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p Abstract

Mind-wandering (MW) Is when an individual’s concentration drifts away from the task or activity. Researchers found a greater variability in electroencephalogram (EEG) signals due to MW. Collecting more nuanced information from raw
EEG data to examine the harmful effects of MW is time-consuming. This study proposes a multi-resolution assessment of EEG signals using the flexible analytic wavelet transform (FAWT). The FAWT algorithm decomposes raw EEG data
Into more representative sub-bands (SBs). Several statistical characteristics are derived from the obtained SBs, and the effects of MW during meditation on the EEG signals are investigated. A set of significant characteristics i1s chosen and
fed into the machine learning modules using a 10-fold validation approach to detect MW subjects automatically. The proposed framework can be used to design a suitable brain-computer interface (BCl) system to reduce MW and increase
meditation depth for holistic and long-term health in society.
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motivating these facts, this study presents the FAWT is a versatile signal processing algorithm and an advanced variant of DWT —— = — —
multiresolution analysis of occipital EEG sensor known for its versatility in time-frequency analysis and feature extraction. Unlike
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study. The FAWT can be formulated mathematically as follows:
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To decompose Input EEG signals into several SBs three tuning parameters are required: » This study provides a novel approach that utilizes the FAWT method to accurately decompose EEG data
quality factor (Q), redundancy rate (r), and number of decomposition stages (/). Into multi-resolution SBs. The power and power spectral density of each sub-band are examined and
concluded that SB-8 has the highest for both occipital channels.

The statistical characteristics extracted from the SBs are evaluated and fed into several machine learning
modules for accurate detection of MW individuals. The highest MW-detection accuracy of 92.41% and
AUC values of 0.95 were yielded using SB-8 and an EBgTC with an O1-Oz channel.

The given work will be used In the future to investigate the impact of different emotional stages on EEG

The main contributions of this study are given

below:

 The multi-resolution analysis of EEG data
during meditation and classifies expert (non-
MW) and novice (MW) EEG signals using a
machine learning system.

2.4. Feature Evaluation .
The process of finding a subset of
relevant qualities that are most
helpful In predicting the target

 The FAWT approach is used for the first time —————— W“MMWMWWWWMM variable using a machine learning signals and to design an appropriate brain—computer interfacing system to increase the depth of meditation.
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Fig. 3. EEG SBs of the expert and novice class extracted using FAWT.

 The Kruskal-Wallis (K-W) test Is used to
determine the significance of evaluated
features;, selected features are sent Into
machine learning modules to recognize MW
subjects during meditation.
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2.5. Machine Learning Classifier

To 1dentify the MW and non-MW, decision tree classifiers with Fine Tree (FT),
Medium Tree (MT), Coarse Tree (CT), Ensemble Boosted Tree (EBoTC), and
Ensemble Bagged Tree kernel (EBgTC) functions are used In this investigation.
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