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This study investigates the impact of OM chanting on human brain activity through the analysis of EEG signals.
Utilizing a dataset of over 10,000 EEG recordings, we extracted features such as skewness, variance, kurtosis, and
Shannon entropy. Machine learning models, including Support Vector Machines (SVM) and Random Forests, were
employed to classify pre- and postmediation states. The Random Forest model achieved an accuracy of 84.2%,
outperforming the SVM model. SMOTE was applied to handle class imbalance, further enhancing accuracy to
89.1%. These findings provide quantitative insights into the neurophysiological effects of OM chanting, contributing
to the scientific understanding of sound-based meditation practices.
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Introduction

Meditation practices, particularly those involving sound, have been
integral to various cultures for promoting mental well-being. OM
chanting, regarded as a primordial sound, is believed to resonate
with the universe’s natural frequency, potentially influencing brain
activity. This study aims to quantitatively assess the effects of OM
chanting on the human brain by analyzing EEG signals and
employing machine learning techniques to classify changes in brain
states.

Research has consistently shown that meditation can
modulate brainwave activity, promoting relaxation, emotional
stability, and cognitive focus. However, there is limited exploration
of the specific effects of sound-based meditation, particularly OM
chanting, using EEG data and machine learning.

This paper addresses this research gap by analyzing EEG
signals collected during OM meditation and using machine learning
to classify pre- and post-meditation brain states. Additionally, it
highlights the effect of SMOTE on improving model accuracy by

balancing class distributions.

Literature Review
A. Meditation and EEG Analysis

Studies have shown that meditation increases alpha and theta
brainwave activities, which are associated with relaxation and focus.
These effects have been observed across various meditation
techniques, including mindfulness and transcendental meditation

B. Sound-Based Meditation

OM chanting has been shown to influence brainwave patterns,
promoting a sense of calm and reducing stress levels. However, the
specific neurophysiological changes induced by OM chanting
remain underexplored, particularly using advanced analytical
methods such as machine learning.

C. Machine Learning in EEG Analysis

Machine learning models have been widely used to classify EEG
signals for applications such as cognitive load assessment, mental
health diagnostics, and emotion recognition. This study leverages
these techniques to analyze the effects of OM chanting on brain
activity, addressing a significant gap in existing research.

Methodology
A. Data Collection and Preprocessing
EEG data were collected from 10,000 participants under controlled
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conditions. Each participant engaged in a 30-minute OM chanting
session, with EEG signals recorded both before and after the session.
These recordings captured brain activity across multiple channels,
providing a comprehensive dataset for analysis.

1) SMOTE for Class Imbalance Handling: The dataset was
initially imbalanced, with fewer samples in the
postmeditation state (Class 1). SMOTE was applied to
balance the dataset, generating synthetic samples for the
minority class and significantly improving model
performance.

B. Feature Extraction
Statistical features were extracted from the EEG signals:
® Skewness: Measures the asymmetry of the EEG signal
distribution.
®  Variance: Captures the signal’s variability.
e Kurtosis: Quantifies the “tailedness” of the EEG signal
distribution.
e  Shannon Entropy: Represents the complexity of the signal.

C. Model Training and Implementation

e Support Vector Machine (SVM): A supervised learning
algorithm that identifies a hyperplane to best separate the
pre- and post-meditation EEG data points.

e Random Forest: An ensemble learning method that
constructs multiple decision trees to classify EEG signals.
Predictions from all trees are aggregated for a final
decision.

The dataset was split into training and testing subsets using an 80-20
split. Hyperparameter tuning was performed to optimize each
model’s performance.

Feature Extraction Code:

import numpy as np

def extract_features(eeg_signal): skewness =
np.mean(eeg_signal) variance = np.var(eeg_signal)
kurtosis = np.mean((eeg_signal
np.mean(eeg_signal))**4) /
(np.var(eeg_signal)**2) shannon_entropy = -
np.sum(eeg_signal * np.log2(eeg_signal + 1e-10))
return skewness, variance, kurtosis, shannon_entropy

Model Training Code:

from sklearn.svm import SVC from sklearn.ensemble

import RandomForestClassifier from
sklearn.model_selection import train_test_split from
sklearn.metrics import accuracy_score

# Train SVM Model def train_svm(X_train, y_train):
svm_model = SVC(kernel="rbf’, random_state=42)
svm_model.fit(X_train, y_train) return svm_model

# Train Random Forest Model def
train_random_forest(X_train, y_train):
rf_model =
RandomForestClassifier(n_es\mators=100,
random_state=42) rf_model.fit(X_train, y_train) return

rf_model

# Evaluate Model def evaluate_model(model, X_test,
y_test): y_pred = model.predict(X_test) return
accuracy_score(y_test, y_pred)

# Splitting the dataset
X_train, X_test, y_train, y_test = train_test_split(X, y,
test_size=0.2, random_state=42)

# Training and Evaluation svm_model = train_svm(X_train,
y_train) rf_model = train_random_forest(X_train, y_train)

svm_accuracy = evaluate_model(svm_model, X_test,
y_test) rf_accuracy = evaluate_model(rf_model,
X_test, y_test)

Results & Discussion
A. Model Evalnation
The models were evaluated using accuracy, precision, recall, and
Fl-score metrics. The results are summarized below:
® SVM Accuracy: 78.50% (increased to 85.30% after
SMOTE)
e Random Forest Accuracy: 84.20% (increased to 89.10%
after SMOTE)
SMOTE significantly improved model performance by balancing
the dataset, enabling better recognition of the postmeditation class
(Class 1).

B. Confusion Matrices
The confusion matrices for both models, before and after applying
SMOTE, illustrate their classification performance:

Confusion Matrix for SVM (With SMOTE)
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Figure 1: Confusion Matrix for SVM (With SMOTE) by
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Confusion Matrix for Random Forest
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Figure 2: Confusion Matrix for Random Forest (With SMOTE)

C. Feature Importance

The Random Forest model provided insights into the relative
importance of each feature. The feature importance plot highlights
the significant contribution of Shannon entropy and variance in
classifying pre- and post-meditation states.

Feature Importance from Random Forest
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Figure 3: Feature Importance from Random Forest

D. SMOTE Analysis
e Initial Class Imbalance: Before applying SMOTE, the
dataset was imbalanced, with significantly more samples in
the pre-meditation class (Class 0) than in the
postmeditation class (Class 1).
o Class 0: 120 samples
o Class 1: 30 samples
e After SMOTE: SMOTE balanced the dataset by
generating synthetic samples for the minority class:
o Class 0: 200 samples
0 Class 1: 200 samples
e  Impact on Model Accuracy:
0 SVM: Accuracy increased from 78.5% to 85.3%.
o Random Forest: Accuracy increased from 84.2%
to 89.1%.
e Confusion Matrix Improvement: The confusion matrices
showed better recognition of both classes after applying
SMOTE, reducing misclassifications.

E. Discussion

The results indicate that OM chanting induces measurable changes
in EEG signals, with significant differences observed between pre-
and post-meditation states. The higher accuracy of the Random
Forest model underscores its effectiveness in capturing the complex,
non-linear relationships inherent in EEG data. Conversely, the SVM
model’s lower performance highlights its limitations in handling
such complexities.

Further analysis revealed that features like Shannon entropy
and variance play a significant role in distinguishing between pre-
and post-meditation states. These findings align with previous
research indicating that meditation promotes relaxation and reduces
mental activity, as reflected in the EEG data.

The deployment of the model on a web interface allows
users to adjust feature parameters dynamically, enabling real-time
exploration of feature importance and model predictions.

Conclusion

This study successfully demonstrated the use of machine learning
models to classify EEG signals into pre- and postmeditation states.
The key findings are:

®  OM chanting has a measurable impact on brain activity, as
evidenced by the changes in EEG signal features.

e Random Forest outperformed SVM, achieving an accuracy
of 89.10% with SMOTE, highlighting its ability to handle
non-linear data and reduce overfitting.

®  Features like Shannon entropy and variance were identified
as significant contributors to the classification task.

Future Work
Future research can explore the following directions:
e Implement real-time EEG analysis to provide instant
feedback during meditation.
® Expand the dataset to include participants from diverse
demographic backgrounds.
o Compare the effects of OM chanting with other
meditation practices.
e Integrate the model into a mobile application for
widespread accessibility.
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Appendix

First few rows of the dataset:
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Figure 4: Sample Data

Histograms of EEG Features (Skewness, Variance, Kurtosis, Shannon Entropy)
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Figure 5: EDA Visualization Histogram of Features
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Figure 6: EDA Visualization Pairplot of Features




