors 
placed at the parietal (Pz), medium frontal (Fz), 
anterior frontal (Fp1, Fp2), lateral frontal (F3, F4), and 
temporal (T3, T4) lobes. Each of the dry sensors has an 
Ag/AgCl coating on conductive polycarbonate passive 
electrodes. EEG signals were recorded using a sample 
frequency of 250 Hz, cutoff frequency of 125 Hz, and a 
time constant of four ms. Every electrode has its 
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impedance adjusted to be about less than 10 KHz. The 
device records and stores EEG signals by connecting to 
the laptop via a USB port. The pre and post EEG data 
was recorded for intervention and control groups.  
 

Pre-processing 
Pre-processing of EEG signals is necessary to 

improve signal quality, eliminate noise and artifacts in 
the raw data, and prepare the data for analysis.14 
Filtering to eliminate undesirable signals, segmenting 
the data using epochs, artifact rejection to find and 
eliminate artifacts, reference to take electrode location 
into account, and interpolation to approximate  
missing values are a few standard pre-processing 
techniques. This research involved the development of 
a minimum-order lowpass FIR filter with a normalized 
passband frequency of 0.25 rad/s, stopband frequency 
of 0.35 rad/s, passband ripple of 0.5 dB, and stopband 
attenuation of 65 dB.15 In addition to that, a Kaiser 
window with adjustable frequency response properties 
was used to improve the filter.16 
 

Statistical Analysis 
A Windows version of SPSS software was utilised 

to do statistical analysis. EEG data were compared 
using the Wilcoxon Signed Rank Test for three bands 
because of non-normality of the results. The 
nonparametric equivalent of the parametric paired t-
test is the Wilcoxon Signed Rank Test. P 0.05 was 
used as the lowest significant criteria. The significant 
changes between the baseline, intervention, -
meditation, and control group were compared.  
 
Feature Extraction 

Analyzing EEG signals entails finding pertinent 
patterns or qualities in the data, known as feature 
extraction. Standard features are power spectrum 
density, time-domain characteristics, coherence, entropy, 
and event-related potentials.17 This study extracts the 
signal's band power and wavelet approximation 
coefficients as a feature for EEG signal data.  

Band Power: Band power is a frequently utilized 
characteristic of EEG data. Within a particular 
frequency band, such as the delta (0.5–4 Hz), theta  
(4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), and 
gamma (30–100 Hz) bands, it assesses the power or 
energy of the EEG signal.18 The band power feature is 
frequently used to examine the power distribution 
across various frequency bands and can offer insightful 
information about the underlying neuronal activity. 

Approximation Coefficients using Wavelet: It is common 
practice to extract features from EEG signals using 
wavelet analysis, which divides EEG data into several 
frequency sub-bands to find frequency-specific 
patterns.19 Wavelet coefficients, energy, entropy, and 
coherence are typical wavelet-based characteristics. 
These characteristics examine how complexity, 
power, and functional connectedness are distributed 
across various frequency bands and scales. Wavelet 
analysis of EEG signals frequently uses the 
Daubechies wavelet family, the db8 wavelet, used in 
this work.20 The orthogonal wavelet known as the db8 
has eight vanishing moments, making it capable of 
efficiently capturing fast transitions in the EEG signal 
while minimizing noise and other artifacts. The 
discrete wavelet transforms (DWT) using the db8 
wavelet breaks down the signal into several frequency 
sub-bands before applying the db8 wavelet to EEG 
recordings. Each level of decomposition's detail and 
approximation coefficients can be utilized as features 
in later analyses like classification or clustering.21 
 
Feature Cleaning 

To ensure the accuracy of the analysis, 
characteristics that may be noisy, redundant, or 
unnecessary are removed from the EEG data during 
feature cleaning.22 Techniques include outlier 
identification, feature scaling, expert knowledge, 
PCA, correlation-based feature selection, and 
recursive feature removal.23 To appropriately 
represent the EEG data and increase the accuracy and 
reliability of the later analysis, it is crucial to clean the 
characteristics that will be used properly. Here in this 
work, the feature scaling method is used for feature 
cleaning, where any missing, negative, and zero feature 
value is scaled to the average value of that particular 
feature.24 It will help to maintain the balance between 
the data and minimizes false positives.  
 
Labeling 

In a machine learning environment, data labeling 
puts one or more preset categories or labels on a 

 
 

Fig. 1 — Neuphony EEG headband demonstration 
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dataset. A model is trained on a labeled dataset as part 
of supervised machine learning to discover the link 
between input characteristics and output labels.25 
Human annotators can execute it manually, or it can 
be done automatically with pre-established rules or 
algorithms. In contrast to automatic labeling, which 
can be quicker and less expensive but potentially less 
accurate, especially for complex or ambiguous 
datasets, manual data labeling is frequently more 
accurate but can also be time-consuming and 
expensive.26 In this work, the dataset is already 
segregated by pre and post data so the binary labels 
are assigned with the help of an automatic script that 
checks the location label in the data and sets label '0' 
for pre and label '1' for post-data.  
 
Classification 

The purpose of this study is to classify meditation 
abilities using Machine Learning (ML) and Deep 
Learning (DL) methods. It aims to create a model that 
can correctly forecast the label of new, unforeseen 
data items. Decision trees, logistic regression, k-
nearest neighbors, and support vector machines are 
just a few of the ML methods that may be utilized for 
classification.27 These algorithms determine a border 
or rules dividing various classes in the feature space. 
Artificial Neural Networks (ANNs), a collection of 
linked nodes or neurons capable of learning 
sophisticated representations of the input data, are 
frequently used in DL to categorize. The 
Convolutional Neural Network (CNN), intended to 
extract features automatically and build hierarchical 
representations of the input, is one of the most well-
liked designs for classification in DL.28 This work 
proposes hybrid machine learning and deep learning-
based classification algorithms and compares their 
performance for the given data.  

Hybrid Classification Approach 
In machine learning, a hybrid method integrates 

many algorithms or approaches from other disciplines 
to address a specific issue. It is significant because it 
capitalizes on the advantages of many approaches and 
eliminates their disadvantages, resulting in better 
performance and more durable solutions. In addition, 
it may deal with complex issues, mix various data 
kinds, overcome technique restrictions, and enhance 
generalizability.29 On the other hand, a hybrid strategy 
that blends DL and ML utilizes the advantages of both 
fields to address complicated issues. It uses ML's 
interpretability for generating predictions and offering 
insights, as well as DL's capacity for handling 
massive, complicated datasets. As a result, different 
data types may be handled, individual technique 
shortcomings can be addressed, and transfer learning 
is improved using a hybrid approach.30 This work 
proposes different hybrid classification approaches to 
address the classification of psychologically healthy 
and unhealthy people using their pre-and post-
intervention data.  
 

Deep Learning Algorithms 
Two different deep learning algorithms are 

proposed for EEG data classification in this paper. 
The first model is Convolution Neural Networks 
(CNN), and the second is Bidirectional Long Short-
Term Memory (BiLSTM) Network. This section 
describes the architecture and layers of these models' 
architecture. 

CNN: In this work, the proposed CNN takes 
features as input and is accepted by the input layer for 
further analysis. As shown in Fig. 2, the input layer is 
of size [1 × 9 × 1], which means for each input data, 
the input layer uses 9 features as input. Further, these 
input features are passed to the first convolutional 

 
 

Fig. 2 — CNN model architecture 
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(Conv) layer, which utilizes the input features and 
extracts new features with different filters. This work 
uses three Conv layers of the same size [1 × 3] with 
20, 40, and 80 filters, respectively. Further, a 
Rectified Linear Unit (ReLU) activation function 
introduces non-linearity to the network. It extracts 
only positive features from the Conv Layers by 
converting negative features to zero. In CNN, the 
pooling operation is generally used to down sample 
the feature maps by reducing their spatial dimensions. 
It is mainly of two types: Average Pooling, which 
computes the average value and Max Pool selects the 
maximum value from the given pooling window. This 
work uses a Max Pool layer of size [1 × 3] after every 
Conv Layer. Finally, for predictions, a fully 
connected layer with a softmax function is used, 
which computes the class probabilities to identify the 
class for given predictions.  

BiLSTM: In a BiLSTM, the input features are fed 
into two independent LSTM layers, one of which does 
forward processing and the other backward 
processing. The concealed states and cell states are 
kept separately for each layer. Each time step involves 
concatenating the hidden states of both directions, 
resulting in a fused representation that incorporates 
knowledge from both the past and the 
future. Furthermore, the forward and backward 
representations are frequently passed via activation 
layers to generate the outcomes. The architecture of 
the BiLSTM network model used in this work is 
presented in Fig. 3. 
 
Hybrid Algorithms 

This study combines different machine learning 
algorithms with the above-defined deep learning 
architectures for better classification results. An 
AdaBoost (Adaptive Boosting) method integrates 
deep learning and machine learning methods, which 
iteratively trains the data with both algorithms and 
generates the outcomes using the voting method, as 
shown in Fig. 4. The hybrid models are trained with 
100 iterations and based on it, final predictions are 

made. AdaBoost here is used to build models that 
combine deep learning with machine learning, 
allowing for better performance by utilizing the 
advantages of both techniques. 

The above hybrid architecture combines two 
different deep-learning architectures with the three 
most popular machine-learning algorithms, decision 
tree, KNN, and random forest. In total, six hybrid 
models are proposed to classify pre- and post-
intervention data. 

Integration with KNN: Two deep learning algorithms 
discussed earlier are integrated with the K-nearest 
Neighbor (KNN) algorithm. It is named CK-NN and 
BiLSTM-KNN where KNN is a straight forward and 
efficient classifier that places a data point in the 
feature space among its k closest neighbors according 
to the majority class. The combination of CNN and 
KNN (CK-NN) has advantages due to CNN's capacity 
to learn intricate and discriminative features and 
KNN's strong generalization capabilities based on 
these features. Similarly, BiLSTM with KNN also 
integrates the benefits of both models and achieves 
the required performance. The ensemble model may 
enhance accuracy and generalization by integrating 
their predictions for both deep learning architectures. 

Integration with DT: This architecture integrates CNN 
and BiLSTM with the decision tree algorithm in 
different architectures. A decision tree is a tree-
structured model used to classify data based on 
feature values and make decisions. It employs a 
hierarchical structure of if-else conditions. To 
generate a tree-like structure for classification, it 
divides the data into subgroups according to the 
selected attributes and their thresholds. The 
integration of CNN and the decision tree improves the 
decisions of CNN and provides better results; 
similarly, the case with BiLSTM. 

Integration with RF: Combining Random Forest with 
CNN and BiLSTM enables the learning of complicated 
and discriminative features by deep learning algorithms 
with the handling of a variety of non-linear decision 

 
 

Fig. 3 — BiLSTM architecture 

 
 

Fig. 4 — Proposed hybrid architecture 
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boundaries by Random Forest. Here, Multiple decision 
trees are used to generate a Random Forest. By 
randomly picking subsets of traits and samples, it 
generates a varied collection of trees. The accuracy and 
robustness of the prediction are increased by 
combining the predictions of several trees. 

Result Analysis 
The proposed system is simulated using a MATLAB 

simulator with a deep learning toolbox to utilize the 
benefits of the existing libraries. Moreover, the 
simulations are run on a CPU system with an integrated 
graphics card, 16 GB RAM, and an Intel i7 processor.  

Training Parameters 
The deep learning and proposed integrated hybrid 

models are trained with 70% of the data features. The 
training parameters are demonstrated in Table 2 for 
different models as per their requirements.  

Spectral Analysis 
The wavelet characteristics were plotted for eight 

electrodes from three bands (alpha, beta, and theta) 
for the baseline, intervention, meditation, and control 
groups as shown in Fig. 5.  

The post-meditators had higher band powers 
across all channels than in pre-meditators, as the 
figures demonstrate. With the exception of temporal 
(T3 and T4) in the theta band and lateral frontal (F3) 
in the alpha and beta bands, the post-meditators 
group's feature values were higher than those of the 
control group.  

Performance Evaluation of Models 
The efficacy of classification or prediction models 

can be evaluated using performance assessment 
measures, including precision, recall, F-measure, 
accuracy, and confusion matrix. By comparing the 
model's predictions to the actual results, these metrics 
offer insightful information about the model's 
performance. While recall assesses the model's 
capacity to record all pertinent positive cases 

accurately, precision examines the model's accuracy 
in forecasting positive instances. The F-measure 
provides a balanced overall performance indicator by 
combining recall and accuracy into a single score. 
Contrarily, accuracy evaluates the model's correctness 
by determining the percentage of accurate predictions 
among all occurrences. The model's predictions are 
compared to the actual results in a table format called 
the confusion matrix. It thoroughly studies the 
model's performance across several classes by 
dividing the predictions into true positives,  

The performance of the proposed ensemble models 
is compared with their base models CNN and 
BiLSTM. First, the confusion matrix infers the results 
in the matrix form, as shown below in Fig. 6. True 
positives (TP), True Negatives (TN), False Positives 
(FP), and False Negatives (FN) are the four primary 
subsets of the above-given matrix. The instances 
when the model accurately predicted the positive class 
are true positives. The situations where the model 
correctly predicts the negative class are true 
negatives. False positives happen when the model 
predicts the wrong class, usually a positive one when 
the true class is negative. False negatives refer to 
situations where the model erroneously predicts a 
negative class when the true class is positive. The 
confusion matrix's values are examined, and several 

Table 2 — Training Parameters 

Models Training parameters Values 
Deep learning 
and Hybrid 

models 

Learning rate 0.01 
Epochs 100

Optimizer SGDM
BiLSTM Hidden units 100

KNN Number of
neighbours 

05 

Distance method Euclidean 
Hybrid models Ensemble approach Adaboost 

Number of cycles 100 
Fig. 5 — Distribution of wavelet features from EEG analysis for
(a) alpha band (b) beta band, and (c) theta band
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assessment metrics are generated. Precision, recall, 
and F-measure are some of these measurements. 
These measures reveal the preciseness of the model's 
capacity to differentiate between positive and 
negative occurrences, the general accuracy of its 
predictions, and the trade-off between precision and 
recall. The computed Precision, Recall, and F-
measure comparison is shown in Table 3. 

The models' precision, recall, and F-measure can 
all be shown to vary from one another in their results. 
The CNN model's precision, recall, and F-measure are 
all 0.6696, 0.6704, and 0.6699, respectively. The 
BiLSTM model has a lower recall of 0.61745 but a 
slightly higher precision of 0.67555, resulting in a 
lower F-measure of 0.59895. The CK-NN model 

performs better with a precision of 0.722, recall of 
0.72025, and F-measure of 0.7206. The BiLSTM-KNN 
combination exhibits additional improvement with 
precision, recall, and F-measure of 0.7465, 0.7443, and 
0.7465, respectively. Compared to the other models, 

 
 
Fig. 6 — Confusion Matrix for (a) CNN model, (b) CK-NN model, (c) CNN-DT model, (d) CNN-RF mode, (e) BiLSTM model, 
(f) BiLSTM-KNN, (g) BiLSTM-DT model, and (h) BiLSTM-RF model 

 

Table 3 — Performance Evaluation based on Precision, Recall, 
and F-Measure 

 Precision Recall F-Measure 
CNN 0.67 0.67 0.67 

BiLSTM 0.67 0.62 0.59 
CK-NN 0.72 0.72 0.72 

BiLSTM-KNN 0.75 0.74 0.74 
CNN-DT 0.81 0.80 0.80 

BiLSTM-DT 0.83 0.83 0.83 
CNN-RF 0.63 0.69 0.61 

BiLSTM-RF 0.61 0.65 0.60 
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the models integrating Decision Tree (DT) classifiers 
exhibit greater accuracy, recall, and F-measure. The 
CNN-DT model's accuracy, recall, and F-measure are 
all 0.80925, 0.80615, and 0.805, respectively. With an 
accuracy of 0.83085, recall of 0.8278, and F-measure 
of 0.82835, the BiLSTM-DT model performs even 
better. However, the CNN-RF and BiLSTM-RF 
models perform less well than the other models in 
terms of precision, recall, and F-measure.  

Furthermore, the accuracy of the models is also 
computed, and the comparison is made between CNN 
and its ensemble models and BiLSTM and its 
ensemble models, as shown in Fig. 7. The accuracy of 
the CNN model is 67.2363%, according to the 
above findings. With an accuracy of 72.214%, the 
CK-NN ensemble model performs marginally better. 
The accuracy of the CNN DT ensemble model has 
significantly increased, reaching 80.5349%. In 
contrast to the other models, the CNN-RF (CNN-
Random Forest) ensemble model has a lower 
accuracy of 65.9733%. Given these findings, it is 
clear that the CNN-DT ensemble model outperforms 
the other models in terms of accuracy. It outperforms 
the CK-NN and CNN-RF ensemble models and the 
solo CNN model. On the other hand, the BiLSTM 
model achieves an accuracy of 64.5617%. The 
accuracy of the BiLSTM-KNN ensemble model is 
superior, at 74.5914%. With an accuracy of 82.9123%, 
the BiLSTM-DT ensemble model stands out as having 
significantly improved. Unlike the other models, the 
BiLSTM-RF ensemble model has a lower accuracy of 
63.9673%. The BiLSTM-DT ensemble model is the 
most accurate of the studied models in light of these 
findings. It performs better than the other ensemble 
models, such as the BiLSTM-KNN and BiLSTM-RF 
models and the individual BiLSTM model. 

The above results examine the effectiveness of 
ensemble models when paired with deep learning 
models utilizing several machine learning methods, 
emphasizing the KNN, DT, and RF algorithms. These 
findings show that for both the CNN and BiLSTM 
models, the ensemble models using DT consistently 

beat the other algorithms in terms of accuracy. It 
shows that a possible method for enhancing ensemble 
learning performance is the combination of deep 
learning models with decision trees. 
 

Discussion 
The objective of this work is to provide the 

subjective measures of potential mental health issues. 
The inclusion of neuro physiological traits enhances 
reliability in detection of mental health disorders 
among vulnerable population.  

The results of the current study synchronize with 
the previous studies where meditation traits have been 
classified with the help of machine learning 
algorithms. An increase in alpha, beta and theta 
powers has been observed as a result of yoga and 
Rajyoga meditation. A joint classifier using both EEG 
and respiration data can also be used as a marker for 
different states of mind.31 After completing a six-
week mindfulness meditation intervention, the EEG 
and respiratory signals of beginner meditators were 
monitored during meditation and in a control 
condition. The spectral analysis of EEG data showed 
increase in alpha and theta powers and decrease in 
respiration rate during meditation. Support vector 
machine was used to classify the meditation and 
control conditions and it proved to be a feasible 
objective marker for meditation ability. The 
unsupervised Self-Organizing Map (SOM) algorithms 
can also be used to cluster the brain mappings of 
centroid frequency of brain function.32 The spectral 
properties of resting Zen meditation EEG were 
classified using SOM. The Zen meditators exhibited 
global high beta frequency, thus implying the state of 
mindfulness concentration. Thus, the cluster features 
of brain mappings of centroid frequency describe the 
state of brain function related to the multi-channel 
EEG through SOM categorization, which aids in 
interpretation of EEG and mental health diagnosis. 
The deep learning algorithms can act as good 
classifiers for recognizing state and trait effects in 
meditators.33 The effects of short-term mindfulness-
based stress reduction training were examined using 
convolutional neural networks based deep learning 
methods and traditional machine learning methods. 
The classification performance was improved using 
deep learning methods. Machine learning classifiers 
were also used to classify the various levels of 
Heartfulness meditation.34. According to the classifier 
results, functional connectivity measures were more 
effective at detecting alterations brought on by 

 
 

Fig. 7 — Accuracy of different ensemble models 
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meditation. The machine learning models exhibited 
high accuracy of classification, ranging between 80 to 
100 percent.  
 

Limitations  
This study comes with some limitations. The 

research included novice meditators only. The 
students of Yoga college in Chandigarh were taken as 
subjects, because these subjects were easily available 
as a result of signed agreement for research studies 
between the research wing of Brahma Kumaris 
Organization (teaching Rajyoga meditation) and the 
institute. Expert meditators should be included in a 
future study as well. Data collection involves multiple 
collaborations, especially if expert meditators are to 
be assessed, collaborations of the research institute 
with the spiritual organization has to be considered. 
Multi center collaborations are therefore suggested for 
enhancing the subject availability. In this study, EEG 
data has been acquired before and after the eight 
weeks of intervention. Future studies perform 
longitudinal studies with the same subjects to examine 
the students for changes that may occur over a period 
of time if meditation is not practiced regularly. Only 
EEG measures were utilized in this investigation. 
Future research will incorporate more physiological 
cues into the classifier to determine whether accuracy 
can be increased.  
 

Future Research 
To handle small datasets, future research may look 

at more sophisticated deeper learning systems, 
specifically designed for fewer parameters. Data 
augmentation and self-supervised learning techniques 
can also help in coping up with the issues related to 
small datasets. The performance of the classifiers may 
also be enhanced by increasing the dataset. More 
physiological variables such as respiration data, 
speech features, smartphone data, eye gaze variables 
etc. can be included to build multi modal systems. 
Feature engineering helps increase the accuracy of the 
model by offering more pertinent and useful data. The 
generalization ability of the models can be enhanced 
by selecting the optimal features through 
hyperparameter tuning. Domain adaptation methods 
may also be adopted to make the model generalize 
across different subjects and recording setups.  
 

Conclusions 
An ensemble of machine and deep learning 

algorithms for distinguishing meditation state from 
baseline and control states has been presented in this 

study. The spectral analysis of EEG data developed a 
relationship between meditation and brain dynamics. 
With the given data, the maximum accuracy (82.91%) 
has been achieved by the proposed BiLSTM-DT 
ensemble model. In future, the performance of these 
algorithms in classifying multi modal data will be 
examined. The investigation can be assessed more 
thoroughly by augmenting the quantity of participants 
in both the control and research groups. 
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