Copyright is owned by the Author of the thesis. Permission is given for
a copy to be downloaded by an individual for the purpose of research and
private study only. The thesis may not be reproduced elsewhere without
the permission of the Author.



Investigation on the Effectiveness of EEG-BCI
Techniques to Analyse Meditation

A thesis presented in partial fulfilment of the requirements for

the degree of

Doctor of Philosophy
in

Computer Science

at Massey University, Manawat,

New Zealand

A MASSEY

UNIVERSITY
"

TE KUNENGA KI PUREHUROA

UNIVERSITY OF NEW ZEALAND

Nalinda Devaka Liyanagedera

2025



Abstract

Electroencephalography (EEG), combined with computational approaches such as signal
processing and machine learning, has emerged as a powerful tool for assessing meditation
states. However, key gaps remain, particularly in analysing EEG data across multiple sessions
and evaluating classification performance under both intra-subject and inter-subject (subject-
independent) settings. This thesis addresses these challenges through both a systematic
computational review and a series of novel experimental studies focused on EEG-based

meditation classification.

First, a comprehensive review was conducted to systematically organise and evaluate EEG
feature extraction and classification techniques used in meditation research. In addition, the
review examined EEG preprocessing practices, brain wave frequency usage, and meditation
and participant characteristics, providing a valuable computational reference for future

researchers in the field.

The experimental component of this study used an online EEG dataset collected over multiple
sessions for four mental tasks: Loving-Kindness Meditation directed toward the self (LKM-
Self), toward others (LKM-Others), Pre-Resting (non-meditation), and Post-Resting. A Brain—
Computer Interface (BCI) pipeline using Common Spatial Patterns (CSP) for feature extraction
and Linear Discriminant Analysis (LDA) for classification achieved strong performance. Intra-
subject, single-session meditation versus non-meditation classification achieved a mean
accuracy of 99.5%. Using all four mental tasks, the results showed that Pre-Resting was the
most distinguishable condition, while the remaining tasks exhibited more similar neural
patterns. The research was then extended to intra-subject, multi-session classification, where

pooled session data were used to assess classification consistency over time. These results



confirmed the presence of recurring neural patterns across sessions, similar to those observed
in single-session analysis, and achieved a mean intra-subject, multi-session meditation versus

non-meditation classification accuracy of 83.6%.

Building on this, a more advanced task was introduced to classify a new session pair, defined
as a meditation session and a non-meditation session selected as a matched pair, after training
on other session pairs from the same individual. To support this, following multiple tests to
identify the best algorithms, three BCI pipelines were developed using CSP, Short-Time Fourier
Transform (STFT), and their fusion (CSP + STFT), also referred to in this thesis as CSP-STFT
fusion, with neural networks employed as the consistent classification algorithm. Across
different experimental setups, CSP-STFT fusion yielded the highest performance, achieving an
overall mean accuracy of 72.9% for intra-subject, multi-session classification. Further analysis
showed that increasing the number of training session pairs (from 2 to 4) led to improved
classification outcomes. The highest mean accuracy of 75.5% was achieved for LKM-Self
versus non-meditation using four training session pairs, confirming the potential to classify new
sessions based on prior data. These results demonstrate the feasibility of intra-subject, multi-

session EEG classification for previously unseen session pairs.

In the final stage, the same three pipelines were evaluated under a subject-independent multi-
session classification framework, allowing for direct comparison with intra-subject
performance. A total of 9,900 independent tests were conducted to classify new session pairs
across individuals. While overall accuracy was lower compared to intra-subject results,
substantial variability was observed depending on session combinations. To highlight this,
accuracies were divided into top 50% and bottom 50%, and the mean of each group was
calculated. For example, in the classification of LKM-Self versus non-meditation using three
training session pairs, the CSP + STFT pipeline achieved a mean accuracy of 62.3% overall,

with 46.0% for the bottom 50% and 78.3% for the top 50%. This was lower than the intra-



subject accuracy of 72.1% under similar conditions, with similar trends observed across other
tasks. Based on the mean accuracies obtained, the fusion approach outperformed individual
methods in 83.3% of the cases. Additionally, increasing the number of training session pairs led
to improved mean accuracies in approximately 75.0% of experiments, emphasizing the
importance of training data volume in complex, subject-independent settings. The comparison
between intra-subject and subject-independent outcomes confirmed that CSP-STFT fusion
enhances classification robustness. Although subject-independent classification remains more
challenging due to participant variability, the ability to obtain strong accuracies for certain
training combinations is promising. These findings suggest that further research is needed to

improve generalizability in real-world applications.

These findings provide a strong foundation for developing both personalized and subject-
independent EEG-based Brain-Computer Interface (BCI) applications aimed at monitoring and
enhancing meditation practice. The demonstrated effectiveness of combining spatial and time-
frequency features, along with evidence of recurring neural patterns across sessions, highlights
the potential for real-time, adaptive meditation support systems. Additionally, the
methodologies and insights presented in this thesis offer valuable directions for future research
in scalable BCI pipelines, continuous mental state tracking, and integration with multimodal

neuroimaging approaches.
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Chapter 1
Introduction

1.1 Background and Motivation

Meditation has gained considerable attention in scientific research [1, 2] due to its reported
benefits for mental well-being [3, 4], emotional regulation [5, 6], and cognitive performance [7,
8]. These outcomes have been increasingly supported by neurophysiological and behavioural
studies, contributing to the growing integration of meditation practices into both clinical
interventions and wellness programmes [9—11]. Among various forms of meditation, Loving-
Kindness Meditation (LKM) [12, 13] has shown particular promise for enhancing compassion,
reducing stress, and cultivating positive affect. LKM involves the deliberate practice of
generating and directing feelings of compassion, love, and goodwill, typically beginning with
oneself and progressively extending to others, such as close acquaintances, neutral individuals,
and eventually all beings. Unlike concentration-based practices that focus primarily on
attentional control, LKM emphasises affective and emotional regulation, with the aim of
cultivating prosocial emotions through repeated mental practice. In experimental settings, LKM
1s commonly implemented using guided instructions that structure the sequence and duration

of these contemplative phases, making it suitable for controlled EEG-based investigation.

To assess both long-term trait-level characteristics [14] and short-term meditative or non-
meditative mental states [15], researchers have traditionally relied on interviews and
questionnaires as psychological assessment tools [16, 17]. However, with increasing interest in
reliable and objective evaluation techniques, there has been a corresponding shift toward

neuroimaging and computational approaches to quantify the effects of meditation [18, 19].



Meditation is an umbrella term encompassing a wide range of contemplative practices;
however, unless otherwise stated, the term “meditation” in this thesis is used specifically to
refer to Loving-Kindness Meditation (LKM), which forms the exclusive focus of the

experimental investigations.

In meditation research, it is important to distinguish clearly between state and trait effects, as
they reflect fundamentally different aspects of meditative practice [14, 15]. State meditation
refers to transient, short-term changes in mental and neural activity that occur during or
immediately following a meditation session, whereas trait meditation reflects longer-term,
stable changes associated with sustained practice over months or years. State effects are
typically examined by comparing meditation with non-meditation conditions, while trait effects
are studied through longitudinal designs or comparisons between practitioners with differing
levels of experience. This distinction is particularly relevant in EEG-based studies, as state-
level changes are more amenable to controlled experimental manipulation and classification,
whereas trait-level effects are often confounded by individual variability. Accordingly, while
both perspectives are acknowledged in this thesis, the experimental investigations primarily
focus on state-level classification of meditation and non-meditation EEG, with multi-session

analysis used to assess the stability of these state-related neural patterns over time.

The terms meditation and mindfulness are often used interchangeably in the literature, despite
representing partially overlapping but distinct constructs. Meditation broadly refers to a family
of structured mental practices designed to cultivate specific cognitive, emotional, or attentional
states, whereas mindfulness is commonly defined as a quality of present-moment awareness
that may be cultivated through certain meditation practices but can also be conceptualised as a
dispositional trait or everyday cognitive style. To avoid conceptual ambiguity and potential
jingle-jangle fallacies, this thesis adopts a practice-based definition of meditation, focusing on

clearly defined contemplative techniques rather than abstract psychological constructs. In line



with commonly used typologies of meditation research, which distinguish between attentional,
constructive, and deconstructive practices [20, 21], Loving-Kindness Meditation is categorised
as a constructive meditation practice, characterised by the deliberate cultivation of affective and
prosocial mental states. Throughout this thesis, the term meditation therefore refers specifically
to Loving-Kindness Meditation as an explicit, guided mental practice, rather than to

mindfulness as a general cognitive disposition.

Electroencephalography (EEG) has become a widely used technique for studying meditation
due to its high temporal resolution, non-invasiveness, and portability [22, 23]. These features
make EEG particularly suitable for capturing the subtle, time-sensitive changes in brain activity
that occur during meditation [24, 25]. EEG enables the investigation of brain oscillations and
connectivity patterns associated with different meditative and non-meditative mental states,
offering insights into the neural mechanisms of mindfulness and concentration [26, 27]. In
recent years, EEG has also been explored in Brain-Computer Interface (BCI) systems [28]
aimed at mental state recognition, neurofeedback, and the development of adaptive meditation
training tools [29]. These applications hold promise for personalizing meditation practices and

may support long-term engagement through measurable progress tracking.

Despite these advantages, reliably classifying meditative states using EEG remains a complex
challenge. EEG signals are inherently non-stationary, noisy, and subject-specific, which makes
it difficult to extract stable features that generalize across different users and recording sessions
[30, 31]. Feature extraction and classification techniques must therefore be carefully selected
and optimised to account for this variability [22]. While a range of machine learning and signal
processing methods have been developed for general EEG analysis, their application to
meditation data is often fragmented and lacks a cohesive computational framework [32, 33].
Many existing studies have focused on small datasets, often using single-session designs for

between-group comparisons such as novice versus expert [29, 34], or collecting multiple



sessions primarily for limited pairwise analyses, such as meditation versus non-meditation [35,
36] or before and after a meditation training programme [37, 38]. However, these studies rarely
combine multiple sessions for comprehensive analysis, which limits the applicability of their
findings to real-world scenarios where consistent performance across users and over extended
time periods is essential. Real progress in meditation comes with continued practice across
multiple sessions, making it especially valuable to understand meditation and non-meditation
brain patterns across sessions, particularly when developing algorithms to support meditation

progress.

A limitation observed in the literature is the continued over-reliance on traditional frequency-
domain features, such as power spectral density measures, while more advanced spatial or time-
frequency methods remain underexplored [27, 39]. Although methods like Common Spatial
Patterns (CSP) and Short-Time Fourier Transform (STFT) have demonstrated strong
performance in other BCI contexts, particularly in motor imagery tasks [22, 32], they have not
been systematically evaluated or combined for meditation-related EEG classification.
Furthermore, the effect of training data size, particularly the number of EEG sessions, on
classification accuracy is rarely studied, even though such factors are crucial for building
reliable meditation monitoring systems. This gap becomes especially important when
developing BCI pipelines intended for multi-session or subject-independent settings, which
more closely reflect real-world deployment. A BCI pipeline typically refers to a structured
sequence of computational steps, including data preprocessing, feature extraction, and

classification, designed to interpret brain signals for specific tasks or feedback systems.

The focus on Loving-Kindness Meditation in this thesis is deliberate and theoretically
motivated. Compared to attentional practices such as focused attention or mindfulness-of-
breath, LKM places a stronger emphasis on affective and emotional regulation, making it

particularly relevant for mental-health-oriented applications of EEG-based assessment. In
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addition, LKM is typically implemented using structured, guided protocols that clearly
delineate meditation and non-meditation periods, which is advantageous for controlled EEG
experiments and supervised classification. From a practical perspective, the publicly available
dataset used in this study was specifically designed around LKM and includes multiple sessions
per participant, a feature that is rare in meditation EEG research and essential for investigating
cross-session classification. While comparing multiple meditation types is an important
direction for future research, restricting the scope of this thesis to a single, well-defined
meditation practice allows for deeper methodological investigation of session-level variability

and classification robustness without introducing additional confounding factors.

This thesis is motivated by the need to bridge these gaps and move toward more generalizable
and robust computational approaches for classifying Loving-Kindness Meditation (LKM) EEG
data collected across multiple sessions and subjects. The research begins with a comprehensive
computational review of the literature to identify dominant trends, overlooked techniques, and
methodological weaknesses in existing EEG meditation studies. It then proceeds to achieve
high single-session, intra-subject classification accuracies for LKM versus non-meditation and
explores recurring neural patterns across multiple sessions for each individual, laying the
foundation for robust personalized models. It subsequently develops and evaluates novel BCI
pipelines using CSP, STFT, and their fusion, focusing on classifying LKM versus non-
meditation states. These pipelines are assessed under both intra-subject and inter-subject
conditions using multiple-session EEG data, addressing the variability across individuals and

recording sessions that is often ignored in simpler models.

Although the core of this thesis lies in experimental development and evaluation, it also yields
several theoretical and methodological insights relevant to EEG-based meditation research.
These include the influence of training session count on classification accuracy, the viability

and benefits of combining spatial and time-frequency feature extraction techniques, and a



comparative understanding of model performance in both personalized (intra-subject) and
generalised (inter-subject) settings. All experimental investigations are conducted using a
publicly available EEG dataset specifically collected for meditation research, ensuring
consistency, transparency, and reproducibility. This dataset comprises clearly labelled,
multiple-session EEG recordings covering Loving-Kindness Meditation and non-meditative
control states, thereby providing a reliable foundation for the comparative analysis of different
classification pipelines. The EEG dataset used in this study is publicly available at

https://doi.org/10.18112/openneuro.ds003816.v1.0.1 and was obtained from OpenNeuro.

The scope of this thesis is clearly defined: it focuses solely on EEG-based analysis and does not
incorporate other modalities such as fNIRS or hybrid systems. By working within the
constraints of a single, well-structured dataset and avoiding the variability introduced by multi-
modal integration, the study maintains a high degree of experimental control while still
addressing real-world challenges such as session-to-session variability and subject diversity.
These design decisions reflect a deliberate balance between methodological precision and
practical applicability, advancing the broader objective of developing scalable, generalizable
EEG-based meditation classification systems with future potential in mental health support,

neuroadaptive technology, and personalized wellness applications.

1.2 Problem Statement

The integration of electroencephalography (EEG) with computational algorithms such as signal
processing and machine learning has shown significant promise for assessing meditation states,
yet several critical gaps remain. Firstly, there is an absence of a comprehensive computational

review that systematically categorizes and evaluates existing feature extraction and



classification techniques specifically for meditation-related EEG studies, which limits clarity
on the current research landscape. Secondly, while intra-subject and inter-subject (subject-
independent) EEG classification during meditation has been explored, most existing studies
rely on pairwise session comparisons and overlook the temporal variability and consistency of
neural patterns across multiple sessions. Thirdly, the generalizability of classification models
across individuals (subject-independent classification) remains underexplored and challenging,
especially in the context of multi-session meditation EEG data that tends to be highly
individualized. Moreover, although numerous feature extraction techniques exist, few studies
provide comparative evaluations of selected high-performing methods along with their fusion,
such as the combination of spatial and time-frequency features, in both intra-subject and inter-
subject multi-session EEG classification scenarios related to meditation. Finally, the impact of
varying the number of training sessions on classification performance using multiple-session
meditation EEG data is not well understood, which limits the practical deployment of such

models in real-world neurofeedback or meditation monitoring applications.

This thesis addresses these issues through a combination of computational review and
experimental evaluations, with a focus on designing and benchmarking EEG classification
pipelines for meditation state detection across single and multiple sessions, and across both

intra- and inter-subject contexts.

1.3 Research Objectives

The research objectives of this thesis are outlined below:



To conduct a comprehensive computational review of EEG-based feature extraction and
classification techniques for meditation assessment to address a notable gap in the

literature where such a review has not previously been presented.

To classify single-session, intra-subject meditation versus non-meditation EEG data
with high accuracy using appropriate feature extraction and classification techniques,
and to use the results to identify neural patterns associated with meditation and non-

meditation mental tasks.

To investigate the presence of consistent neural patterns across multiple sessions within

subjects for both meditation and non-meditation tasks using intra-subject classification.

To develop and evaluate BCI pipelines incorporating various feature extraction
algorithms for intra-subject, multiple-session EEG classification to obtain optimal
accuracies, where a new session pair is classified based on training from previous
sessions. Furthermore, to investigate how the fusion of such successful feature

extraction algorithms impacts classification performance.

To study how varying the number of training session pairs influences the classification
accuracy of intra-subject, multiple-session meditation and non-meditation EEG data

using the developed BCI pipelines.

To implement and evaluate subject-independent, multiple-session classification
pipelines under conditions consistent with intra-subject classification, ensuring training

and testing are conducted across different individuals.

To compare the performance of intra-subject and inter-subject multiple-session
classification and investigate how changing the number of training session pairs affects

classification accuracy in the subject-independent context.



1.4 Thesis Organization

This thesis is organised into six chapters, each addressing a distinct part of the research process:

Chapter 1: Introduction

Introduces the background and motivation for the study, presents the problem statement,
outlines the research objectives, and provides an overview of the thesis structure. It

briefly touches on the methodological approach and scope of the study.

Chapter 2: A Computational Review of Feature Extraction and Classification

Techniques for Meditation Assessment Using EEG

Presents a systematic review of existing literature on EEG-based feature extraction and
classification methods used for meditation assessment. It identifies methodological
trends, summarizes commonly used techniques, highlights current gaps in the literature,
and offers valuable insights and guidance for future research in the field of meditation

EEG.

Chapter 3: Common Spatial Pattern for Classification of Loving Kindness

Meditation EEG for Single and Multiple Sessions

Investigates intra-subject classification of meditation and non-meditation EEG data
using the Common Spatial Pattern (CSP) algorithm. It examines both single-session and
multiple-session scenarios and evaluates the consistency of neural patterns across

sessions within individuals.



Chapter 4: Novel Machine Learning-Driven Comparative Analysis of CSP, STFT,
and CSP-STFT Fusion for EEG Data Classification Across Multiple Meditation

and Non-Meditation Sessions in BCI Pipeline

Develops and evaluates BCI pipelines using CSP, Short-Time Fourier Transform
(STFT), and a fusion of both for classifying intra-subject, multiple-session EEG data.
This chapter also investigates how varying the number of training sessions affects

classification accuracy and explores the advantages of feature fusion.

Chapter 5: Machine Learning-Based Comparative Analysis of Subject-
Independent EEG Data Classification Across Multiple Meditation and Non-

Meditation Sessions

Extends the classification framework to subject-independent scenarios, applying the
same three BCI pipelines. It evaluates classification performance across individuals,
compares results with intra-subject outcomes, and examines the effect of training

session size on generalizability.

Chapter 6: Conclusion and Future Work

Summarizes the research findings and key contributions across all chapters. It discusses
the practical implications of the results, highlights limitations encountered during the
study, and proposes future research directions to enhance EEG-based meditation state

detection in real-world applications.
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Chapter 2
A Computational Review of Feature Extraction and
Classification Techniques for EEG-Based Meditation
Assessment

Abstract

Meditation research using electroencephalography (EEG) has gained significant attention, with
computational techniques playing a key role in feature extraction and classification. This review
examines EEG-based meditation assessment by systematically analyzing 164 peer-reviewed
studies. The selected studies were categorized based on meditation study characteristics, EEG
preprocessing techniques, feature extraction methods, classification approaches, and EEG
frequency bands utilised. Feature extraction methods were grouped into ten major categories
based on their computational approaches, underlying mathematical principles, and relevance to
EEG signal analysis in meditation studies. Frequency domain analysis contributed the most,
accounting for 62.0% of extracted features. Classification techniques in 40 articles were
analysed based on the number of methods used, grouping studies into those employing one,
two, or three or more techniques. Support vector machines (55.0%) and artificial neural
networks (47.5%) were among the most frequently used techniques, with some studies applying
multiple methods. Alpha (90.2%) was the most frequently examined EEG frequency band in
meditation studies, followed by Theta (77.4%). The findings highlight key trends, variations,
and challenges in data acquisition, preprocessing, feature extraction, and classification. Due to
methodological differences across studies, direct comparisons of classification accuracies were
not possible. The review provides a structured synthesis of computational methods used in

meditation EEG studies, identifies key research gaps, and discusses future directions,

12



emphasizing the need for standardized methodologies to enhance reproducibility and

comparability.

Keywords: Feature Extraction, Classification, EEG (Electroencephalography), Meditation, BCI

(Brain Computer Interface), Preprocessing

2.1 Introduction

2.1.1. Background on Meditation and EEG Neuroimaging

Meditation [40, 41], although practised for thousands of years, has gained significant popularity
in modern stressful lifestyle due to scientific evidence supporting its ability to enhance self-
awareness, reduce stress, and improve overall mental health [4, 5, 11]. Although there are many
different meditation techniques that may differ in how they are practised, studies have been
conducted on many of these techniques, demonstrating various similar benefits [1, 3, 7]. Studies
show that there are short-term and long-term effects of meditation practice and referred to as

‘State’ and ‘Trait’ changes [15, 42].

Scientific methods used to study meditation include neurophysiological methods such as
Electroencephalography (EEG) [43—46], Functional Magnetic Resonance Imaging (fMRI) [47],
and Functional Near-Infrared Spectroscopy (fNIRS) [48]; physiological methods such as Heart
Rate Variability [9], Cortisol Levels [49], and Blood Pressure; and psychological and
behavioural methods such as Mindfulness and Meditation Scales, Questionnaires, and
Interviews [16, 17, 50]. With the advancement of mobile phones and electronic technology, we
have witnessed the development of meditation-supporting devices and mobile apps [18, 51, 52],

13



which have, in turn, increased the interest of both scientists and the general public in meditation

[6, 53, 54].

EEG is a non-invasive neuroimaging technique that records electrical activity generated by
neuronal oscillations in the brain [55, 56], collected through electrodes placed on the scalp [57].
EEG data collected over a certain duration consists of oscillatory signals over time. In most
studies, this data is converted into the frequency domain, which is divided into five bands
associated with specific cognitive and physiological states. These bands are Delta (0.5-4 Hz),
Theta (4-8 Hz), Alpha (8—13 Hz), Beta (13—30 Hz), and Gamma (>30 Hz) [58—60]. The strength
of these bands varies with different mental tasks, such as deep sleep, light sleep, meditation,

wakeful rest, active thinking, and advanced problem-solving [56, 61].

Research on EEG in general has significantly flourished in the recent past due to improvements
in hardware and software resources and reduction in prices. This includes improvements in
EEG sensors and the processing power of devices. At the same time, with the development of
feature extraction and classification algorithms[62—64], along with improvements in
preprocessing and EEG data cleaning methods [30, 31, 65], there has been a significant

improvement in the results obtained from raw EEG data [66—68].

EEG has been successfully used in various studies related to meditation, where different
patterns in EEG data are mapped to various mental tasks associated with meditation. Some
examples of such studies include comparisons between meditation and non-meditation [69, 70],
novice and expert meditators [71, 72], different types of meditation [13, 73], various wavebands
[74, 75], state and trait changes [26], and the effects of meditation training on novice meditators

[76], among others.

Although studies on meditation EEG date back over 50 years [19, 77-79], research in this area

is significantly less extensive compared to fields like motor imagery [28]. When examining
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motor imagery EEG, previous research reveals a wealth of studies on computational methods,
including feature extraction and classification [80—82]. The extensive body of research in motor
imagery is well-documented in several review articles [22, 32]. In contrast, there are far fewer
studies on computational methods, such as feature extraction and classification, in the context
of meditation EEG. Furthermore, there are no systematic reviews that have been conducted to
specifically examine these computational methods in meditation EEG, other than one instance
of a review paper that lightly touches on machine learning methods used in meditation studies
[2]. In this review, we explore how feature extraction and classification techniques have been
effectively applied in various studies to analyse meditation EEG data, addressing a critical

knowledge gap.

2.1.2. Overview Objectives of the Review

There is a significant body of research, including numerous original studies and review articles,
published on meditation EEG. While many of these studies employ a variety of feature
extraction and classification methods, existing review articles rarely focus specifically on the
computational techniques involved in these processes. Recognizing this gap, the present review
aims to address it. We selected peer-reviewed meditation EEG research articles published over
the past 15 years, enabling us to trace the evolution of computational methods in feature
extraction and classification. Additionally, this study captures important complementary aspects
such as participant and meditation characteristics, data cleaning and preprocessing strategies,
and the usage of frequency bands in meditation EEG research. Although this review maps a
broad range of computational techniques used in meditation EEG research, a systematic
literature review methodology was adopted to ensure transparency, replicability, and objective
study selection. Unlike scoping reviews, which are primarily exploratory in nature, this work

15



applies predefined research questions, inclusion criteria, and structured synthesis to provide a

reproducible computational reference for the field.

2.2 Methodology

2.2.1. Overview of the Systematic Literature Review Approach

A systematic literature review approach was used in this review to uphold the quality and
reproducibility of our work in a transparent manner. The established guidelines in PRISMA
were utilised for identifying, screening, and selecting research articles relevant to meditation
EEG feature extraction and classification. This rigorous approach allowed us to capture a wide

spectrum of studies and provided a comprehensive basis for our subsequent analysis.

2.2.2. Research Questions (RQ)

The review was built around the following research questions:

RQI: What feature extraction methods have been used in EEG for meditation

assessment?

RQ2: What classification techniques have been applied in meditation EEG studies, and
how have their performances, study objectives, key findings, and limitations been evaluated in

those studies?

RQ3: How have preprocessing and data cleaning techniques been used in studies that

apply feature extraction and/ or classification methods in meditation EEG?
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RQ4: What types of meditation techniques, participants, and EEG frequency bands have
been used in studies that apply feature extraction and/ or classification methods in meditation

EEG?

2.2.3. Search Strategy

A comprehensive search was conducted across multiple scientific databases, including Scopus,
PubMed, SpringerLink, ScienceDirect, and IEEE Xplore. We used two sets of keywords along
with Boolean operations in the search: “Meditation AND EEG AND Feature Extraction” and
“Meditation AND EEG AND Classification.” The keyword searches were applied to the full
searchable fields of the databases (including titles, abstracts, and indexed content), rather than
being restricted to titles or abstracts alone, allowing studies primarily indexed under related

terms such as mindfulness-based practices (e.g., MBSR or Vipassana) to be captured.

This review includes studies published between 2010 and 2024, covering a 15-year period to
capture the evolution of computational techniques in meditation EEG analysis. This timeframe
ensures the inclusion of recent advancements while providing sufficient historical context for

understanding methodological trends.

We also applied filters to restrict the search to peer-reviewed articles published in English. This
approach ensured that our search was both comprehensive enough to capture all relevant studies

and selective enough to maintain quality and relevance.
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2.2.4. Inclusion and Exclusion Criteria

To determine which studies to include in the review, we defined clear inclusion and exclusion
criteria. The inclusion criteria were as follows: studies that focused on EEG-based meditation
assessment, employed computational methods for feature extraction and/or classification, and
provided sufficient methodological details. The exclusion criteria included: studies that did not
involve EEG data, were not peer-reviewed, or focused solely on subjective measures without
any computational analysis. This systematic filtering process ensured that only studies relevant

to our review’s focus were included.

2.2.5. Screening and Selection Process

The initial search using keywords and relevance yielded a large number of article titles along
with their abstracts, from which duplicates and non-English articles were removed. Then, the
selected article titles and abstracts were screened, and only those relevant to the review were
retained. Next, the full-text versions of the selected studies were retrieved. After that, the
remaining articles underwent a detailed full-text screening based on our inclusion and exclusion

criteria. Finally, 164 research articles were selected for inclusion in this review.

A PRISMA flow diagram was used to illustrate the number of records at each stage:
identification, screening, and final inclusion, ensuring a transparent account of the selection

process. This is presented in Figure 2.1.
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Figure 2.1 PRISMA flow diagram for selecting articles for the systematic review

2.2.6. Data Extraction and Categorization

For each selected study, we extracted key details such as participant characteristics, meditation

characteristics (including techniques), EEG frequency bands, EEG preprocessing methods, and
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EEG feature extraction and classification techniques. From studies that applied classification
techniques, additional details, including the performance of pipelines, study objectives, key

findings, and study limitations, were also extracted.

The extracted data were organised into structured tables to facilitate analysis:

Table 2.1: Summary of Participant and Meditation Details

Table 2.2: Types of Meditation Techniques Used

Table 2.3: Summary of EEG Preprocessing

Table 2.4: Summary of the Feature Extraction Methods Used

Table 2.5: Summary of the Performance of Pipelines and Classification Methods Used

This systematic data extraction allowed us to categorize the diverse methods into coherent

groups for detailed analysis.

The summarized results are further analysed in the following sections of the review:

"Meditation Study Characteristics and Preprocessing" — Discusses participant details,

meditation types, comparison group details, EEG preprocessing, and noise handling methods.

"Feature Extraction Techniques for Meditation EEG Assessment" — Reviews various
feature extraction methods used in meditation EEG research, categorized based on

computational approaches.

"Classification Techniques for Meditation EEG Assessment" — Explores machine
learning and other classification techniques applied to meditation EEG data, highlighting

pipeline performances.
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By structuring the extracted data within these sections, this review provides a comprehensive

analysis of computational methods used in meditation EEG research.

2.2.7. Data Synthesis and Analysis

After categorizing the extracted data, a structured synthesis was conducted to identify trends,
gaps, and key insights in the use of feature extraction and classification techniques for
meditation EEG assessment. This synthesis involved both qualitative and quantitative analyses,
comparing study methodologies, extracted features, classification techniques, and reported

outcomes.
Key findings were summarized through the following:

Table 2.6: Summary of Study Objectives, Key Findings, and Limitations — Provides a
high-level overview of the main research questions addressed, significant findings, and reported

limitations for studies that applied classification techniques.

Table 2.7: Summary of EEG Frequency Bands Used — Categorizes EEG frequency
bands analysed in meditation studies, highlighting those most frequently associated with

meditation.

The synthesized insights are further discussed in the "Conclusion" section under two subtopics:

"Recap of the Review’s Major Insights" — Summarizes patterns in feature extraction and

classification techniques across studies.

"Mapping Findings to Current and Future Meditation EEG Studies" — Connects the
review’s findings to broader trends in EEG-based neuroimaging and future research directions.
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By structuring the synthesis through these tables and discussions, the review presents a
comprehensive analysis of computational techniques in meditation EEG research, highlighting

both established methodologies and areas requiring further exploration.

2.2.8. Limitations of the Methodology

Finally, we acknowledge certain limitations in our review process. These include potential
publication bias, variations in EEG data collection and preprocessing methods, and
inconsistencies in the reporting of computational techniques. Additionally, the exclusion of non-

English studies might limit the comprehensiveness of our review.

Regarding EEG data collection, significant differences exist among studies due to variations in
devices, recording protocols, and participant-related factors. These include the types of
meditation techniques used, number of participants, experience levels, comparison groups, and
whether the study examined state and/or trait characteristics. Such differences inherently affect

the EEG data collected and subsequently influence the reported performance metrics.

Furthermore, differences in preprocessing methods significantly impact results. These include
the type of filtering methods applied, whether automated cleaning techniques were used, and
whether manual cleaning with visual inspection was performed. Variations in these approaches

can lead to inconsistencies in final outcomes.

Since our primary focus is on feature extraction and classification methods in EEG-based
meditation studies, the reported performance metrics and classification accuracies were
considered as given in the original studies. However, due to the substantial methodological
differences between studies, we were unable to directly compare classification accuracies

across studies. This remains the most significant limitation of our review.
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2.3 Meditation Study Characteristics and Preprocessing

2.3.1. Meditation Study Characteristics

When reviewing research articles on feature extraction and classification of meditation EEG
data, several dataset characteristics were found to substantially influence study outcomes. These
include the type of meditation technique employed, whether the study examined state or trait
effects, participant experience level (novice, intermediate, or expert), total sample size, and
whether intra-subject or inter-subject analyses were performed. Such design choices directly
affect EEG patterns, feature selection strategies, and reported classification performance.
Therefore, as part of this literature review, detailed information related to meditation protocols
and participant characteristics was systematically extracted from each article. Rather than
providing a generic overview, this analysis highlights how meditation type, participant
experience, and experimental design choices have been handled across prior studies, enabling

more informed methodological decisions when designing new experiments.

The summary of meditation and participant details collected from 164 research articles is shown
in Table 2.1 and Table 2.2. In Table 2.1, each line represents the details of a single research
article along with the reference to the article. The first piece of information included in Table
2.1, in the column labelled ‘Meditation Type,’ is the type of meditation technique used in each
of the studies. As mentioned in the introduction, there are many types of meditation techniques,
and a study in a research article may use one or several meditation techniques depending on the
study's requirements. It should be noted that meditation practices are inherently diverse, and
attempts to categorise them into a small number of discrete styles are often approximate. Many

techniques share common elements, and hybrid or overlapping practices are frequently
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observed in both traditional and contemporary meditation research. The next piece of
information collected is the state/trait characteristic of meditation used in each of the research
articles. As explained in the introduction, state/trait characteristics refer to short-term/long-term
changes occurring in participants practicing meditation. In feature extraction and classification,
we aim to identify different groups related to meditation studies. Here, in most cases, the
differences among these groups are related to the state/trait influence of meditation. Therefore,
the state/trait characteristic related to each article is included in Table 2.1, under the column

title ‘State/Trait’.

In meditation EEG data collection studies, the meditation experience of the participant is also
a significant factor that contributes to the results. Therefore, for each article, we identified the
participants' meditation experience level and included it in Table 2.1 under the column title
‘Experience Level’. When going through the articles, we identified three main groups of
participants based on meditation experience level, which can be labelled as novice (or control),
intermediate, and expert. Depending on the requirements of each study, we observed the use of
one or more experience levels. At the same time, the number of participants involved in each
study is also an important piece of information, and this is also included in Table 2.1 under the
column title ‘Total No of Participants’. Here, when a research article focuses on more than one
experience level, we noted the number of participants for each experience level used in the

study.

Another important point in this type of research is whether the study conducts intra-subject,
inter-subject, or both types of analyses. In intra-subject analysis, different instances of the same
person are compared, while in inter-subject analysis, certain characteristics are compared
among different participants. At the same time, a few instances were noticed where both
comparisons were conducted in the same research article. Therefore, for each article, this

information was also collected and included in Table 2.1 under the column title ‘Intra/Inter-
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Subject Analysis’. As the final information under Table 2.1, we have included the comparison
groups used in each of these studies under the column title ‘Comparison Groups’. This
information is included in Table 2.1 to explicitly document how prior studies structured their
comparison groups and analytical scope, allowing readers to identify dominant experimental

patterns and methodological gaps in the existing literature.

Table 2.2 summarizes the types of meditation techniques used in the 164 research articles we
studied, identifying 39 different techniques. Of these, 152 articles explicitly stated the
meditation techniques used, while the remaining 12 were excluded from this table. While many
papers demonstrate the use of a single meditation technique, a few articles collected EEG data
from participants practicing different meditation types, with a selected number of participants
for each. Here we can see that, among 152 research articles, 37 articles have used Mindfulness
Meditation in meditation EEG feature extraction and classification studies, which is 24.3%.
Next, we observed Focused Attention Meditation and Vipassana Meditation, both techniques
used in 14 research articles, which accounts for 9.2%. Out of the 39 meditation techniques used,
21 of them were used only once or twice among the 152 articles. In Table 2.2, the percentage
represents how often each meditation technique was used per 100 papers. Since some research

articles employed multiple techniques, the sum of the percentages exceeds 100.

2.3.2. Preprocessing

Preprocessing done in a well-planned manner is an important step in EEG pipeline development
that significantly affects the performance of the pipeline. Therefore, in the research articles
selected to study meditation EEG feature extraction and classification, certain characteristics

related to preprocessing were also studied. The results of this study provide a consolidated view
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of preprocessing practices used in meditation EEG research, revealing common design choices,
inconsistencies, and underreported steps that directly influence reproducibility and pipeline
performance. Under EEG preprocessing, the two main tasks are removing noise and artifacts
from the raw EEG data and making modifications to the raw EEG data, such as splitting and
filtering. This would result in a slightly modified EEG dataset that is much cleaner and easier
to handle in the subsequent steps of the pipeline. Table 2.3 provides a summarized set of details

on preprocessing related to the 164 research articles we reviewed.

In Table 2.3, the first piece of information for each article is the number of channels used in
each study. The number of channels used to collect the EEG data plays a significant role in a
study because the more electrodes used, the better the overall quality of the data collected.
When going through the selected articles, we can see that some studies analyse the entire EEG
dataset, while others break the EEG data into small segments called epochs, with analysis
conducted independently on each epoch. Additionally, some studies that use epochs go a step
further by using overlapping epochs. Overlapping epochs are used to minimize the effect of
signal loss at the splitting points between epochs. In this case, the lost data will be included in
the next adjacent epoch due to the overlapping. In Table 2.3, under the column 'Epoch Size
(Overlap)', we have included both the epoch size and overlap size for each research article that

used them in their studies.

Signal filtering methods are used to improve the quality and reduce the noise in EEG data. In
addition to commonly discussed physiological and environmental noise, EEG recordings may
also be affected by artefacts such as electrode—skin impedance variations, subject motion,
amplifier saturation, and digitisation noise. The idea is to remove data related to certain
frequency ranges that are not relevant to the study while retaining data from the frequency
ranges that are important. Filtering therefore represents one component of a broader set of

preprocessing strategies, which may be combined with other artefact-handling approaches
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depending on data quality and study objectives. Additionally, filtering can be used to remove
power line interference occurring at 50/60 Hz. If any filtering methods were applied in the
research articles we reviewed, they are listed in the column 'Signal Filtering Methods' in Table

2.3.

When considering noise and artifact removal from EEG, this can be done either by using
automated methods and algorithms or by observing the data graphically and manually
identifying and removing artifacts. While reviewing past research articles, we observed
instances where neither method was used, instances where one method was used, and instances
where both methods were employed. In Table 2.3, the column 'Automated Artifact Removal'
lists the methods used in a manuscript if automated cleaning was performed, while the column
'Manual Artifact Removal' indicates “Yes’ or ‘Not Mentioned’ to show whether manual cleaning

was conducted in each of the research articles.

2.4 Feature Extraction Techniques for Meditation EEG Assessment

2.4.1. Introduction of Feature Extraction Techniques

In the study of meditation EEG, feature extraction is a critical section where crucial information
1s extracted for research purposes. Given the broad scope of this topic, we have categorized
these features into ten groups for clarity. These categories are: Frequency Domain Analysis,
Time-Frequency and Spectral Entropy Methods, Amplitude Features, Dimensionality
Reduction and Decomposition, Phase and Synchrony Analysis, Entropy-Based Measures,
Connectivity and Coherence Measures, Spatial, Microstate, Network and Topological Features,

Statistical Features, and Advanced Modelling, Machine Learning, and Complex Features. In
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the following sections, we will demonstrate how these different groups of features have been
used efficiently in past literature to extract valuable information, while identifying various

feature types for each of these feature categories.

2.4.2. Frequency Domain Analysis

As the first category in meditation EEG feature extraction, we will examine “Frequency
Domain Analysis”. Here, the EEG signal is converted into the frequency domain from its
original time domain, allowing researchers to study the power distribution across different
frequencies. In brain signal analysis, this frequency spectrum is typically divided into distinct
bands: Delta (0.5-4 Hz), Theta (4-8 Hz), Alpha (8-13 Hz), Beta (13-30 Hz), and Gamma (>30
Hz). Changes in the power levels of these frequency bands are often associated with various

mental tasks.

When we review research conducted on EEG, we can observe that a significant amount of work
has used spectral analysis to understand oscillatory patterns in the participants. Meditation EEG
research also follows this trend, and we can clearly observe many instances where Spectral
Analysis [8, 35, 83-90] has been utilised in relevant research articles. Among the many methods
used under this, the Power Spectral Density (PSD) [23, 29, 33, 36, 37, 90-122] is one of the
most commonly used methods. The PSD represents the distribution of power across different
frequencies in the EEG signal. It works by breaking the signal into frequency bands and
quantifying the power (or energy) within each band. The power variations in these frequency
bands can then be used as features to compare different mental states or meditation tasks. The
Bartlett method [33] is an improved technique used to calculate the PSD of an EEG signal. It

divides the signal into smaller, non-overlapping segments, calculates the PSD for each segment,
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and then averages the resulting periodograms to obtain a smoother estimate with reduced

variance.

Among the methods used to calculate the PSD, the Fast Fourier Transform (FFT) [12, 39, 93,
102, 103, 109-111, 121, 123-142] is the most commonly used technique in EEG feature
extraction. FFT transforms EEG signals from the time domain into the frequency domain,
allowing us to observe the strength (power) of different frequencies. At the same time, the
Blackman-Harris window [33] is a tool that is used to enhance accuracy when extracting
frequency strengths from EEG data. It applies smooth edges to the signal, reducing spectral
leakage and errors when calculating the PSD using FFT. The Discrete Fourier Transform (DFT)
[143], on the other hand, is used less with meditation EEG due to its higher computational
complexity and lower memory efficiency. DFT provides the basic mathematical foundation of
Fourier Transform and can produce reliable PSD outputs when dealing with smaller datasets

without real-time requirements.

The Spectral Power Ratio (SPR) [92, 93, 105, 111, 137, 144-149] is a feature set derived from
the PSD that can be used in classifying various meditation-related mental tasks. The SPR
measures the power ratio between two frequency bands in EEG, and among the five bands
mentioned, any two can be selected for this calculation, such as the Alpha/Beta Ratio,
Theta/Beta Ratio, Delta/Theta Ratio, etc. Welch’s Modified Periodogram [25, 36, 84, 103, 108,
137, 150, 151] is an improved method of calculating the PSD. The basic idea is that the EEG
signal is segmented into small, often overlapping, windows, and a windowing function is
applied before computing the periodogram for each segment using a method such as FFT. Then,
the results of all windows are averaged to obtain a smooth and reliable PSD estimate, providing
a clean feature set for further studies. Compared to Bartlett’s method, Welch’s approach further
reduces variance while providing improved spectral smoothness through overlapping and
windowing.
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In some cases, specific sections of the PSD are used as features in meditation EEG analysis.
PSD is divided into five bands, and you may refer to the features by the name of the band when
you use a particular band’s information as features. Also, there are instances where information
from several bands is independently used in meditation EEG studies, and we can generally label
this as Band Power [12, 25, 35, 96, 116, 140, 144, 147, 148, 151-162]. Instances can be
observed where characteristics of individual frequency bands are used as features when
studying and classifying various meditation-related EEG data. These instances can be referred
to by the band names, and some recent research examples where the power of each band is used
are Delta [163], Theta [134, 163, 164], Alpha [14, 27, 38, 98, 102, 117, 120, 127, 131, 134, 137,

139, 163, 165-169], Beta [133, 134, 163], and Gamma [134, 163, 170].

In spectral analysis, it is sometimes valuable to identify the frequency with the highest power,
as this can help in understanding different mental states. In meditation EEG feature extraction
studies, a few instances have been observed where this peak frequency was used, with studies
employing methods such as the Frequency of the Main Peak [127, 165] and Instantaneous Peak

Frequency Calculation [145].

Along with EEG spectral feature extraction, we observed Hanning Windowing [39, 103] as a
helpful method for improving the quality of frequency-related features by reducing spectral
leakage. In the process of converting EEG data into the frequency domain, the data is segmented
into small-sized windows, which can create artificial frequencies at the edges of those windows,
known as spectral leakage. The Hanning window minimizes this problem by smoothly tapering
the edges of the window toward zero, thereby improving the accuracy of the obtained

frequencies.
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2.4.3. Time-Frequency and Spectral Entropy Methods

As the second category in meditation EEG feature extraction, we will examine “Time-
Frequency and Spectral Entropy Methods”. Both these techniques are used to study how brain
patterns change over time. Here, the Time-Frequency Distribution (TFD) shows how the power
of each frequency changes over time, while the Spectral Entropy, which is derived from the
Power Spectral Density (PSD), quantifies the signal randomness, allowing for the study of
dynamic brain states in EEG data. TFD enables the examination of how a mental task, such as
meditation, affects certain frequency bands over time and has been widely used in meditation
EEG research [23, 38, 104, 118, 164, 171-174]. For example, when the mind relaxes during
meditation, changes in the Alpha or Theta band powers may be observed, while an increase in
the Gamma band might be associated with tasks involving heightened cognitive processing or
problem-solving. Several methods are commonly used to obtain TFD in meditation EEG
research, including Short-Time Fourier Transform, Discrete Wavelet Transform, Wavelet

Transform, and Stockwell Transform.

The Short-Time Fourier Transform (STFT) [100, 118, 146, 175] is a method used to study how
the strength of frequencies in EEG data changes over time. STFT breaks the data into small
segments called windows (often overlapping) and applies the Fourier Transform on each
window to get a frequency spectrum. STFT is capable of analyzing transient brain activities,
such as those occurring during meditation, and supports Brain-Computer Interface (BCI)

applications that require real-time EEG processing.

The Discrete Wavelet Transform (DWT) [89, 107, 128, 130, 148, 156, 165, 176—181] is another
commonly used method for obtaining TFD patterns in meditation EEG data. DWT first breaks
the signal into two components using low and high-pass filters to extract approximation and
detail coefficients. These results are then downsampled to reduce the data size while retaining
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the essential features of the signal. This process is repeated for multiple levels of decomposition
until a clean time-frequency spectrum is obtained, especially for non-stationary signals like

EEG. DWT is effective in reducing noise in the signal while preserving the important features.

The Continuous Wavelet Transform (CWT) [182, 183] uses a continuous range of scales, unlike
the discrete set of scales used in DWT, when calculating the TFD for EEG. CWT provides a
highly detailed decomposition of the EEG data, offering more precise time-frequency
representations, although it has a higher computational cost than DWT. At the same time, we
observe that various modified versions of the Wavelet Transform have been used in extracting
features from meditation EEG data. Some examples include Stationary Wavelet Transform
[152], Flexible Analytic Wavelet Transform [184], Complex Morlet Wavelet Convolution [29],
Morlet Wavelet Transform [164], Morlet Wavelet Decomposition [185], Complex Continuous

Wavelet Coherence [183, 186], and Wavelet Coherence [187].

The Stockwell Transform [33, 91] is another method used to analyse EEG data in both time and
frequency simultaneously to obtain TFD. It combines features from the Fourier Transform and
the Wavelet Transform. The method uses a frequency-dependent Gaussian window that changes

in size, allowing it to capture high- and low-frequency activities very efficiently.

The Hilbert Transform [138, 188—190] closely aligns with time-frequency analysis techniques,
as it produces an analytic signal for an EEG, from which amplitude and phase features are
derived. The amplitude indicates how strong the signal is at a given time, while the phase shows
the location in the signal cycle. Although not a TFD method, combining the Hilbert Transform
with band-pass filters can isolate specific frequency bands, such as Alpha and Theta, which can
be used in further studies. The Hilbert-Huang Transform [188] is a powerful signal processing
method used to analyse nonlinear and non-stationary signals, such as EEG, consisting of two

steps. In the first step, Empirical Mode Decomposition is performed, breaking the EEG signal
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into simpler components called Intrinsic Mode Functions. In the second step, the Hilbert

Transform is applied to these Intrinsic Mode Functions to obtain the amplitude feature set.

The Spectral Entropy [191] is a feature extraction method applied to EEG data to quantify the
complexity and unpredictability of the power distribution across different frequency bands.
Spectral Entropy for an EEG dataset is calculated by first using Fourier or Wavelet Transform
to calculate the PSD, and then taking the Shannon Entropy of the normalised PSD, where
Spectral Entropy is a value ranging between 0 and 1. A high Spectral Entropy indicates that the
EEG signal is complex, and the brain is under stress or working hard. On the other hand, a low

Spectral Entropy indicates a relaxed mind, where the brain waves are smoother.

2.4.4. Amplitude Features

As the third category in meditation EEG feature extraction, we will examine “Amplitude
Features”. In the study of meditation EEG features, we can observe instances where Amplitude
[192], which is a fundamental characteristic of EEG, has been used. When we observe the EEG
signal in the time domain, amplitude represents the height of a wave signal, and when many
brain cells synchronize on a specific mental task, working together, the amplitude height
increases. Some simple but powerful statistical measures used as meditation EEG features are
Mean, Standard Deviation, Maximum and Minimum of Amplitude [147, 193—-195]. These
values have been successfully used in comparing the strength of brain waves during different

mental tasks, such as meditation and non-meditation.

The Amplitude of the Main Peak [127, 165] is a feature used in some meditation EEG studies.
Here, the height of the highest point in the EEG waveform is measured, which can be related

to a mental task. A higher peak may indicate increased brain activity at a given instance, and it
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is a simple and clear method to distinguish between two mental tasks at a basic level. On the
other hand, Persistent Amplitude [191] is a slightly more advanced feature where the
consistency of a signal's amplitude over time is measured. Persistent Amplitude checks if the
amplitude remains stable or fluctuates over time, and this helps identify if the brain activity is

stable or not, which is useful when studying brain behaviour under meditation.

In meditation EEG studies, amplitude-based features have revealed increased alpha-band
amplitude during focused-attention practices and modulation of frontal activity during
compassion-based meditation. These findings indicate that simple amplitude metrics can

capture meaningful neural differences between meditation and non-meditation states.

2.4.5. Dimensionality Reduction and Decomposition

As the fourth category in meditation EEG feature extraction, we will examine “Dimensionality
Reduction and Decomposition”. Decomposition refers to breaking down a signal into
components, while dimensionality reduction involves reducing the number of variables in a
dataset while retaining the most important information. These techniques are very useful for
extracting valuable information from EEG data, especially because EEG data is known to have
high dimensionality, particularly when the number of channels increases, and often contains a
lot of noise. Therefore, these methods allow the EEG data to be broken down into components,
extracting the most important information while removing unnecessary and noisy elements.
This enhances the capacity to understand various patterns in EEG data while reducing
computational complexity. It should be noted that several techniques discussed in this section,
such as PCA, CSP, and ICA, can serve different roles depending on how they are used in an

analysis pipeline; in this review they are treated as feature extraction methods, although in other
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contexts some of these techniques may also be used primarily for dimensionality reduction or

classification support.

The Principal Component Analysis (PCA) [34, 143, 156, 182, 196—199] is a statistical method
used to reduce the dimensions of complex EEG data. PCA transforms the given feature set into
a new set of uncorrelated variables, called principal components, which capture the most
variance in the data. The use of PCA increases the classification power of EEG data from
various mental tasks by removing features that are not useful, reducing noise, and allowing

focus on the most important features.

The Common Spatial Pattern (CSP) [200-202] is a method used to find patterns that can
separate two mental tasks by analyzing the spatial information from multiple electrodes to
identify the highest activity for each mental task. CSP computes a set of spatial filters,
projecting the EEG data into two groups based on the two mental tasks and maximizing the
variance between them. This allows dimensionality reduction by determining the number of top
components selected. PCA captures the maximum variance in the overall data distribution using
an unsupervised method, while CSP captures the biggest difference between the two mental

tasks using a supervised method with labelled data.

The Filter Bank Common Spatial Pattern (FBCSP) [201] is an advanced version of CSP that
applies multiple frequency filters to the EEG data before applying CSP. FBCSP allows focusing
on specific frequency bands, where more attention can be given to extracting features. FBCSP
is useful in studying complex mental tasks that involve clear distinctions across multiple
frequency bands, although it comes with higher computational complexity. The Common
Spatial Pattern with Tikhonov Regularization (TR-CSP) [203] improves the basic CSP by

enabling it to handle noise and small variations in EEG data more effectively. Tikhonov
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Regularization adds a penalty to large values in the covariance matrix inversion, helping to

reduce overfitting, especially when the number of trials is limited, or the signals are noisy.

In meditation EEG studies, Independent Component Analysis (ICA) [8, 23, 25, 29, 36, 84, 88,
95, 100, 106, 108, 121, 122, 125, 129, 163, 164, 196, 204-208] is a method used in
preprocessing and feature extraction. While PCA aims to maximize the variance, ICA focuses
on maximizing the statistical independence of the components. ICA separates mixed EEG
signals into their independent components. This isolates noise in the EEG data, such as eye
blinks, muscle movements, and electrical interference, allowing them to be removed easily.
After noise removal, the remaining components are related to various mental tasks, and based
on the needs of the experiment, the necessary components can be selected as features. After
selecting the components related to your study's mental tasks, you can either use them directly
or apply other feature extraction techniques to the selected components to get a set of cleaner,

mental task-specific features.

The ICA needs to run multiple iterations, and for large, complex EEG datasets, this can be
computationally expensive. The Fast Independent Component Analysis (f-ICA) [209] provides
a solution to this problem since it reduces the computational complexity by using a fixed
number of iterations. This allows it to converge quickly and speed up the computation, making

it ideal for real-time data processing, but it may have slightly lower accuracy than ICA.

On the other hand, Infomax ICA [129, 164], which is a variant of ICA, aims to increase the
information extracted from a signal by maximizing the statistical independence of components
extracted from EEG data. This method uses the Infomax principle, which is used for signal
separation, and the algorithm focuses on maximizing the information of the components to

increase their independence. Extended Infomax ICA [25] includes modifications to the basic
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Infomax ICA, allowing it to handle complex situations, such as nonlinearities, more accurately.

However, it comes with higher computational complexity and slower convergence

When analyzing EEG data, Empirical Mode Decomposition (EMD) [188] breaks down the
signal into simpler, meaningful components called Intrinsic Mode Functions [188]. The EMD
algorithm extracts components from the original EEG signal by identifying local maxima and
minima. The first component contains the highest frequency, and subsequent components
gradually contain lower frequencies, with each component having a varying amplitude. These
components can be used as features to differentiate various mental tasks. The Surface Laplacian
Transformation [208] focuses on extracting features from specific regions of the brain. It is a
spatial filtering method that aims to minimize the effects of distant sources while enhancing the

spatial resolution of the EEG signal by improving the representation of local activity.

2.4.6. Phase and Synchrony Analysis

As the fifth category in meditation EEG feature extraction, we will examine “Phase and
Synchrony Analysis”. In this review, phase-based synchrony and coupling methods are
discussed separately due to their prominence in meditation EEG studies, while coherence-based
connectivity measures and related approaches are covered in Section 2.4.8, and network-level
representations are discussed later in the chapter. These features are commonly associated with
vibration signals, such as EEG, where phase indicates the position of a wave at a given time,
and synchrony provides a comparative measurement between phase values for different
instances, such as channels, brain regions, and so on. A deeper understanding of this can be

obtained when comparisons of certain channels or regions are focused on specific frequency
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bands. Differences in values in these instances can be related to different mental tasks, such as

meditation and non-meditation.

The Phase-Locking Value (PLV) [23, 33, 175, 189, 198, 210] is used to measure how well the
phase of brain waves from two EEG channels is aligned over time. This value ranges between
0 and 1, where 0 means no phase synchronization and 1 means perfect phase synchronization.
It provides features of how different regions interact with each other during a particular mental

task, with varying PLV strengths for different mental tasks.

The Phase Coherence [154] also measures the coupling between the phase of various channels
or brain regions over time. Although this is closely related to PLV, both differ in the calculation
and sensitivity to noise, with PLV performing better in the presence of noise. Both PLV and
Phase Coherence quantify phase synchrony by averaging the complex exponential of the phase
difference; however, they mainly differ in the dimension over which the averaging is performed,
with PLV typically averaging across trials or epochs, whereas Phase Coherence averages over
time samples within a given window. On the other hand, Mean Phase Coherence [161] is
obtained as a feature by calculating the Phase Coherence over a period of time or across a
frequency band and then averaging the results. Operational Synchrony Measurement [14, 211]
is a general term covering various techniques, such as Phase Locking Value (PLV) and Phase
Coherence, used to evaluate the synchronization of EEG signals from different brain regions

during meditation.

Another variation of PLV that is used to extract meditation EEG features is the Phase Lag Index
(PLI) [198, 210, 212]. The PLI algorithm works specifically on non-zero-lag phase coupling,
allowing it to detect the most accurate neural interactions. Since PLI does not consider zero-

phase lag connections in the calculation, it is less sensitive to electromagnetic propagation
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artifacts, making it perform better in the presence of noise compared to the other methods

mentioned above.

At the same time, several other variations and extensions of PLV used to extract features in
meditation EEG have been observed in recent literature. The Phase Synchrony Index (PSI)
[132] offers more flexibility than PLV, as it can incorporate additional methods to measure
synchronization. This makes it more adaptable to changes in brain activity over time and
capable of working with different frequency ranges to capture more complex patterns. The
Inter-Channel Phase Synchronization (ICPS) [104] is a broader method used to assess the
synchronization between channels, while PSI provides a specific numerical value as a result.
ICPS is more general and less specific, whereas PSI gives a particular result. [CPS may include
PSI, PLV, and other methods as part of its broader approach. The Pairwise Phase Consistency
(PPC) [113, 167] is a more robust, reliable version of PLV. PPC can handle noisier and more

complex data while providing more accurate and stable results.

When doing meditation EEG-related research, although some studies focus generally on all
frequency bands, there are instances where the focus is on specific frequency bands. In one such
instance, Theta Phase Synchronization (TPS) [213] was performed, focusing on the Theta band
(4-8 Hz). Here, the synchronization of Theta oscillations between different brain regions was
analysed as a feature. At the same time, cross-frequency phase synchronization estimation [145]
has been used to compare the synchronization between different frequency bands to identify
the relationship between them, rather than examining synchronization within the same

frequency band across different channels.

The Phase-Amplitude Coupling (PAC) [138, 144] is a feature extraction method used in EEG,
where it measures the relationship between the phase of low-frequency bands (Delta or Theta)

and the amplitude of high-frequency bands (Alpha, Beta, or Gamma). The idea here is that there

39



is a relationship between different frequency bands, and for various mental tasks, PAC tries to
find this relationship by comparing the phase of one frequency band with the amplitude of

another frequency band.

In meditation EEG research, phase- and synchrony-based metrics have shown increased long-
range synchronization, particularly in the theta and alpha bands, during meditation practices.
Frontal-parietal phase locking has been linked to sustained attention, while increased theta
synchrony has been associated with affective processing. These findings indicate that phase-
based features reflect functional interactions between brain regions that may not be captured by

amplitude measures alone.

2.4.7. Entropy-Based Measures

As the sixth category in meditation EEG feature extraction, we will examine “Entropy-Based
Measures”. Entropy in EEG is used to check how complex the brain signal is over time. A low
entropy value means the brain signals have simple, repeated patterns, and this can happen with
arelaxed mind, such as during meditation or sleep. High entropy is observed when brain signals
are continuously changing without any repeated patterns. Such complex, unpredictable brain
patterns may occur in situations like stress or problem-solving. Shannon Entropy [156, 184,
214] 1s one of the simplest entropy methods used in meditation EEG. It measures the uncertainty
or randomness of a signal and is calculated using the probability distribution of the signal
amplitudes or spectral components. Although this method is simple to calculate and use, due to

its high sensitivity to noise, thorough cleaning is required during the preprocessing stage.

Relative Entropy [149] measures the difference between two probability distributions, and in

EEG studies, it can be used to compare two different mental tasks. This method is helpful in
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detecting shifts in amplitude or frequency distributions but is sensitive to noise. Renyi Entropy
[156] is a generalization of Shannon Entropy and has an adjustable parameter that allows
control over the distribution characteristics, thus giving more freedom in EEG analysis for
different brain states. Log Energy Entropy [184] specializes in measuring the logarithmic
energy distribution of a signal, which can be specifically used in the Power Spectral Density
(PSD) of EEG data. It can detect artifacts and is less sensitive to minor noise, but although it
can identify the overall energy pattern, it may have challenges in identifying minor temporal or

spatial variations in the EEG signal.

Although Shannon Entropy is used for discrete data, Differential Entropy [148], which is an
extension of Shannon Entropy, can handle EEG data with continuous amplitude distributions.
Differential Entropy has a certain computational challenge, especially for high-dimensional or
noisy data, since it requires an estimation of the probability density function of the signal.
Therefore, its accuracy depends on a smooth probability distribution that is not affected by
noise. While Differential Entropy focuses on the overall unpredictability of the signal's
distribution, Approximate Entropy [147, 148, 214, 215] quantifies the regularity or complexity
of signal patterns over time and is used to measure the unpredictability or irregularity in EEG
signals during different mental states. Approximate Entropy has low computational complexity,
supports non-stationary signals, and can identify irregularities or noise in the signal. However,
it may not perform well with short EEG data because its performance improves with longer

time series to accurately assess regularity or complexity

Sample Entropy [37, 147, 148, 153, 162, 193, 214] is observed as one of the most frequently
used entropy measures for EEG feature extraction in classifying various meditation-related
mental tasks. It is an improved version of Approximate Entropy, and it can handle short EEG
signals relatively well and produce fewer false positive results; however, it requires careful

selection of parameters to avoid incorrect results. Fuzzy Entropy [216, 217] is a powerful
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method that combines fuzzy logic with the entropy concept and is considered an improvement
over both Approximate Entropy and Sample Entropy. Unlike strict classification into one of
two categories, Fuzzy Entropy allows for a degree of membership. This flexibility enables it to
effectively handle noisy, complex, and uncertain data, supporting both short and long-duration

datasets. However, it has the drawback of relatively high computational complexity.

Other than the entropy methods mentioned above, several additional variations have also been
used in meditation EEG feature extraction studies. These include Permutation Entropy [119,
148, 218], Sure Entropy [184], Threshold Entropy [184], Persistent Entropy [191], and Directed
Phase Transfer Entropy [198]. Past studies show that entropy-based methods make a significant
contribution to meditation EEG feature extraction, as they can quantify the complexity,
irregularity, and unpredictability of brain signals. Their capability to analyse both short and long

EEG recordings makes them valuable tools for understanding meditation-related mental states.

2.4.8. Connectivity and Coherence Measures

As the seventh category in meditation EEG feature extraction, we will examine “Connectivity
and Coherence Measures”. Here, connectivity indicates the interaction between brain regions,
and coherence measures the correlation between signal oscillations at a given frequency. In
EEG feature extraction, Coherence [37, 97, 109, 110, 115, 120, 141, 168, 192, 198, 210, 219]
has been used to measure the functional connectivity between two signals or brain regions. It
helps to understand the frequency-specific connectivity between EEG signals, measuring the
degree to which two signals are linearly related in the frequency domain and aids in identifying
synchronized brain activity. Coherence ranges between 0 and 1, where a value of 1 indicates

strong synchronization between the signals, and a value of 0 indicates little to no relationship.
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Coherence can be calculated for the entire frequency range or for specific frequency bands. It
measures only linear relationships, and thus may miss nonlinear relationships in brain signals.
Volume conduction effects may cause overlapping signals that are detected by multiple

electrodes, and this can sometimes produce false connections in coherence.

The Magnitude-Squared Coherence (MSC) [142, 151] is an extension of the standard coherence
method. Coherence calculates the correlation between two signals, but MSC squares the
magnitude of the coherence, emphasizing the strength of the relationship between the two
signals. While coherence indicates how much two signals are linearly related, MSC provides a
more robust measure of the strength of that relationship. However, MSC shares the same
limitations as coherence, primarily detecting linear relationships and missing any non-linear

connections, and it also faces volume conduction effects.

The Imaginary Coherence [126, 205, 210], which is an extension of coherence, aims to address
the issue of volume conduction in EEG signals. Standard coherence cannot distinguish between
true functional connectivity and artificial connections caused by overlapping signals. Imaginary
Coherence focuses on the imaginary part of the coherence, which represents the consistent non-
zero phase lag between two signals. This phase lag plays a key role because neural interactions
involve a time delay, thus providing a better way to reduce false connections caused by

overlapping signals.

The Partial Directed Coherence (PDC) [220] is an advanced extension of coherence. When
coherence shows only the degree of linear correlation between two signals, PDC enhances this
by providing the directionality of interaction. This indicates which signal influences the other,
and PDC applies Granger causality principles in the frequency domain to identify this

relationship. In addition to identifying frequency-related relationships, PDC can distinguish if
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one brain region influences and activates another region, providing a more detailed view of the

brain network compared to standard coherence methods.

The Directed Transfer Function (DTF) [220, 221] works on the concept of Granger causality,
which checks whether the activity in one brain region can predict the activity in another region.
It identifies the direction of information flow between regions. Additionally, in a multichannel
EEG dataset, DTF can be used to study how signals influence each other. Since DTF works in
the frequency domain, these studies can be conducted on each frequency band separately. This

method provides valuable features for analyzing meditation EEG data.

The Minimum Variance Distortionless Response (MVDR) Coherence [221] improves the
accuracy of standard coherence by addressing the limitations caused by noise and overlapping
signals. It uses a spatial filtering approach to reduce noise and interference from other brain
regions, ensuring that the targeted pair remains more independent from those disturbances.
MVDR Coherence reduces the impact of volume conduction and is particularly effective with

complex EEG datasets containing a significant amount of noise.

2.4.9. Spatial, Microstate, Network and Topological Features

As the eighth category in meditation EEG feature extraction, we will examine “Spatial,
Microstate, Network and Topological Features.” A graph is a mathematical representation of a
network with nodes and edges. In EEG studies, brain regions or channels are represented as
nodes, and the connections between them are represented as edges. After mapping the EEG data
onto a graph structure, graph-theoretic measures can be calculated on the modelled graph,
providing features of the EEG data that can be mapped to different mental tasks, such as

meditation and non-meditation.
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In EEG feature extraction, Topographic Maps [8, 101, 179, 187, 206, 220, 222] are used to
generate 2D maps that display the electrical activity across the scalp. Each point on this map
represents an electrode placed on the scalp, and based on the colour of the point, we can observe
the strength of the signal recorded at that location. When studying how meditation affects a
person, we can observe how the colour patterns in the map change over time to understand the

changes in the person’s mental states.

On the other hand, Current Source Density (CSD) Transformation [98, 104, 126, 157] focuses
on the signals coming from specific points on the scalp. This is done by reducing the effects of
electrical activity from nearby sources, and this method can be used to focus our attention on
specific regions of the brain and also to study how different brain regions interact during various
mental tasks. CSD transformation, when focusing on one electrode, will subtract the signals
measured from neighboring electrodes. It highlights areas of high brain activity while

minimizing effects from less active signals.

LORETA (Low-Resolution Electromagnetic Tomography) [88, 157, 158, 160, 192, 223] is a
powerful technique used to map 3D plots of brain activity from EEG data. When signals are
collected from electrodes, each electrode produces a signal that contains the combined electrical
activity from multiple locations in the brain. The signal will have a strong influence from the
electrical activity at the location where the electrode is placed on the scalp, but it will also be
affected by the electrical activity from adjacent locations on the scalp. LORETA is capable of
removing the influences of nearby signals and providing a 3D plot to represent the electrical
activity corresponding to each electrode location. LORETA is highly useful when studying
brain behaviour during meditation, as it can clearly display the regions of the brain active during
a specific mental task. LORETA allows us to observe any shifts in activity from one brain region

to another, which can occur as a person progresses through a mental task such as meditation.
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Graph Theoretical Measures [224] are an EEG feature extraction method that follows the
concept of graph theory, where different regions of the brain are represented as nodes and the
relationships between these brain regions are represented as edges. This type of mapping allows
us to understand how different regions of the brain communicate or interact with each other. In
this case, measurements may include the number of connections, the strength of connections,

and the centrality in the network.

In EEG feature extraction, Microstate Analysis [186, 206, 225] is a method used to detect short,
stable patterns of brain activity. These patterns are called microstates, and they can be
considered the basic building blocks of brain activity, representing different mental states. To
understand how mental states change over time in a person, the duration, frequency, and
transitions between these microstates can be studied using the collected EEG data. These results

are useful for understanding the mind of a person while meditating.

Persistent Homology Features [191] are another way of observing the shape and structure of
brain signal patterns in meditation EEG data. These patterns are analysed to understand the
duration and significance of each pattern in the whole signal, allowing us to gain insight into
different meditative states. When studying various graphical representations of meditation EEG
features, we come across Betti Areas and the Peak Location of Betti Curves [191] as well. A
mathematical method called Topological Data Analysis is used to extract these features. Betti
Areas represent the regions or space covered by these patterns, and the Peak Location of Betti

Curves identifies the point where these patterns are the most significant.
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2.4.10. Statistical Features

As the ninth category in meditation EEG feature extraction, we will examine “Statistical
Features”. When considering feature extraction from EEG data, statistical methods play a
significant role. While some of these methods are advanced and complex, basic statistical
measures are also commonly and effectively used in meditation EEG research. Since these basic
methods are widely known, the details are not included here, and only the research articles that
use them are mentioned. The most commonly used basic statistical methods for extracting
features from meditation EEG data are Mean [85, 147, 148, 152, 174, 176, 184, 193—195, 215,
224], Maximum and Minimum [147, 176, 184, 193—-195], Standard Deviation [85, 112, 147,
148, 152, 176, 184, 193-195, 215], Variance [37, 112, 152, 156, 170, 176, 202, 215],
Interquartile Range (IQR) [152], and Root Mean Square [148, 170, 177, 184, 193, 215]. The
above-mentioned methods have been observed in extracting amplitude-based, frequency-based,

and time-domain features in meditation EEG studies.

Zero Crossing [148, 176] is a basic time-domain statistical method used to extract features from
EEG data. Here, zero amplitude is considered as the baseline, and it counts how many times the
signal crosses the baseline for the selected data. A lower number of crossings indicates a lower-
frequency component, while a higher number indicates a higher-frequency component.
Although this method is simple to compute, it is very sensitive to noise, as noise can easily shift
the signal, leading to more frequent crossings of the baseline. On the other hand, the Zero-
Crossing Rate [152, 193] is a variation of Zero Crossing that calculates the rate at which zero
crossings occur, thus providing better insight into the signal's frequency. Higher Order Crossing
[165] is an advanced variation of the above two, and it counts the number of passes through the

baseline under specific conditions. The specific conditions may include using multiple
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crossings within a single cycle or counting the crossings within a specified time period, etc.,

thus allowing the detection of more complex oscillatory patterns.

In meditation EEG feature extraction, Skewness [147, 184, 193, 215] quantifies the asymmetry
of the amplitude distribution of the signal. The value can have positive or negative skewness,
depending on whether there are more larger amplitudes or smaller amplitudes. Although
skewness has been used to distinguish various meditation mental tasks, the presence of outliers
in the dataset can create challenges. Kurtosis [147, 152, 156, 176, 184, 193, 215] is another
statistical method that can be used to assess the shape of the distribution of the EEG signal
amplitudes. It quantifies the "tailedness" of the signal's distribution, indicating how much the
signal differs from a normal Gaussian distribution. While both skewness and kurtosis measure
how the signal amplitude differs from a normal distribution, skewness specifically checks the
asymmetry of the data distribution, focusing on how the bulk of the data behaves, while kurtosis
specifically checks the peakedness and tail heaviness of the distribution, focusing on how deep

the tails are.

Logarithmic Transformation [133, 135] is a feature extraction method that is applied by using
a logarithmic function on an EEG signal. The aim of this is to compress the range of the signal
to reduce the effect of extreme values while highlighting smaller changes, thus increasing
sensitivity to them. This is applied to the amplitude distribution of the signal, and this
transformation supports performing further statistical and machine learning methods. This
method has the challenge of losing some information from the signal, which may or may not
be important for a study. Logarithmic Energy [184] is an extension of Logarithmic
Transformation that focuses on compressing the EEG signal power while increasing
computational complexity. Logarithmic Energy is more resistant to noise and outliers and
provides more information related to brain activity tasks compared to Logarithmic

Transformation.

48



Hjorth Parameters [148, 151, 184, 215] are three statistical measures extracted as features from
EEG data and labelled as activity, mobility, and complexity. Activity measures the overall
power of the signal, while mobility focuses on the frequency of the signal by examining the
rate of change in the signal's amplitude. Complexity is calculated using both activity and
mobility and indicates the level of deviation from a simple sine wave, showing the degree of

complexity of the EEG signal.

Event-Related Potentials (ERPs) [84, 132, 167, 171-173, 182, 206, 207, 213, 226] are time-
domain, stimulus-locked averages of EEG signals rather than statistical features themselves;
however, statistical descriptors such as peak amplitude, latency, and related measures are
commonly extracted from ERP waveforms and used as features for analysis and classification.
ERPs are measured electrical brain responses that are triggered by specific events or stimuli.
Although these are directly related to EEG studies in sensory, cognitive, or motor events, we
can observe instances where ERPs have been used in research related to meditation. In
meditation research, studies are conducted to examine both state and trait changes resulting
from the practice of meditation. State changes refer to temporary alterations in mental or neural
activity, which can be assessed by comparing EEG data between meditative and non-meditative
conditions. In contrast, trait changes are long-term, enduring effects that develop through
sustained meditation practice over time. In studies investigating trait changes, event-related
potentials (ERPs) are sometimes used as a key analytical tool. The idea here is to select two
groups of people, where one group consists of experts in meditation with a lot of practice. All
participants will receive the same set of triggers, such as visual, vocal, or a command to perform
a task. Then, ERP performance can be checked in both groups, allowing us to understand trait

changes resulting from long-term meditation practice.

Global Field Power (GFP) [225, 227] is an EEG feature extraction method used to calculate the

overall strength of the electrical activity of the entire brain at a given time. GFP is calculated
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by taking the root mean square of the EEG signals across all electrodes at a selected timepoint,
which provides a measure of the overall signal intensity across the scalp. A higher GFP value
indicates greater synchronization of brain activity across regions, while a lower GFP value
indicates more scattered or less synchronized activity. By observing the change in GFP values

over time, changes in different mental states or levels of meditation experience can be inferred.

Decorrelation Time [215] is a method that measures the time it takes for an EEG signal to lose
its correlation with itself over time. Here, an autocorrelation function is applied to the EEG
signal to analyse how the signal changes over time, and the time at which this autocorrelation
falls below a certain threshold is identified as Decorrelation Time. This can be useful for
examining how the electrical activity of the brain changes between non-meditative and

meditative states.

2.4.11. Advanced Modelling, Machine Learning, and Complex Features

As the tenth category in meditation EEG feature extraction, we will examine “Advanced
Modelling, Machine Learning and Complex Features.” Here, we focus on methods that employ
sophisticated mathematical and computational techniques to capture nonlinear and complex
patterns and relationships in meditation EEG data. Autoregressive Modelling [24, 220] is an
advanced feature extraction method that has been used in multiple instances of meditation EEG
studies. This method assumes that the signal at a given time can be predicted using
characteristics of previous sections of the signal. The model calculates coefficients that
represent the relationships between past and present sections of the signal. These coefficients
indicate the level of influence past signals have on the current section, and the coefficient values

can be used as features in various studies.
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In the Template Matching Procedure [29], EEG signals are compared with predefined patterns
or templates. These templates may represent known brain patterns or mental tasks, and the aim
is to check the level of similarity between the signal instance and one of these templates. This
is achieved by dividing the EEG signal into small sections and checking how well each segment
matches a template. The degree of similarity can be measured using metrics like correlation. In
meditation EEG studies, if templates representing certain states of meditation are available, this
method can be used to check the extent to which each instance of the meditation EEG data

corresponds to these states.

The Highly Comparative Time-Series Analysis (HCTSA) [34] is an advanced method used to
extract a large number of statistical and mathematical features from a time-series dataset, such
as EEG. The extensive feature set, which may include hundreds or thousands of features,
obtained from this method can be used to understand the differences between various
meditation mental tasks. Among these features, HCTSA helps identify the most relevant
features for distinguishing different mental states, making it useful for comparing meditative

and non-meditative states.

As a machine learning algorithm, Linear Discriminant Analysis (LDA) has been used with EEG
analysis primarily for EEG classification, but it has also been applied to tasks related to feature
extraction in certain instances. In meditation EEG, LDA [196, 202] has been applied for
dimensionality reduction and the enhancement of features obtained from various other methods.
When extracting features from EEG data, many methods produce a large number of features
due to the high number of electrodes and time points in EEG, creating challenges for tasks such
as classification. LDA, as a dimensionality reduction method, can be significantly useful as it
helps reduce the number of features while retaining the most prominent ones relevant to the
targeted study. Thus, it improves the efficiency of algorithms designed to classify EEG data

based on different mental tasks.
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Artificial Neural Network (ANN) is an advanced machine learning method widely used for
feature extraction and classification in datasets with complex nonlinear patterns. ANN [201,
202, 222, 228, 229], modelled after the structure and functionality of biological neural
networks, has been applied in feature extraction from meditation EEG data. Depending on the
task and expected performance, either raw EEG data or preprocessed data is used. An ANN
typically consists of an input layer, an output layer, and a varying number of hidden layers,
depending on the task. The neurons in the hidden layers are interconnected with adjustable
weights, and these layers perform complex, nonlinear transformations of the input data to
capture intricate patterns. Among the challenges of using ANNs are high computational

complexity and the need for a significant amount of data to prevent overfitting.

Fractal Dimension (FD) [119, 148, 215, 230] is a method that quantifies the complexity and
self-similarity of an EEG signal. FD uses mathematical tools such as the box-counting method,
Higuchi’s method, or Katz’s method to capture the complexity of EEG signals associated with
different mental tasks. FD has the capacity to capture nonlinear features efficiently; however, it

faces challenges such as sensitivity to noise and high computational complexity.

The Hurst Exponent [152, 153] quantifies the degree of persistence or anti-persistence in time
series data, such as EEG, indicating whether the signal continues in the same direction over
time. The Hurst Exponent value ranges from 0 to 1. A value of 0.5 indicates a random walk (no
persistence or anti-persistence), a value greater than 0.5 indicates persistence, and a value less

than 0.5 indicates anti-persistence.

Detrended Fluctuation Analysis (DFA) [99, 105, 230] produces a similar output to the Hurst
Exponent, staying within the range of 0 to 1. However, they differ in their methodologies for

calculating these results. While the Hurst Exponent is typically computed using the statistical
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properties of the range and variance of the EEG data, DFA involves detrending the signal by

removing trends at different scales before analyzing the fluctuations.

2.4.12. Summary of Feature Extraction Techniques

When going through past research articles on meditation EEG, we came across 163 relevant
documents showing the use of feature extraction techniques to extract information. Since EEG
feature extraction is a broad topic, we divided it down into ten sub-areas based on their
characteristics. The selected ten subtopics are as follows: Frequency Domain Analysis, Time-
Frequency and Spectral Entropy Methods, Amplitude Features, Dimensionality Reduction and
Decomposition, Phase and Synchrony Analysis, Entropy-Based Measures, Connectivity and
Coherence Measures, Spatial, Microstate, Network and Topological Features, Statistical
Features, and Advanced Modelling, Machine Learning, and Complex Features. Various feature
extraction methods identified in each of the studied papers were categorized under the most

suitable subtopic among the ten we identified.

When we consider a single manuscript, it may use various types of feature extraction methods
that yield the best results for the study conducted. Therefore, although we broke the feature
extraction methods into 10 subtopics, a selected research paper may have a set of features that
can be mapped into several of the 10 subtopics. This means for each research paper, we may
identify a combination of the 10 topics being used for each study, such as one topic, two topics,
three topics, etc. A summary of this was prepared for the 163 research articles, and it is given
in Table 2.4. In this table, the column labelled 'Feature Extraction Methods Used' contains all
the basic feature extraction methods used in each of the research articles. Then, each of these

basic features was mapped to one of the ten topics. In Table 2.4, the column titles ‘1°, ‘2°, ‘3°,
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‘4’0567, 7, 8, ‘97, and ‘10’ represent each of the 10 feature extraction subtopics in the
order given above. Since each line in Table 2.4 represents a research article, each time a feature
extraction method that falls into one of the above ten topics is identified, it is indicated with a
‘v’ in the corresponding column of the table. Table 2.4 gives a full summary of the 163 research
articles where we extracted the feature extraction methods, and this will be highly valuable in

getting an idea of how past research has been done on this topic.

2.5 Classification Techniques for Meditation EEG Assessment

2.5.1. Introduction of Classification Techniques

A review of the literature on classification techniques for meditation EEG revealed notable
variation among studies. The main methods identified were Support Vector Machines (SVM),
k-Nearest Neighbors (k-NN), Decision Trees and Random Forests, Linear Discriminant
Analysis (LDA), and Artificial Neural Networks (ANNs). Some studies employed only one of
these methods, while others applied two, three, or more. To better analyze their usage, the
papers were grouped into three categories: those using one, two, or three or more classification

methods.

Studies using a single classification method were further divided into five subgroups
corresponding to the techniques listed above. Due to their complexity, no further categorization
was applied to papers using two or more methods. As the focus was strictly on predictive
classification algorithms, studies relying solely on statistical group separation or hypothesis-
testing techniques (e.g., t-tests or ANOVA), which do not train models to classify unseen data,

were excluded.
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2.5.2. One Classification Method

As discussed earlier, studies on meditation EEG have employed several classification
algorithms. Some used a single algorithm, while others applied multiple methods. This section
focuses on studies that used only one classification algorithm, organized into five parts
corresponding to the main techniques identified: Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), Decision Trees and Random Forests, Linear Discriminant Analysis (LDA),

and Artificial Neural Networks (ANNs).

Support Vector Machines (SVM)

Support Vector Machine (SVM) is a supervised machine learning algorithm commonly used
for classification. It identifies an optimal hyperplane that best separates data points into distinct
classes. SVM performs effectively in high-dimensional spaces, making it well suited for EEG

data, which are complex and feature-rich.

Ahani [33] used SVM to classify mindfulness meditation versus control conditions in novice
meditators using combined EEG and respiration features, achieving an accuracy of 85%.
Similarly, Bailey [34] classified expert meditators and non-meditators using time-series and
frequency-band power features, attaining 67% accuracy. This study highlighted the importance
of incorporating time-series features with SVM in meditation EEG analysis. Harne [152]
employed SVM to classify EEG data recorded before and after OM mantra meditation. Among
five frequency bands, the delta band achieved the highest accuracy (70.13%), suggesting a post-
meditation brain state similar to deep sleep. This work was among the first to apply SVM for

OM mantra EEG classification.
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In another study [150] involving a participant with autism spectrum disorder, a Radial Basis
Function (RBF) SVM classified pre- and post-mindfulness meditation EEG with an average
accuracy of 80.76%, indicating positive effects of brief mindfulness practice on individuals
with ASD. Han [218] applied two- and three-class SVM classifiers to distinguish meditation,
attention, and relaxation states in expert and non-meditator EEG data. In pairwise comparisons,
experts achieved 86.76%, 86.99%, and 80.59% accuracy, while non-meditators achieved
82.18%, 76.80%, and 67.87%. For three-class classification, accuracies were 74.31% (experts)
and 62.16% (non-meditators), demonstrating superior performance in expert meditators using

permutation entropy features.

Pandey [210] employed SVM to classify three meditation techniques, each compared with a
control group. The highest accuracies were 84.76% (Gamma) for Himalayan Yoga, 90%
(Alpha) for Isha Shoonya, and 84.76% (Theta) for Vipassana, representing the best-performing
frequency ranges. Similarly, Gupta [191] combined EEG topological features with SVM to
classify two meditation types, achieving up to 95% accuracy using Hodge spectral entropy,

highlighting the value of topological data analysis in meditation research.

Ingle [196] used SVM to classify Vipassana meditation versus non-meditation EEG from
novice meditators after four weeks of training. Three pipelines were tested using Principal
Component Analysis (PCA), Independent Component Analysis (ICA), and Linear Discriminant
Analysis (LDA) before SVM classification. ICA + SVM and PCA + SVM each reached 93%
accuracy, while LDA + SVM achieved the highest at 95%. The study underscored SVM’s
effectiveness for meditation EEG analysis and emphasized careful kernel parameter selection

to prevent overfitting and underfitting.
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k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm is another method used in meditation EEG
classification. This section focuses on studies employing only this algorithm. In k-NN, a new
data point is classified by identifying its k nearest neighbors based on feature similarity and

assigning it the most common class label.

Jadhav [151] examined how meditation enhances emotional balance. EEG data for four
emotions were collected before and after eight weeks of meditation training. Two-, three-, and
four-class classifications were performed using k-NN, and post-training accuracies were

significantly lower than pre-training, indicating improved emotional control after meditation.

Purnamasari [123] used k-NN to develop a real-time application for detecting stress levels
during meditation. Features from Delta, Theta, Alpha, Beta, and Gamma bands were used,
showing increased accuracy as more bands were included. The highest accuracy (80%) was
achieved with k = 3. Similarly, Korde [209] built a BCI pipeline combining Independent
Component Analysis (ICA) for feature extraction with k-NN for classification of mindfulness
meditation and non-meditation EEG data, achieving 86.36% accuracy. Meditators showed more

stable brain states than non-meditators.

Decision Trees and Random Forests

Tree-based classification algorithms—such as Decision Trees, Random Forests, Bagged Trees,
and Boosted Trees—are also used in meditation EEG studies. These methods employ a

hierarchical structure where data are recursively split based on feature characteristics, with each
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node representing a decision and each leaf a predicted outcome. Random Forests, in particular,

combine multiple Decision Trees to improve accuracy and reduce overfitting.

Dadhich [184] used several tree-based algorithms, including Fine, Medium, Coarse, Boosted,
and Bagged Trees, to classify meditation EEG for detecting mind wandering. The Bagged Tree
Classifier achieved the highest accuracy of 92.41% in the alpha band, with novice meditators
exhibiting greater mind wandering than experts. Pandey [230] applied Random Forest to
distinguish EEG data before and after an eight-week Mindfulness-Based Stress Reduction
(MBSR) program. Using Detrended Fluctuation Analysis (DFA), Higuchi Fractal Dimension
(FD), and Katz FD for feature extraction, the best accuracy (70%) was achieved with Higuchi

FD in frontal alpha bands, where right-frontal alpha waves had the greatest influence.

Huang [92] employed Random Forest to classify sitting and walking meditation EEG data using
original power, power ratio, and nonlinear dynamics features. The highest accuracy (84.17%)
was achieved when combining all three feature types. The study also noted challenges in
collecting clean data during walking meditation due to motion artifacts and device limitations.
Tan [144] used Random Forest to classify Focused Attention Meditation and problem-solving
EEG data. Subject-specific classifiers achieved an average accuracy of 93%, while a general
classifier trained on pooled data achieved 74%, emphasizing the need for personalized training
in meditation EEG classification. The study also highlighted the potential of such models for

individualized meditation-support tools.

Edla [194] used a Random Forest classifier in a BCI pipeline to distinguish meditation from
concentration (mental arithmetic) EEG data, achieving 75% accuracy. The model was
successfully adapted to control a simple external device, demonstrating the potential for mind-
state-driven home automation, though the author noted challenges in real-world

implementation.
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Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a supervised machine learning algorithm widely used
for classification and dimensionality reduction. As discussed earlier under feature extraction,
LDA finds a linear combination of features that best separates data classes by maximizing the
ratio of between-class to within-class variance, assuming a shared covariance matrix. It has

been effectively applied to meditation EEG data classification.

Wang [188] applied Fisher Linear Discriminant Analysis with Hilbert-Huang Transform
features to classify relaxation meditation and tension imagination EEG, achieving ~90%
accuracy. The study also linked relaxation to Alpha activity and tension to Beta activity.
Panachakel [203] performed intra- and inter-subject classification of Rajayoga meditation
versus resting EEG using Tikhonov-regularized CSP and LDA, obtaining 97.9% and 74.0%
accuracy, respectively. The lower inter-subject performance was attributed to participant
variability and limited session data. High-frequency (Gamma) bands were found to be more

discriminative than lower frequencies.

Liyanagedera [200] combined Common Spatial Patterns (CSP) with LDA to classify four mind
tasks related to Loving-Kindness Meditation (LKM): pre-rest, LKM-self, LKM-others, and
post-rest. Six pairwise intra-subject comparisons were performed using single- and multi-
session EEG. For meditation vs. pre-rest, accuracies of 99.5% (single session) and 83.6%
(multi-session) were achieved. Results showed that pre-rest EEG differed slightly from other
tasks and that EEG from repeated sessions shared common characteristics. The study
emphasized the value of multi-session EEG analysis and highlighted the potential of training

classifiers on previous meditation/rest data pairs to improve generalization.
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Artificial Neural Networks (ANNS)

Artificial Neural Networks (ANNs) are increasingly used for EEG analysis, particularly with
large datasets exhibiting complex nonlinear patterns. Inspired by the structure of biological
neurons, ANNs typically comprise input, hidden, and output layers. They are trained using
known data, where weights are iteratively adjusted through forward and backward propagation.

Once trained, the model classifies new data effectively.

Several studies have demonstrated the use of ANNs for meditation EEG classification. Munjal
[204] applied a Convolutional Neural Network (CNN) to Shoonya meditation versus non-
meditation EEG, testing models with and without Independent Component Analysis (ICA).
Average accuracy improved from 70.16% (without ICA) to 99.50% (with ICA), underscoring

the value of CNNs and EEG preprocessing for meditation studies.

Sharma [176] used a Multi-Layer Perceptron Neural Network (MLPNN) to classify EEG data
from meditators and non-meditators before and after a three-month Yoga and Sudarshan Kriya
training. Using statistical EEG features, accuracies of 87.2% (with 87.1% sensitivity and 87.4%

specificity) were achieved, indicating positive neural effects of meditation training.

Panachakel [202] employed a deep learning model combining Common Spatial Patterns (CSP)
for feature extraction, Linear Discriminant Analysis (LDA) for dimensionality reduction, and a
Long Short-Term Memory (LSTM) network for classification of Rajayoga meditation EEG.
Accuracies across frequency bands were Alpha — 79.1%, Beta — 86.5%, lower Gamma — 91.0%,
and upper Gamma — 94.1%, marking a 15% improvement over prior work [203] and illustrating

the strength of deep learning for meditation EEG classification.

Kaur [222] showed that Shallow Convolutional Neural Networks (SCNNs) effectively

differentiate novice and experienced Himalayan Yoga meditators. Using 1D- and 2D-SCNN
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models on 2s, 5s, and 10s segments, accuracies reached 2D-SCNN: 95.42-96.14% and 1D-

SCNN: 99.45-99.48%, with 1D-SCNN outperforming 2D-SCNN.

Kora [128] investigated brain activation during Transcendental Meditation, Raja Yoga, and
Mindfulness meditation using four deep neural network models. Over twelve weeks, EEG data
collected across four sessions yielded accuracies of 99.4% (VGG-16), 98.8% (VGG-19), 97%
(ResNet-18), and 95.2% (GoogleNet). The study also linked meditation to increased Alpha and
decreased Delta power, confirming deep learning’s capacity to capture EEG meditation

dynamics.

Stapleton [95] explored the effect of a brief meditation session on novice meditators. Using a
Riemannian geometry—based classifier, similar in approach to neural networks, pre- and post-
meditation EEG were classified with 97% accuracy. Power spectral analysis showed increases
in Theta (29%), Alpha (16%), Beta (17%), and Gamma (11%) with a 5% decrease in Delta,

demonstrating measurable short-term effects of meditation.

This section reviewed studies employing a single classification algorithm with meditation EEG,
highlighting the versatility and high performance of ANN-based approaches. The following
section examines research integrating multiple classification algorithms in meditation EEG

analysis.

2.5.3. Two Classification Methods

In this section, we review studies that employed two types of classification algorithms for
meditation EEG analysis. Kaur [193] successfully used Support Vector Machine (SVM) and
Random Forest (RF) to classify EEG data from two mind tasks—meditation and mind

wandering. Four groups were tested: three with varying meditation experience and one novice
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group. For the two mind tasks, SVM achieved accuracies of 94.92% (Himalayan Yoga
Tradition), 96.29% (Vipassana), 93.70% (Isha Shoonya Yoga), and 96.48% (Control), while RF
performed slightly better with 96.86%, 96.70%, 94.06%, and 94.62%, respectively. The study
found that mind wandering produced more complex brain signals, while meditation showed
less complexity and higher power levels. The author emphasized the potential of EEG-based

meditation classification for developing EEG-guided meditation tools.

Shang [201] combined traditional and deep learning methods to study the effects of
mindfulness-based stress reduction (MBSR) on novice meditators. EEG data were collected
before and after an eight-week training program (MBSR1/REST1 and MBSR2/REST?2). Four
pipelines were tested: CSP + SVM, FBCSP + SVM, Shallow CNN, and Deep CNN. Mix-
subject classification accuracies (Shallow, Deep, CSP, FBCSP) were as follows:
MBSRI1/REST1 (98.33%, 99.59%, 72.01%, 73.92%), MBSR2/REST2 (92.53%, 99.70%,
92.56%, 73.23%), MBSR1/MBSR?2 (99.81%, 99.95%, 71.67%, 91.16%), and REST1/REST2
(99.88%, 99.78%, 93.98%, 95.13%). Deep learning achieved the highest accuracies, while
inter-subject results were lower, indicating a need for further research on improving

generalization.

Lee [127] used Artificial Neural Networks (ANN) and SVM to classify Tibetan Nyingmapa
meditation EEG data. ANN accuracies ranged from 80% to 99%, peaking at 99.05%, while
SVM started at 30% and reached 100% after optimization. The Alpha band was the key feature
in both models, though the author noted the importance of testing across other meditation

techniques for broader validation.

Liu [229] compared Feed-Forward Neural Networks (FFNN) and Convolutional Neural
Networks (CNN) with traditional classifiers for mindfulness and non-meditation EEG data.

Accuracies for meditation were: traditional 62.44%, CNN 63.19%, and FFNN 65.64%; for non-
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meditation: traditional 60.57%, CNN 61.34%, and FFNN 63.25%. Deep learning outperformed
traditional methods, with FFNN slightly surpassing CNN. The study noted that using only three

EEG channels may have limited performance.

Karaiskou [148] addressed inter-subject variability using Riemannian Space Data Alignment
(RSDA) to improve classification of breathing meditation and non-meditation EEG data.
Support Vector Machine with Radial Basis Function Kernel (SVM-RBF) and EEGNet were
used. Best accuracies obtained were: SVM-RBF 55.1%, SVM-RBF with RSDA 66.9%,
EEGNet 57.4%, and EEGNet with RSDA 72.6%. RSDA improved both classifiers,
demonstrating its potential for handling inter-subject differences in meditation EEG

classification.

2.5.4. Three or More Classification Methods

Recent studies have explored the use of multiple classification algorithms in meditation EEG
analysis. Tibdewal [37] trained novice meditators for one month, collecting EEG data before
and after training. Artificial Neural Network (ANN), k-Nearest Neighbors (KNN), and Support
Vector Machine (SVM) were used, with accuracies of 72.5%, 82.5%, and 85.0%, respectively.
SVM performed best, showing clear post-training improvements in brain patterns. However,
the study was limited by its short duration and the absence of participants with varied meditation

experience.

Devipriya [165] classified EEG data from novice, intermediate, and expert breathing meditators
using ANN, SVM, and Fuzzy Kernel Least Square SVM (FKLSSVM), achieving accuracies of
91.25%, 93.93%, and 96.28%, respectively. Alpha power characteristics were key to the

successful classifications. Lu [197] compared breathing meditation and mind-wandering EEG
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for novice meditators using Linear Discriminant Analysis (72%), Naive Bayes (68%), SVM
(75%), and KNN (76%), noting the best results with Alpha and Theta wave features.
Rajalakshmi [147] studied yoga, meditation, and combined yoga-meditation EEG data using
Linear SVM (91.67%), KNN (88.89%), and Multilayer Perceptron (89.58%). L-SVM
performed best, and the author emphasized the need for broader participant groups and new

features to improve generalization.

Singh [153] compared Himalayan Yoga (HT) and Hare Krishna mantra meditation (HKT) with
control EEG using Support Vector Machine (SVM), Deep Neural Networks (DNN), and
Random Forest (RF). The mean accuracies obtained were as follows: for HT vs. control, Band
Power (BP) ranged from 91.1% to 100%, Sample Entropy (SE) from 67.4% to 72.3%, and
Hurst Exponent (HE) from 67.0% to 72.0%; for HKT vs. control, BP reached 100%, SE ranged
from 76.2% to 81.2%, and HE from 75.3% to 77.6%. All algorithms were effective, with BP
features yielding the highest accuracies. Cruz [100] used five algorithms—Multilayer
Perceptron, SVM, Logistic Regression, Decision Forest, and Naive Bayes—to classify pre- and
post-meditation EEG. Accuracies dropped slightly after meditation (e.g., MLP: 74% — 69%)),

while Alpha power increased, indicating post-meditation calmness.

Baboo [198] compared expert and novice meditators and also healthy individuals vs.
Parkinson’s patients using SVM, Deep CNN, and Recurrent Neural Networks (RNN).
Accuracies for meditators were 61%, 59%, and 56%; for patients, 52.17%, 60%, and 56%. k-
Means and Graph Neural Networks performed poorly under study conditions. Pandey [101]
proposed a lightweight CNN for classifying EEG from expert, novice, and control groups. It
achieved 94.57% accuracy, close to deep models such as VGG16 (97.27%), ResNet50
(91.01%), MobileNet (90.75%), and MobileNetV2 (88.73%), while using fewer resources—

making it suitable for real-time meditation support applications.
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Chaudhary [155] classified EEG data for meditation and mind wandering using KNN (77.7%),
Random Forest (68.6%), Quadratic Discriminant Analysis (73.8%), and Neural Network
(73.83%). Average accuracy exceeded 70%, confirming distinct EEG patterns between
meditation and mind wandering. Pandey [215] aimed to detect distractions such as mind
wandering and sleepiness in novice meditators. EEG data were classified using ten algorithms,
including AdaBoost, Decision Tree, Random Forest, and SVM variants. The Decision Tree
achieved 77.1% for meditation vs. mind wandering, and Random Forest 85.8% for meditation

vs. sleepiness, showing EEG’s ability to detect these distractions.

2.5.5. Summary of Classification Techniques

When looking at past research articles on meditation EEG, we found 40 relevant documents
showing the use of classification techniques to separate the data, and a summary of this is given
in Table 2.5. One important factor in these papers is the performance and classification
accuracies related to those studies, and therefore, in Table 2.5, in the column ‘Performance of

Pipelines’, this is noted for each of these 40 papers.

While observing the papers, we noticed that five main classification types were used: Support
Vector Machines (SVM), k-Nearest Neighbors (k-NN), Decision Trees and Random Forests,
Linear Discriminant Analysis (LDA), and Artificial Neural Networks (ANNSs). In Table 2.5, the
column titles ‘1°, ‘2°, ‘3°, ‘4’, and ‘5’ represent each of the five classification methods in the
order given above. Therefore, whenever a research article uses one of the above classification
types, it is indicated with a ‘v’ in the corresponding column in Table 2.5. When going through
the 40 articles, we noticed the use of various combinations of these five classification types in

each paper, and a full summary of this can be observed in Table 2.5.
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As shown in Table 2.5, we observed that Support Vector Machines and Artificial Neural
Networks were the most commonly used classification methods. Out of the 40 papers, 22 used
Support Vector Machines, which accounts for 55.0%, and Artificial Neural Networks were used
19 times, making up 47.5%. At the same time, Decision Trees and Random Forests, k-Nearest
Neighbors, and Linear Discriminant Analysis were used 11, 8, and 7 times, respectively, which

account for 27.5%, 20.0%, and 17.5%, respectively.

Across the reviewed studies, the strongest performance was most often reported when
classifiers were paired with feature sets that capture both spectral and nonlinear characteristics
of EEG, particularly when sufficient preprocessing and artifact handling were applied. Support
Vector Machines and neural-network-based models were frequently selected due to their
capacity to handle high-dimensional feature spaces; however, reported accuracies were highly
dependent on study design and validation strategy. A repeated limitation across the
classification literature is the lack of consistent evaluation protocols, where many studies rely
on small sample sizes, single-session designs, or within-subject testing, making direct
comparison of reported accuracies unreliable. Inter-subject and cross-session evaluation
remains underexplored in meditation EEG classification, and only a small number of studies
explicitly address generalization across participants, recording days, or meditation expertise
levels. These gaps highlight the need for larger datasets, standardized validation (including
cross-session and subject-independent testing), and clearer reporting of preprocessing and

partitioning strategies when developing meditation EEG classification pipelines.
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2.6 Conclusion

2.6.1. Recap of the Review’s Major Insights

This review conducted a comprehensive computational analysis of recent meditation EEG
studies, focusing on feature extraction and classification techniques. As the first review of its
kind, it provides a broad summary of existing research, offering valuable guidance for future
EEG-based meditation studies. Among 164 selected articles, 163 addressed feature extraction

and 40 covered classification techniques, highlighting a clear imbalance between the two areas.

Although the main focus was on feature extraction and classification, several secondary factors
were also reviewed for their influence on outcomes. Participant and meditation details were
identified as key variables and summarized in Tables 2.1 and 2.2. Preprocessing methods varied
notably across studies, underscoring their importance in EEG-based BCI pipelines; these

methods are summarized in Table 2.3.

Feature extraction approaches showed considerable diversity, leading to their classification into
ten categories: Frequency Domain Analysis, Time-Frequency and Spectral Entropy Methods,
Amplitude Features, Dimensionality Reduction and Decomposition, Phase and Synchrony
Analysis, Entropy-Based Measures, Connectivity and Coherence Measures, Spatial,
Microstate, Network and Topological Features, Statistical Features, and Advanced Modeling,

Machine Learning, and Complex Features (Table 2.4).

Of the 164 studies, 40 employed classification algorithms that fell into five primary groups:
Support Vector Machines, k-Nearest Neighbors, Decision Trees and Random Forests, Linear

Discriminant Analysis, and Artificial Neural Networks. Various combinations of these methods,
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along with their pipeline performances, are summarized in Table 2.5. Table 2.6 provides one-

row summaries of these articles, outlining objectives, key findings, and limitations.

EEG frequency bands—Delta (0.5—4 Hz), Theta (4-8 Hz), Alpha (8—13 Hz), Beta (13-30 Hz),
and Gamma (>30 Hz)—were commonly analyzed. Some studies focused on specific bands,
while others used the full EEG spectrum to observe differences in band-specific activity. In both
cases, bands showing stronger associations with meditation outcomes were identified and
summarized in Table 2.7. Studies that analyzed all bands without distinct differences were

marked with a ‘v’ across all columns.

This study reviewed 164 recent research articles related to feature extraction and classification
methods used in meditation EEG. In this work, we presented valuable information on feature
extraction, classification, study objectives, key findings, limitations, preprocessing and
cleaning, meditation and EEG frequency details, and participant characteristics extracted from
these research articles. This is the first time meditation EEG research articles have been

analysed in such depth, making a significant and novel contribution to scientific research.

2.6.2. Mapping Findings to Current and Future Meditation EEG Studies

The biggest challenge encountered in this review, when examining past and present EEG
meditation feature extraction and classification studies, was the inability to compare procedures
and performance due to significant methodological differences. As a future direction, it is
essential for meditation EEG researchers to develop standardized protocols and guidelines.
Establishing a common framework would support more consistent research practices and

facilitate meaningful comparisons of outcomes across studies.
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In reviewing past research on EEG meditation, it is evident that in most cases, EEG data were
collected independently by researchers. Unfortunately, much of this data is not publicly shared,
which continues to hinder the progress of meditation EEG research. We therefore emphasize
the importance of submitting collected EEG meditation data to public repositories. This would
enable individuals with diverse expertise to access and analyse the data, leading to further

advancements, replication studies, and improved cross-study comparisons in the field.

Furthermore, we observed that visual inspection and manual cleaning have been widely used in
EEG cleaning and preprocessing in past research. Although the use of automated algorithms for
EEG data cleaning has increased in recent years, manual methods remain prevalent in many
studies. This highlights the need for continued advancements in the development of algorithms
that can support EEG data cleaning. Such developments should aim to replicate the expertise
involved in manual inspection, enabling reliable and consistent data processing. The application
of these automated algorithms in future research will help establish a common foundation for

EEG preprocessing in meditation studies.

When looking at the EEG frequency bands, our study shows that Alpha, Theta, and Beta bands
are the most commonly used in meditation research, with Alpha being the most frequently
analysed. This suggests that meditation may be primarily associated with these three bands, or
that further research is needed to explore the potential roles of Delta and Gamma bands in
meditation. The literature also highlights the importance of applying signal filtering methods
and segmenting EEG data into epochs when conducting EEG-based meditation studies. Among
the 39 meditation techniques examined in the selected studies, Mindfulness Meditation
appeared most frequently, which may suggest that this method is particularly well-suited to
EEG-based meditation research. Regarding the ‘State’ and ‘Trait’ changes influenced by

meditation, a significant portion of the research focused on ‘State’ changes, with relatively
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fewer studies addressing ‘Trait’ changes. This may indicate that studying ‘Trait’ changes is more

challenging than investigating ‘State’ changes using EEG data.

We categorized meditation EEG feature extraction studies into ten sub-groups and observed
that a significant proportion of research relied on frequency domain features (62.0%), while
other methods were used at much lower rates. This dominance can be attributed to the long-
standing use of frequency domain features in meditation research, whereas most of the other
methods are relatively recent developments in the field of meditation EEG. This highlights
numerous opportunities for future studies to explore these alternative techniques for feature

extraction and analysis.

In meditation EEG classification, Support Vector Machines (SVMs) were the most commonly
used algorithm (55.0%), followed by Artificial Neural Networks (ANNs) (47.5%). A key factor
contributing to the rise in ANN usage is the growing application of machine learning in
computational neuroscience, which has led to increased classification accuracy in recent years.
However, to facilitate meaningful comparisons across meditation EEG classification studies, it

is essential to establish a common foundation.

Therefore, our final conclusion is that researchers conducting meditation EEG studies should
develop and adhere to standardized protocols for data collection, cleaning, and processing. Such
practices would enable more consistent comparisons, support data sharing, and ultimately

accelerate progress in the field.
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Table 2.1 Summary of Participant and Meditation Details

No Refer | Meditation Type State/ | Experience Total | Intra/Inter | Comparison Groups
ence Trait | Level No of | -Subject
Partici | Analysis
pants
1 [33] | Mindfulness State | Novice 34 Inter- Meditation group,
Meditation Subject Control group
2 [91] | Mindfulness State | Novice 34 Intra- Meditation group,
Meditation Subject/ Control group
Inter-
Subject
3 [34] Mindfulness Trait | Novice (46), 95 Inter- Experienced Meditators,
Meditation Expert (49) Subject Non-Meditators
4 [152] | OM Mantra State | Novice 23 Inter- Before OM Mantra
Meditation Subject Meditation, After OM
Mantra Meditation.
5 [150] | Mindfulness State | Novice 35 Intra- Pre-MF, Post-MF,
Meditation Subject TaskRest1, TaskRest2.
6 [218] | Yoga Meditation | State | Novice (20), 40 Inter- Advanced yoga
Expert (20) Subject meditators, Non-
meditators.
7 [210] | Himalayan Yoga | State | Control group | 64 Inter- Control Group,
Meditation\ Isha and 3 Expert Subject Himalayan Yoga Group,
Shoonya meditation Isha Shoonya Group,
Meditation\ groups (16 Vipassana Group.
Vipassana each)
Meditation
8 [191] | Autobiographical | State | Novice (30 90 Inter- Autobiographical Self-
Self-Reflection each) Subject Reflection Group,
Meditation\ Mantra-Based Meditation
Mantra Group, Control Group
Meditation
9 [151] | Focused State | Novice 11 Intra- Pre-meditation state,
Attention Subject Post-meditation state
Meditation
10 [123] | Not Mentioned State | Not 10 Inter- Patterns for different
Mentioned Subject number of brain waves
compared with each other
11 [209] | Mindfulness State | Novice (11), 22 Inter- Mindfulness meditation
Meditation Expert (11) Subject group, Non-meditation
group.
12 [227] | Kriya Yoga State | Expert 23 Intra- Different stages/time in
Meditation Subject meditation
13 [184] | Himalayan Yoga | State | Novice (12), | 24 Inter- Expert Meditators,
Meditation Expert (12) Subject Novice Meditators
14 [230] | Mindfulness State | Novice 36 Inter- Before training
Meditation Subject meditation, After training
meditation (8 Week)
15 [92] | Sitting State | Novice 20 Inter- Sitting Meditation,
Meditation\ Subject Walking Meditation.
Walking
Meditation
16 [93] | Sitting State | Novice 20 Inter- Sitting Around, Sitting
Meditation\ Subject Meditation, Strolling,
Walking Walking Meditation.
Meditation
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17 [144] | Focused State | Novice (12), 14 Intra- Focused Attention
Attention Expert (2) Subject/ Meditation, Problem-
Meditation Inter- Solving Task.
Subject
18 [83] | Open Monitoring | State | Novice (25), | 50 Inter- Experienced Subjects,
Meditation Expert (25) Subject Inexperienced Subjects
for meditation state and
the background state
19 [188] | Concentrative State | Not 15 Inter- Meditation, Tension-
Meditation Mentioned Subject imagination
20 [171] | Yoga Meditation | Trait | Expert (13), 28 Inter- Long-term meditators,
Control (15) Subject Novice control
participants
21 [203] | Rajayoga State | Expert 54 Intra- Meditative state, Resting
Meditation Subject/ state
Inter-
Subject
22 [94] | Mindfulness State | Novice (42), 76 Inter- Mindfulness-based stress
Meditation Control (34) Subject reduction group, Waitlist
control group
23 [200] | Loving Kindness | State | Expert 32 Intra- Pre-Resting, LKM-Self,
Meditation Subject LKM-Others, Post-
Resting
24 [228] | Mindfulness State | Novice, 8 Inter- Experts and Novices:
Meditation Expert Subject Meditation and Mind
Wandering
25 [204] | Isha Shoonya State | Expert (20), 51 Inter- Isha Shoonya meditators,
Meditation Control (31) Subject Control subjects.
26 [176] | Yoga Meditation\ | State | Novice (25), 50 Inter- Meditation Group,
Kriya Yoga Control (25) Subject Control Group: Before
Meditation and after training
27 [95] | Open Monitoring | State | Novice 223 Inter- Pre-Meditation, Post-
Meditation Subject Meditation
28 [96] Concentrative State | Novice (9), 23 Intra- Concentrative meditation,
Meditation\ Intermediate Subject/ Analytical meditation,
Analytical (6), Expert Inter- Beginners, Intermediate
Meditation ®) Subject meditators, Advanced
meditators
29 [37] | Not Mentioned State | Novice 25 Inter- Before and After
Subject meditation training
30 [214] | Chan Meditation | State | Novice, Not Inter- Experienced Meditators,
Expert Menti | Subject Noivce Meditators:
oned Meditating State, Idle
State, Talking State
31 [193] | Himalayan Yoga | State | Expert (63), 94 Inter- Himalayan Yoga
Meditation\ Isha Control (31) Subject practitioners, Isha
Shoonya Shoonya Yoga
Meditation\ practitioners, Vipassana
Vipassana meditation practitioners,
Meditation Control subjects.
32 [182] | Mindfulness State | Novice 70 Intra- Mindfulness-Based
Meditation Subject Cognitive Therapy group,
Cognitive Therapy group
33 [97] Combination of State | Expert 35 Inter- Theravada practitioners,
several Subject Vajrayana practitioners:
techniques various combinations
34 [196] | Vipassana State | Novice 50 Inter- Meditation State,
Meditation Subject Controlled (Normal)

State: Before and after 4-
week training
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35 [125] | Focused State | Novice (12), 24 Inter- Experimental
Attention Control (12) Subject neurofeedback group,
Meditation Control group
36 [98] | Focused State\ | Expert 60 Intra- Active training
Attention Trait Subject/ participants, Waitlist
Meditation Inter- control participants
Subject
37 [126] | Focused State | Expert 22 Intra- Rest Condition, Focused
Attention Subject/ Attention Meditation,
Meditation\ Open Inter- Open Monitoring
Monitoring Subject Meditation, Loving
Meditation \ Kindness Meditation
Loving Kindness
Meditation
38 [201] | Mindfulness State | Novice 11 Intra- Early Stage vs. Late
Meditation Subject/ Stage\ Resting State vs.
Inter- Mindfulness Meditation
Subject State
39 [127] | Tibetan State | Novice (10), | 30 Inter- Novice Group,
Nyingmapa Intermediate Subject Intermediate Group,
Meditation (10), Expert Expert Group
(10)
40 [165] | Breathing State | Novice, 30 Inter- Novice Group,
Meditation Intermediate, Subject Intermediate Group,
Expert Expert Group
41 [177] | Kriya Yoga State | Novice (15), 25 Inter- Experimental meditation
Meditation Control (10) Subject group, Control group
42 [202] | Rajayoga State | Expert 54 Inter- Meditative state, Non-
Meditation Subject meditative state
43 [229] | Mindfulness State | Novice (32), 60 Inter- Meditation-trained group,
Meditation Control (28) Subject Control group
44 [222] | Himalayan Yoga | State\ | Novice (12), 24 Inter- Expert Meditators,
Meditation Trait | Expert (12) Subject Novice Meditators
45 [29] | Vipassana Trait | Expert (16), 35 Inter- Experienced meditator
Meditation\ Novice Subject group, Control group
Mindfulness Control (19)
Meditation
46 [194] | Not Mentioned State | Not 40 Inter- Concentration,
Mentioned Subject Meditation
47 [197] | Breathing State | Novice 25 Intra- Breath focus, Mind
Meditation Subject wandering
48 [128] | Transcendental State | Expert 52 Inter- Transcendental
Meditation\ Subject Meditation, RajaYoga
Rajayoga Meditation, Mindfulness
Meditation\ Meditation: Before and
Mindfulness After
Meditation
49 [147] | Yoga Meditation | State | Expert 30 Inter- Yoga, Meditation,
Subject Combined Yoga—
Meditation
50 [99] | Focused State\ | Novice (21), 49 Intra- Meditation Practitioners,
Attention Trait | Expert (28) Subject/ Novice Controls
Meditation Inter-
Subject
51 [189] | Himalayan Yoga | Trait | Intermediate | 24 Intra- Expert meditators,
Meditation (12), Expert Subject/ Intermediate meditators
(12) Inter-
Subject
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52 [122] | Mindfulness State | Novice 70 Inter- Mindfulness Training
Meditation Subject Group, Waiting List
Group
53 [153] | Himalayan Yoga State | Expert 32 Inter- Mantra Meditation,
Meditation\ Subject Himalayan Yoga, Control
Mantra Group
Meditation
54 [100] | Dharana State | Not 15 Inter- Pre-meditation, Post-
Meditation Mentioned Subject meditation
55 [198] | Himalayan Yoga State | Novice (12), 55 Intra- Expert Meditators,
Meditation Expert (12), Subject/ Novice Meditators,
Control (16), Inter- Healthy Controls,
Parkinson Subject Parkinson's Disease
(15) Patients: multiple
sessions
56 [154] | Mantra State | Novice (10), 20 Intra- Expert meditators,
Meditation Expert (10) Subject/ Novice meditators: Three
Inter- sessions
Subject
57 [148] | Breathing State | Novice (29), | 58 Inter- Novice Meditators,
Meditation Expert (29) Subject Expert Meditators
58 [101] | Himalayan Yoga | State | Novice (12), | 36 Inter- Expert Meditators, Non-
Meditation Expert (12), Subject Expert Meditators,
Control (12) Control Subjects
59 [155] | Shamatha State | Expert 28 Inter- Compares different
Meditation\ Zen Subject meditation types and
Meditation styles
60 [215] | Breathing State | Expert (29), 58 Inter- Novice Meditators
Meditation Control (29) Subject (Controls), Experienced
Meditators
61 [174] | Himalayan Yoga | State | Expert 64 Intra- Control Group,
Meditation\ Isha (16*3), Subject/ Himalayan Yoga
Shoonya Control (16) Inter- Meditation, Isha Shoonya
Meditation\ Subject Meditation, Vipassana
Vipassana Meditation: Meditation
Meditation and Instructed mind-
wandering
62 [149] | Himalayan Yoga | State\ | Novice (12), | 24 Inter- Expert meditators, Non-
Meditation Trait | Expert (12) Subject expert meditators.
63 [156] | Kriya Yoga State | Intermediate | 33 Inter- Kriya Yoga Meditators,
Meditation to expert (23), Subject Non-Meditators (Control
Control (10) Group)
64 [178] | Theta Healing State | Intermediate | 20 Intra- During meditation, Post-
Meditation Subject meditation state
65 [186] | Calm Meditation\ | Trait | Novice (7), 14 Intra- Experienced meditators,
Insight Expert (7) Subject Novice (inexperienced)
Meditation meditators
66 [163] | Body Scan Trait | Intermediate 12 Inter- Advanced Practitioners,
Meditation\ (6), Expert Subject Intermediate
Mantra 6) Practitioners: 2
Meditation meditation types, non-
meditation
67 [183] | Calm Meditation\ | Trait | Expert (7), 14 Inter- Expert, Control: multiple
Insight Control (7) Subject meditation and non-
Meditation meditation sessions
68 [224] | Body Scan State | Novice 45 Inter- Body Scan Training
Meditation Subject group, Relaxation

training control group:
Before and after training
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69 [220] | Kriya Yoga State | Expert 23 Intra- Experienced meditators
Meditation Subject/
Inter-
Subject
70 [179] | Kriya Yoga State | Novice (10), 33 Inter- Meditators, Non-
Meditation Expert (23) Subject meditators.
71 [157] | Thoughtless State | Expert 29 Inter- Four different sessions
Emptiness Subject
Meditation
72 [84] | Open Monitoring | State | Novice (15), 31 Intra- Expert meditation
Meditation \ Expert (16) Subject/ practitioners, Novice
Focused Inter- practitioners
Attention Subject
Meditation
73 [25] | Focused State | Expert 32 Intra- Meditation, Mind-
Attention Subject/ Wandering: two different
Meditation Inter- settings
Subject
74 [164] | Mindfulness State\ | Novice (20), 40 Intra- Mindfulness meditation
Meditation Trait | Control (20) Subject group, Waitlist control
group: Before and after
Training
75 [102] | Thoughtless State | Novice to 50 Inter- Novice, Intremediate,
Emptiness Expert Subject Expert groups were
Meditation aranged
76 [129] | Himalayan Yoga | State\ | Expert (20, 99 Inter- Vipassana Group,
Meditation\ Isha | Trait | 27, 20), Subject Himalayan Yoga Group,
Shoonya Control (32) Isha Shoonya Group,
Meditation\ Control Group:
Vipassana Meditation and Mind-
Meditation wandering
77 [121] | Vipassana State | Expert 16 Intra- Meditation, Control task
Meditation Subject
78 [103] | OM Mantra State | Novice 23 Intra- Before OM mantra
Meditation Subject meditation, After OM
mantra meditation
79 [23] | Vipassana State | Expert 16 Intra- Meditation state, Control
Meditation Subject state (instructed mind-
wandering)
80 [170] | Effortless State | Novice (16), | 32 Inter- Novice meditators,
Awareness Expert (16) Subject Experienced meditators:
Meditation multiple different
sessions
81 [85] | Inner Wisdom State | Novice 6 Intra- Data collected for
Meditation Subject mutiple sessions/tasks
82 [130] | Not Mentioned State | Novice (20), 40 Inter- Regular meditators, Non-
Expert (20) Subject meditators
83 [86] | Transcendental State | Novice (6), 12 Inter- Advanced Meditation
Meditation Expert (6) Subject Practitioners, Control
Group
84 [166] | Preksha State | Novice (29), 55 Inter- Preksha Meditation
Meditation Control (26) Subject Group, Control Group:
multiple session data
85 [131] | Body Scan State | Novice 43 Inter- Meditation Group,
Meditation Subject Relaxation Training
Group: multiple sessions
86 [169] | OM Mantra State | Novice 20 Intra- Before meditation, After
Meditation Subject meditation
87 [104] | Mindfulness Trait | Expert (22), 45 Inter- Long-term meditators,
Meditation Control (23) Subject Matched controls
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88 [205] | Mindfulness State\ | Novice (14), 29 Inter- Meditation Group,
Meditation\ Trait | Control (15) Subject Control Group: Before
Walking and after training
Meditation
89 [195] | Theta Healing State | Not 9 Intra- Meditation, Post-
Meditation Mentioned Subject meditation
90 [172] | Vipassana Trait | Expert (31), 61 Inter- Experienced meditators,
Meditation Control (30) Subject Control group
91 [145] | Qigong State | Expert 43 Intra- Meditation, Rest,
Meditation\ Yoga Subject/ Arithmetic task
Meditation Inter-
Subject
92 [120] | Transcendental State\ | Novice (38), 79 Inter- Transcendental
Meditation Trait | Control (41) Subject Meditation programme,
Wait-list control group:
Beginning and End
93 [219] | Transcendental State | Expert 37 Intra- Listening to Vedic
Meditation Subject Recitation,
Transcendental
Meditation
94 [105] | Not Mentioned State | Not 27 Intra- Before training, After
Mentioned Subject training
95 [106] | Rajayoga State | Expert (21), 42 Inter- Long-term meditators,
Meditation Control (21) Subject Control group: In two
sessions
96 [223] | Transcendental State | Novice to 87 Inter- Different task sessions
Meditation Expert Subject including Meditation
97 [107] | Kriya Yoga State | Novice (15), | 25 Inter- Meditation group,
Meditation Control (10) Subject Control group: before
and after training: rest
and active
98 [158] | Breathing State | Novice (10), | 20 Intra- Test Subjects, Normal
Meditation\ Body Control (10) Subject/ controls: beginning and
Scan Meditation Inter- end of training
Subject
99 [159] | Focused State | Novice 43 Intra- Meditation and non-
Attention Subject meditation: different
Meditation\ Body sesions
Scan Meditation
100 | [14] | Kriya Yoga Trait | Novice (10), 15 Inter- Experienced Meditators,
Meditation\ High- Expert (5) Subject Novice Participants:
Vibration different sessions
Meditation\ Zen
Meditation\
Mindfulness
Meditation\
Qigong
Meditation
101 | [132] | Focused State | Novice (21), 44 Inter- Meditation Group,
Attention Control (23) Subject Control Group: multiple
Meditation different sessions
102 | [213] | Mindfulness Trait | Expert (22), 44 Inter- Experienced Meditators,
Meditation Control (22) Subject Healthy Control
Participants
103 | [206] | Mindfulness Trait | Expert (34), 62 Inter- Experienced Meditators,
Meditation Control (28) Subject Control Participants
104 | [192] | Transcendental State | Expert 26 Inter- Multiple different
Meditation Subject sessions
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105 | [124] | Transcendental State\ | Novice (9), 12 Intra- Intermediate group,
Meditation Trait | Intermediate Subject/ Novice group: Multiple
3) Inter- different sessions
Subject
106 | [133] | Open Monitoring | Trait | Novice (10), 21 Inter- Long-term meditators,
Meditation Expert (11) Subject First-time meditators:
different instances
107 | [108] | Mindfulness State | Novice (38), 67 Intra- Long-term meditators,
Meditation\ Expert (29) Subject/ Novice participants:
Loving Kindness Inter- Multiple different
Meditation Subject sessions
108 | [134] | Concentrative State | Novice (10), 20 Inter- Experienced meditators,
Meditation Expert (10) Subject Novice meditators:
Multiple different
sessions
109 | [135] | Open Monitoring | State\ | Expert (10), 20 Inter- Experienced meditators,
Meditation Trait | Control (10) Subject Healthy controls:
Multiple different
sessions
110 | [109] | Autogenic State | Intermediate | 14 Intra- Baseline condition,
Meditation Subject Meditation condition
111 | [110] | Autogenic State | Intermediate | 13 Intra- Baseline condition,
Meditation Subject/ Meditation condition
Inter-
Subject
112 | [111] | Breathing State | Novice 58 Intra- Spontaneous breathing,
Meditation Subject Paced breathing
113 | [136] | Vipassana State | Expert 18 Intra- Beginning of meditation,
Meditation Subject Middle of meditation,
End of meditation
114 | [12] | Loving Kindness | State | Expert | Intra- Pre-resting task,
Meditation Subject Meditation task, Post-
resting task
115 | [143] | Concentrative State | Novice to 33 Intra- Meditation state,Non-
Meditation Intermediate Subject meditation resting state
116 | [175] | Mindfulness State | Novice 82 Inter- Multiple different
Meditation Subject sessions
117 | [36] | Mindfulness State | Expert 32 Inter- Meditation, Mind-
Meditation Subject Wandering: multiple
different sessions
118 | [160] | Loving Kindness | State | Novice to 41 Inter- Multiple different
Meditation Expert Subject sessions
119 | [87] | Focused State | Intermediate 1 Intra- Meditation, Mind-
Attention Subject wandering.
Meditation
120 | [137] | Breathing State | Not 15 Intra- Rest Session, Stress
Meditation Mentioned Subject Session, Meditation
Session
121 | [27] | Breathing State | Novice (29), 58 Intra- Experienced Meditators,
Meditation Expert (29) Subject/ Novices (Control Group):
Inter- Meditation, rest multiple
Subject sessions
122 | [112] | Not Mentioned State | Not 15 Intra- Before meditation, After
Mentioned Subject a month of meditation
123 | [138] | Himalayan Yoga | State | Expert (24, 94 Inter- Experienced Meditators
Meditation\ Isha 20, 19), Subject (Himalayan Yoga,
Shoonya Control (31) Vipassana, Isha
Meditation\ Shoonya), Control Group
Vipassana (novice meditators): two
Meditation data collection sessions
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124 | [38] | Mindfulness State | Novice (21), 41 Intra- Treatment Group (8-week
Meditation Control (20) Subject/ mindfulness training
Inter- programme), Control
Subject Group (participants on a
waitlist who did not
receive the training):
Multiple data collection
sesions
125 | [173] | Mindfulness State\ | Expert (16), 34 Inter- Experienced Mindfulness
Meditation Trait | Control (18) Subject Meditators, Non-
Meditators (Healthy
Controls)
126 | [113] | Rajayoga State\ | Expert (27), 57 Intra- Long-term Meditators
Meditation Trait | Control (30) Subject/ and Healthy Control
Inter- Subjects: Before and after
Subject session data collection
127 | [167] | Mindfulness Trait | Expert (39), 75 Inter- Experienced Meditators,
Meditation Control (36) Subject Healthy Control Non-
Meditators
128 | [216] | Rajayoga State | Expert 14 Inter- Multiple meditation and
Meditation Subject non-meditation sessions
129 | [190] | Mindfulness State | Novice 3 Intra- Mind Wandering (Control
Meditation Subject Condition), Mindfulness
Meditation, Hypnosis
130 | [180] | Focused State | Novice 20 Intra- Pre-Meditation, Post-
Attention Subject/ Meditation (after 8-week
Meditation Inter- training)
Subject
131 | [146] | Chi Meditation\ State | Expert (8), 19 Intra- Experienced Meditators,
Yoga Meditation Control (11) Subject/ Control Group of Non-
Inter- Meditating Individuals
Subject
132 | [88] | Buddhist Jhana State | Expert 29 Intra- Multiple different
Meditation Subject sessions
133 | [212] | Mindfulness State | Novice (16), | 32 Inter- Novice meditators,
Meditation Expert (16) Subject Experienced meditators
134 | [185] | Himalayan Yoga | State | Novice (12), | 24 Inter- Expert practitioners,
Meditation Expert (12) Subject Non-expert practitioners
135 | [207] | Mindfulness State\ | Intermediate | 49 Intra- Mindfulness Group,
Meditation Trait | (26), Control Subject/ Control Group: Before
(23) Inter- and afte r8 week training
Subject
136 | [211] | Kriya Yoga Trait | Novice 10 Intra- Pre-meditation condition,
Meditation Subject Post-meditation
condition: 4-month
training
137 | [208] | Concentrative State | Novice (12), 24 Inter- Experienced meditators,
Meditation Expert (12) Subject Novice control
participants: Rest and
meditation
138 | [221] | Not Mentioned State | Expert 30 Inter- Awake, Meditation,
Subject Drowsiness
139 | [114] | Vipassana State | Novice (24), | 48 Intra- Long-term Meditators,
Meditation\ Expert (24) Subject Meditation Novice
Loving Kindness Controls: Multiple
Meditation session data collection
140 | [8] Focused Trait | Novice (29), 58 Inter- Long-term Meditators,
Attention Expert (29) Subject Meditation Novice
Meditation\ Open Controls: Multiple
Monitoring session data collection
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Meditation \
Loving Kindness

Meditation
141 | [115] | Mindfulness Trait | Novice 66 Intra- Multiple session data
Meditation Subject collection before and
after the 10 week training
142 | [35] | Mindfulness State | Novice 54 Intra- Meidtation, Non-
Meditation Subject meditation multiple
sessions
143 | [161] | Vipassana State | Expert 2 Intra- Pre-Meditaiton,
Meditation Subject/ Meditation, Post-
Inter- meditation
Subject
144 | [199] | Breathing State | Novice (1), 3 Intra- Multiple meditation
Meditation Intermediate Subject/ sessions
(1), Expert Inter-
@)) Subject
145 | [116] | Stabilizing State | Expert | Intra- Multiple meditation and
Meditation\ Subject non-meditation sessions
Analytical
Meditation
146 | [117] | Shamatha State | Study (22), 44 Intra- Beginning, middle, end
Meditation Control (22): Subject/ of three-month training
Both with Inter-
varying Subject
experience
147 | [118] | Not Mentioned State | Novice 6 Inter- Meditation state, Reading
Subject activity.
148 | [119] | Vipassana State\ | Novice (24), 67 Inter- Novice, Intermediate,
Meditation Trait | Intermediate Subject Expert: Multiple
(22), Expert meditation and non-
(21) meditation sessions
149 | [225] | Transcendental State | Expert 20 Intra- Multiple meditation and
Meditation Subject non-meditation sessions
150 | [226] | Focused State | Novice 29 Inter- Test group, Control group
Attention Subject
Meditation
151 | [139] | Mindfulness State\ | Novice to 201 Inter- Test group, Control
Meditation Trait | Intermediate Subject group: multiple session
data
152 | [89] | Mindfulness State | Novice (32), | 48 Inter- Meditation Group 1,
Meditation Control (16) Subject Meditation Group 2,
Control Group: Multiple
session data collection
153 | [140] | Mindfulness State | Expert 1 Intra- Different meditation
Meditation Subject related mental tasks
154 | [162] | Not Mentioned State | Not 10 Inter- Multiple meditation and
Mentioned Subject non-meditation sessions
155 | [217] | Rajayoga State | Expert 15 Inter- Multiple meditation and
Meditation Subject non-meditation sessions
156 | [90] | Rajayoga State | Expert 52 Intra- Pre-Meditaiton,
Meditation Subject Meditation, Post-
meditation
157 | [168] | Mindfulness State | Novice 11 Intra- Meditation, Rest
Meditation Subject condition: Before and
after 8-week tranining
158 | [24] | Mindfulness State | Novice 37 Intra- Multiple groups and
Meditation Subject/ sessions throughout 8-
Inter- week training
Subject
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159 Breathing State | Expert 1 Intra- Meditation, Non-
Meditation Subject Meditation
160 | [231] | Not Mentioned State | Novice 10 Intra- Meditation, Attention
Subject/
Inter-
Subject
161 | [181] | Not Mentioned State | Novice (5), 11 Inter- Expert meditator,
Intermediate Subject Intermediate meditators,
(5), Expert Non-meditators
Q)
162 | [187] | Kriya Yoga State | Novice (10), | 33 Inter- Meditator group, Novice
Meditation Expert (23) Subject Control group
163 | [141] | Transcendental State | Novice (8), 24 Intra- Transcendental
Meditation\ Expert (16) Subject/ Meditation Group,
Qigong Inter- Qigong Group, Control
Meditation Subject Group: Multiple sessions
164 | [142] | Mindfulness State | Novice 24 Intra- Meditation task, Control
Meditation\ Subject task
Mindlessness
Meditation
Table 2.2 Types of Meditation Techniques Used
No Meditation Type Count Percentage (%)
1 Mindfulness Meditation 37 243
2 Focused Attention Meditation 14 9.2
3 Vipassana Meditation 14 9.2
4 Himalayan Yoga Meditation 13 8.6
5 Breathing Meditation 10 6.6
6 Kriya Yoga Meditation 10 6.6
7 Transcendental Meditation 9 5.9
8 Rajayoga Meditation 8 53
9 Loving Kindness Meditation 7 4.6
10 Open Monitoring Meditation 7 4.6
11 Isha Shoonya Meditation 6 3.9
12 Yoga Meditation 6 3.9
13 Body Scan Meditation 5 33
14 Concentrative Meditation 5 33
15 Mantra Meditation 5 33
16 OM Mantra Meditation 3 2
17 Qigong Meditation 3 2
18 Walking Meditation 3 2
19 Analytical Meditation 2 1.3
20 Autogenic Meditation 2 1.3
21 Calm Meditation 2 1.3
22 Insight Meditation 2 1.3
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23 Shamatha Meditation 2 1.3

24 Sitting Meditation 2 1.3

25 Theta Healing Meditation 2 1.3

26 Thoughtless Emptiness Meditation 2 1.3

27 Zen Meditation 2 1.3

28 Autobiographical Self-Reflection Meditation 1 0.7

29 Buddhist Jhana Meditation 1 0.7

30 Chan Meditation 1 0.7

31 Chi Meditation 1 0.7

32 Dharana Meditation 1 0.7

33 Effortless Awareness Meditation 1 0.7

34 High-Vibration Meditation | 0.7

35 Inner Wisdom Meditation 1 0.7

36 Mindlessness Meditation | 0.7

37 Preksha Meditation | 0.7

38 Stabilizing Meditation | 0.7

39 Tibetan Nyingmapa Meditation 1 0.7

Table 2.3 Summary of EEG Preprocessing
No Refere | No.of | Epoch Size Signal Filtering Automated Artifact Manual
nce Channe | (Overlap) Methods Removal Artifact
Is Removal
1 [33] 32 Not FIR linear phase Independent Component | Not
Mentioned Band-pass filter, Analysis Mentioned
High-pass filter,
Low-pass filter
2 [91] 32 Not Band-pass filter Not Mentioned Not
Mentioned (FIR linear phase Mentioned
filter)

3 [34] 64 30s Band-pass filter Automatic artifact Not
removal, automatic Mentioned
epoch rejection.

4 [152] 16 Not Not Mentioned Not Mentioned Not

Mentioned Mentioned

5 [150] 21 or Is FIR Kaiser- Artifact Subspace Yes

32 windowed Band- Reconstruction,
pass filter. Independent Component
Analysis
6 [218] 30 10s Tenth-order Common Average Not
Butterworth Band- | Reference Mentioned
pass filter

7 [210] 64 5s(2.5s Not Mentioned Not Mentioned Not

overlap) Mentioned

8 [191] 4 Not High-pass filter, Independent Component | Not

Mentioned Low-pass filter Analysis, Artifact Mentioned
Subspace
Reconstruction
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9 [151] 14 7s Band-pass filter, Not Mentioned Not
FIR filter, Mentioned
Hamming window
10 [123] 1 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
11 [209] 14 Not Chebyshev filter, Daubechies Wavelet Not
Mentioned Notch filter Transform Mentioned
12 [227] 64 Not Band-pass Filter, Wavelet Thresholding, Not
Mentioned Notch Filter Inverse Discrete Mentioned
Wavelet Transform
13 [184] 64 10s High-pass filter Not Mentioned Yes
14 [230] 64 Is Band-pass filter Independent Component | Not
Analysis Mentioned
15 [92] 14 10s Not Mentioned Not Mentioned Yes
16 [93] 14 10s Not Mentioned Not Mentioned Yes
17 [144] 21 2s (1s Third-order No Yes
overlap) Butterworth Band-
pass filter
18 [83] 19 2s (1s Not Mentioned Not Mentioned Not
overlap) Mentioned
19 [188] 32 10s Low-pass filter Not Mentioned Not
Mentioned
20 [171] 32 1.55s Band-pass filter Independent Component | Yes
Analysis
21 [203] 64 2s Band-pass filter Independent Component | Yes
Analysis
22 [94] 64 Not Band-pass filter, Independent Component | Yes
Mentioned Notch filter Analysis
23 [200] 127 2s (1s High-pass filter, Not Mentioned Not
overlap) Low-pass filter Mentioned
24 [228] 8 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
25 [204] 64 Not Band-pass filter Independent Component | Not
Mentioned Analysis Mentioned
26 [176] 32 Is Band-pass filter, Not Mentioned Yes
Notch filter
27 [95] 19 2s Band-pass filter, Independent Component | Yes
FIR filter Analysis
28 [96] 19 300s High-pass filter, Independent Component | Yes
Low-pass filter Analysis
29 [37] 21 8s FIR filter Not Mentioned Not
Mentioned
30 [214] 8 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
31 [193] 72 Is High-pass filter Artifact Subspace No
Reconstruction
algorithm, Independent
Component Analysis
32 [182] 31 3.1s Not Mentioned Hybrid REG-ICA Yes
method
33 [97] 11 Is High-Band pass Not Mentioned Yes
filter, Notch filter
34 [196] 8 Not Line filter Not Mentioned Not
Mentioned Mentioned
35 [125] 64 1s (0.75s High-pass filter Automatic Source Yes
overlap) Reconstruction,

Independent Component
Analysis
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36 [98] 88 2s (1s Band-pass filter Second-Order Blind Yes
overlap) Source Identification
37 [126] 64 4.096s Not Mentioned Independent Component | Yes
(1.024s Analysis
overlap)
38 [201] 128 5s Band-pass filter, Automatic Artifact Not
Notch filter Removal method Mentioned
39 [127] 6 30s, 60s, 90s, | High-pass filter, Not Mentioned Yes
120s, 150s Band-pass filter,
(overlap of 2, | Notch filter
4,8, 16, and
30 seconds)
40 [165] 8 Not High-pass filter, Not Mentioned Not
Mentioned Band-pass Filter, Mentioned
Notch Filter
41 [177] 14 Not Band-pass filter, Not Mentioned Not
Mentioned Notch Filter Mentioned
42 [202] 64 10s Band-pass filter, Independent Component | Yes
Notch Filter Analysis
43 [229] 64 4s Band-pass filter, Not Mentioned Yes
Notch Filter
44 [222] 78 2s, 5s, 10s High-pass filter, Not Mentioned Not
FIR filter Mentioned
45 [29] 64 Not Band-pass filter Independent Component | Yes
Mentioned Analysis, Template
Matching Procedure.
46 [194] 1 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
47 [197] 1 Not Band-pass filter Not Mentioned Not
Mentioned Mentioned
48 [128] 2 Is Band-pass filter Not Mentioned Yes
49 [147] 16 Not Band-pass filter Not Mentioned Yes
Mentioned
50 [99] 128 or | Not Bandpass filter Independent Component | Yes
32 Mentioned (Butterworth FIR Analysis
filter)
51 [189] 64 20s Band-pass filter Not Mentioned Yes
52 [122] 16 2s Band-pass filter, Independent Component | Yes
Notch filter Analysis
53 [153] 32 or 120s (15s Butterworth Band- | Independent Component | Yes
72 overlap) pass filter, Notch Analysis, automated
filter artifact removal from
EEGLAB
54 [100] 7 Not FIR filter Independent Component | Yes
Mentioned Analysis
55 [198] 32 or Epoch size High-pass filter, Not Mentioned Yes
64 not given Low-pass filter
56 [154] 32 10s (5s Band-pass filter, Independent Component | Yes
overlap) Notch filter Analysis
57 [148] 19 Is, 2s, 3s, 4s, | High-pass filter, Independent Component | Not
5s Notch filter Analysis Mentioned
58 [101] 64 2s, 4s, 6s High-pass linear Independent Yes
FIR filter Components Analysis,
Artifact Subspace
Reconstruction
59 [155] 16 55 (0.5s Not Mentioned Not Mentioned Not
overlap) Mentioned
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60 [215] 19 5s Band-pass filter Not Mentioned Not
Mentioned
61 [174] 64 10s (5s Not Mentioned Not Mentioned Not
overlap) Mentioned
62 [149] 64 20s High-pass filter, Artifact Subspace Not
Line Noise Reconstruction, Mentioned
Removal Adaptive Mixture
Independent Component
Analysis
63 [156] 64 1s (0.5s Band-pass filter, Wavelet thresholding Not
overlap) Notch filter method Mentioned
64 [178] 2 Is High-pass filter, Not Mentioned Not
Low-pass filter Mentioned
65 [186] 19 0.5s Band-pass filter, Not Mentioned Not
Notch filter Mentioned
66 [163] 25 5s Band-pass filter FASTER algorithm, Yes
Independent Component
Analysis
67 [183] 19 Not Band-pass filter, Not Mentioned Not
Mentioned Notch filter Mentioned
68 [224] 28 Not High-pass filter, Not Mentioned Yes
Mentioned Low-pass filter
69 [220] 64 Not Band-pass filter, Wavelet thresholding Not
Mentioned Notch filter method Mentioned
70 [179] 64 Not Band-pass filter, Wavelet thresholding Not
Mentioned Notch filter method Mentioned
71 [157] 128 150s or 600s | Band-pass filter, Standard Regression Yes
Notch filter Method
72 [84] 128 2s Band-pass filter, Independent Component | Yes
Notch filter Analysis
73 [25] 31 Is Band-pass filter, Independent Component | Yes
Notch filter Analysis
74 [164] 64 2.8s High-pass filter, Independent Component | Yes
Low-pass filter Analysis
75 [102] 64 2s, 15 (0.5s Band-pass filter Not Mentioned Yes
overlap)
76 [129] 64 1s (0.5s High-pass filter Independent Component | Yes
overlap) Analysis
77 [121] 19 2s High-pass filter Independent Component | Yes
Analysis
78 [103] 16 Is Band-pass filter Not Mentioned Not
Mentioned
79 [23] 19 3s High-pass filter Independent Component | Yes
Analysis
80 [170] 128 Is Band-pass filter Not Mentioned Yes
(IIR Butterworth
filter)
81 [85] 1 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
82 [130] 2 Not Band-pass filter, Not Mentioned Not
Mentioned Notch filter Mentioned
83 [86] 1 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned
84 [166] 32 Not High-pass filter, Not Mentioned Yes
Mentioned Low-pass filter
85 [131] 16 2s Low-pass filter Not Mentioned Yes
86 [169] Not Not Not Mentioned Not Mentioned Not
Mentio | Mentioned Mentioned
ned
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87 [104] 64 4s High-pass filter Independent Component | Yes
Analysis
88 [205] 19 Not High-pass filter Independent Component | Not
Mentioned Analysis Mentioned
89 [195] 2 8s Not Mentioned Not Mentioned Not
Mentioned
90 [172] 32 Is Band-pass filter Not Mentioned Yes
91 [145] 19 2s Band-pass filter Independent Component | Yes
Analysis
92 [120] 32 2s Band-pass filter, Not Mentioned Yes
Low-pass filter
93 [219] 32 2s Band-pass filter Not Mentioned Yes
94 [105] 8 30s Band-pass filter, Not Mentioned Yes
Notch filter
95 [106] 61 Not Band-pass filter, FASTICA algorithm Yes
Mentioned Notch filter (Fast Independent
Component Analysis)
96 [223] 32 60s Not Mentioned Not Mentioned Not
Mentioned
97 [107] 14 Not Band-pass filter Wavelet-based Not
Mentioned denoising technique Mentioned
98 [158] 19 2s Frequency Band Not Mentioned Yes
Filter
99 [159] 6 0.1s Butterworth Band- | Not Mentioned Yes
pass filter
100 [14] 21 60s Band-pass filter, Not Mentioned Yes
Notch filter
101 [132] 20 Is Band-pass filter Automated Artifact Yes
Rejection
102 [213] 64 1.1s Band-pass filter Independent Component | Not
Analysis Mentioned
103 [206] 64 2s Band-pass Filter, Independent Component | Yes
Band-stop Filter Analysis
104 [192] 32 2s Band-pass filter Not Mentioned Not
Mentioned
105 [124] 8 100s High-pass filter, Not Mentioned Yes
Low-pass filter
106 [133] 20 30s High-pass filter, Independent Component | Yes
Low-pass filter, Analysis
Notch filter
107 [108] 256 4s or 6s Band-pass filter, Independent Component | Yes
High-pass filter Analysis
108 [134] 6 4s (2s Band-pass filter, Not Mentioned Yes
overlap) Notch filter
109 [135] 20 30s High-pass filter, Independent Component | Yes
Low-pass filter, Analysis
Notch filter
110 [109] 19 4s Band-pass filter Not Mentioned Yes
111 [110] 19 4s Band-pass filter Independent Component | Yes
Analysis
112 [111] 6 Not Notch filter Not Mentioned Not
Mentioned Mentioned
113 [136] 17 2s High-pass filter, Not Mentioned Yes
Low-pass filter,
Notch filter
114 [12] 2 Not Notch filter Not Mentioned Yes
Mentioned
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115 [143] 19 2s Band-pass filter, Automated Artifact Yes
Notch filter Rejection.
116 [175] Two 32 | 2.5s Band-pass filter Independent Component | Yes
Analysis

117 [36] 31 1s (0.5s Band-pass filter Independent Component | Yes

overlap) Analysis

118 [160] 19 Not Not Mentioned Standardized Artifact Yes

Mentioned Rejection Algorithm
119 [87] 11 Is High-pass filter Not Mentioned Yes
120 [137] 21 Not Band-pass filter Not Mentioned Not
Mentioned Mentioned
121 [27] 19 5s Band-pass filter, Independent Component | Yes
FIR filter Analysis, Automatic
Component Rejection
122 [112] 19 Not Band-pass filter Not Mentioned Not
Mentioned Mentioned
123 [138] 64 100s Band-pass filter, Artifact Subspace Yes
FIR filter Reconstruction
124 [38] 64 Ss Band-pass filter Artifact Subspace Not
Reconstruction, Mentioned
Independent Component
Analysis
125 [173] 64 Is Not Mentioned Independent Component | Yes
Analysis
126 [113] 64 0.5s (0.25s High-pass filter, Independent Component | Yes
overlap) Low-pass filter, Analysis
Notch filter
127 [167] 64 1.2s or 4s Band-pass Filter, Independent Component | Yes
Band-stop Filter Analysis
128 [216] 640r8 | 0.5s High-pass filter Independent Component | Not
Analysis Mentioned
129 [190] 128 Is Band-pass filter Not Mentioned Not
Mentioned
130 [180] 32 0.1s Band-pass filter ADJUST (Automatic Not
Detection of EEG Mentioned
Artifacts)

131 [146] Not Not Not Mentioned Not Mentioned Not
Mentio | Mentioned Mentioned
ned

132 [88] 31 or 1s, 4s, 8s, Band-pass filter Not Mentioned Yes
21 16s, 32s, 64s

(50% overlap
for all)

133 [212] 128 2s Butterworth IIR Automated Artifact Yes

filter Rejection

134 [185] 64 10s High-pass filter Independent Component | Yes

Analysis
135 [207] 64 6.8s, 3.5s, Band-pass filter, Independent Component | Yes
1.2s High-pass filter, Analysis, Automated
Low-pass filter Artifact Rejection
136 [211] 19 60s Band-pass filter Automated Artifact Yes
Rejection
137 [208] 116 Not High-pass filter, Independent Component | Yes
Mentioned Low-pass filter Analysis
138 [221] 30 30s Band-pass Filter, Automated Artifact Not
Band-stop Filter Rejection Mentioned

139 [114] 256 6s (3s Band-pass filter, Independent Component | Yes

overlap) High-pass filter Analysis
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140 [8] 256 6s Band-pass filter, Independent Component | Yes
High-pass filter Analysis, Semi-
Automatic Artifact
Rejection
141 [115] 20 1s (0.5s High-pass filter, Not Mentioned Yes
overlap) Low-pass filter,
Notch filter
142 [35] 6 6s Band-pass filter, Semi-automatic artifact | Yes
Notch filter rejection
143 [161] 65 2.048s Band-pass filter, Not Mentioned Yes
Notch filter
144 [199] 128 Not Band-pass filter, Automated Artifact Yes
Mentioned Notch filter Rejection

145 [116] 64 2s (1s Band-pass filter, Not Mentioned Yes

overlap) High-pass filter

146 [117] 88 2s (1.5s Band-pass filter Semi-Automatic Artifact | Yes

overlap) Removal

147 [118] 1 Is Band-pass filter Not Mentioned Yes

148 [119] 128 120s High-pass filter, Artifact Subspace Yes

Low-pass filter Reconstruction (ASR)
method

149 [225] 32 2s Band-pass filter Not Mentioned Yes

150 [226] 64 Is Band-pass filter Not Mentioned Yes

151 [139] 19 1.024s High-pass filter, Not Mentioned Yes

(0.512s Low-pass filter
overlap)

152 [89] Not 1.25s Not Mentioned Not Mentioned Not
Mentio Mentioned
ned

153 [140] 20 2.048 s Butterworth Automated Artifact Yes

Infinite Impulse Rejection
Response (IIR)
Filter
154 [162] 32 Not High-pass filter, Not Mentioned Yes
Mentioned Low-pass filter
155 [217] 64 0.5s Band-pass filter, Independent Component | Not
Notch filter Analysis Mentioned
156 [90] 64 2s Band-pass filter, Independent Component | Yes
Notch filter Analysis
157 [168] 128 0.8s Band-pass filter Independent Component | Yes
Analysis
158 [24] 64 Not Band-pass filter, Independent Component | Yes
Mentioned Notch filter Analysis
159 [39] 18 2s Band-pass filter, Not Mentioned Not
Notch filter Mentioned
160 [231] 1 Not Not Mentioned Not Mentioned Not
Mentioned Mentioned

161 [181] 9 2s (1s Band-pass filter Not Mentioned Yes

overlap)

162 [187] 64 Not Not Mentioned Not Mentioned Yes

Mentioned
163 [141] 16 30s Not Mentioned Not Mentioned Not
Mentioned
164 [142] 4 0.6s Band-pass filter, Independent Component | Yes

Notch filter

Analysis
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For Table 2.4 the numbers 1-10 represent: 1 - Frequency Domain Analysis, 2 - Time-Frequency
and Spectral Entropy Methods, 3 - Amplitude Features, 4 - Dimensionality Reduction and
Decomposition, 5 - Phase and Synchrony Analysis, 6 - Entropy-Based Measures, 7 -
Connectivity and Coherence Measures, 8 - Spatial, Microstate, Network and Topological
Features, 9 - Statistical Features, and 10 - Advanced Modelling, Machine Learning, and

Complex Features.

Table 2.4 Summary of Feature Extraction Methods Used

No Refere | Feature Extraction Methods Used 1 2 3 14 5 6 7 8 9 10

nce
1 [33] Power Spectral Density (PSD), v |V v
Bartlett method, Blackman-Harris
window, Stockwell transform, Phase
Locking Value (PLV),
2 [91] Power Spectral Density (PSD), v |V
Stockwell transform,
3 [34] Highly Comparative Time-Series v v

Analysis (HCTSA), Principal
Component Analysis (PCA),
4 [152] Stationary Wavelet Transform v | Vv v | Vv
(SWT), Mean, Standard Deviation,
Variance, Interquartile Range (IQR),
Kurtosis, Zero-Crossing Rate, Hurst
Exponent, Band Power

5 [150] Welch’s Modified Periodogram, N4
6 [218] Permutation Entropy v
[210] Coherence, Imaginary Coherence, v v
Phase Lag Index (PLI), Phase
Locking Value (PLV),
8 [191] Persistent Homology Features, Betti v | v v v

Areas and the Peak Location of
Betti Curves, Persistent Entropy,
Persistent Amplitude, Spectral
Entropy

9 [151] Hjorth Parameters, Band Power, v v v
Welch’s Modified Periodogram,
Magnitude-Squared Coherence

(MSQ),
10 [123] Fast Fourier Transform (FFT), v
11 [209] Fast Independent Component v
Analysis (f-ICA)
12 [227] Global Field Power (GFP) v
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13

[184]

Flexible Analytic Wavelet
Transform (FAWT), Logarithmic
Energy, Skewness, Mean, Maximum
and Minimum, Standard Deviation,
Root Mean Square, Kurtosis, Hjorth
Parameters, Log Energy Entropy,
Sure Entropy, Shannon Entropy,
Threshold Entropy

14

[230]

Detrended Fluctuation Analysis
(DFA), Fractal Dimension (FD)

15

[92]

Power Spectral Density (PSD),
Spectral Power Ratio (SPR),

16

(93]

Fast Fourier Transform (FFT),
Power Spectral Density (PSD),
Spectral Power Ratio (SPR),

17

[144]

Band Power, Spectral Power Ratio
(SPR), Phase-Amplitude Coupling
(PAC)

18

[83]

Spectral Analysis

19

[188]

Hilbert-Huang Transform, Empirical
Mode Decomposition (EMD),
Intrinsic Mode Functions, Hilbert
Transform,

20

[171]

Event-Related Potentials (ERPs),
Time-Frequency Distribution (TFD)

21

[203]

Common Spatial Pattern with
Tikhonov Regularization (TR-CSP)

22

[94]

Power Spectral Density (PSD),

23

[200]

Common Spatial Pattern (CSP),

24

[228]

Artificial Neural Network (ANN)

25

[204]

Independent Component Analysis
(ICA),

26

[176]

Discrete Wavelet Transform (DWT),
Mean, Maximum and Minimum,
Standard Deviation, Variance, Zero
Crossing, Kurtosis,

27

[95]

Power Spectral Density (PSD),
Independent Component Analysis
(ICA),

28

[96]

Band Power, Power Spectral
Density (PSD),

29

[37]

Variance, Sample Entropy, Power
Spectral Density (PSD), Coherence

30

[214]

Shannon Entropy, Approximate
Entropy, Sample Entropy

31

[193]

Mean, Standard Deviation,
Maximum and Minimum of
Amplitude, Root Mean Square,
Kurtosis, Skewness, Zero-Crossing
Rate, Sample Entropy

32

[182]

Event-Related Potentials (ERPs),
Continuous Wavelet Transform
(CWT), Principal Component
Analysis (PCA),

33

[97]

Power Spectral Density (PSD),
Coherence

34

[196]

Principal Component Analysis
(PCA), Independent Component
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Analysis (ICA), Linear Discriminant
Analysis (LDA),

35

[125]

Fast Fourier Transform (FFT),
Independent Component Analysis
(ICA),

36

(98]

Power Spectral Density (PSD),
Alpha, Current Source Density
(CSD) Transformation

37

[126]

Fast Fourier Transform (FFT),
Imaginary Coherence, Current
Source Density (CSD)
Transformation

38

[201]

Common Spatial Pattern (CSP),
Filter Bank Common Spatial Pattern
(FBCSP), Artificial Neural Network
(ANN)

39

[127]

Fast Fourier Transform (FFT),
Alpha, Amplitude of the Main Peak,
Frequency of the Main Peak

40

[165]

Alpha, Amplitude of the Main Peak,
Frequency of the Main Peak, Higher
Order Crossing, Discrete Wavelet
Transform (DWT),

41

[177]

Discrete Wavelet Transform (DWT),
Root Mean Square,

42

[202]

Common Spatial Pattern (CSP),
Variance, Linear Discriminant
Analysis (LDA), Artificial Neural
Network (ANN)

43

[229]

Atrtificial Neural Network (ANN)

44

[222]

Atrtificial Neural Network (ANN),
Topographic Maps

45

[29]

Independent Component Analysis
(ICA), Template Matching
Procedure, Complex Morlet Wavelet
Convolution, Power Spectral
Density (PSD),

46

[194]

Mean, Standard Deviation,
Maximum and Minimum of
Amplitude

47

[197]

Principal Component Analysis
(PCA),

48

[128]

Fast Fourier Transform (FFT),
Discrete Wavelet Transform (DWT),

49

[147]

Mean, Standard Deviation,
Maximum and Minimum of
Amplitude, Skewness, Kurtosis,
Band Power, Spectral Power Ratio
(SPR), Approximate Entropy,
Sample Entropy

50

[99]

Power Spectral Density (PSD),
Detrended Fluctuation Analysis
(DFA)

51

[189]

Hilbert Transform, Phase Locking
Value (PLV),

52

[122]

Power Spectral Density (PSD),
Independent Component Analysis
(ICA),
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53

[153]

Sample Entropy, Hurst Exponent,
Band Power,

54

[100]

Power Spectral Density (PSD),
Short-Time Fourier Transform
(STFT), Independent Component
Analysis (ICA),

55

[198]

Coherence, Phase Lag Index (PLI),
Phase Locking Value (PLV),
Directed Phase Transfer Entropy,
Principal Component Analysis
(PCA),

56

[154]

Band Power, Phase Coherence

57

[148]

Mean, Standard Deviation, Root
Mean Square, Zero Crossing, Hjorth
Parameters, Permutation Entropy,
Approximate Entropy, Sample
Entropy, Differential Entropy,
Fractal Dimension (FD), Band
Power, Spectral Power Ratio (SPR),
Discrete Wavelet Transform (DWT),

58

[101]

Power Spectral Density (PSD),
Topographic Maps

59

[155]

Band Power,

60

[215]

Mean, Standard Deviation, Variance,
Root Mean Square, Skewness,
Kurtosis, Fractal Dimension (FD),
Decorrelation Time, Hjorth
Parameters, Approximate Entropy

61

[174]

Mean, Time-Frequency Distribution
(TFD)

62

[149]

Relative Entropy, Spectral Power
Ratio (SPR)

63

[156]

Variance, Kurtosis, Band Power,
Shannon Entropy, Renyi Entropy,
Discrete Wavelet Transform (DWT),
Principal Component Analysis
(PCA),

64

[178]

Discrete Wavelet Transform (DWT),

65

[186]

Complex Continuous Wavelet
Coherence, Microstate Analysis

66

[163]

Delta, Theta, Alpha, Beta, Gamma,
Independent Component Analysis
(ICA),

67

[183]

Complex Continuous Wavelet
Coherence, Continuous Wavelet
Transform (CWT),

68

[224]

Graph Theoretical Measures, Mean

69

[220]

Directed Transfer Function (DTF),
Partial Directed Coherence (PDC),
Autoregressive Modelling,

70

[179]

Discrete Wavelet Transform (DWT),
Topographic Maps

71

[157]

Band Power, LORETA (Low-
Resolution Electromagnetic
Tomography), Current Source
Density (CSD) Transformation

72

[84]

Event-Related Potentials (ERPs),
Spectral Analysis, Welch’s Modified
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Periodogram, Independent
Component Analysis (ICA),

73

[25]

Independent Component Analysis
(ICA), Extended Infomax ICA,
Welch’s Modified Periodogram,
Band Power,

74

[164]

Independent Component Analysis
(ICA), Infomax ICA, Time-
Frequency Distribution (TFD),
Morlet wavelet transform, Theta,

75

[102]

Fast Fourier Transform (FFT),
Power Spectral Density (PSD),
Alpha,

76

[129]

Fast Fourier Transform (FFT),
Independent Component Analysis
(ICA), Infomax ICA,

77

[121]

Power Spectral Density (PSD), Fast
Fourier Transform (FFT),
Independent Component Analysis
(ICA),

78

[103]

Fast Fourier Transform (FFT),
Power Spectral Density (PSD),
Welch’s Modified Periodogram,
Hanning Windowing

79

(23]

Time-Frequency Distribution
(TFD), Independent Component
Analysis (ICA), Power Spectral
Density (PSD), Phase Locking
Value (PLV),

80

[170]

Gamma, Variance, Root Mean
Square,

81

[85]

Spectral Analysis, Mean, Standard
Deviation

82

[130]

Fast Fourier Transform (FFT),
Discrete Wavelet Transform (DWT),

83

[86]

Spectral Analysis

&4

[166]

Alpha,

&5

[131]

Fast Fourier Transform (FFT),
Alpha,

86

[169]

Alpha

87

[104]

Time-Frequency Distribution
(TFD), Current Source Density
(CSD) Transformation, Power
Spectral Density (PSD), Inter-
Channel Phase Synchronization
(ICPS)

NENERNENEN RN EEY RN

88

[205]

Independent Component Analysis
(ICA), Imaginary Coherence

89

[195]

Mean, Standard Deviation,
Maximum and Minimum of
Amplitude,

90

[172]

Event-Related Potentials (ERPs),
Time-Frequency Distribution (TFD)

91

[145]

Instantaneous Peak Frequency
Calculation, Spectral Power Ratio
(SPR), cross-frequency phase
synchronization estimation
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92

[120]

Alpha, Coherence, Power Spectral
Density (PSD)

93

[219]

Coherence

94

[105]

Power Spectral Density (PSD),
Spectral Power Ratio (SPR),
Detrended Fluctuation Analysis
(DFA)

95

[106]

Power Spectral Density (PSD),
Independent Component Analysis
(CA),

96

[223]

LORETA (Low-Resolution
Electromagnetic Tomography)

97

[107]

Discrete Wavelet Transform (DWT),
Power Spectral Density (PSD),

98

[158]

LORETA (Low-Resolution
Electromagnetic Tomography),
Band Power,

99

[159]

Band Power,

100

[14]

Operational Synchrony
Measurement, Alpha

101

[132]

Fast Fourier Transform (FFT),
Event-Related Potentials (ERPs),
Phase Synchrony Index (PSI)

102

[213]

Event-Related Potentials (ERPs),
Theta Phase Synchronization (TPS)

103

[206]

Event-Related Potentials (ERPs),
Independent Component Analysis
(ICA), Topographic Maps,
Microstate Analysis

104

[192]

EEG Amplitude, Coherence,
LORETA (Low-Resolution
Electromagnetic Tomography)

105

[124]

Fast Fourier Transform (FFT),

106

[133]

Fast Fourier Transform (FFT), Beta,
Logarithmic Transformation

107

[108]

Power Spectral Density (PSD),
Welch’s Modified Periodogram,
Independent Component Analysis
(ICA),

108

[134]

Fast Fourier Transform (FFT),
Theta, Alpha, Beta, Gamma

109

[135]

Fast Fourier Transform (FFT),
Logarithmic Transformation

110

[109]

Fast Fourier Transform (FFT),
Coherence, Power Spectral Density
(PSD),

111

[110]

Fast Fourier Transform (FFT),
Coherence, Power Spectral Density
(PSD),

112

[111]

Fast Fourier Transform (FFT),
Power Spectral Density (PSD),
Spectral Power Ratio (SPR),

113

[136]

Fast Fourier Transform (FFT),

114

[12]

Fast Fourier Transform (FFT), Band
Power,

115

[143]

Principal Component Analysis
(PCA), Discrete Fourier Transform
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116 | [175] Short-Time Fourier Transform
(STFT), Phase Locking Value
(PLV),

117 | [36] Independent Component Analysis
(ICA), Power Spectral Density
(PSD), Welch’s Modified
Periodogram,

118 | [160] Band Power, LORETA (Low-
Resolution Electromagnetic
Tomography)

119 | [87] Spectral Analysis

120 | [137] Fast Fourier Transform (FFT),
Welch’s Modified Periodogram,
Alpha, Spectral Power Ratio (SPR)

121 | [27] Alpha

122 | [112] Standard Deviation, Variance,
Power Spectral Density (PSD),

123 | [138] Fast Fourier Transform (FFT),
Hilbert Transform, Phase-Amplitude
Coupling (PAC)

124 | [38] Time-Frequency Distribution
(TFD), Alpha,

125 | [173] Event-Related Potentials (ERPs),
Time-Frequency Distribution (TFD)

126 | [113] Power Spectral Density (PSD),
Pairwise Phase Consistency (PPC),

127 | [167] Event-Related Potentials (ERPs),
Pairwise Phase Consistency (PPC),
Alpha

128 | [216] Fuzzy Entropy

129 | [190] Hilbert Transform,

130 | [180] Discrete Wavelet Transform (DWT),

131 | [146] Short-Time Fourier Transform
(STFT), Spectral Power Ratio
(SPR),

132 | [88] Independent Component Analysis
(ICA), LORETA (Low-Resolution
Electromagnetic Tomography),
Spectral Analysis

133 | [212] Phase Lag Index (PLI)

134 | [185] Morlet Wavelet Decomposition,

135 | [207] Event-Related Potentials (ERPs),
Independent Component Analysis
(ICA),

136 | [211] Operational Synchrony
Measurement

137 | [208] Independent Component Analysis
(ICA), Surface Laplacian
Transformation,

138 | [221] Minimum Variance Distortionless
Response (MVDR) Coherence,
Directed Transfer Function (DTF)

139 | [114] Power Spectral Density (PSD),

140 | [8] Spectral Analysis, Independent

Component Analysis (ICA),
Topographic Maps
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141 | [115] Power Spectral Density (PSD), v v
Coherence
142 | [35] Spectral Analysis, Band Power, v
143 [161] Mean Phase Coherence, Band v v
Power,
144 | [199] Principal Component Analysis v
(PCA),
145 | [116] Power Spectral Density (PSD), v
Band Power,
146 | [117] Power Spectral Density (PSD), v
Alpha,
147 | [118] Time-Frequency Distribution v |V
(TFD), Short-Time Fourier
Transform (STFT), Power Spectral
Density (PSD),
148 | [119] Power Spectral Density (PSD), v v N4
Fractal Dimension (FD),
Permutation Entropy
149 | [225] Global Field Power (GFP), v |
Microstate Analysis
150 | [226] Event-Related Potentials (ERPs) v
151 | [139] Fast Fourier Transform (FFT), v
Alpha
152 | [89] Discrete Wavelet Transform (DWT), | v | v
Spectral Analysis
153 | [140] Fast Fourier Transform (FFT), Band |
Power,
154 | [162] Band Power, Sample Entropy v v
155 | [217] Fuzzy Entropy v
156 | [90] Spectral Analysis, Power Spectral v
Density (PSD),
157 | [168] Alpha, Coherence N4 v
158 | [24] Autoregressive Modelling v
159 | [39] Fast Fourier Transform (FFT), N4
Hanning Windowing
160 | [181] Discrete Wavelet Transform (DWT) v
161 | [187] Wavelet Coherence, Topographic v v
Maps
162 | [141] Fast Fourier Transform (FFT), N4 v
Coherence
163 | [142] Fast Fourier Transform (FFT), N4 v
Magnitude-Squared Coherence
MSC),
Total 10 {40 |8 |36 |19 (17 |18 |20 |35 | 18
1
Percent 62 |24 |4, (22 |11 [ 10 |11 |12 |21 |11
age O 1.5 19 .1 7 | 4 0|13 |.5 1.0
(%)
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For Table 2.5 the numbers 1-5 represent: 1 - Support Vector Machines (SVM), 2 - k-Nearest
Neighbors (k-NN), 3 - Decision Trees and Random Forests, 4 - Linear Discriminant Analysis

(LDA), and 5 - Artificial Neural Networks (ANNs)

Table 2.5 Summary of Performance of Pipelines and Classification Methods Used

No | Referen | Performance of Pipelines 1 2 3 4 5
ce
1 [33] Support Vector Machine (SVM) was used for the classification v

of meditation and control. When using EEG alone, the accuracy
was 78%, but using only respiration signals produced a slightly
lower result than combining both. EEG and respiration signals
combined produced the best result, with an 85% classification
accuracy.

2 [34] When using SVM for the classification of expert meditators and |
non-meditators, 7,381 advanced time-series features from hctsa
resulted in an accuracy of 67%. The traditional EEG frequency
measures produced an accuracy of 56%.

3 [152] The classification accuracy for the Gamma, Beta, Alpha, Theta, |
and Delta bands was 42.26%, 48.33%, 61.11%, 50.72%, and
70.13%, respectively, when classifying EEG data collected
before and after OM mantra meditation.

4 [150] Radial Basis Function Support Vector Machine (RBF SVM) was |
used to classify pre- and post-mindfulness meditation EEG data.
Results indicate an average accuracy of 80.76%, with 78.24%
for pre-meditation and 82.14% for post-meditation data.

5 [218] A three-class and two-class SVM classifiers were used to v
classify meditation, attention, and relaxation for expert
meditator and non-meditator EEG data. Expert meditators
obtained higher classification accuracies than non-meditators for
all instances, including both the comparison of the three classes
together and the pairwise comparison.

6 [210] Support Vector Machine (SVM) was used in pairwise v
classification for the control group and each of the meditation
groups. The accuracy results are as follows: Himalayan Yoga -
84.76% for Gamma, Isha Shoonya - 90% for Alpha, and
Vipassana - 84.76% for Theta.

7 [191] EEG topological features were used with SVM to classify two v
meditation types. The results obtained were as follows:
persistent entropy - 72%, Betti area - 82%, persistent amplitude
- 83%, Hodge spectral entropy - 88%, and combined features -
95%.

8 [151] EEG data were collected for four emotions before and after an v
eight-week meditation programme. Two-, three-, and four-class
classification accuracies were calculated before training and
then after training using k-Nearest Neighbors. In all instances,
classification accuracies dropped significantly, indicating
improved emotional balance after the meditation training.

9 [123] Using the k-Nearest Neighbor (k-NN) algorithm, classification v
was done to detect how the power of delta, theta, alpha, beta,
and gamma waves changes with time. This was done to identify
the change in stress levels while meditating. The highest
accuracy of 62.5% was obtained when using four bands (delta,
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theta, alpha, and beta). The change in k in the algorithm affected
the accuracy, with a peak of 80% obtained when k =3

10

[209]

The BCI pipeline in this study used features derived from ICA
and statistical methods, followed by the k-nearest neighbors (k-
NN) algorithm for classification. An accuracy of 86.36% was
achieved when classifying meditation and non-meditation EEG
data.

11

[184]

The results show that mind-wandering was detected in
meditation EEG. In the BCI pipeline, several machine learning
methods, namely Decision Tree Classifiers (Fine Tree, Medium
Tree, Coarse Tree) and Ensemble Classifiers (Ensemble Boosted
Tree, Ensemble Bagged Tree), were tested. The best
classification accuracy of 92.41% was achieved by the
Ensemble Bagged Tree Classifier for the alpha band with the
01-Oz channels.

12

[230]

The study used several feature extraction methods
independently (Detrended Fluctuation Analysis (DFA), Higuchi
Fractal Dimension (FD), and Katz FD) along with a Random
Forest (RF) classifier in the BCI pipelines. The best
classification accuracy of 70% was obtained with Higuchi FD
using frontal region alpha bands.

13

[92]

For each of the BCI pipelines, Random Forest was used as the
classifier to separate sitting and walking meditation EEG data.
Among the single features used (original power features, power
ratio features, and non-linear dynamics features), original power
features produced the best accuracy of 83.96%. A multi-feature
model combining these features was also used in the study,
achieving the highest accuracy of 84.17%.

14

[144]

The study builds BCI pipelines to classify Focused Attention
Meditation and problem-solving tasks EEG data using Random
Forest Classifiers. The study was tested with individual
classifiers specific to each subject, and an average accuracy of
93% was obtained for all the subjects. Next, a general classifier
for all subjects was tested but produced a lower accuracy of
74%.

15

[188]

The study focused on classifying EEG data collected for two
mental tasks: relaxation meditation and tension imagination.
The BCI pipeline was modelled with features extracted using
the Hilbert-Huang Transform (HHT) and Fisher Linear
Discriminant Analysis for classification, achieving a success
rate of about 90% accuracy.

16

[203]

Rajayoga meditation and resting EEG data were classified by
using Tikhonov regularization CSP for feature extraction and
Linear Discriminant Analysis (LDA) for classification. Here, an
accuracy of 97.9% was obtained for intra-subject classification,
and an accuracy of 74.0% was obtained for inter-subject
classification.

17

[200]

Classification was done using Common Spatial Patterns and
Linear Discriminant Analysis, comparing six pairs taken from
four mind tasks (pre-rest, post-rest, and two meditation tasks).
Only intra-subject analysis was done with the EEG data, first for
a single session, then using a pool of data from multiple
sessions. For a single session, the best accuracy of 99.8% was
obtained, and for multiple sessions, the best accuracy of 85.9%
was obtained.

18

[204]

Convolutional Neural Network models were tested with and
without Independent Components Analysis (ICA) to classify
Shoonya meditation with non-meditation EEG data. Without
ICA, an average accuracy of 70.16% and with ICA, an average
accuracy of 99.50% (for three models) were obtained. The
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results indicate the use of ICA significantly increases the
classification accuracy.

19

[176]

The study successfully used various statistical parameters
obtained from EEG data collected from meditators and non-
meditators. A Multi-Layer Perceptron Neural Network
(MLPNN) was used for classification, achieving 87.1%
sensitivity, 87.4% specificity, and 87.2% accuracy.

20

[95]

The study collected pre-meditation and post-meditation EEG
data and used a machine learning method similar to a neural
network for classification. The study used a Riemannian
geometry-based classifier, which achieved a classification
accuracy of 97%.

21

[37]

EEG data collected before and after the meditation training were
classified using Artificial Neural Network (ANN), k-Nearest
Neighbors (KNN), and Support Vector Machine (SVM). The
accuracy obtained for ANN, KNN, and SVM was 72.5%,
82.5%, and 85.0%, respectively. SVM performed best, followed
by KNN and then ANN.

22

[193]

The study uses Support Vector Machine (SVM) and Random
Forest (RF) to classify EEG data from meditation and mind-
wandering tasks. The classification accuracies for Himalayan
Yoga Tradition, Vipassana, Isha Shoonya Yoga, and the control
group were 94.92%, 96.29%, 93.70%, and 96.48% for SVM,
and 96.86%, 96.70%, 94.06%, and 94.62% for RF, respectively.

23

[196]

The study uses Support Vector Machines (SVM) for
classification in three pipelines, each tested with a different
feature extraction method. The combination of Independent
Component Analysis + SVM and Principal Component Analysis
+ SVM both achieved an accuracy of 93%. However, Linear
Discriminant Analysis + SVM provided the highest accuracy at
95%.

24

[201]

EEG data for meditation and rest states were collected at the
beginning (MBSR1, REST1) and end (MBSR2, REST2) of the
training, and various pairwise classifications were performed.
These classifications were tested using traditional machine
learning pipelines (CSP + SVM, FBCSP + SVM) and deep
learning pipelines (Shallow ConvNet, Deep ConvNet).
Significant mix-subject classification accuracies were obtained
for the following pairs in this order (Shallow, Deep, CSP,
FBCSP): MBSR1/REST1 (98.33%, 99.59%, 72.01%, 73.92%),
MBSR2/REST2 (92.53%, 99.70%, 92.56%, 73.23%),
MBSRI1/MBSR2 (99.81%, 99.95%, 71.67%, 91.16%),
REST1/REST2 (99.88%, 99.78%, 93.98%, 95.13%)

25

[127]

The study tested the performance of Artificial Neural Network
(ANN) and Support Vector Machine (SVM) under various
conditions. These different conditions produced varying levels
of accuracy, with ANN ranging from 80% to 99%, achieving a
peak value of 99.05%. On the other hand, SVM accuracies
began in the range of 30%, but with proper adjustments, they
reached up to 100%. With optimal conditions, both methods
demonstrated good results.

26

[165]

The study used Fuzzy Kernel Least Square Support Vector
Machine (FKLSSVM), Support Vector Machine (SVM), and
Artificial Neural Network (ANN) in classifying breathing
meditation EEG data. The result accuracies showed ANN at
91.25%, SVM at 93.93%, and FKLSSVM achieving the highest
classification accuracy of 96.28%.

27

[202]

The study used a pipeline with Common Spatial Pattern (CSP)
for feature extraction and Linear Discriminant Analysis (LDA)
for dimensionality reduction. Then, a Long Short-Term Memory
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(LSTM) neural network was used for classification. The results
for the bands were as follows: Alpha - 79.1%, Beta - 8§6.5%,
lower Gamma - 91.0%, and upper Gamma - 94.1%.

28

[229]

Feed-forward neural networks (FFNN) and convolutional neural
networks (CNN) were tested in this study to compare them with
traditional methods. For the meditation group, the identification
accuracy was as follows: traditional - 62.44%, CNN - 63.19%,
FFNN - 65.64%. For the non-meditation control group, the
identification accuracy was: traditional - 60.57%, CNN -
61.34%, FENN - 63.25%.

29

[222]

The study used 1D-SCNN (Shallow Convolutional Neural
Networks) and 2D-SCNN to classify experienced and novice
Himalayan Yoga meditation EEG data. Studies were conducted
on various models of the two for segment lengths of 2s, 5s, and
10s, with the best accuracies obtained as follows: 2D-SCNN (2s
- 95.42%, 5s - 95.73%, 10s - 96.14%) and 1D-SCNN (2s -
99.45%, 5s - 99.48%, 10s - 99.45%).

30

[194]

The study successfully built a machine learning pipeline to
classify meditation and concentration EEG data using a Random
Forest Classifier with an accuracy of 75%.

31

[197]

Meditation and mind-wandering EEG data were classified using
multiple classifiers, where Alpha and Theta features made a
significant contribution. The accuracies obtained were as
follows: Linear Discriminant Analysis — 72%, Naive Bayes —
68%, Support Vector Machines — 75%, and k-Nearest Neighbors
—76%.

32

[128]

The study tested how well different deep learning models can
classify EEG data collected during meditation (Transcendental
Meditation, Raja Yoga, and Mindfulness). The accuracies
obtained were 99.4% for VGG-16, 98.8% for VGG-19, 97% for
ResNet-18, and 95.2% for GoogleNet.

33

[147]

The study tested the performance of machine learning
algorithms to classify EEG data from yoga, meditation, and
combined yoga-meditation. The best accuracies obtained were
as follows: Linear Support Vector Machine: 91.67%, k-Nearest
Neighbors: 88.89%, and Multilayer Perceptron: 89.58%.

34

[153]

EEG data collected for Himalayan Yoga (HT) and Hare Krishna
mantra meditation (HKT) were compared with a control group
(CTR). The mean classification accuracies when using the
features Sample Entropy (SE), Hurst Exponent (HE), and Band
Power (BP) for Support Vector Machines (SVM), Deep Neural
Networks (DNN), and Random Forest (RF) are as follows. For
HT vs. CTR: HE (SVM = 71.9%, DNN = 67.0%, RF = 72.0%),
SE (SVM = 67.4%, DNN = 70.2%, RF = 72.3%), BP (SVM =
91.1%, DNN = 100%, RF = 100%); and for HKT vs. CTR: HE
(SVM = 75.3%, DNN = 78.1%, RF = 77.6%), SE (SVM =
76.2%, DNN = 81.2%, RF = 79.4%), BP (SVM = 100%, DNN
=100%, RF = 100%).

35

[100]

Pre- and post-meditation EEG data were independently
classified using five classification methods, and their accuracies
are as follows: Multilayer Perceptron (pre: 74%, post: 69%),
Support Vector Machine (pre: 70%, post: 61%), Logistic
Regression (pre: 75%, post: 68%), Decision Forest (pre: 68%,
post: 52%), and Naive Bayes (pre: 64%, post: 57%).

36

[198]

Classification accuracies for expert and novice meditators, as
well as for healthy individuals and patients, are as follows:
Support Vector Machine (61%, 52.17%), Deep Convolutional
Neural Networks (59%, 60%), Recurrent Neural Networks
(56%, 56%). k-Means Clustering and Graph Neural Networks
did not perform successfully in the study.
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37 | [148] Meditation and non-meditation EEG data were classified using v v
Support Vector Machines with a Radial Basis Function Kernel
(SVM-RBF) or EEGNet while testing Riemannian Space Data
Alignment (RSDA), and the best accuracies obtained are as
follows: SVM-RBF: 55.1%, SVM-RBF with RSDA: 66.9%,
EEGNet: 57.4%, and EEGNet with RSDA: 72.6%.
38 | [101] Algorithms were tested to classify EEG data collected from v v |V |V
expert meditators, novice meditators, and the control group. The
proposed lightweight CNN model achieved an accuracy of
94.57%. Random Forest, as a traditional method, achieved
64.3%. Accuracy for several deep learning models: VGG16 =
97.27%, ResNet50 = 91.01%, MobileNet = 90.75%, and
MobileNetV2 = 88.73%.
39 | [155] Mind-wandering and meditation EEG data were classifiedusing | v |V |V |V |V
several algorithms, and the best accuracies obtained are as
follows: K-Nearest Neighbors = 77.7%, Random Forest =
68.6%, Quadratic Discriminant Analysis = 73.8%, and Neural
Network = 73.83%.
40 | [215] Ten algorithms were used to classify EEG data to compare v IV |V IV |
meditation vs. mind-wandering and meditation vs. sleepiness.
For mind-wandering, the best classification accuracy of 77.1%
was obtained by the Decision Tree classifier. For sleepiness, the
best classification accuracy of 85.8% was obtained by the
Random Forest classifier.
Total 22 |8 11 |7 19
Percent 55.120. | 27.| 17. | 47.
age (%) 0 0 5 5 5
Table 2.6 Summary of Study Objectives, Key Findings, and Limitations
No | Refere | Study Objective Key Findings Study Limitations
nce
1 [33] The aim of the study was to The best classification This study was done on
assess how well EEG and accuracy was obtained when | novice meditators; therefore,
respiration signals, together, | using EEG and respiration the use of expert meditators
can be used to successfully signals together, indicating in future studies could give
classify two instances of the importance of using significantly better results.
meditation and control multiple physiological The data collection order
conditions for a selected signals when classifying might have influenced the
group of people. The mindfulness meditation, results, and future studies
researchers hypothesized that | especially when trying to should aim to minimize this
EEG and respiration data classify meditation versus effect. The study uses two
could identify changes non-meditation participants, | physical measurements and
occurring in a person during | which can provide future suggests using other types to
mindfulness meditation, options for identifying how improve the results.
allowing for the well a meditation session
identification of meditation went. Results show a high
quality. increase in power in Beta and
Theta waves, while a small
increase in alpha wave
during meditation.
2 [34] The study investigates When using 7,381 time- A small sample size and the

whether time-series analysis
methods outperform

series features, 405 features
successfully distinguished

use of only one session
limited the broader
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traditional frequency band
power measures in assessing
brain activity during
meditation. It also aims to
differentiate expert
meditators from non-
meditators by examining
resting-state brain patterns
using EEG.

the two groups and produced
the best classification
accuracy of 67% for expert
meditators and non-
meditators. This shows that
advanced time-series
analysis outperformed
traditional methods.
Meditators exhibited more
stable EEG patterns.

understanding of the study.
The use of PCA might hide
some information. This study
focused on only one type of
meditation.

[152] The study aims to classify The study discovered that The study used a small
EEG data collected before OM mantra meditation has sample size with a narrow
and after OM mantra the highest effect in the Delta | age range of 18 to 22 for the
meditation for novice band, thus producing the selected participants, and
meditators using SVM. It highest classification only a single session of data
also aims to identify the accuracy of 70.13% when was collected. Additionally,
variation in the delta band, comparing before and after it was conducted only with
which is linked with deep meditation. The paper states | OM mantra meditation, and
sleep. that this research is among no control group was used in

the first to use SVM to the study.
classify OM mantra
meditation EEG.

[150] The study investigated how a | SVM was successfully used | The main study limitations
short mindfulness meditation | to classify pre- and post- are the lack of a control
session affects a person with | mindfulness meditation EEG | group, the collection of only
Autism Spectrum Disorder data with an average a single session of data, and
(ASD). Before and after accuracy of 80.76%. The the small sample size.
meditation, EEG data was study shows that a brief
classified using SVM to mindfulness meditation
identify brain pattern session has positive effects
differences, aiming to on a young person with
address the limitations of Autism Spectrum Disorder
self-report measurements. (ASD).

[218] The study looks at how The study found that Variability in the meditation
permutation entropy (PE) permutation entropy features | levels of the expert
features from EEG data can obtained from EEG can be meditators might have
be used to classify different successfully used to classify | affected the study.
mental states, such as the three classes of Additionally, a small sample
meditation, attention, and meditation, attention, and size and challenges in
relaxation. It aims to identify | relaxation for expert identifying features related to
objective methods to assess meditators and non- the attention task were noted.
meditation that will be useful | meditators using SVM. It
in meditation brain-computer | also found variability in the
interface (BCI) studies. quality of meditation among

expert meditators, indicating
the need for tools to support
and improve meditation.
[210] The study looks at how three | The study on each of the Small sample size, using

meditations (Himalayan
Yoga, Isha Shoonya, and
Vipassana) affect the brain
connectivity by comparing
the results with a control
group. It aims to measure
functional connectivity and
use graph theory methods to
identify brain activity
differences for various
frequency bands.

three meditation techniques
showed a unique increase in
activity in certain frequency
bands and also in certain
regions of the brain, thus
giving high classification
accuracies associated with
those conditions.

only a single session of data,
and lack of diversity in the
participants were some
limitations of this study.
Also, the challenge of using
a lab to stimulate a real-
world meditation experience
was a limitation that was
mentioned.
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7 [191] The study uses EEG data to The study found clear High computational power is
investigate unique differences in EEG signal needed to analyse topological
topological features in two patterns between two types data, and subjectively
different meditation types, of meditation. For certain choosing parameters are two
with the aid of a control features, such as Hodge limitations in this study.
group. The aim was to spectral entropy, high Additionally, using only two
achieve high classification accuracies like 95% were meditation states and the
accuracies using SVM. achieved, indicating the chance of the machine

importance of topological learning model overfitting
data analysis in studying are additional challenges in
meditation. this study.

8 [151] This study focuses on The study found that regular | Using a small sample size,
understanding how meditation improves variations in emotional
meditation can enhance emotional coherence across responses, and differences in
emotions in a person, negative and positive meditation experience among
improving overall well- emotions. The reduction in participants were some
being. Positive and negative | classification accuracies after | limitations. Additionally,
emotions were assessed by meditation training indicates | only short meditation
collecting EEG data before greater self-awareness and sessions were conducted
and after an eight-week control over various during the 8-week training,
meditation programme. emotions which limited the depth of

meditation experience.

9 [123] The aim of the study was to The k-Nearest Neighbor (k- The biggest challenge was
develop a real-time stress NN) algorithm was the unreliable connection
level detection system during | successfully used to detect from the EEG device to the
meditation. This was tested stress levels, achieving 80% | smartphone, creating errors
by using delta, theta, alpha, accuracy when k = 3, while in machine learning
and beta waves and developing an app that runs classification. Also, some
classifying these signals with | during meditation. The app major challenges existed
the k-Nearest Neighbor (k- provided real-time feedback | regarding the quality of the
NN) algorithm. on stress levels. signals obtained from the

EEG device.

10 | [209] The study looked at how A k-nearest neighbors Meditation EEG data
mindfulness meditation classifier was successfully contains significant noise and
affects brain activity by used with a classification artifacts, requiring extensive
examining EEG data. ICA, accuracy of 86.36% in cleaning. However, this
along with statistical distinguishing between multi-step cleaning process
methods, was tested for meditators and non- may lead to the loss of
feature extraction, and these | meditators. The study found | important information from
features were analysed to a significant difference the EEG dataset. This
classify meditation and non- | between the two groups, with | introduces another challenge:
meditation. meditators showing more collecting high-quality, low-

stable brain states. error EEG data during the
experimental stage.

11 | [184] The study focuses on The study was successful in | The method depends heavily
building a machine learning | detecting mind wandering on high-quality EEG data,
system to detect mind- during meditation with a meaning noisy data makes it
wandering during a high classification accuracy less reliable. It might be
meditation session. EEG data | of 92.41%. The paper states overtrained for the selected
was segmented into that statistical analysis dataset, hence may require
components using flexible indicates that expert adjustments for new datasets.
analytic wavelet transform meditators showed lower Further studies are needed to
(FAWT), and features mind wandering than novice | generalize the resulting
identified from this were meditators. This work can be | method.
used to classify meditation further improved for
and mind-wandering. developing machine learning

apps to monitor and support
meditation.
12 | [230] The study investigates how The study showed that Variation in EEG data occurs

EEG signals change before

Higuchi Fractal Dimension,

across individuals due to
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and after an 8-week
mindfulness-based stress
reduction programme. The
study aims to identify the
most effective nonlinear
methods with EEG
meditation, analyse how
frequency bands behave with
meditation, and determine
which parts of the scalp are
most active during
meditation.

along with the Random
Forest classifier, was
effective in classifying EEG
data before and after
mindfulness training, with an
accuracy above 70%. Alpha
frequency band, especially
from the right frontal region,
were the most prominent for
classification.

differences in meditation
experience levels among
participants, which
negatively affects the study.
The author highlights the
importance of future studies
that consider each individual
independently to ensure
differences among
participants do not impact
the results.

13 | [92] The study aims to distinguish | When trying to classify Studying walking meditation
between sitting meditation sitting meditation and has challenges due to
and walking meditation EEG | walking meditation EEG additional errors that may be
data. It proposes using data, among the three present in the collected EEG
various feature extraction features used alone, the most | data. Also, fixed EEG
methods, either individually | successful was original devices are more advanced
or with joint features, along power features. But when all | than mobile EEG devices in
with a Random Forest three features were combined | many ways, which can result
classifier to separate the two | and used together, they in differences in EEG data
mental tasks. produced the best quality. Additionally, the

classification accuracy of meditation experience level
84.17%. Walking meditation | of the participants may vary,
presented additional adding a challenge to
challenges due to body building a common BCI
movements that affected the | pipeline.

study.

14 | [144] The aim of the study is to When it comes to classifying | The practice of Focused
classify EEG data collected EEG data for Focused Attention Meditation is
for Focused Attention Attention Meditation and unique to each person, so it's
Meditation and problem- problem-solving tasks, impractical to design a
solving tasks. This research individual Random Forest common BCI pipeline that
tries to improve the Classifiers were highly supports all. Although
understanding of the successful, achieving an individual classifiers worked
behaviour of the brain in average accuracy of 93%. On | well for each participant, this
ways that would help the other hand, general approach needs to be further
enhance meditation practice. | Random Forest Classifiers tested with multiple session

did not perform as well. The | data from the same person.
variations in meditation Also, noise in EEG data can
among participants were affect the outcomes of these
captured effectively when types of studies.

individual attention was

given to each participant's

EEG data.

15 | [188] The study examines EEG The study shows the The study only focused on
data collected for two mind capability of using EEG data | two mind tasks and needs to
tasks: relaxation meditation to classify the two mental be tested on other mind
and a tension imagination tasks: relaxation meditation tasks. The small sample size
task. The aim was to and tension imagination limits the generalization of
successfully classify the two | using the Hilbert-Huang the results. Various artifacts
mind tasks so that the Transform and Fisher Linear | in EEG data create a
knowledge gained could be Discriminant Analysis. challenge in classification
used in future studies in Additionally, the study accuracy. Finally, the
consciousness, especially identified the connection individual differences among
when studying different between relaxation during the participants can affect the
types of mental tasks. meditation and Alpha waves, | development of a successful

and tension with Beta waves. | BCI pipeline.

16 | [203] The study focuses on The study successfully used | Variability among the

classifying EEG data from a

the Linear Discriminant

participants reduced the
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meditative state and a resting
state for Rajayoga
meditation. The findings aim
to enhance the understanding
related to meditation and will
help in developing tools to
facilitate meditation practice.

Analysis classifier with
Rajayoga meditation and
resting EEG data and
obtained an accuracy of
97.9% for intra-subject and
74.0% for inter-subject
classifications. The study
showed that high frequency
bands such as Gamma were
more effective in the
classification than the low
frequency bands. The results
indicated the challenge of
generalizing the
classification pipeline across
different individuals with
different meditation
experience.

classification accuracy
significantly for inter-subject
classification when
compared with intra-subject.
Using only a single session
of data for each participant
prevented any study of
session variability similar to
the study done on subject
variability when conducting
classification.

17 | [200] The study aims to classify For meditation and rest The lack of details about the
EEG data from loving- classification for a single level of meditation
kindness meditation (LKM) session, a high accuracy of experience of the participants
and non-meditation instances | 99.5% was obtained, and for | prevented the study from
for both single and multiple a pool of multiple session conducting inter-subject
sessions. The study uses data, this was 83.6%. The studies (where independent
Common Spatial Patterns results show that the pair of | analysis would be conducted
(CSP) for feature extraction Common Spatial Pattern and | for each participant).
and Linear Discriminant Linear Discriminant Analysis | Challenges in cleaning EEG
Analysis (LDA) for works well with meditation data were noted. The lower
classification. The study tries | EEG data, but further classification accuracy in
to find mental patterns improvements are needed in | multiple sessions suggests
related to four meditation- multiple session studies. The | the need for further studies.
related mind tasks EEG data. | results also show that out of | An improvement could be to,

the four mind tasks used, instead of using a pooled
pre-rest EEG data was dataset from multiple
slightly different from the sessions, attempt to classify
other three, as indicated by new session data after

the classification accuracy training on a separate set of
differences. Additionally, multiple-session data.
multiple sessions exhibit

some common characteristics

across each mind task.

18 | [204] The study aims to classify The study shows that a The use of a small sample
EEG data collected from Isha | Convolutional Neural size may pose challenges in
Shoonya meditation experts | Network can be used to generalizing the results. The
while practicing meditation classify EEG data of control group may have high
and a control group while Shoonya meditation and non- | variations in mental states,
conducting a non-meditation | meditation. The use of which might affect the study.
mind task. Studies were done | Independent Components It is important to ensure there
with and without Analysis in the preprocessing | is no overfitting and to test
Independent Components significantly increased the the method on other types of
Analysis (ICA) while using classification accuracy. The meditation techniques.
Convolutional Neural author says that this study
Network (CNN) models for can be expanded to clinical
the classification. The study applications such as
attempts to improve the detecting schizophrenia and
detection of meditation by epilepsy.
optimizing the performance
of CNNE.

19 | [176] The study examines how The study found that the The sample size may have

effectively meditators and

practice of combined Yoga

some limitations when
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non-meditators can be
classified based on various
statistical measures obtained
from EEG data collected
from the two groups. The
study uses a meditation
practice consisting of
combined Yoga and
Sudarshan Kriya, along with
a control group, to collect the
EEG data, and aims to
support the automation of
meditation assessment.

and Sudarshan Kriya changes
EEG activity, indicating
positive effects on brain
function. A Multi-Layer
Perceptron Neural Network
(MLPNN), along with
statistical measures obtained
from meditation/non-
meditation EEG, was able to
successfully classify the two
groups. After the three-
month meditation training,
an increase in the EEG
parameters was observed.

generalizing the results to a
broader population. The
three-month duration may
not be sufficient to capture
brain wave changes from
meditation. Focusing only on
certain statistical parameters
might hide some information
available in the EEG data.
The author emphasizes the
importance of using
advanced processing
techniques and larger sample
sizes as improvements for
this study.

20 | [95] The study investigates how a | The study found that evena | Variability in the session
short meditation session short meditation session durations created challenges
affects novice meditators by | significantly modified the in the analysis. Since a
analyzing EEG to identify EEG patterns in novice control group was not used,
altered states of meditators. Theta, Alpha, isolating meditation-specific
consciousness. The study Beta, and Gamma power changes was challenging.
expects to use changes in levels increased by 29%, The lack of clinical screening
various frequency band 16%, 17%, and 11%, limited the understanding of
power patterns during respectively, while Delta the mental states of the
meditation to understand power decreased by 5%. participants.
how meditation can affect Additionally, the machine
the brain activity of learning classifier
individuals. successfully achieved a 97%

accuracy in classifying pre-
meditation and post-
meditation data.

21 | [37] The study aims to identify EEG data collected before The small sample size and
how meditation affects brain | and after meditation training | the use of a limited set of
activity. A group was trained | were successfully classified statistical methods for feature
daily over a month, and EEG | using three algorithms, with | extraction may restrict the
data were collected before the best accuracy reaching findings. Since the study
and after the training. The 85% by Support Vector focuses on novice
two sets of EEG data were Machine. The study showed | meditators, it does not
classified using three an improvement in mental account for individuals with
methods to understand the states after the one-month different levels of meditation
changes in brain activity meditation training. experience. Additionally, the
affected by the meditation Additionally, there was a one-month training duration
practice. significant increase in the does not capture long-term

strength of Theta and Alpha | effects of meditation. By
waves and a decrease in the focusing only on the front
strength of Delta and Beta part of the brain, the study
waves following the misses insights on whole-
meditation training. brain activity.

22 | [193] The study aims to classify The study successfully The difference in the sample

EEG data collected while
performing a meditation task
and a mind-wandering task
to identify specific brain
patterns related to
meditation. For this study,
three groups of participants
were used, consisting of
varying levels of expertise in
three meditation techniques
and one novice group who

classified meditation and
mind-wandering EEG data
using Support Vector
Machine (SVM) and
Random Forest (RF). They
also found that meditation is
related to less complex brain
signals with high power
levels, while more complex
signals were observed for
mind-wandering. The author

size and experts in the three
meditation techniques having
different levels of expertise.
Focusing the signals on the
whole brain might hide some
information available in
certain regions of the brain.
The author notes that only
features related to the timing
of the EEG signals were
focused on, and thus other
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were not experts in any
meditation technique.

states that the knowledge
gained here can be useful
when developing EEG-
guided meditation tools in
the future.

types of features related to
meditation EEG might have
been missed.

23 | [196] The study aims to build a The study successfully used | The author mentions the
BCI pipeline to classify EEG | Support Vector Machines small sample size and the
signals recorded during (SVM) to classify meditation | need to increase the size to
Vipassana meditation and and non-meditation EEG generalize the results.
non-meditation sessions. sessions. Additionally, Linear | Additionally, the author
Three pipelines were Discriminant Analysis states that methods like LDA
prepared to test Principal performed best with SVM + SVM took longer to train,
Component Analysis (PCA), | when compared to either which makes them less
Independent Component Independent Component practical. Furthermore,
Analysis (ICA), and Linear Analysis or Principal sensitivity to kernel choices
Discriminant Analysis Component Analysis. for the SVM classifier can
(LDA) for feature extraction, | However, all three pipelines | create overfitting and
and each was combined with | demonstrated significantly underfitting.

Support Vector Machines high accuracies.
(SVM) for classification. The

study aims to understand

how EEG and mental

patterns behave while

meditating compared to non-

meditative states.

24 | [201] The study aims to explore the | The study shows that the Small sample size and the
effects of mindfulness-based | short mindfulness meditation | differences among the
stress reduction (MBSR) training had significant participants were noted by
meditation on novice effects which were visible in | the author as limitations.
meditators. For this, an eight- | the collected EEG data. Also, the authors say not
week training was When testing various having enough sessions of
conducted, and EEG data pairwise (meditation/rest, EEG data was a challenge in
was collected at the meditation1/meditation?2, the study. The author also
beginning and end of the restl/rest2) classifications highlights the need for large
training during both resting with several machine datasets to properly apply the
and meditation tasks. Various | learning algorithms, some machine learning algorithms.
pairwise combinations of accuracies were obtained that | In the inter-subjects, most of
these tasks were then tested were very close to 100%. the classification accuracies
using traditional machine However, for the inter- were close to 50% or below,
learning and deep learning subject classifications, which is a significant
pipelines to study how the significantly low accuracies | weakness in a binary
meditation training impacted | were obtained. The study classification study.
the participants. showed that SVM and neural

networks were successful in
classifying various instances
of meditation/non-meditation
EEG data.
25 | [127] The study aims to use The study found that both The study talks about the

artificial intelligence
techniques (ANN, SVM) to
understand the effect of
Tibetan Nyingmapa
meditation. It used novice,
intermediate, and expert
meditators, and EEG data
were collected for both
meditation sessions and non-
meditation baseline sessions.
The study aims to obtain
high classification accuracies

artificial neural networks
(ANN) and support vector
machine (SVM), under
optimal conditions, produced
accuracies over 98%. The
key features contributing to
these accuracies came from
the Alpha band. The study
highlights the value of using
artificial intelligence in
studying meditation EEG.

challenges faced with
complexity in the EEG data.
The author states that ANN
models can encounter local
minima, which might hinder
achieving optimal results.
Additionally, since the study
focused on one meditation
type, the findings may not
generalize to other
meditation types.
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to demonstrate the value of
using artificial intelligence in
meditation EEG analysis.

26 | [165] The study focuses on The study successfully used | Small sample size and
classifying meditation EEG three machine learning collecting only a single
data based on the experience | algorithms (FKLSSVM, session of data may not be
level of the participants. The | SVM, ANN) to classify sufficient to capture all
study used novice, breathing meditation EEG information related to this
intermediate, and expert data for participants with study. Also, restrictions in
meditators in breathing three levels of experience. feature selection might have
meditation. This is targeted Among them, FKLSSVM caused the loss of some
by using features in the achieved the highest valuable features available in
Alpha band and testing three | accuracy of 96.28%. the EEG data that might be
types of machine learning Additionally, the Alpha band | useful for the study.
algorithms. The author was noted to have the highest
expects to contribute to impact as a feature in the
meditation EEG research by | classification process.
quantifying experience
through classifications.

27 | [202] The study aims to classify When classifying meditation | The study focused on inter-
Rajayoga meditation and and non-meditation EEG subject classification of
non-meditation EEG data data, classification accuracies | meditation and non-
using a deep learning model. | of Alpha - 79.1%, Beta - meditation; hence, the
The study expects to detect 86.5%, lower Gamma - variability among the EEG
the different brain activity 91.0%, and upper Gamma - data collected due to
characteristics in the two 94.1% were obtained. By differences in the meditation
mind states using machine using a neural network for experience levels of the
learning techniques. classification, an increase of | participants created

15% in accuracy was challenges. The study only
achieved compared to focused on Rajayoga
previous work, indicating the | meditators; therefore, the
value of using deep learning | results cannot be generalised
techniques for meditation to all meditation types.
EEG.

28 | [229] The study aims to assess how | The study showed that deep The dataset was limited,
well deep learning learning methods having only one session of
algorithms can classify EEG | outperformed the traditional | small sized data per mind
data collected from a methods when detecting task for each person, and this
mindfulness meditation meditation and non- is not enough for a
group and a control group. meditation EEG data. At the | comprehensive analysis. The
The meditation group same time, Feed-Forward analysis was done using only
followed an eight-week Neural Networks (FFNN) three channels, which is not
meditation training. The outperformed Convolutional | sufficient for a complete
study seeks to compare the Neural Networks (CNN). study. Some limitations
results with those from The study demonstrates the existed because of the noise
traditional classification value of using deep learning | in the EEG data.
methods. methods with meditation

EEG.
29 | [222] The aim is to investigate if The study showed that Limited sample size

Shallow Convolutional
Neural Networks (SCNNs)
are successful in classifying
experienced and novice
Himalayan Yoga meditation
EEG data. The author
assumes that success in this
area will be useful for
research in building real-time
applications for wearable

Shallow Convolutional
Neural Networks (SCNN)
were highly successful in
classifying experienced and
novice Himalayan Yoga
meditation EEG data. Also,
1D-SCNN performed better
than 2D-SCNN in this
classification.

restricted the comprehensive
study. There is the risk of
overfitting when the
complexity of the model
increases. The author shows
that the lack of publicly
available meditation EEG
data also creates a challenge
in this type of research.
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EEG devices to support
meditation.

30 | [194] The study aims to develop a | The study successfully built | Small sample size and the
BCI pipeline to classify EEG | a machine learning pipeline EEG device used, which had
data collected from to classify meditation and only one electrode, might
concentration and meditation | concentration EEG data have affected the data quality
using a Random Forest using a Random Forest and created challenges for
Classifier. Additionally, the Classifier. The developed classification. Since the data
study examines the ability to | model demonstrated the was collected in a controlled
use this classification skill to | capability to control a basic environment, applying it in a
control external devices external device with a binary | real-world situation may be
(home automation) using task. more challenging. The study
mental states. only used two mind states

rather than a range of mental
states, which limited its
capabilities.

31 | [197] The study aims to classify The study showed that The variability among the
breathing meditation and meditation and mind- individuals created
mind-wandering EEG data wandering EEG data differences in individual
for novice meditators using classification was EEG patterns, which created
several machine learning successfully done using a challenge in classification.
techniques. Linear Discriminant Small sample size and

Analysis, Naive Bayes, limited data quality were also
Support Vector Machines, challenges faced, as

and k-Nearest Neighbors. mentioned by the author.
Also, a significant

contribution of Alpha and

Theta features was noted.

32 | [128] The study tries to find how The study found that The study mentions that the
the brain activates (on meditation causes changes to | small sample size is a
selected brain waves) under | brain activities, such as limitation and suggests
different meditation changes in the strength of collecting data from a
conditions. EEG data were Delta and Alpha waves. diverse group of people with
collected for Transcendental | Additionally, the study was varying levels of meditation
Meditation, Raja Yoga, and able to successfully classify experience. Additionally, the
Mindfulness Meditation at different conditions related to | author says that a twelve-
four different instances meditation tasks using four week training period is
during a twelve-week types of artificial neural insufficient to properly
training session and analysed | networks, with the VGG-16 | understand the effects of
using several classification model achieving the highest | meditation.
techniques to understand the | accuracy of 99.4%. The
collected data. study showed the value of

using EEG data to
understand meditation.

33 | [147] The study aims to classify The study was successful in | EEG data were complex and
EEG data collected for three | classifying EEG data hard to extract information
mind tasks: yoga, meditation, | collected from yoga, from. Also, the author states
and combined yoga- meditation, and combined the need to identify and use
meditation. The study uses yoga-meditation using the new features to improve
three machine learning classifiers Linear Support accuracies. There is a need
algorithms: linear support Vector Machine, k-Nearest for a broad group of
vector machine, K-nearest Neighbors, and Multilayer participants to collect data so
neighbor, and multilayer Perceptron, with the best that the results can be
perceptron to identify the accuracy obtained for Linear | generalised.
best performing classifier. Support Vector Machine:

91.67%. The study used 50
features extracted from the
EEG for the classification.
34 | [153] The study examines brain Himalayan Yoga and Hare Due to the small sample size

patterns of Himalayan Yoga

Krishna mantra meditation

and the fact that participants
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(HT) and Hare Krishna
mantra meditation (HKT)
compared to a control group.
Here, features such as
Sample Entropy, Hurst
Exponent, and Band Power,
taken from EEG data, were
classified using three
machine learning algorithms:
Support Vector Machines,
Deep Neural Networks, and
Random Forest.

EEG data were successfully
classified against the control
data using Support Vector
Machines (SVM), Deep
Neural Networks (DNN),
and Random Forest. The
features Sample Entropy
(SE), Hurst Exponent (HE),
and Band Power (BP)
obtained from EEG data
were independently and
successfully used, with the
BP feature producing the best
accuracies for the three
machine learning algorithms.

were selected based on
certain conditions, there is a
challenge in generalizing the
results. Also, the study only
focused on two types of
meditation, leaving an
opportunity to study other
types. The study should also
explore other types of
features and classification
methods to gain a better
understanding.

35 | [100] The study explores how The five classification The small sample size,
brain activities are impacted | algorithms used were challenges with electrodes,
by breathing meditation, successful in showing that and possible artifacts are
especially in the Alpha there is a difference in brain | some limitations mentioned
region. To test this, pre- activity between pre- and by the author when
meditation and post- post-meditation. This is generalizing the results.
meditation EEG data were shown by the reduction in
classified using five classification accuracies for
algorithms: Multilayer post-meditation EEG data
Perceptron, Support Vector when using all five
Machine, Logistic algorithms. Additionally, the
Regression, Decision Forest, | study found an increase in
and Naive Bayes. Alpha wave power strength

in post-meditation when
compared with pre-
meditation.

36 | [198] The study focuses on using The study successfully used | The author notes that the low
several machine learning several machine learning quality of equipment used in
algorithms to classify novice | algorithms to compare the study affected the results.
and expert meditators, as novice and expert meditators, | Additionally, a small sample
well as healthy individuals as well as healthy size was identified as a
and patients with Parkinson's | participants and patients, limitation for obtaining
disease, using EEG data using EEG data. The Deep optimal results.
collected in all instances. Convolutional Neural

Network achieved the best
mean accuracy of 59.5% in
the study. k-Means
Clustering and Graph Neural
Networks were not
successful.
37 | [148] The study attempts to Support Vector Machines The author says that high

classify breathing meditation
and non-meditation EEG
data while addressing the
challenge of using inter-
subject data. Here,
Riemannian Space Data
Alignment was tested to
reduce the differences among
participants, while using
Support Vector Machines
with a Radial Basis Function
Kernel or EEGNet for
classification.

with a Radial Basis Function
Kernel (SVM-RBF) and
EEGNet were successful in
classifying meditation and
non-meditation EEG data.
Riemannian Space Data
Alignment (RSDA) was able
to increase the accuracy of
both classifiers, indicating
support for inter-subject
classification. The best
accuracy of 72.6% was
obtained for EEGNet with
RSDA.

variability in the EEG data
among various participants
posed some challenges,
especially with the lower-
performing participants.
Additionally, Riemannian
Space Data Alignment's
inability to accommodate
geometric transformations
placed limitations on the
study.
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explore methods for
identifying distractions
during breathing meditation
for novice meditators, which
could be useful in developing
applications to guide them.
In this study, distractions
such as sleepiness and mind-
wandering were
independently compared
with meditation using EEG
data, while testing ten
different classification
algorithms.

showing that EEG data can
be used to detect mind-
wandering and sleepiness
during meditation. Ten
classification algorithms
were successfully used in the
study, with the Random
Forest classifier and the
Decision Tree classifier
producing the best results.

38 | [101] The study proposes a The introduced Complexity and available
lightweight Convolutional Convolutional Neural artifacts created challenges in
Neural Network (CNN) to Network (CNN) extracting features properly,
classify EEG data collected outperformed traditional thus impacting performance.
from expert meditators, methods in classifying EEG | The study uses a specific
novice meditators, and the data collected from expert mind task and needs to be
control group. The study meditators, novice tested on different mind tasks
aims to show that this meditators, and the control and datasets to generalize the
method can work effectively | group, achieving an accuracy | results. The author states that
so that it can be used in real- | of 94.57%. At the same time, | the results obtained depended
time due to its low this new method performed on sample size, which should
complexity. similarly well to several deep | be increased in future

learning models while studies.
maintaining low complexity.

39 | [155] The study aims to classify The study used four The study focuses only on
EEG data collected during variations of meditation and expert meditators; hence, the
mind-wandering and while mind-wandering EEG data study should be extended to
practicing one of four and successfully classified include novice meditators
meditation variations, using | meditation and mind- and non-meditators. Since
experts in each meditation wandering using several the participants were selected
variation. Several algorithms, achieving an from specific regions and
classification algorithms are | average accuracy greater meditation types, future
used in the study to than 70%. This demonstrated | studies should be conducted
distinguish between the neural pattern differences | using a more diverse
meditation and mind- between meditation and population to generalize the
wandering. mind-wandering. Among the | findings.

algorithms used, K-Nearest
Neighbors produced the best
accuracy of 77.7%.
40 | [215] The aim of the study is to The study was successful in Since the study was

conducted on novice
meditators, the results may
not be applicable to expert
meditators, as there are
certain brain wave pattern
differences between novice
and expert meditators.
Additionally, using a small
sample size and a limited
number of electrodes might
have missed capturing
complex patterns that are
useful for the comparison.

Table 2.7 Summary of EEG Frequency Bands Used

No Reference Delta Theta Alpha Beta Gamma
: [33] v v v

2 [91] v v v

3 [34] v

4 [152] v v v v v
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5 [150] v v v

6 [218] v v v v v
; [210] v v v v v
5 [191] v v v v v
9 [151] v v v

10 [123] v v v v

11 [209] v v v v v
i [227] v
13 [184] v v v v

14 [230] v v

15 [92] v v v v v
16 [93] v v v v v
17 [144] v v v v v
18 [83] v

19 [188] v v

20 [171] v v v v
21 [203] v v v
22 [94] v

23 [200] v v v v v
24 [228] v v v v v
25 [204] v v v v v
26 [176] v v v v v
27 [95] v v v v v
28 [96] v v v v v
29 [37] v v v v

30 [214] v v v v

31 [193] v v v v v
32 [182] v v

33 [97] v v v v v
34 [196] v v v v

35 [125] v v v v
36 [98] v v

37 [126] v v v v

38 [201] v v v v v
19 [127] v

20 [165] 7

41 [177] v v v v
42 [202] v v v
3 [229] v

14 [222] 7
45 [29] v v

46 [194] v v v v v
47 [197] v v
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48 [128] v v v

49 [147] v v v v v
50 [99] v v v v v
51 [189] v v v v v
52 [122] v v v

53 [153] v v
54 [100] v v v v v
55 [198] v v v v v
56 [154] v v

57 [148] v v v

58 [101] v v

59 [155] v v v v v
60 [215] v v v v

ol [174] 7
62 [149] v v v v v
63 [156] v v v v v
64 [178] v v

65 [186] v v v v v
66 [163] v v v v v
67 [183] v v v v v
o [224] v

69 [220] v v v v v
70 [179] v v v v v
71 [157] v v v
72 [84] v v
73 [25] v v v v v
24 [164] 7

75 [102] v v v v v
76 [129] v v
77 [121] v v v v v
78 [103] v v v v v
79 [23] v v v v
80 [170] v v v v v
81 [85] v v v v v
82 [130] v v v v v
83 [86] v
" [166] 7

o [131] 7

86 [169] v

87 [104] v

88 [205] v v

89 [195] v

% [172] 7
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91 [145] v v

9 [120] 7

93 [219] v v v v
94 [105] v v v v
o5 [106] v v

96 [223] v v v

97 [107] v v v
98 [158] v v v v
99 [159] v v

100 [14] v

101 [132] v v v

102 [213] v

103 [206] v

104 [192] v v v v
105 [124] v v v

106 [133] v

107 [108] v v v v
108 [134] v v v v
109 [135] v v
110 [109] v v v v
111 [110] v v v

112 [111] v v v

113 [136] v v v
114 [12] v v v v
115 [143] v v v

116 [175] v

117 [36] v v v v
118 [160] v v v
119 [87] v v v v
120 [137] v v v v
121 [27] v v v

122 [112] v v

123 [138] v v
124 [38] v v

125 [173] v

126 [113] v v v v
127 [167] v v

128 [216] v v v v
129 [190] v v v
130 [180] v v v

131 [146] v v v v
132 [88] v v v
133 (212] v v v
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134 [185] v v
135 [207] v v v v v
136 [211] v
137 [208] v v v v v
138 [221] v v v v v
139 [114] v v v v
140 (8] v v v v v
141 [115] v v v
142 [35] v v v v v
143 [161] v v v
144 [199] v
145 [116] v v v
146 [117] v v
147 [118] v v v v v
148 [119] v v v v v
149 [225] v v v v
150 [226] v v v v v
151 [139] v
152 [89] v
153 [140] v v v v v
154 [162] v v v
155 [217] v v v
156 [90] v v v
157 [168] v
158 [24] v v
159 [39] v v v v
160 [231] v v v v v
161 [181] v v v v v
162 [187] v v v v
163 [141] 4 4 v
164 [142] v v v
Total 83 127 148 107 89
Percentage 50.6 77.4 90.2 65.2 54.3
(%)
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Chapter 3
Common spatial pattern for classification of loving
kindness meditation EEG for single and multiple
sessions

Abstract

While a very few studies have been conducted on classifying loving kindness meditation
(LKM) and non-meditation electroencephalography (EEG) data for a single session, there are
no such studies conducted for multiple session EEG data. Thus, this study aims to classify
existing raw EEG meditation data from single and multiple sessions in order to derive
meaningful inferences that can support the development of algorithms for meditation practice.
In this analysis, data have been collected on Pre-Resting (before-meditation), Post-Resting
(after-meditation), LKM-Self and LKM-Others for 32 participants and hence allowing us to
conduct six pairwise comparisons for the four mind tasks. Common Spatial Patterns (CSP) is a
feature extraction method widely used in motor imaginary brain computer interface (BCI), but
not in meditation EEG data. Therefore, using CSP in extracting features from meditation EEG
data and classifying meditation/non-meditation instances, particularly for multiple sessions will
create a new path in future meditation EEG research. The classification was done using Linear
Discriminant Analysis (LDA) where both meditation techniques (LKM-Self and LKM-Others)
were compared with Pre-Resting and Post-Resting instances. The results show that for a single
session of 32 participants, around 99.5% accuracy was obtained for classifying meditation/Pre-
Resting instances. For the 15 participants when using five sessions of EEG data, around 83.6%
accuracy was obtained for classifying meditation/Pre-Resting instances. The results
demonstrate the ability to classify meditation/Pre-Resting data. Most importantly, this
classification is possible for multiple session data as well. In addition to this, when comparing
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the classification accuracies of the six mind task pairs; LKM-Self, LKM-Others and Post-
Resting produced relatively lower accuracies among them than the accuracies obtained for
classifying Pre-Resting with the other three. This indicates that Pre-Resting has some features

giving a better classification indicating that it is different from the other three mind tasks.

Keywords: BCI (brain computer interface), EEG (electroencephalography), Meditation,

Classification, CSP (common spatial patterns), LDA (linear discriminant analysis)

3.1 Introduction

As defined by Thomas et al. [1], meditation simply means targeting mental and emotional
control by focusing the mind on a thought, activity or an object resulting in a clear and calm
mind. Meditation is known to have multiple benefits such as depression reduction, stress
reduction, anxiety reduction and as an attentional training to bring improved insight into one’s
own mental activity [5]. To investigate latent neural patterns associated with meditation-related
mental states, scientific methods such as heart rate analysis, brain waves, brain imaging, and
questionnaires [9, 16, 17,232, 233] have been used and in this study, brain wave data collected
on multiple meditation sessions using electroencephalography (EEG) were used. EEG is a test
used to monitor the electrical activity of the brain and has been successfully used in studying
various types of meditation [33, 182, 234]. The present work is aimed at achieving a
classification for loving kindness meditation (LKM) EEG data for a variety of instances. The
selected EEG dataset consists of four types of mind tasks, two meditation and two resting (one
before meditation and one after meditation). The study was conducted using EEG data of 32

participants for a single session and 15 participants for 5 sessions. The analysis was done for
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both single session and multi-session instances. A machine learning approach was used to get
the results in which Common spatial patterns (CSP) was used for feature extraction and Linear
discriminant analysis (LDA) was used for classification. The classification was done for all six

pairs of the four mind tasks that gave a better understanding of the LKM EEG dataset.

3.1.1. EEG BCI background

In recent years, research has been conducted to develop various sensor devices that can read
information from the human body and can be used for operations in the outside world. This
involves a broad area where sensors may try to detect features such as heartbeat, breath, eye
movement, brain waves, etc. The field in which brain waves are used for communicating with
a computational device is known as brain computer interface (BCI) [28]. The brain functions
by transferring information between brain cells known as neurons in the form of electrical
signals and chemicals. These electrical signals at a given time indicate how a brain functions
and both researchers and doctors have been using the behaviour of these signals as a tool to
understand the functionality of the brain. Electroencephalography (EEG) which is one such
method used to measure this electrical activity in millivolts, measures the voltage changes
produced from the flow of ionic current among neurons of a brain. The patterns of electrical
activity occurring in the brain are known as brain waves. These brain waves are basically
classified into five categories which are defined based on the frequency strength and are
assigned to different activities occurring in the brain such as deep sleeping, meditating,
creativity, alertness, problem solving, etc. Although there are small variations in the boundaries
of these bands, the mostly used set of frequencies among researchers are Delta (0.5-4 Hz),

Theta (4-8 Hz), Alpha (813 Hz), Beta (13-30 Hz) and Gamma (> 30 Hz) [73, 77, 121].
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EEG data are collected by placing electrodes along the scalp and collecting data for a certain
period of time. The international 10-20 system [57] of electrode placement is an internationally
recognised numbering system used to identify locations on the scalp when placing electrodes
of an EEG device on the scalp. The electrodes placement is designated by numbers and letters
to represent the area of the brain underneath the electrode, Fp: pre-frontal region, F: frontal
region, P: parietal region, T: temporal region, O: occipital region and C: central region [8, 58,
235]. To represent electrodes placed on the boarder of any of the two regions, the letters of both
regions are used [26, 59] (FC/frontal-central region, FT/frontal-temporal region, CP/central-
parietal region, TP/temporal-parietal region and PO/parietal-occipital region) and AF is used
between Fp and F [236]. The numbers represent the position on the scalp with odd numbers for
the left hemisphere and even numbers for the right hemisphere. When collecting EEG data any
number of electrodes can be used, placed in any pattern in international 10—20 system and in

most of the studies an electrode count of 4, 8, 16, 32, 64, 128 or 256 has been used.

3.1.2. EEG signal processing with machine learning techniques

EEG data contain a variety of information about the brain activity for a given instance and
pattern extraction and deriving information from them are complex processes. This is basically
due to the fact that the raw EEG data can contain high levels of noise (low signal-to-noise ratio)
and thus it needs to follow multiple steps to process the signals to extract the valuable
information hidden in the raw EEG data. The steps involve data acquisition, signal
preprocessing and artifact removal, feature extraction, classification, and control interface,
which in a general EEG-BCI pipeline refers to the stage where classification outputs are used
to provide feedback or control an external system; however, this study focuses only on the
signal processing and classification stages [22]. When considering signal preprocessing and
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artifact removal, EEG data are commonly affected by noise originating from multiple sources,
including external environmental interference such as electromagnetic effects from surrounding
electrical equipment, as well as physiological artefacts arising from bodily activities such as
eye movements, eye blinks, and jaw movements. Here, usually a suitable filtering technique
can be used to remove noise coming from internal body functions and a high pass filter [33]
can be used to remove unwanted lower frequencies such as frequencies less than 0.5 Hz. A low
pass filter [33] can be used to remove unwanted higher frequencies such as frequencies greater
than 60 Hz. To remove the external electromagnetic noises, 50 Hz band stop filter [165] can be

used.

For signal processing and feature extraction from EEG data, sometimes advanced algorithms
such as common average reference (CAR), independent component analysis (ICA), principal
component analysis (PCA), Fourier transformation (FT), linear discriminant analysis (LDA),
common spatial pattern (CSP) can be used depending on the problem type [32, 64, 196]. In
CAR, to reduce the noise, the average value of all the electrodes is removed from all the
electrodes. On the other hand, ICA is a special case of blind source separation, where the
observed EEG signals are assumed to be linear mixtures of underlying, statistically independent
and non-Gaussian source signals. A commonly used analogy is the “cocktail party problem,”
which describes the separation of individual sound sources from a mixture of voices recorded
by multiple microphones. In EEG artifact removal, ICA [30, 31] attempts to decompose the
recorded channel data into independent components, some of which correspond to
physiological artifacts such as eye blinks or muscle activity, allowing these components to be
identified and removed. In feature extraction, ICA can also be used to reduce source mixing by
separating dominant neural sources, rather than assuming that the recorded EEG channels

themselves are statistically independent.
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Principal component analysis (PCA) [30, 143] tries to reduce the number of variables in a
dataset. When doing this task, some information may get lost in the dataset. So, PCA tries to
reduce the data size while losing minimum information as possible. This size reduction allows
various machine learning algorithms to work efficiently. In EEG data processing, PCA can be

used not only for cleaning the data, but also for extracting features.

Fourier transformation (FT) [237, 238] can be seen as a feature extraction method used in many
EEG-related experiments. FT is a mathematical transformation of data that will convert a
vibration signal into its frequency domain. So, the result will show how each frequency has

contributed to the original vibration signal.

Common spatial pattern (CSP) [45, 62, 81, 82] is a multivariate signal processing method used
in EEG feature extraction methods that tries to maximize the variance of one mind task while
trying to minimize the variance of the other mind task. The idea is to identify a set of spatial
filters that will maximize the variance between two mind tasks in EEG. The algorithm starts by
dividing the dataset based on the two mind tasks and then calculate a covariance matrix for each
mind task. After that a pooled covariance matrix is calculated using all the covariance matrices.
Then, the spatial filters that give a maximum covariance difference between the two mind tasks
are calculated using generalised eigen vectors obtained from the pooled matrix. These spatial
filters are sorted in the descending order of eigen values obtained from the pooled covariance
matrix. After that, each mind task EEG dataset is passed through the spatial filters to get the
spatially filtered features for each mind task. These features get ranked according to their
strength of separating the two mind tasks and the strongest features will be used in classifying

a new EEG dataset.

With CSP as a feature extraction algorithm, linear discriminant analysis (LDA) [46, 80] as a

classification algorithm has been used, especially in the area of motor imagery BCI. LDA is a
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machine learning algorithm that will either calculate or use an already built pooled covariance
matrix to calculate the feature set, which in other words, when using the algorithm alone, LDA
itself will calculate a feature set for the classification model. However, when the feature set
calculated by CSP is available, LDA can take it as an input and directly use that for the
classification model. Lotte et al. in his review paper conducted a study regarding classification
algorithms for EEG-based brain—computer interfaces [32] and gives a summary of all the
methods and algorithms used under BCI for feature extraction and classification. Among the
above-mentioned algorithms, CSP is one of the best performing feature extraction algorithms
for EEG in motor imagery. As shown in another review paper based on motor imagery EEG
[22], the classification algorithm LDA has produced high performance in motor imagery BCI.
Although this combination of CSP and LDA has been used to analyse EEG data in many
experiments such as motor imagery, this machine learning pair has not been used for studying
meditation EEG datasets for multiple sessions. The lack of research for using CSP and LDA to

study meditation EEG is well demonstrated in a review paper [76].

3.1.3. Study of meditation using EEG

Effects of meditation on humans can be divided into two types, namely state and trait while
EEG has been used to study both cases [15, 26]. States are temporary changes and traits are
long-term/permanent changes happening in a person doing meditation. To identify state [42,
61] characteristics, a person needs to collect data for meditation and non-meditation instances
either for the same group of people or for a meditation group and a control group. The brain
wave characteristic difference between meditation and non-meditation instances is one example
of state changes in the brain. Trait [14, 17] changes are permanent modifications which are
visible in a person after practicing meditation for a long time. Trait characteristics can be
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identified by comparing brain functionality of long-term meditators with non-meditators/
novice meditators. This can be detected when they are staying relaxed without meditating or
while doing meditation. Studies have been conducted comparing different instances of the same
meditation technique such as meditation vs non-meditation, novice meditators meditating vs

expert meditators meditating, using EEG data [78].

Although there are many meditation techniques, past research shows that they are categorized
in to either 2 or 3 different types of groups based on the characteristics they possess. Cahn et
al. [26] divide meditation into two types, mindfulness and concentrative depending on how the
person focuses his/her attention in meditation. Some meditation techniques fall into either one
of these two techniques or somewhere in the middle where it will have a portion of
characteristics from both mindfulness and concentrative methods. Mindfulness meditation
simply allows any type of emotion, thought or a feeling to appear and disappear from mind
without any forceful control over it. The person will be an observer looking at the mind without
any attachment, dislike or analysis and some examples are Vipassana [50, 232, 239] and Zen
[240, 241] meditations. On the other hand, in concentrative meditation a person will have a
special focus or an attention towards a specific mental task. This can be a body sensation like
breath, body movement like walk, a repeated sound (a word or a sentence know as a mantra) or
imagining of a particular symbol or picture, etc. Some examples are yoga and samatha (breath,
etc.) meditations [141, 176]. However, some meditation techniques such as loving kindness [12,
13] and transcendental [242, 243] will have characteristics of both mindfulness and
concentrative methods. Loving kindness meditation (LKM) which is also known as Metta
meditation works by generating positive thoughts such as kindness, love, compassion towards
oneself or others without getting too attached to anything. This can be achieved by repeating a

phrase or couple of phrases that may wish someone to be happy or wish someone to be free
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from suffering. Research shows that LKM has many benefits that improves physical and mental

health such as reducing depression, stress and even improving the immunity of the body [12].

3.1.4. Summarizing the importance of this study

Scientifically understating how a brain works when doing meditation is an ongoing research
trend in the field of meditation. Studies show that various characteristics were identified in EEG
signals that map with various characteristics of meditation [1, 26, 40, 41]. As an example, when
considering EEG data collected for a group of people when meditating and when not
meditating, analysed EEG data show pattern difference between the two groups [79]. Moreover,
there are studies that discuss about multiple benefits gained from practicing meditation [11].
Some studies show how practice of meditation supports in improving mental health [3, 13].
However, it is important to have a proper guidance for the meditation. Brandmeyer et al. [19]
talks about the need of some devices/programmes that can indicate how well a person is
performing in meditation. The author indicates, with such facilities a person can monitor his/her
progress in meditation and alter the practice according to the progress. Therefore, it has been
emphasized that there is a need for monitoring tools in the research community. There have
been scientific studies to understand the usefulness of apps that support meditation [6, 52, 54].
These studies show that these apps offer many benefits for the people using them [18, 53].
However, the biggest disadvantage of most of the apps available for meditation support is that
the apps are not capable of knowing if the person is properly progressing in the meditation [51].
Therefore, the support and guidance an already available app can offer a person is highly
limited. Taken together, it emphasizes the importance of classifying meditation/ non-meditation
EEG data with high accuracy and more importantly, to study if the classification of meditation/
non-meditation is possible for multiple sessions using EEG data. This can result in developing
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algorithms that can understand various stages in meditation, hence can guide a person in
meditation. Recent studies have shown the results of classifying EEG meditation/non-
meditation data. Ahani et al. [33] has classified mindfulness meditation EEG data using
Stockwell transform and support vector machine with an accuracy of 85.0%. At the same time,
Tee et al. [178] achieved a classification accuracy of 96.9% for theta healing meditation using
discrete wavelet transform and logistic regression. However, for LKM such results have not
been reported so far. In both cases, the studies were conducted only for a single session EEG
data. It is well understood that a study of multiple session classification is needed. Therefore,
this study was done for loving kindness meditation for multiple sessions and CSP was used in

feature extraction, and this is a significantly new approach.

3.2 Methods

3.2.1. Dataset description

For the current study, an online EEG dataset relevant to LKM was chosen which has been titled
as “The Effect of Buddhism Derived Loving Kindness Meditation on Modulating EEG: Long-
term and Short-term Effect”. The dataset has been publicly available since 2021-09-24
onwards. The dataset was collected by the team of Ven. GoonFui Wong, Junling Gao and Rui
Sun with a funding of Faculty Research Fund of Faculty of Education in HKU. The project has
been ethically approved by the University of Hong Kong Human Research Ethics Committee

under the reference number: EA210145. The dataset DOI is “https://doi.org/10.18112/open

neuro.ds003816.v1.0.1”.
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Brainvision—ActiCHamp (Brain Products, German) EEG device was used for the data
collection. The device has 127 EEG channels placed on the international 10-20 system and one
ECG channel for collecting the data [236]. To keep a good signal-to-noise ratio, all electrodes

impedance was kept under 20 kOhm and the sampling rate was 1000.

EEG data have been collected using 48 participants having previous experience in meditation
and were used for the two main mind tasks: meditation and non-meditation separately. Out of
these 48 participants, 15 participants were used in multiple session data collection. For these 15
participants, 8—10 data collection sessions were conducted within a 2-month period. In each
session, the data were collected for each person for six types of tasks with eyes closed. The
meditation method used was loving kindness meditation (LKM). The six tasks were pre-resting,

post-resting, radiating LKM to self, radiating LKM to others, visualize self and visualize others.

In this analysis the interest is to classify rest state EEG data with meditation EEG data. For that,
EEG data of four mind tasks out of the six available tasks were selected. The selected four
instances were pre-resting, post-resting, radiating LKM to self, radiating LKM to others where
the first two are resting instances: one before the meditation sessions and the other after
finishing all the meditation sessions. LKM to self and LKM to others are two types of
meditations where a person meditates loving kindness thoughts to oneself and to others,
respectively. In the current work, the labels Pre-Resting, Post-Resting, LKM Self and LKM

Others are used for them.

The original dataset consists of 6467 files having a size of 53.97 GB and with 48 total number
of participants from which 15 were used in multiple session data collection. With these details,
two types of studies were conducted for the given dataset. One is to study the meditation/ non-
meditation EEG data for 48 participants for a single session while the other is to study the

meditation/ non-meditation EEG data for 15 participants for multiple sessions.
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When considering the original dataset, each EEG data collected for a single instance (single
mind task) has produced 6 files. (A single data collection session consists of six of these mind
tasks (instances), which means 36 files for a single data collection session.) One out of the six
files for each instance contains the raw EEG data and the other five files contain supporting
data for the raw EEG data. In the original dataset a sample of those six files, for an instance
called ‘aaa’ were labelled as: aaa eeg.eeg, aaa eeg.json, aaa eeg.vhdr, aaa eeg.vmrk,
aaa_channels.tsv, aaa events.tsv. To read EEG data for a single instance, the corresponding

EEG file and the supporting files were used together.

3.2.2. Methods of experiment

As the first step, readability of both the raw data and supporting files were checked. A very few
data collection instances, in which one or more of the six needed files were corrupted, the entire
session was removed from our analysis. In this study, a person/session was selected only if all
four mind tasks were not corrupted. The analysis was conducted using the python language and
the mne package in python was used to read the raw data using read raw_brainvision. Out of
48 participants that can be considered for a single session, there were 32 people whose files
were readable without being corrupted, for all 4 instances. Therefore, for the single session

analysis raw data of these 32 participants was used.

Similarly, the mne package was used to read raw data for the 15 participants where data were
collected in multiple sessions consisting about 8, 9 or 10 sessions. For these 15 participants, it
was observed that 5 to 9 sessions were properly readable (for a selected good session, EEG data
were properly readable for all four instances it has.). Therefore, when studying EEG data for

multiple sessions, the data of five sessions (Table 3.1) were used for these 15 participants to
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allow fairness among all 15 participants. When there were more than 5 good-quality sessions

available, the 5 sessions with the largest file sizes were selected and used in this study.

Table 3.1 The five sessions selected for each of the 15 participants when in multiple session
analysis

Count  Participant No Session Numbers
1 1 1 7 8 9 10
2 3 1 2 5 6 10
3 7 1 2 3 8 10
4 8 1 4 5 6 8
5 11 2 3 4 9 10
6 12 1 2 3 4 8
7 14 1 3 5 6 8
8 37 3 4 7 9 11
9 38 1 2 3 7 10
10 39 1 5 6 7 9
11 41 3 5 7 8 9
12 42 1 3 6 7 10
13 43 1 2 3 4 5
14 44 1 3 4 6 7
15 45 1 5 7 8 9

In summary, using the loving kindness meditation EEG dataset (Pre-Resting, Post-Resting,
LKM Self and LKM Others) two studies were conducted using the available readable data. In

the first study, EEG data for 32 participants involved with a single session were used. For the

second study, EEG data for 15 participants collected in 5 sessions were used. As the next step,

cleaning of this readable raw EEG data is elaborated below.

The raw data consist of 128 channels from which one was an ECG channel. The ECG channel
was removed, and the remaining 127 EEG channels were taken. Under the 10-20 montage, 4—
5 channels were renamed accordingly to match the montage ‘standard 1005°. The dataset was
filtered using a high pass filter of 0.5 Hz and a low pass filter of 45 Hz that gave the cleaned
EEG dataset a frequency range starting from 0.5 Hz to 45 Hz. This frequency range contains 5

frequency bands that are used in studying meditation EEG; Delta (0.5-4 Hz), Theta (4-8 Hz),
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Alpha (8-13 Hz), Beta (13—30 Hz), Lower Gamma (30—45 Hz). The applied filtering attenuated
power-line interference at 50 Hz, which is common in the country where the data were

collected.

Something that is very common in many EEG meditation data analyses is to visually inspect
the data and manually remove selected sub-parts based on waveform appearance. This approach
is highly questionable, as the identification of faulty segments can vary between researchers
and lacks scientific reproducibility. In this study, standard automated preprocessing steps such
as filtering were applied; however, no additional manual or visually guided artefact rejection
was performed. Therefore, when a raw EEG dataset was selected for analysis, the entire
recording was retained without removing sub-parts solely based on visual inspection. This

design choice allows other researchers to repeat the same procedure in future experiments.

Each selected EEG dataset was broken down into epochs of 2 s size with 1 s overlap. With a
sampling rate of 1000, an epoch of 2 s will contain sufficient information for the feature
extraction and classification. When an EEG data is broken into epochs, some information near
to the splitting location gets lost. To avoid this, an overlapping of 1 s was used and this would

put the separation location of one epoch placed in the middle of the adjacent epoch.

Here, two studies were conducted on the four mind tasks Pre-Resting, Post-Resting, LKM Self
and LKM Others using the relevant EEG epochs. A pairwise comparison was done among these
four mind tasks creating six pairs. They are (Pre-Resting/LKM Self), (Pre-Resting/ LKM
Others), (Pre-Resting/Post-Resting), (LKM Self/LKM Others), (Post-Resting/LKM Self) and
(Post-Resting/LKM Other). These six pairs were used in single session study and in multi-
session study where the results can be used to understand some characteristics of meditation

EEG data.
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The first study was conducted on the EEG data of 32 participants for a single session. A session
consists of four mind tasks Pre-Resting, Post-Resting, LKM Self and LKM Others. Thus, six
pairwise analysis was conducted. As an example, one pair is used in the explanation, as
elaborated below, since the same procedure is applicable for all the six pairs. Moreover, the

same procedure was conducted for all the 32 participants.

For a single person, the pair “Pre-Resting/LKM Self” was selected. Here, EEG data were read,
filtered and broken into two groups of epochs. Then the dataset was divided into training and
testing sets where 70% was used for the training and 30% for testing. For the training and
testing, a machine learning pipeline was built using Python scikit-learn library which consists
of three steps. As the first step in the pipeline, a covariance matrix was estimated for the input
data using Oracle Approximation Shrinkage (OAS). Then as the second step, common spatial
pattern (CSP) with (nfilter = 8) was used for the feature extraction. Here, eight spatial filters
were used in the CSP filter bank, while reducing the dimensionality of covariance matrix to
extract the most relevant features. As the final component of the pipeline, linear discriminant
analysis (LDA) was used as the classification algorithm. The entire pipeline—including OAS
covariance estimation, CSP feature extraction, and LDA—was fitted using only the training
dataset, and the learned parameters were then applied to the test data to calculate LDA scores
for the testing data, enabling classification. The prediction accuracy for the test data was
calculated using balanced accuracy score in Python. This procedure was conducted 25 times,
and the average accuracy across the 25 tests for a single pair for a single person was calculated.
A similar procedure was conducted for the remaining 5 pairs for the given person to calculate
the prediction accuracies. This calculation was conducted on all selected 32 participants and the

results are shown in Table 3.2.
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Table 3.2 Average prediction accuracy (%) after conducting 25 tests each for 32 participants
with single session using CSP and LDA (train 70%, test 30%)

Count Participant Pre-Resting/ Pre-Resting / Pre-Resting/ LKM Self/ Post-Resting / Post-Resting /

No LKM Self LKM Others Post-Resting LKM Others LKM Self LKM Other

1 1 100+0 100+0 100+ 0 100+ 0 100+ 0 94.6+3.4
2 2 100+0 100+0 100+ 0 100+ 0 100+ 0 98.8+1.8
3 3 100+0 100+0 100+ 0 100+ 0 81.9+£6.5 80.3+4.4
4 5 100+0 100+0 1000 99.8+£0.6 99.7+0.8 98.2+1.8
5 6 100+ 0 99.9+0.1 100+ 0 98.6 1.2 100+ 0 99.9+0.1
6 7 100+ 0 100+ 0 100+ 0 100+ 0 100+ 0 95.1+£2.8
7 8 99.3+£0.8 100+ 0 100+ 0 99.9+0.4 97.2+1.1 99.5+£0.6
8 11 99.4+£2.0 100+0 100+ 0 98.1+£1.6 99.7+0.9 100+0
9 12 98.6£3.1 99.4+0.3 100+0 98.7+£2.2 100+0 90.8 £6.1
10 13 98.6 4.1 99.9+0.2 99.7+0.6 88.5+ 6.6 945+5.1 98.1+1.7
11 14 1000 99.9+0.3 100+ 0 100+ 0 99.7+0.5 100+ 0
12 17 97.5+25 99.5+1.0 98.4+£2.7 91.1+53 99.2+£0.8 90.5+4.6
13 18 99.8+0.5 100+0 100+ 0 65.7+8.5 92.4+338 98.7+2.0
14 19 100+0 1000 99.7+ 1.6 953+4.38 97.7+2.6 95.5+4.6
15 21 100+ 0 99.5+1.7 100+ 0 79.6 £ 8.1 99.5+£0.6 99.3+1.5
16 22 100+0 100+0 100+ 0 99.0+£0.7 96.9+3.9 94.1+6.4
17 23 100+0 100+0 100+0 100+0 100+0 993+1.1
18 24 100+0 100+0 100+ 0 97.8+£2.5 97.3+2.1 93.1+4.0
19 25 100+0 99.1+1.2 99.8+0.5 82.2+8.5 98.4+1.3 80.4+73
20 28 98.1+£2.2 99.3+1.0 97.9+1.7 99.9+0.1 94.6+24 99.4+14
21 29 98.2+2.7 100+0 100+ 0 99.1+1.7 99.2+£0.5 84.8+3.5
22 33 97.8+1.6 100+0 100+ 0 87.9+6.9 88.8+7.4 96.0 £4.6
23 36 98.5+0.7 100+0 100+ 0 98.7+0.8 100+ 0 100+ 0
24 37 100+0 100+0 100+0 100+ 0 100+ 0 74.4+53
25 38 100+ 0 100+0 100+ 0 994 +1.1 100+ 0 100+ 0
26 39 95.1+2.1 100+0 100+ 0 873+6.5 100+ 0 100+ 0
27 40 99.9+0.2 1000 99.9+0.3 93.7+4.7 98.4+24 93.1+3.1
28 41 99.9 £ 0.6 99.9+0.4 99.6+1.2 99.8+0.9 100+0 99.9+0.5
29 42 99.8 £0.4 99.9+0.3 99.4+1.3 99.6+1.0 98.8+0.5 85.7+3.8
30 43 100+0 100+0 100+0 99.4+1.0 99.9+0.3 99.2+1.2
31 44 100+0 92.3+43 99.1+£1.2 98.5+£0.7 99.2+0.5 99.6+0.4
32 45 98.4+2.4 100+0 100+ 0 100+ 0 100+ 0 99.1+1.1
Mean Accuracy 99.3 99.6 99.8 95.6 97.9 94.9

The second study was conducted on the EEG data collected from the 15 participants for multiple
sessions where each session consists of four mind tasks Pre-Resting, Post-Resting, LKM Self
and LKM Others. Here, per person five sessions were selected (Table 3.1) for the study of
behaviour of EEG meditation data for multiple sessions. In this test, prediction accuracy was
calculated for each person for all six mind task pairs. They are (Pre-Resting/ LKM Self), (Pre-
Resting/LKM Others), (Pre-Resting/ Post-Resting), (LKM Self/LKM Others), (Post-Resting/
LKM Self) and (Post-Resting/LKM Other). When considering a single pair such as Pre-
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Resting/LKM Self for a single person, corresponding EEG data for the five sessions were used.
These EEG data for the five sessions for a given pair, were read, filtered, broken down into
epochs with the labels of the two mind tasks. In this case, one group will have epochs of Pre-
Resting EEG data of five sessions and the other group will have epochs of LKM Self EEG data
of five sessions. Then the dataset was divided into training and testing sets where 70% was used
for the training and 30% for testing. Similar to the first study (above-mentioned), a machine
learning pipeline with CSP and LDA was used for feature extraction and classification and the
average prediction accuracy for 25 experiments was calculated for the test dataset. This was
repeated for all six pairs for a single person and the calculation was conducted on all 15
participants and the results are shown in Table 3.3. Using 70% of the data for training is the
standard procedure; however, there are cases where a favourable train—test split may lead to
artificially high classification accuracy on the remaining 30% of the data. In such cases, the
observed performance may reflect chance alignment between training and testing samples
rather than genuine generalisation. This type of overfitting due to data partitioning can be
examined by reducing the training dataset size and increasing the testing dataset size, and then
comparing classification accuracies obtained under different training—testing ratios. One such
case 1s illustrated here, where the entire second experiment was repeated using 20% of the data
for training and the remaining 80% for testing, and the corresponding prediction accuracies are

shown in Table 3.4.

Table 3.3 Average prediction accuracy (%) after conducting 25 tests each for 15 participants
with 5 sessions using CSP and LDA (train 70%, test 30%)

tParticipant Pre-Resting / Pre-Resting / Pre-Resting/ LKM Self/ Post-Resting / Post-Resting /
No LKM Self LKM Others Post-Resting LKM Others LKM Self LKM Other
1 83.2+3.0 89.3+2.5 93.8+1.9 74.7+42 822429 80.8 £2.8
3 909+44 93.7+2.6 949+32 67.5+2.6 78.6£2.0 742+29
7 82.8+1.6 80.1+2.2 67.0+£4.8 79.4+1.6 67.2+1.7 73.4+24
8 85.8+2.2 86.4+2.1 91.0+1.6 85.0+2.7 86.6+2.0 76.5+2.1

85.9+4.7 84.8+5.2 85.6+£3.2 799+1.9 75.8+2.9 84.8+2.5

80.5+ 2.1 88.1+2.0 81.6+2.2 86.2+2.3 79.4+74 84.0+2.6
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7 14 80.4+£2.2 79.8+£2.7 90.2+£3.7 63.9+4.6 71.6 £4.0 759+4.4

8 37 70.6 £2.2 78.8+ 1.6 75.6+3.9 72.7+2.7 778+ 1.4 62.0+4.6
9 38 74.7+2.1 89.2+3.6 94.0+2.2 79.0+2.4 76.9+£4.2 87.9+1.8
10 39 91.7+3.5 91.2+32 83.6+7.0 783+4.4 752+5.0 78.4+4.8
11 41 89.4+22 72.8+54 89.8+3.0 87.5+1.2 82.0+22 77.2+3.1
12 42 82.0+3.4 83.9+29 85.1+2.8 65.0+£29 80.6+4.6 69.7+1.6
13 43 83.4+£5.1 83.6+5.2 82.1+25 76.9 3.7 70.3+3.8 69.7+3.9
14 44 81.3+£43 73.1+3.3 85.6+4.3 77.8+3.1 83.6+22 85.0£2.1
15 45 78.0+£29 90.5+24 89.4+4.0 75.6+£29 79.1+64 79.1+£2.7
Mean Accuracy 82.7 84.4 85.9 76.6 77.8 77.2

Table 3.4 Average prediction accuracy (%) after conducting 25 tests each for 15 participants
with 5 sessions using CSP and LDA (train 20%, test 80%)

Count Participant Pre-Resting/ Pre-Resting/ Pre-Resting/ LKM Self/ Post-Resting / Post-Resting /

No LKM Self LKM Others Post-Resting LKM Others LKM Self LKM Other
1 1 79.7+3.8 86.6 £2.7 90.7+4.8 68.9+43 822+58 82.4+28
2 3 91.2+45 90.0£4.0 92.7+4.3 66.9+42 79.4+£5.7 72.7+6.8
3 7 82.0+2.4 78.9+3.1 68.2+42 78.8 £2.5 66.7+ 1.1 72.7+£2.3
4 8 86.2+1.2 86.5+ 1.6 90.8+1.3 79.6+5.3 84.6+3.0 75.8+3.4
5 11 80.8 +5.8 789+5.2 86.6+3.3 789+ 1.4 79.3+3.5 83.9+1.3
6 12 80.2+1.3 854+3.9 81.1+2.6 86.0+2.9 81.5+6.2 842+25
7 14 789+34 80.0+£2.0 88.4+6.1 64.8+4.0 722+42 73.9+6.6
8 37 68.5+44 79.7+ 1.6 759+32 67.8+3.7 76.5+2.1 69.6+6.4
9 38 78.1+4.8 90.3+3.6 91.0+3.5 775+£29 80.8+4.7 84.2+48
10 39 90.6 +3.0 91.0+2.7 81.8+6.5 84.5+6.6 75.6+3.1 75.7+3.9
11 41 89.7+3.1 824+73 89.5+34 84.8+2.9 84.8+5.5 80.7£4.8
12 42 79.7+3.3 80.7 £ 4.0 85.2+3.1 653+3.2 75.7+5.1 69.5+2.4
13 43 83.2+6.0 853+59 79.7+3.5 76.9+4.9 68.9+52 71.0+4.7
14 44 83.2+5.1 75.4+6.9 86.7+4.2 76.3+4.1 74.7+£5.7 83.2+34
15 45 78.6 £3.2 89.3+1.4 90.0£2.9 71.0+5.1 80.9+5.0 72.8+5.9
Mean Accuracy 82.0 84.0 85.2 75.2 77.6 76.8
3.3 Results

The first objective of this study was to evaluate how well meditation EEG data can be classified
from non-meditation EEG data. For this purpose, two meditation tasks—LKM-Self and LKM-
Others—were analysed in relation to two non-meditation baseline conditions. The two non-
meditation mind tasks were labelled as Pre-Resting and Post-Resting. Pre-Resting refers to the
initial resting-state condition in which the participant remains at rest without performing

meditation. This is followed by the two meditation mind tasks (LKM-Self and LKM-Others).

133



Finally, the fourth mind task, Post-Resting, corresponds to a resting-state condition recorded
after completion of the two meditation tasks. The initial analysis examined how well each
meditation task could be classified against each non-meditation condition. Subsequently,
classification between the two meditation tasks was evaluated. Finally, classification between

the two non-meditation conditions (Pre-Resting and Post-Resting) was examined.

Each individual result in Tables 3.2-3.4 shows the average prediction accuracy for each
participant for a given pair of mind tasks. The six mind task pairs are (Pre-Resting/ LKM Self),
(Pre-Resting/LKM Others), (Pre-Resting/ Post-Resting), (LKM Self/LKM Others), (Post-
Resting/ LKM Self) and (Post-Resting/LKM Other). The average value for each instance was

calculated by conducting 25 experiments and averaging the obtained prediction accuracies.

Table 3.2 contains the average prediction accuracy for 32 participants after conducting 25 tests
per participant. Original dataset had 48 participants, from which 32 participants had usable EEG
data which were used for the analysis. A machine learning pipeline with CSP and LDA was
used to get the results where 70% of the data were used for the training and 30% for the testing.
The last row of Table 3.2 shows the average prediction accuracy calculated for all 32
participants. Here a single prediction accuracy per each pair of mind tasks indicates the
performance of the algorithms used as well as some characteristics of the EEG meditation

dataset that is being studied here.

The average classification accuracy obtained for Pre-Resting/LKM Self is 99.3% and for Pre-
Resting/LKM Others is 99.6%. This gives an average of 99.5% for classifying meditation/Pre-
Resting instances. At the same time, Post-Resting/LKM Self and Post-Resting/LKM other
obtained 97.9% and 94.9%, respectively. Thus, giving an average of 96.4% for classifying
meditation/Post-Resting instances. Pre-Resting/Post-Resting classification has given a high

accuracy of 99.8%, but LKM Self/LKM Others has given a slightly lower accuracy of 95.6%.
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After obtaining a high classification accuracy for the single session case, the conditions were
evaluated for multiple sessions. The purpose is to test if some similar characteristics are shared
among multiple sessions for a selected mind task for a given person. For checking this, 5
sessions were selected and a pool of epochs for each mind task was created. Using this, the
classification accuracy for two mind tasks was checked where data from 5 sessions were used.
The results are shown in Tables 3.3 and 3.4. Table 3.3 demonstrates the results of accuracies
obtained where 70% of the data have been used for training and the rest for the testing, whereas
in Table 3.4, 20% of the data were used for training and 80% of the data for testing. With such
a huge reduction in the training data, less than 1% reduction in the accuracy for five out of the
six tests was observed. The remaining one has less than 1.5% reduction in the accuracy. This is
remarkable because 20% training data out of five sessions will on the average have data size of
one session. This implies that only few data are enough to do the classification without a heavy

loss in accuracy.

Table 3.3 contains the average prediction accuracy for 15 participants after conducting 25 tests.
Original dataset had 48 participants, from which 15 participants were selected for collecting
EEG data for multiple sessions containing 8 to 10 sessions. For all these 15 participants, 5 or
more sessions were in good readable condition. Therefore, among these good-quality EEG data
sessions, the largest 5 sessions were used in this analysis. CSP and LDA algorithms were used
for feature extraction and classification. Here, 70% of the data were used for the training and
30% for the testing. The last row of Table 3.3 shows the average prediction accuracy calculated
for all 15 participants which shows the prediction accuracy per each pair of mind tasks. Here a
single prediction accuracy per each pair of mind tasks indicates the performance of the

algorithms used as well as some characteristics of the EEG meditation dataset.

Table 3.4 contains the average prediction accuracy for 15 participants after conducting 25 tests

and this study differs from the study where the results are shown in Table 3.3 by only one
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condition, which is the training and testing dataset sizes. A machine learning pipeline with CSP
and LDA was used to get the results where 20% of the data were used for the training and 80%

for the testing.

Since Tables 3.3 and 3.4 have almost similar results, only one of them is explained here (Table
3.3). The multiple session classification was done using the data of 15 participants for 5
sessions. The results show that the pairs (Pre-Resting/LKM Self), (Pre-Resting/LKM Others)
and (Pre-Resting/Post-Resting) have relatively higher accuracies compared to the other pairs
(LKM Self/LKM Others), (Post-Resting/LKM Self) and (Post-Resting/[LKM Other). Here the
average classification accuracy obtained for Pre-Resting/LKM Self is 82.7% and for Pre-
Resting/ LKM Others is 84.4%. This gives an average of 83.6% for classifying meditation/Pre-
Resting instances. At the same time, Post-Resting/LKM Self and Post-Resting/LKM Others
obtained 77.8% and 77.2%, respectively. Thus, giving an average of 77.5% for classifying
meditation/Post-Resting instances. Pre-Resting/Post-Resting classification has given a
relatively high accuracy of 85.9%, but LKM Self/LKM Others has given a slightly lower
accuracy of 76.6%. When comparing the first three pairs and the other three pairs an accuracy

reduction of 5% — 8% can be observed.

Figure 3.1 gives the comparison plot of average accuracy difference between first three
accuracy columns and last three accuracy columns for Table 3.2. This plot is for the single
session classification using 32 participants. Figure 3.2 gives the comparison plot of average
accuracy difference between first three accuracy columns and last three accuracy columns for

Table 3.3. This plot is for the multiple session classification using 15 participants.
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Figure 3.1 Comparison of average of first three accuracy columns (Average accuracy of pairs
with Pre-Resting) with average of last three accuracy columns (Average accuracy of pairs
without Pre-Resting) for the 32 participants in Table 3.2 for single session classification
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Figure 3.2 Comparison of average of first three accuracy columns (Average accuracy of pairs
with Pre-Resting) with average of last three accuracy columns (Average accuracy of pairs
without Pre-Resting) for the 15 participants in Table 3.3 for multiple session classification
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3.4 Discussion

An EEG dataset collected from Loving Kindness Meditation for single and multiple sessions
was used in this study and the dataset is currently available online. The most significant factor
of the dataset is that it is a large dataset consisting of several meditation/non-meditation mind
tasks collected for multiple sessions for multiple users. This gave the opportunity to study
several patterns related to meditation EEG data for both single session and multiple sessions.
The results we obtained in this study shows that good classification accuracy can be obtained
for some instances, whereas for other instances this accuracy is slightly lower than the high
accuracy ones, where all pairs were given similar analysis conditions. Based on these values
we can understand some mind tasks have more similarities among them which make them hard
to separate while the other mind tasks are easily separable owing to their differences. This is a
valuable information that we can observe from the result set, which will be clearly explained
below. At the same time, obtaining a very high accuracy for separating meditation and rest

before meditation is also a high achievement in this study.

The ability to classify two pools of epochs from multiple sessions related to meditation mind
tasks has a huge benefit, as explained in the introduction. With a 20% training data, a
classification accuracy around 83% was obtained for the remaining 80% of the testing data
(Table 3.4). This shows that some common characteristics are available among meditation
multiple sessions. One such explanation we can give for this is we used 20% of the data taken
from ten sessions where both groups contained five sessions each. Then, this 20% was used for
the training and the remaining 80% from the ten groups were used for testing. Only 20% of
training data and the large testing data (80%) produce an accuracy greater than 80% when doing
the classification, thus giving the idea that some similarity is available among the five sessions

of each group. Similarly, common characteristics are available among Pre-Resting multiple
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sessions. This indicates that if such similar characteristics could be identified for the current
dataset, it is possible to use that knowledge to identify whether the new session is meditation
or non-meditation. This paves the path for a future research opportunity where you use multiple
sessions of meditation/ non-meditation EEG data for training an algorithm and using that
algorithm to determine into which category (meditation or non-meditation) a new mind task
dataset will fall. At the moment, that is the biggest limitation in this study since you can only
use data from the pool of epochs for testing and this does not currently support EEG data from

a new session determining if this new data is a meditation or if it is a non-meditation session.

3.4.1. Understanding the EEG meditation dataset based on the results obtained

When considering the 4 mind tasks, Pre-Resting is the starting session where EEG data are
collected before starting any meditation practice. On the other hand, Post-Resting is a resting
session where EEG data are collected after finishing a meditation session. Pre-Resting and Post-
Resting are not totally equal because as an example if a person’s mind gets calm when
meditating, in the Post-Resting instance, immediately after a meditation session, this calmness
might be still slightly lingering. This can be supported if Post-Resting has more similarities with
the meditation sessions and also if it has some differences with Pre-Resting instance. LKM Self,
LKM Others are two meditation sessions done in the middle in between Pre-Resting and Post-
Resting instances. Where meditation loving kindness is done to oneself or others and the

corresponding data were collected.

When looking at Tables 3.2-3.4, a pattern similarity in all 3 of them can be observed. For all
three tables, when considering the six columns used for classification accuracies for the 6 pairs,

the first 3 columns give higher accuracies compared to the remaining 3 columns. This difference
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is 2-4% for Table 3.2. But in Tables 3.3, 3.4, the difference has increased up to 5-8%. Here, the
prediction accuracy difference was obtained while using similar conditions for all instances
including the feature extraction and classification algorithms. Although the method of analysis
is similar for all the six pairs, they exhibit two levels of accuracies. This implies the following
facts. Firstly, a higher prediction accuracy between a pair indicates there is a larger difference
between the two and a smaller similarity between the two. On the other hand, for a pair, if the
prediction accuracy has reduced it means that there is a smaller a difference and a larger

similarity between the two in the pair, when comparing with a higher prediction accuracy.

The classification accuracy difference between first three accuracy columns and last three
accuracy columns of Tables 3.2 and 3.3 are clearly demonstrated in Figures 3.1 and 3.2. Figure
3.1 contains the summary of the single-session 32-participant accuracy data shown in Table 3.2.
Here, for each participant ‘Average accuracy of pairs with Pre-Resting” was calculated using
the first three accuracy columns of Table 3.2 and ‘Average accuracy of pairs without Pre-
Resting’ was calculated using the last three accuracy columns of Table 3.2. The results show
that out of the 32 participants, 28 participants have a higher accuracy average for the first three
accuracy columns compared with the last three accuracy columns in Table 3.2. Among these 4
remaining participants, 3 of them have a marginal difference and only the participant no. 44
falls out of this pattern with a big value. The 28 participants out of 32 in Figure 3.1 clearly
indicate that the first three column average accuracy is larger than the last three column average
accuracy in Table 3.2. This observation is further proven by Figure 3.2. Figure 3.2 contains the
summary of the multiple session 15 participant accuracy data shown in Table 3.3. Here, for each
participant ‘Average accuracy of pairs with Pre-Resting’ was calculated using the first three
accuracy columns of Table 3.3 and ‘Average accuracy of pairs without Pre-Resting” was
calculated using the last three accuracy columns of Table 3.3. The results show that out of the

15 participants, 14 participants have a higher accuracy average for the first three accuracy
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columns compared with the last three accuracy columns in Table 3.3. The only participant that
deviated from this pattern was participant no 44, which is the same participant that gave a
significant difference if Figure 3.1. The 14 participants out of 15 in Figure 3.2 clearly indicate
that first three column average accuracy is larger than the last three column average accuracy

in Table 3.3.

The results suggest that the 3 pairs; (Pre-Resting/LKM Self), (Pre-Resting/LKM Others) and
(Pre-Resting/Post-Resting) have produced higher classification accuracies. The first two pairs
compare Pre-Resting instance with a two meditation instances. This proves that a higher
classification accuracy can be achieved for a Pre-Resting instance and a meditation session. On
the other hand, the higher classification accuracy between Pre-Resting/Post-Resting indicates

that there is a higher difference between the two instances.

In terms of the last two columns in the three tables, we can see that in both instances it exhibits
lower accuracies compared to first three accuracy columns. This indicates that when comparing
EEG of each meditation and Post-Resting instance, they have more similarity than comparing
with Pre-Resting and meditation instances. At the same time the pair LKM Self/LKM Others,
having a low classification accuracy, indicates both these meditation techniques have some

shared characteristics.

Concluding remarks for Tables 3.2-3.4, we can observe that the instance Pre-Resting, when
comparing with LKM Self, LKM Others and Post-Resting, gives the highest classification
accuracies. This shows that Pre-Resting has a big difference from the other three. In the pairwise
comparison among LKM Self, LKM Others and Post-Resting only a lower classification
accuracy is obtained. This indicates that the difference among these three is low and the
similarity is high when compared with Pre-Resting; suggesting that the EEG collected for the

two meditation sessions and the Post-Resting session are almost similar to each other.

141



Meditation may cause certain significant changes in a person including the EEG data patterns.
This is divided into two types namely ‘states’ and ‘traits’ [26]. ‘States’ are temporary changes
happening when meditating compared to the rest instance before beginning the meditation.
‘Traits’ are some permanent changes that happens to a person doing meditation for a long time.
The high EEG difference mentioned above, between the Pre-Resting instance and a meditation
session (LKM Self or LKM Others) equals to a ‘states’ change. The high EEG difference
between Pre-Resting and Post-Resting indicates a significant difference between the two.
Furthermore, the similarity (low difference) between Post-Resting and a meditation session
(LKM Self or LKM Others) indicates that they have some common characteristics. But the
difference between Pre-Resting and Post-Resting is not a ‘trait’ change and it is a ‘state’ change

because it is more of a temporary relaxation happening in a person after a meditation session.

In this study, the participants are described as experienced meditators, and the analysis assumes
relative stability of meditation-related EEG patterns across sessions. Rather than modelling
changes in meditation proficiency or neural activity over time, EEG data from multiple sessions
are pooled under the assumption that the underlying meditative and non-meditative states
remain comparable across recordings. This assumption supports the interpretation of the

observed differences as state-related effects rather than longitudinal trait changes.

3.4.2. Limitations of the study due to dataset characteristics

The dataset used in this study is of good-quality EEG data which we obtained after cleaning the
original dataset and we selected four mind tasks for the analysis. The dataset was originally
collected using 45 participants for one session and out of which 15 participants were used to

collect multiple sessions. But one significant limitation of the collected dataset is, for the 45
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participants the level of experience of meditation had not been collected as a measurement. The
participants are said to be experienced meditators, but the level of experience of doing
meditation is missing. Because of this lack of information, we can only study the state
characteristics of the participants, and we cannot study the trait characteristics of the
participants related to the meditation tasks. Hence, one significant limitation of the dataset is,
we can only study state characteristics and not the trait characteristics. As a result, while trait-
related changes cannot be explicitly analysed, the assumption of stable meditation-related EEG
patterns in experienced meditators allows multi-session data to be combined for state-based

classification.

3.5 Conclusion

This study was conducted to classify EEG data on four mind tasks, namely two types of
meditation, pre-resting before meditation and post-resting after meditation using CSP and LDA
as the classification algorithms. The results show that CSP and LDA combination was very
successful in classifying a single session EEG data on meditation and Pre-Resting mind task
(average accuracy = 99.5%). For the multiple session instance, although CSP and LDA does
some decent classification even for a 20% training data, further research needs to be done to

increase the classification accuracy.

Relatively higher classification accuracies were obtained for the pairs (Pre-Resting/LKM Self),
(Pre-Resting/LKM Others) and (Pre-Resting/Post-Resting) when comparing with the pairs
(LKM Self/LKM Others), (Post-Resting/LKM Self) and (Post-Resting/LKM Other). The

results indicates that Pre-Resting has a larger difference compared with Post-Resting, LKM Self
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and LKM Others. On the other hand, among Post-Resting, LKM Self and LKM Others there

seems to be a lesser difference.

The results show the hidden characters among EEG data of meditation-related mind tasks.
These hidden characters are vital in research endeavour involving developing useful algorithms
that can help to get a better picture of a new meditation mind task when compared with previous

mind tasks.

144



% Mw% % I§SI§T¥ GRADUATE
JNENGA KI PUREHUROA RESEARCH
— SCHOOL

UNIVERSITY OF NEW ZEALAND

STATEMENT OF CONTRIBUTION

DOCTORATE WITH PUBLICATIONS/MANUSCRIPTS

We, the student and the student’s main supervisor, certify that all co-authors have consented to their work being
included in the thesis and they have accepted the student’s contribution as indicated below in the Statement of
Originality.

Student name: Nalinda Devaka Liyanagedera

Name and title of

} ; Professor Hans W. Guesgen, Chair in Computer Science
main supervisor:

In which chapter is the manuscript/published work? | Chapter 4

Describe the contribution that the student and members of the supervisory team have made to the
manuscript/published work:!

The student analysed and interpreted the data, validated results, visualised findings, and wrote the original manuscript.
Moreover, conceptualising, designing the methodology, and developing the necessary software were carried out by the
student. The student also contributed to the review and editing of the manuscript. The supervisory team contributed by
reviewing and editing the manuscript and providing supervision throughout the work.

Please select one of the following three options:

@ The manuscript/published work is published or in press

Please provide the full reference of the research output:

Nalinda D. Liyanagedera, Corinne A. Bareham, Heather Kempton, Hans W. Guesgen, “Novel machine
learning-driven comparative analysis of CSP, STFT, and CSP-STFT fusion for EEG data classification across
multiple meditation and non-meditation sessions in BCI pipeline”, Brain Informatics, Springer Open, Feb 2025.

O The manuscript is currently under review for publication

Please provide the name of the journal:

O It is intended that the manuscript will be published, but it has not yet been submitted to a journal

o : Digitally signed by
. Digitally signed by
i e Nalinda Nalinda Liyanagedera . T ; Hans W Hans W Guesgen
Student’s signature: Livanagedera Date: 202507 16 Main supervisor’s signature: Date: 2025.07.17
yanag 214443 11200 Guesgen g.50:36 +1200

This form should be placed at the beginning of each relevant thesis chapter.

1 Refer to the Massey University Publishing and Authorship guidelines (OneMassey for staff, Stream for students)
and/ or Contributor Roles Taxonomy (CRediT s for guidance.



Chapter 4
Novel machine learning-driven comparative analysis
of CSP, STFT, and CSP-STFT fusion for EEG data
classification across multiple meditation and non-
meditation sessions in BCI pipeline

Abstract

This study focuses on classifying multiple sessions of loving kindness meditation (LKM) and
non-meditation electroencephalography (EEG) data. This novel study focuses on using multiple
sessions of EEG data from a single individual to train a machine learning pipeline, and then
using a new session data from the same individual for the classification. Here, two meditation
techniques, LKM-Self and LKM-Others were compared with non-meditation EEG data for 12
participants. Among many tested, three BCI pipelines we built produced promising results,
successfully detecting features in meditation/ non-meditation EEG data. While testing different
feature extraction algorithms, a common neural network structure was used as the classification
algorithm to compare the performance of the feature extraction algorithms. For two of those
pipelines, Common Spatial Patterns (CSP) and Short Time Fourier Transform (STFT) were
successfully used as feature extraction algorithms where both these algorithms are significantly
new for meditation EEG. As a novel concept, the third BCI pipeline used a feature extraction
algorithm that fused the features of CSP and STFT, achieving the highest classification
accuracies among all tested pipelines. Analyses were conducted using EEG data of 3, 4 or 5
sessions, totaling 3960 tests on the entire dataset. At the end of the study, when considering all
the tests, the overall classification accuracy using SCP alone was 67.1%, and it was 67.8% for
STFT alone. The algorithm combining the features of CSP and STFT achieved an overall

classification accuracy of 72.9% which is more than 5% higher than the other two pipelines. At
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the same time, the highest mean classification accuracy for the 12 participants was achieved
using the pipeline with the combination of CSP STFT algorithm, reaching 75.5% for LKM-
Self/ non-meditation for the case of 5 sessions of data. Additionally, the highest individual
classification accuracy of 88.9% was obtained by the participant no. 14. Furthermore, the results
showed that the classification accuracies for all three pipelines increased with the number of
training sessions increased from 2 to 3 and then to 4. The study was successful in classifying a
new session of EEG meditation/ non-meditation data after training machine learning algorithms
using a different set of session data, and this achievement will be beneficial in the development

of algorithms that support meditation.

Keywords: Machine learning, Classification, BCI (brain computer interface), EEG
(Electroencephalography), Loving kindness meditation (LKM), Multiple session, CSP

(Common spatial patterns), STFT (short time Fourier transform), Neural network

4.1 Introduction

4.1.1. Background of the study

In recent years, meditation has gained significant popularity among people due to several
reasons including, increase in scientific research on meditation [1, 2], publicity on evidence of
many mental health/ physical health/ social benefits gained when doing meditation [3, 7, 8],
improvements in technological devices/ apps that supports meditation [6, 53, 54], certain
schools, universities, workplaces, hospitals, prisons, sports teams introducing meditation for

their stakeholders [4, 11], not to mention increased stress levels in many people in the modern
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world [5]. Some scientific methods used in the study of meditation include neuroimaging
techniques such as EEG (Electroencephalography) [26], fMRI (Functional Magnetic
Resonance Imaging) [47], PET (Positron Emission Tomography) [10], fNIRS (Functional Near-
Infrared Spectroscopy) [48], Physiological Measurements such as Heart Rate Variability [9],
Cortisol Levels [49] and Psychological Assessments such as Questionnaires, and Interviews
[16, 17]. Among those various techniques, in this study we used EEG to understand certain

meditation/ non-meditation characteristics.

Our research interest lies in the contribution to the development of algorithms and software [51,
52] aimed at understating the characteristics of a new meditation session. Understanding these
characteristics will allow us to know how progressive a meditation session is [18]. In other
words, this type of research could lead to future possibilities of developing algorithms or
software that can guide a person [19] towards good progress in meditation. A progress of
something must be measured as a value between two instances or locations. In this case, any
such progress in meditation for a person must be compared and measured either against a non-
meditation session as the baseline or against a previous meditation session as the baseline. This
comparison needs be tested independently on individuals first and if it is successful, further
studies can then identify common baselines that can be used to compare the progress of any
individual. Therefore, as an initial step in understanding these characteristics in a new
meditation session, we should be able to distinguish between a meditation session and a

nonmeditation session [78, 79, 176] for the same person.

This study involves using multiple-session [200, 244] meditation/ non-meditation EEG data for
12 participants, training machine learning algorithms [66, 67, 245] using multiple session data
for each participant and then, testing the trained algorithms using a new meditation/ non-
meditation pair. Here, intra-subject [63] analysis is performed where each algorithm is trained

and tested on each participant independently. The use of multiple session meditation/ non-
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meditation EEG data to classify a new meditation/ non-meditation pair for the same person
using machine learning techniques is a novel research concept that was successfully

implemented and described in this paper.

4.1.2. Related work

Electroencephalography (EEG) is a method used to study brain functions by recording the
electrical activity that occurs when neurons in the brain communicate with each other [55].
When the brain focuses on a specific mind task or is at rest, a large number of neurons work
together synchronously sending signals [56]. EEG electrodes [57, 236] are placed on the scalp
to detect the voltage patterns resulting from these electrical activities. EEG data collected over
a certain duration consists of a series of vibration signals, known as brain waves. One way to
study these brain waves is by analyzing their frequencies [60]. The changing brainwave patterns
can be broken down into subcategories, each representing a specific frequency. The strength of
each frequency varies with the brain wave patterns over time. Research and studies on
brainwaves have identified several frequency ranges based on certain common characteristics
related to specific mind tasks and brain functions. Although there are some minor differences,
the commonly used frequency bands include Delta (0.5-4 Hz), Theta (4-8 Hz), Alpha (813
Hz), Beta (13—30 Hz) and Gamma (> 30 Hz) [73, 77, 121]. There have been significant research
showing that the Theta [104, 172, 175, 235] and Alpha [74, 136, 246] frequency bands are
strongly associated with meditation/ non-meditation mind tasks and in our study, we

emphasized the importance to these frequency bands.

The brain computer interface (BCI) pipeline [28] consists of the steps of data collection,

preprocessing, feature extraction and selection, classification, and application [22, 32]. In
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preprocessing, cleaning and artifact removal on the collected data are mainly targeted [30, 31].
Sometimes these raw data are directly taken for cleaning, but in some cases, the data are broken
down using signal decomposition methods [247, 248] to perform the cleaning efficiently. There
are two main types of noise, one type is the noise added from the external environment, such
as electromagnetic effects from the surroundings. This noise can be minimized by using a high
pass filter to remove unwanted lower frequencies bellow 0.5 Hz and by using a low pass filter
to remove unwanted frequencies above 45 Hz [33]. At the same time, there are instances where
a 50 Hz band stop filter can be used to eliminate the external electromagnetic noise at that
frequency [165]. The second type of noise in EEG data comes from various bodily activities
such as eye movement, eye blinking, head or jaw movements, breathing etc [30]. A small
portion of this noise will be removed when performing frequency filters, and any remaining
artifacts will be removed manually [31]. This can be achieved firstly by plotting channel spectra
[103] to identify bad channels or epochs followed by adjusting them. Secondly this is done by
running independent component analysis (ICA) [64, 196], to look for components related to

errors and to remove them.

After preprocessing, which reduces the noise in the EEG data, the next step in a BCI pipeline
1s feature extraction [32, 37]. The idea here is to extract important patterns hidden in the EEG
data. This is a complex task because, even after cleaning, EEG is known to have a low signal-
to-noise ratio. Therefore, to get meaningful information from EEG, advanced signal processing
methods such as Common Spatial Patterns (CSP) [45, 62, 82], Short Time Fourier Transform
(STFT) [184, 249, 250], wavelet transform [184], and Event Related Potentials (ERPs) [232]
are used. Additionally, Geometrical Features [251], which focus on the spatial and
morphological properties of the EEG signals, and Graphical Features [252], which represent
connectivity patterns in brain networks, are also employed to extract meaningful insights from

EEG data. CSP, as a signal processing method in EEG, focuses on the differences between two
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mind tasks by creating filters that highlight these differences making it easier to separate the
two tasks. CSP is a very powerful EEG feature extraction algorithm mainly used for motor
imagery [22, 81], but we adopted CSP with meditation EEG in this study, as well as in our
previous study [200]. The full procedure of spatial filters maximizing the variance of the two
mind tasks, supported by covariance matrices and their eigen vectors, along with the remaining
steps in the CSP process that ranks the spatially filtered features of the two mind tasks, is clearly

described in our previous manuscript [200].

STFT [249], on the other hand checks how different frequencies change over time, and this is
done by using the mathematical technique known as Fourier Transformation [237, 238] on EEG
data. In signal processing, Fourier Transformation decomposes the signal into all the
frequencies it is made up of, while indicating the strength of each frequency. In STFT, EEG
data is broken down into short overlapping time segments, and for each time segment, the
strength of each frequency related to the EEG data are identified using Fourier Transformation.
This method is very useful for analyzing EEG data because it allows us to obtain a feature set
that shows how brain waves, such as alpha, beta, theta behave over time. In general, a feature
extraction algorithm tries to identify a feature set that is unique to the mathematical or statistical
approach that algorithm follows. Hence, one feature extraction algorithm may capture certain
patterns that another algorithm might fail to capture, and vice versa. Therefore, there can be
instances where a fusion of two feature extraction algorithms produces better results than using
each algorithm alone. Similar to CSP, although STFT is also a well-established feature
extraction algorithm for EEG in general, both of these algorithms are significantly new when it

comes to extracting features from meditation EEG.

The next step in a BCI pipeline after feature extraction is classification [68, 178, 253].
Classification algorithms can be statistical methods, machine learning methods, rule-base

methods or a combination of the above [32]. Because of its high accuracy and efficiency with
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large data, machine learning, subset of artificial intelligence, is gaining high popularity in the
research and industrial communities. Random forests, support vector machines, neural
networks, decision trees and logistic regression are some of the top-level machine learning
algorithms used for classification [66, 245, 254]. Among these, when it comes to classifying
complex datasets like EEG, images and voice that require high level abstraction and feature
learning capabilities, neural networks [255-259] are on the top of the list. In our study, a multi-
layer perceptron (MLP) [147, 253, 254] was used as the neural network for classification,
providing a common ground to compare various feature extraction algorithms. An MPL
functions similarly to neuron interactions in the brain and consists of an input layer, a couple of
hidden layers, and an output layer where each layer has a number of nodes called neurons.
MLPs are usually trained using a supervised learning approach [66]. In training, the input data
are first passed through the network towards the output, a process known as forward
propagation. Here, the network’s output is compared with the actual output, and an error is
calculated. This error is then propagated backward, known as backpropagation. The
optimization algorithm in the MLP iteratively updates the weights to improve performance.
MLPs consist of an activation function that determines whether a neuron should fire or not, and

they have a high capacity to approximate complex functions.

Up to now, most of the classification studies on EEG meditation involved using 2 sessions [1,
76, 78]. These two sessions can be from a single person, either during meditation or while not
meditating [79, 176]. Another method involves collecting meditation EEG data from novices
[143] and experts [72] to compare the two groups. The third method involves using a group of
people who are not familiar with meditation and training them for a certain period of time, while
simultaneously collecting EEG data at the beginning and end of the training [26]. All these
studies are based on the “state” and “trait” characteristics [15] related with meditation, which

refers to the changes happening in a person when practicing meditation. These changes have
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been identified with various methods such as EEG, heartbeat rate, fMRI, fNIRS etc [9, 44, 48].

However, in our study, we focus solely on brainwave patterns using EEG [26, 76, 182] data.

4.1.3. Meditation in the study

“State” refers to temporary changes that occur in a person while meditating compared to not
meditating. “Trait” refers to permanent changes that occur in a person who has been meditating
for a long time [14]. Studies have shown that even a person new to meditation can experience
significant “state” improvements after a short period of meditation training, such as a couple of
months [42, 61]. A characteristic of state changes is that they can manifest quickly for novice
meditators. For expert meditators, while state changes still occur, they might be less pronounced
over short periods because experts are already at a higher baseline level of meditative
experience. Therefore, for very short periods, state changes might appear minimal and less

significant in experts compared to novices [26].

For this study an online EEG data collected in a duration of 2 months from 12 expert meditators
was used. Since the participants are labelled as experts [71, 133, 134, 185], based on past study
records, we assume that there should be a significant “state” characteristic available when
comparing meditation and non-meditation instances for these participants. At the same time,
since they are expert meditators [71, 133, 134, 185], as past studies indicate, the assumption is
made that any improvements in the state characteristic that can happen during this short period
of data collection are minimum. Therefore, we expect that there is a small “state” characteristic
difference among the sessions of meditation data used for each of these participants. At the
same time, we expect a significant state characteristic difference between meditation and non-

meditation data. In other words, an assumption is made that for each person, meditation sessions
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are almost similar in characteristics among themselves, and the non-meditation sessions are
also similar in characteristics among themselves, while the two mind tasks will have some
significant differences between them. Our aim was to use these differences in “state”
characteristic between the two mind tasks as the feature set in our study to train and classify
multiple sessions of meditation/ non-meditation EEG data. With these assumptions in mind, the

importance of this study is summarized as follows.

4.1.4. Importance of this study

Using multiple session meditation data to train a machine learning algorithm and classify an
unknown session data for a given person is a novel concept that hasn’t been studied so far to
the best of our knowledge. At the same time, two feature extraction algorithms CSP and STFT
which have not been significantly used with meditation EEG was tested in this study. Most
importantly, this study stands out because of using a combined feature set of CSP and STFT in
one BCI pipeline for meditation EEG data. Furthermore, with this study we were able to
understand how meditation EEG data classification behaves with different number of training
session. Thus, this whole study will have a significant impact on future research on developing

algorithms to support and guide people to successfully improve their meditation skills.
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4.2 Methods

4.2.1. Dataset description and overview

An EEG dataset available online was used in this study where the data was collected while
practicing loving kindness meditation (LKM) [12, 13]. The dataset DIO is
https://doi.org/10.18112/openneuro.ds003816.v1.0.1. A comprehensive description on the
dataset has been given in our previous manuscript [200] and a summary of the dataset related
to this study is given as follows. The dataset consists of EEG data of 48 participants who have
previous experience in meditation. Out of these participants, 15 participants were used to collect
data for multiple sessions, that is 810 sessions on different days in a period of two months,
and the rest of the participants were used to collect data only for a single session. When
considering a single data collection session, the EEG data was collected for six mind tasks
which produced six EEG data files. The six mind tasks were pre-resting, LKM-Self, LKM-
Others, post-resting, visualize self and visualize others. Out of the EEG data collected for these
six mind tasks for a single session, only three mind tasks were used in this study, and they are
pre-resting (will be referred as non-meditation), LKM-Self, LKM-Others. In pre-resting, the
EEG data was collected at the beginning of the session as the first mind task before starting the
meditation tasks. LKM-Self and LKM-Others are the two meditation mind tasks where the EEG
data was collected when a person has loving, kindness thoughts either towards oneself or for

others.

For the current study only a subset of the entire dataset was used according to our research
interest. Our research interest was to classify meditation/ non-meditation EEG data for multiple
sessions. As the non-meditation task, we used the pre-rest dataset. To compare with this non-

meditation task, we used two meditation mind tasks independently and they are LKM-Self and
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LKM-Others. In other words, we did two studies, one to classify non-meditation/ LKM-Self
and the other to classify non-meditation/LKM-Others. Since we were studying the classification
of multiple session data, we used the data of the 15 participants where data was collected on 8—

10 sessions.

In this study we assumed each of the 15 participants to be independent from one another.
Therefore, the classification training and testing was done independently for each participant.
This is mainly because we do not have the level of meditation expertise of each participant.
Although all the participants are labelled as experts in meditation, in the absence of a
measurement to indicate their level of expertise, all participants were considered independently

from one another in this study. In this study, machine learning techniques were used to classify

each mind task pair (meditation/ non-meditation). When we checked the dataset, we noticed
that some session EEG data for some mind tasks had significantly smaller file sizes than others.
To give an equal opportunity in an algorithm among the selected session data, and to increase
the training and testing strength, we decided to use the largest five EEG files for each mind task
for each participant and eliminate smaller data files. Using the largest five files that will contain
the highest amount of data for a selected session combination will be useful for training and
testing the machine learning algorithms, especially when session data for training and testing
are interchanged in different tests. Therefore, as the first step, for each participant we selected
the five largest EEG files for each of the three mind tasks non-meditation, LKMSelf and LKM-
Others. Here, we only considered the individual file size of each mind task without considering

the session number and the total file size for a given session.
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4.2.2. Data preprocessing and cleaning

The next task was to do a cleaning and preprocessing for the selected EEG data. The initial
cleaning and the preprocessing on the EEG data was done using EEGLAB [31] in MATLAB
and a similar procedure was conducted on each individual EEG file as explained below. After
reading an EEG file as the first step, the channel locations [236] were added to the EEGLAB.
Then a baseline correction was done on each EEG file by removing the epoch baseline [31]. To
detect any bad channels visually, channel spectra [103] was plotted and after identifying the
bad channels, they were removed using the “interpolate electrodes” method in EEGLAB [260].
Here, each removed channel was replaced with a new channel by EEGLAB based on the
characteristics of the remaining good channels and this is done to make sure the remaining tasks

can be done on the total channel size.

After that, the EEG data was filtered using “Basic FIR filter” in EEGLAB while using 2 Hz and
45 Hz as filter boarders. This filtering (low pass/ high pass filters) removed the noise coming
from very low frequency and moreover, the 50 Hz noise coming from external electronic
devices and electricity from the country that the data was collected [261, 262]. Then,
independent component analysis (ICA) [58] was done on the EEG data where ICA was
implemented with principal component analysis (PCA) [64, 196] with the value 32 by using the
function in EEGLAB. We can observe that PCA has been successfully used with other
algorithms for cleaning EEG data, and one such example is MSPCA [247, 248, 263]. Since
there are 127 channels in the original dataset, PCA is used for dimensionality reduction to
facilitate the smooth process of ICA. By using this function in EEGLAB, the ICA components
were plotted and after careful study, bad components were removed to clean the EEG dataset
[31]. For each mind task, the cleaned dataset was saved as a new EEG file in “.eeg” format with

two supporting files “.vhdr” and “.vmrk”. In the cleaning process we identified that out of 15
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participants, there were only 12 participants with good data, the other three participants were
observed to have a lot of errors in their EEG dataset and in some cases, the file sizes were
comparatively very small. Therefore, from the initial cleaning and preprocessing with
EEGLAB, we selected 12 participants out of the 15 total participants. Past studies [43, 264]
show that good generalization depends on using a large number of participants, however we
conducted our study with the available participant data. In the selected dataset, each participant
had three mind tasks with five EEG files per task. Therefore, at the end of this cleaning process,
we obtained 180 (12 x 3 x 5) EEG files to be used in the next stage of our study. For the next
stage of our study, we used the python environment to develop BCI pipelines [28] and after
reading some of these saved files into a one of the developed pipelines, we conducted further

processing and analysis.

4.2.3. BCI pipeline modelling

At this stage we had EEG data for two meditation tasks and one non-meditation mind task. Our
aim was to study how effectively a classification can be achieved for meditation/ non-
meditation data when using multiple session EEG data. With the available data, we were able
to do two studies, one with LKM-Self/ non-meditation EEG data and the other with LKM-
Others/ non-meditation EEG data. After the initial cleaning process was done using the
EEGLAB, the subsequent stages of data processing were started with the 180 EEG files. In each
experiment, the study was conducted individually for each participant using a selected pipeline,
and this process was repeated for all the participants for all pipelines. For a single participant
15 EEG files were used, that is comprised of 5 EEG files for the five sessions per each of the
three mind tasks and were taken into the BCI pipeline. After reading the file set for a single
participant, various feature extraction and classification algorithms were used to see how well
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they perform [22, 32]. Then the same procedure was conducted on the 12-participant data and
the classification accuracies were observed. Based on the performance, certain feature
extraction algorithms combined with classification algorithms produced good results. With this
knowledge gathered, we finetuned the BCI pipelines that used these algorithms, which
displayed good classification accuracies for multiple session EEG data. The following sections

elaborates on these steps in modelling the pipelines.

With the initial findings about the most supportive feature extraction and classification
algorithms for our task, further studies were conducted after preparing three BCI pipelines. To
proceed further, three BCI pipelines were used and for feature extraction we used one out of
Common Spatial Patterns (CSP) [45, 62, 82], Short Time Fourier Transform (STFT) [249, 250]
and a fusion of CSP and STFT in each pipeline. Then, each one of these feature extraction
algorithms was followed by a neural network [255-257] for the classification and the use of
neural network gave a common ground to compare performance of the three feature extraction
algorithms tested for multiple session meditation EEG data. All three pipelines have a common
section at the beginning where the reading of 15 EEG files followed by some basic cleaning
conducted on the EEG data. Read raw_brainvision available in mne package in python was
used to read the EEG files [265, 266]. Each file had data of 127 EEG channels and 1 ECG
channel in the original dataset. Since the study was done using EEG data, ECG channel was
removed, and the remaining EEG channels were used in the montage ‘standard 1005°. As the
first step after reading and cleaning the EEG data, each EEG file was broken down into epochs
[31] of 2s size with a 1s overlap [65]. The 1s overlap was used to make sure that the data that
can get lost when splitting the EEG data is preserved because the splitting end of one epoch
will be placed in the middle of the adjacent epoch. The following sections elaborates how each

of these pipelines was implemented in a step-by-step approach.
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Since the same procedure was conducted for the analysis between the pairs of LKM-Self, versus
non-meditation and LKM-Others versus non-meditation, only the explanation relevant to one
pair is given. As mentioned above, the first study was to see the classification of multiple session
EEG data of LKM-Self and non-meditation. When working with each participant, the largest 5
data files for both LKM-Self sessions and non- meditation sessions were selected for our study.
These ten EEG data sessions are independent from each other except they correspond to the
two mind tasks performed by the same person. Herein, our aim was to keep two files, one from
each mind task for the testing and remaining multiple session files from both mind tasks for the
training. When testing, we studied how machine learning methods can be used in classifying a
new session with EEG data from the two mind tasks, using the training knowledge obtained
from some different sessions. With the available 5 sessions of EEG data, we did the study for
3, 4 and 5 session instances. As the first step, 5 sessions of EEG data available for of LKM-Self
and non-meditation were paired based on data size similarity, which means, the largest LKM-
Self and non-meditation were paired, then the next two were paired etc. to make sure there will
be similar amount of data for both training and testing from both mind tasks. Then these pairs
were used in the training and testing. For example, if a random selection is made among these
pairs, there will be a chance of having a pair with one as the largest session in one mind task
and the other as the smallest session in the other mind task. Therefore, random pairing in this
case could negatively impact training and testing with the machine learning algorithms due to

biased data sizes and this was eliminated by pairing the mind task EEG data based on size.

4.2.4. Varied number of sessions

The procedure for using 3 session data was done as follows. As mentioned above, LKM-Self
and non-meditation EEG data were paired based on their size. Here, we selected 3 pairs of EEG
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data, using 2 pairs for the training and the remaining pair for the testing. For each set of 3 pairs,
we conducted 3 tests, where one pair becomes the testing data while the other two becomes the
training data. Since we had 5 pairs from which we used 3 pairs, we used all possible selection
combinations for selecting 3 pairs out of 5 pairs in our experiment. This gave a total of 10
different combinations and per selected combination, we did 3 tests. Therefore, altogether 30
tests were conducted on the 5 pairs of LKM-Self and non-meditation EEG data to test a pipeline
developed for selected machine learning training/ testing algorithms for a single participant.

This test was repeated for all 12 participants using the developed BCI pipeline.

Next, training and testing was done using 4 pairs of EEG data. In this case 3 pairs were used
for the training and the remaining pair was used for the testing. Similar to above procedure,
when using 4 pairs, 4 tests were conducted where each time one pair out of the 4 pairs was used
as the testing set. Since we had 5 pairs available, we selected 4 pairs and used all possible
combinations for selecting these 4 pairs. There are 5 possible ways to select 4 pairs out of 5 and
since one such 4 pairs were tested 4 time, a total of 20 tests were conducted on the 5 pairs of
LKM-Self and non-meditation EEG data for a selected BCI pipeline. This was repeated for all

12 participant EEG data.

The third test was conducted using all 5 pairs of LKM-Self and non-meditation EEG data. Here,
4 pairs of session data were used for the training and the remaining pair was used for the testing.
This was repeated while each time a new pair was used for the testing. In this case a total of 5
tests were conducted for 5 pairs of LKM-Self and non-meditation EEG data for the selected
BCI pipeline and the procedure was repeated for the EEG data of all 12 participants. Based on
the session size, a total of 55 (30 + 20 + 5) tests were conducted for each participant. This was
done on all 12 participants across the 3 pipelines for two meditation mind tasks, resulting in a
total of 3960 tests conducted in our entire study (55 tests per participant * 12 participants * 3

pipelines * 2 meditation tasks).
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These studies allowed us to understand how multiple session EEG data can be used to train a
machine learning algorithm and test the trained algorithm by performing classification on a new
session EEG dataset. At the same time, the study allowed us to understand how these machine
learning pipelines behave when the number of training sessions increases in a multiple session
classification study. This concludes the description on the common section of the three BCI
pipelines where the training and testing was done using 3 pairs, 4 pairs and 5 pairs of LKM-
Self and non-meditation EEG data. The following section will explain the part where the three

BCI pipelines have their unique characteristics.

4.2.5. Feature extraction and classification

Each of the three BCI pipelines used in our study has their unique characteristics based on how
feature extraction algorithms were used in them. In our study, advanced signal processing
algorithms were used for the feature extraction and machine learning algorithms were used for
the classification. In all three pipelines, neural networks were used for the classification. To be
more precise, a multi-layer perceptron (MLP) with two hidden layers with a size of 20 for each
layer, a logistic activation function, max_iter = 1000 and random_state = 42 was used in each
of the three pipelines for the classification [147, 253, 254]. For the feature extraction in the first
pipeline Common Spatial Patterns (CSP) was used and for the second pipeline Short Time
Fourier Transform (STFT) was used. Most importantly, for the third pipeline a fusion of CSP

and STFT was used as the algorithm for the feature extraction from EEG data.

A pipeline starts by reading a portion of EEG files (the ones saved after cleaned and
preprocessed by EEGLAB) for the three mind tasks and splitting them into epochs of 2s. Using

this dataset, analysis was done for the pair LKM-Self and non-meditation and for the pair LKM-
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Others and non-meditation independently. When considering LKM-Self and non-meditation in
the pipeline with CSP used for feature extraction, the procedure starts by taking the epochs of
5 sessions for the two mind tasks. Here, depending on how many sessions were used for the
analysis, dataset is divided into train and test data, where one pair of session data is used for the
testing and the remaining pairs were used for the training. Since it is needed to keep records of
both training and testing data, each epoch of data had a label to indicate which mind task each
epoch represents. Each data epoch is a 2D (dimension) array where one side represents the
number of channels, and the other side represents the individual data elements for a single
channel. In this case, there are 127 channels and 2000 data points which contains 1000 Hz data
for 2s time interval. In the pipeline, this 2D array dataset for a single epoch is grouped into a
3D array where the number of epochs becomes the magnitude of the third dimension and we
had a 1D label set with the size same as the number of epochs, where one label is used to
represent each epoch. This 3D dataset with the shape (# of epochs, 127 of channels, 2000 of
datapoints) and 1D labels set with the shape (# of epochs) are then processed and reshaped

accordingly to satisfy the algorithms used in the pipeline.

As the next step with the CSP pipeline, a covariance matrix [267, 268] was calculated using the
training dataset and the corresponding labels where Ledoit-Wolf shrinkage estimator [269] was
used for the matrix regularization. A CSP object with four spatial filters (nfilter = 4) was
initialised. In CSP, a spatial filter represents a weight vector spanning all EEG channels and
projects the multi-channel EEG signal into components that maximise variance for one class
while minimising it for the other; thus, CSP operates on the multichannel signal jointly rather
than on individual channels independently. The CSP model was fitted using only the training
data, and four discriminative spatial filters were obtained. The resulting spatial filter matrix had

a shape of (4, 127), corresponding to four spatial filters across the 127 EEG channels, and these
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filters represent the spatial patterns that are most discriminative between the two mind tasks

[270]. This result was kept aside to be used shortly.

Then the 3D training and testing datasets with the shape (# of epochs, 127, 2000) were taken
and reshaped as 2D arrays (# of epochs x 127, 2000) and principal component analysis (PCA)
[64, 196] was applied with (n_components = 127). The datasets were reshaped to 2D because
that shape change allowed us to use PCA on the data and PCA was applied on the training/
testing data to reduce the dimensionality [271, 272] from 2000 to 127. The results obtained
from PCA were reshaped to obtain 3D arrays of the shape (# of epochs, 127, 127). These two
training/ testing arrays were multiplied with the reshaped spatial patterns array described in the
above paragraph to get a feature set for training and testing with the shape (# of epochs, 127,
4). These training/ testing feature sets were then reshaped as (# of epochs x 127, 4) along with
the corresponding label set to satisty the shape of the neural network. The MLP we used had 4
input nodes and it had two hidden layers with each one having 20 nodes. While checking various
combinations, we noticed that the above pattern gave optimal results, thus it was used. As
described above, this experiment was conducted while using 3, 4 and 5 multiple session EEG
data. At the same time, this was conducted in classifying LKM-Self, non-meditation pair and
also with the pair LKM-Others, non-meditation using the first BCI pipeline (CSP pipeline) we

developed.

The second pipeline was developed while using STFT for feature extraction and MLP for the
classification. As explained above, the pipeline starts by reading a portion of the cleaned EEG
data of the three mind tasks and breaking them into epochs of 2s. At this point the training/
testing data had the shape (# of epochs, 127, 2000) and labels set had the shape (# of epochs).
Then the 3D training/ testing data were converted to 3D STFT data. In this case each epoch is
broken into multiple timeslots and an average value per frequency value (whole numbers) was

calculated for the frequency points from 0 to 45 and the shape of the results were as (# of
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epochs, 127, 46). These training/ testing features were reshaped into 2D (# of epochs x 127,
46). Then, these feature sets were used in the training and testing of the neural network while
changing the range of the frequency used to get the optimal solution. By doing this study, we
noticed that the ten frequencies in the range [4:13] gave the best result and it was used in our
study. The frequency band 4—8 Hz is referred as Theta [104, 172, 175, 235] and the frequency
band 8—13 Hz is referred as Alpha [74, 136, 246] in brain wave frequency studies. Therefore,
the selected frequency range in this study contains information of Theta and Alpha waves of
the brainwaves. With this knowledge, we used the training/ testing dataset (# of epochs x 127,
10) along with the corresponding labels in the neural network. Therefore, the MLP in the second
pipeline had 10 input nodes and it had two hidden layers with each one having 20 nodes. The
STFT pipeline was implemented for 3, 4 and 5 multiple session EEG data and the classification
accuracies were calculated for LKM-Self, nonmeditation pair and also for the pair LKM-Others

and non-meditation.

The third pipeline was modelled with the fusion of CSP and STFT for the features. This
algorithm follows the steps of the above two algorithms when using CSP alone and STFT alone
to get two feature sets for the training/ testing data. In this pipeline, after following the steps
explained with the above two pipelines, we came to the point of having a training/ testing feature
set for CSP with the shape of (# of epochs x 127, 4) and a training/ testing feature set for STFT
with the shape of (# of epochs x 127, 10). As the next step under this pipeline, we joined these
two feature sets to get a combined feature set of CSP and STFT with the shape of (# of epochs
x 127, 14). Then, this feature set obtained for the training/ testing data along with the matching
label set were used with the neural network with 14 input nodes and did the classification. The
MLP in the third pipeline had two hidden layers with each one having 20 nodes. Using the third
pipeline (fusion of CSP and STFT) along with the multilayer perceptron, analysis was

conducted to study the classification accuracies for LKM-Self, non-meditation pair and for the
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pair LKM-Others and non-meditation using the cleaned EEG data. This study was conducted
using multiple session EEG data and this was done for multiple sessions of 3, 4 and 5. A

summary of the procedure is shown in Figure 4.1.

» The study involves EEG data collected from 12 participants, each performing two meditation tasks and
one non-meditation task over 5 sessions per task.

» After cleaning and preprocessing the data, 15 sessions of EEG data for the 3 mind tasks were selected
for analysis for a single participant.

LKM-Self/ Select 3, 4 CSP for
Non- or5 Feature
Meditation Session Extraction
(5 Session Pairs
15 Pairs) /W 5 1
: eura iy
Sefsosrlgns Eeatute ™ NEtWETK 67 Cl:isT;atlon
Mind Extraction Classification Sl
LKM-
Tasks Others/
Select 3,4
g or5 CSP + STFT /
Medltat.lon Session for Feature
(5 Session Pairs Extraction

Pairs)

« For a single participant, the above procedure was repeated independently for the three cases: 3
session pairs, 4 session pairs, and 5 session pairs.

* The entire procedure was then repeated independently for all 12 participants, resulting in a total of
3,960 tests.

Figure 4.1 Summary of the methodology for EEG data classification across multiple meditation
and non-meditation sessions

4.3 Results

The main target of this study was to see how well feature extraction and classification
algorithms can be used with multiple session meditation/ non-meditation EEG data. Here, after
training a machine learning algorithm using multiple session EEG data, we studied the
performance of the trained algorithm in classifying a new meditation/ non-meditation session
for the same subject. Data collected for 12 participants was used in this study. The results

obtained can be divided into two main parts since one study was conducted using LKM-Self
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and non-meditation EEG data and the second study was conducted using LKM-Others and non-
meditation EEG data. At the same time, the results can be divided based on the three feature
extraction methods (CSP, STFT or the fusion of CSP and STFT) used in this study. Furthermore,
the results can be divided based on the number of sessions used in this study. We used either 3,
4 or 5 sessions and out of which 2, 3 or 4 sessions were used for the training while using the
remaining session pair for the testing. Therefore, with this change in the number of training
sessions, we were able to study how classification accuracies changed. In our study, we used
Leave-One-Session-Out Cross-Validation, and the average and standard deviation were used to

calculate the accuracy and uncertainty for each participant.

Table 4.1 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using 3sessions of EEG data for the study where 2 sessions were used for the
training and 1 session for the testing. The results were obtained by analyzing the EEG data of
the 12 participants using CSP, STFT and a fusion of CSP and STFT as the feature extraction
algorithms, and Figures 4.2 and 4.3 demonstrate the performance comparison. Figure 4.2
graphically shows the results given in Table 4.1; Figure 4.3 gives the normalised classification
accuracies that allow us not only to compare performance of the three algorithms for each
person, but also to compare this individual change among all participants, which is a visual
improvement of Figure 4.2. Figure 4.3 is prepared by setting the lowest classification accuracy
among the three algorithms for each person to 0 and the other two accuracies are proportionally
plotted by considering the largest change (among all pairwise comparisons for all 12
participants) set to 100, and all the other changes scaled proportionally between 0 and 100. In
Figure 4.3, participant 12 shows the highest accuracy difference among the three algorithms,
while participant 11 shows the lowest accuracy difference among the three algorithms (the top
value in the graph is the smallest for participant 11 compared to the top values for all other

participants). In the meantime, Table 4.1 shows that for all participants, the mean classification
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accuracy for CSP is at 66.7% and for STFT it is 67.3%. For the selected 12 participants, we
observed the fusion of CSP and STFT gave a better mean classification accuracy of 72.1%.
When considering the performance of CSP alone and STFT alone, we observed almost similar
mean accuracies. Out of these 12 participants, 10 participants demonstrated the highest
accuracy levels when using CSP and STFT together which is 83.3% of probability of total
participants. In terms of CSP alone and STFT alone, the highest accuracy level was
demonstrated by only one person in each instance which is a probability of 8.3% of total

participants of the study and this is visible in Figure 4.3.

Table 4.1 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using one of the three algorithms CSP, STFT
or (CSP + STFT) per test for the case of 3 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 783+54 734483 79.1+7.2
2 3 61.2+11.6 63.8+134 61.7+14.2
3 7 61.7+99 64.5+8.6 67.5+9.7
4 8 79.2+49 709+54 79.0+4.7
5 11 63.8+8.7 62.4+9.7 64.1+£8.6
6 12 57.6+21.6 74.6 £ 154 79.9 +16.7
7 14 81.6+6.9 78.6+£5.2 86.3+3.8
8 38 65.5+11.9 53.7+10.7 66.4+114
9 42 71.0+£7.6 67.6+£53 73.4+5.6
10 43 59.1+8.8 604+119 65.8+9.1
11 44 63.3+£12.6 79.0£8.7 79.5+£8.1
12 45 58.6+7.3 58.1+14.7 62.4+13.1

Mean Accuracy 66.7 67.3 72.1
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Figure 4.2 Comparison of average classification accuracies for LKM-Self/ non-meditation EEG
data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 3 sessions
of data
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Figure 4.3 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for
the case of 3 sessions of data

Table 4.2 shows the average classification accuracies obtained for LKM-Others and non-

meditation when using 3 sessions of EEG data for the study where 2 sessions were used for the
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training and 1 session for the testing. The results were obtained using the EEG data of the 12
participants while using CSP, STFT and fusion of CSP and STFT, and Figures 4.4 and 4.5
demonstrate the performance comparison. Figure 4.4 graphically shows the results given in
Table 4.2; Figure 4.5 gives the normalised classification accuracies that allow us to compare
performance of the three algorithms for each person and compare this change among all
participants. Table 4.2 shows that for all participants, the mean classification accuracy for CSP
is at 65.1% and for STFT it is 65.7%. Furthermore, we observed that the fusion of CSP and
STFT demonstrates a better mean classification accuracy of 70.7% for all the participants and
this is better than the mean accuracies obtained when using the algorithms alone (difference of
5.0%). When considering the performance of CSP alone and STFT alone, we observed very
similar mean accuracies. Out of these 12 participants, 10 participants gave the highest accuracy
levels when using CSP and STFT together which is 83.3% of probability in terms of the total
number of participants. Regarding CSP alone and STFT alone the highest accuracy level was
demonstrated by only one person for each algorithm which is a probability of 8.3% for the study

(see Figure 4.5).

Table 4.2 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using one of the three algorithms CSP,
STFT or (CSP + STFT) per test for the case of 3 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 72.9 £ 14.1 74.0+10.9 76.1+13.9
2 3 60.0 +10.7 60.2+11.8 65.1+9.3
3 7 56.0+12.5 59.3+11.3 64.0+11.3
4 8 72.8+13.5 62.6 +14.7 72.1+£13.0
5 11 64.0 £ 8.4 66.8+59 69.7+6.9
6 12 61.7+26.3 71.4+18.7 78.3+£19.0
7 14 79.5+9.5 752+7.7 81.7+73
8 38 67.6+58 59.5+6.1 68.7+£52
9 42 69.8+9.1 64.1+10.1 72.0+9.5
10 43 52.9+10.6 68.2+15.3 70.0 £ 14.5
11 44 67.9+11.3 743 +£8.3 72.9+94
12 45 56.5+15.1 53.3+15.0 57.7+12.6

Mean Accuracy 65.1 65.7 70.7
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Figure 4.4 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 3
sessions of data
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Figure 4.5 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the three algorithms CSP, STFT and (CSP +
STFT) for the case of 3 sessions of data

Table 4.3 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using 4 sessions of EEG data for the study where 3 sessions were used for the

training and 1 session for the testing. Here, one of the three algorithms CSP, STFT or fusion of
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CSP and STFT was used on data available for 12 participants. Figure 4.6 graphically shows the
results given in Table 4.3; Figure 4.7 gives the normalised classification accuracies that allow
us to compare performance of the three algorithms for each person and compare this change
among all participants and this is a visual improvement of Figure 4.6. In Figure 4.7 we can
observe participant 12 shows the highest accuracy difference among the three algorithms which
is given by the fusion of CSP and STFT. Table 4.3 shows that for the 12 participants, the mean
classification accuracy for CSP was 68.4% and for STFT it was 69.1%. For the selected 12
participants, we observed the fusion of CSP and STFT gives the best mean classification
accuracy among the three algorithms which is 74.2% for the 12 participants, 5.1% greater than
the other two. In the meantime, we observed CSP and STFT alone produced similar mean
accuracies. By looking at Figure 4.7 we can see that out of the 12 participants, 9 participants
showed the highest accuracy level when using CSP and STFT together which is a probability
of 75.0% of total participants. At the same time, in this study STFT alone gave the highest
accuracy on 2 participants which is 16.7% and CSP alone gave the highest accuracy for 1 person

which is 8.3%.

Table 4.3 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using one of the three algorithms CSP, STFT
or (CSP + STFT) per test for the case of 4 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 78.5+5.1 73.9+8.1 79.8+6.9
2 3 62.6 + 8.7 67.9+6.5 65.0+10.9
3 7 62.1+9.5 65.7+8.2 69.3+10.3
4 8 79.6 +4.8 72.2+4.0 79.5+3.8
5 11 673+9.2 65.2+9.0 67.5+8.3
6 12 59.5+17.0 78.7+£11.8 84.0+14.2
7 14 82.5+£6.6 79.8+3.9 87.6+3.2
8 38 66.9 +10.8 57.0+9.6 68.5+9.8
9 42 73.0+8.5 68.4+3.8 75.9+59
10 43 61.9+10.5 61.5+11.7 69.5+7.5
11 44 65.6+13.2 79.8+8.9 79.3+£8.9
12 45 61.4+7.1 58.8+14.7 64.5+12.5

Mean Accuracy 68.4 69.1 74.2
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Figure 4.6 Comparison of average classification accuracies for LKM-Self/ non-meditation EEG
data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 4 sessions
of data
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Figure 4.7 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for
the case of 4 sessions of data

Table 4.4 shows the average classification accuracies obtained for the 12 participants when
using the mind tasks LKM-Others and non-meditation. Here, 4 sessions of EEG data were used

for the study where 3 sessions were used for the training and 1 session for the testing. One of
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the three algorithms CSP, STFT or fusion of CSP and STFT was used in the implementation
and Figures 4.8 and 4.9 displays the comparisons of the performances. Figure 4.8 graphically
shows the results given in Table 4.4; Figure 4.9 gives the normalised classification accuracies
that allow us to compare performance of the three algorithms for each person and compare this
change among all participants. Table 4.4 shows that for the 12 participants, the highest mean
classification accuracy was obtained for the algorithm with the fusion of CSP and STFT, which
is 72.0%. When using CSP alone and STFT alone, they were giving slightly lower mean
accuracies (~ 5% difference) when compared to the use of fusion of CSP and STFT and those
accuracies were 66.2% and 66.8% respectively. Out of these 12 participants, 10 participants
demonstrate the highest accuracy level when using CSP and STFT together which is 83.3% of
the total study. For both CSP alone and STFT alone, the highest accuracy was demonstrated
only by 1 person which is a probability of 8.3% for this study and all this is shown in Figure

4.9.

Table 4.4 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using one of the three algorithms CSP,
STFT or (CSP + STFT) per test for the case of 4 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 73.9+14.5 75.1+11.1 76.8+14.6
2 3 62.7+6.0 62.3+7.6 66.4+72
3 7 55.1+13.1 59.1+11.7 65.0+11.8
4 8 74.2+13.7 63.8+ 144 73.9+12.7
5 11 66.0+ 8.9 68.5+53 72.0+7.0
6 12 61.2+22.7 72.4+18.8 77.5+20.6
7 14 81.1£9.6 76.1+6.5 83.6+5.8
8 38 69.3+8.7 60.3+4.0 71.7+6.0
9 42 69.1+11.2 66.0+9.2 72.4+£10.3
10 43 56.4+ 8.8 69.3+14.8 72.1+£13.2
11 44 69.6 £ 8.5 76.2+7.5 75.0+6.1
12 45 553+16.7 523+153 579+ 144

Mean Accuracy 66.2 66.8 72.0
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Figure 4.8 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 4
sessions of data
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Figure 4.9 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the three algorithms CSP, STFT and (CSP +
STFT) for the case of 4 sessions of data

Table 4.5 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using 5 sessions of EEG data for the study where 4 sessions were used for the
training and 1 session for the testing. In Table 4.5, the average classifications accuracies and

their errors for the 12 participants are shown for the three algorithms CSP, STFT or fusion of
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CSP and STFT, and Figure 4.10 gives a graphical representation of the results. Figure 4.11
shows the normalised classification accuracies that demonstrates a good comparison on the
performance of the three algorithms for each person and among all participants. Table 4.5 shows
that for the 12 participants, the mean classification accuracy for CSP was 69.5% and for STFT
it was 70.4%. For the selected 12 participants, we observed that the fusion of CSP and STFT
gave the best mean classification accuracy among the three algorithms which is 75.5%. Here,
the performance difference between CSP alone and STFT alone is less than 1.0%. However,
when considering CSP and STFT fusion, the accuracy this produced is greater than 5.1% when
compared with CSP alone and STFT alone. When studying the Figure 4.11, it is observed that
out of 12 participants, 10 participants gave the best accuracy level when using CSP and STFT
together which is 83.3% of the total participants. CSP alone and STFT alone gave the highest

accuracy once per each algorithm and this probability is 8.3%. for the study.

Table 4.5 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using one of the three algorithms CSP, STFT
or (CSP + STFT) per test for the case of 5 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 78.4+5.0 748+73 80.0 £ 6.8
2 3 615+75 69.5+4.8 65.9+49
3 7 63.3+10.6 66.8 £8.3 69.9+11.7
4 8 81.3+4.0 72.7+4.2 81.7+3.1
5 11 68.5+9.2 66.3 £8.3 69.4+72
6 12 60.2+15.1 79.8+6.1 86.1+8.7
7 14 839+7.0 80.3+3.9 88.9+29
8 38 72.8+10.3 59.4+93 71.1+8.6
9 42 75.1+6.8 70.6 2.1 78.4+5.0
10 43 60.4+12.2 64.1+7.1 69.7+3.8
11 44 69.8£15.2 80.3+£9.1 80.8+8.5
12 45 58.6 6.8 59.9+15.2 64.4+12.6

Mean Accuracy 69.5 70.4 75.5
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Figure 4.10 Comparison of average classification accuracies for LKM-Self/ non-meditation
EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 5
sessions of data
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Figure 4.11 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for
the case of 5 sessions of data

Table 4.6 shows the average classification accuracies obtained for the 12 participants when
using the mind tasks LKM-Others and non-meditation. Here, 5 sessions of EEG data were used

for the study where 4 sessions were used for the training and 1 session for the testing. Figures
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4.12 and 4.13 gives a clear picture of how the classification algorithms work when using the
three algorithms CSP, STFT or fusion of CSP and STFT. Table 4.6 shows that for the selected
12 participants the mean accuracy for the three algorithms CSP, STFT or fusion of CSP and
STFT are 66.5%, 67.3 and 73.0% respectively. Here, we can see a 5.7% difference between the
highest two results and a 0.8% difference between the lowest two results. At the same time, it
is observed that out of the 12 participants, 10 participants obtained the highest classification
accuracy when using CSP and STFT together for feature extraction. This probability is 83.3%
of the total participants and only one person per instance got the highest accuracy when using

CSP alone and STFT alone, which is a probability of 8.3% and this is shown in Figure 4.13.

Table 4.6 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using one of the three algorithms CSP,
STFT or (CSP + STFT) per test for the case of 5 sessions of data

Count Participant No CSp STFT CSP + STFT
1 1 74.9+15.0 76.0 £ 10.4 78.4+134
2 3 60.3+4.0 62.4+45 65.8+6.0
3 7 55.8+14.2 60.2+11.6 64.4+132
4 8 76.3+12.3 66.2+14.3 75.7+13.0
5 11 66.9+£9.4 68.8+£5.1 72.5+6.0
6 12 60.8 +17.8 73.3+19.5 79.7+22.4
7 14 822+9.7 76.7+5.8 84.5+6.6
8 38 71.0+8.7 60.1+3.0 72.4+6.1
9 42 71.6+134 66.8 +8.4 75.1+£10.3
10 43 55.8+7.2 69.6 £ 14.0 73.9+13.5
11 44 69.8+4.0 76.8 8.1 75.9+423
12 45 53.0+ 189 50.6 +16.8 58.2+15.6

Mean Accuracy 66.5 67.3 73.0
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Figure 4.12 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the three algorithms CSP, STFT and (CSP + STFT) for the case of 5
sessions of data
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Figure 4.13 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the three algorithms CSP, STFT and (CSP +
STFT) for the case of 5 sessions of data

179



4.4 Discussion

This study successfully showed that for a given person, multiple session meditation/ non-
meditation EEG data can be used for training machine learning algorithms and those trained
algorithms can be used to successfully classify a new session of meditation/ non-meditation
EEG data for the same person. Although further improvements are needed to increase the
classification accuracies, to the best of our knowledge, this is the first time an attempt has been
made successfully to use multiple session data to train an algorithm and to classify an unknown
session of meditation/ non-meditation EEG data. The study was done for two meditation
techniques (LKM Self and LKM Others) and one non-meditation mind task. Therefore, two
studies were conducted, one for LKM Self and non-meditation EEG data and the second one
for LKM Others and non-meditation EEG data. Hence, our findings are supported by two

independent studies where EEG data of two meditation tasks were used.

Although the participants used in the data collection were labelled as experts in meditation, the
data does not provide the level of meditation expertise as a measurement for these participants.
This lack of information pushed us to do only intra-subject analysis and prevents us from doing
any inter-subject analysis. For example, if there was a measurement for the expert level of the
meditators and some of them fall into the same level, we could have done inter-subject
classification by taking multiple session meditation data from those participants and comparing
that with multiple session non-meditation data among those same level participants. That would
have allowed us to first study on intra-subject multiple session classification and then extend it
to inter-subject multiple session classification. On the other hand, if there was a measurement
for the expert level of the meditators in the dataset, and moreover, if the participants fall into
two or more levels, we could have used that to study the “trait” characteristics of the participants

using the level difference values among those participants. Unfortunately, with the limited
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information available without any values to represent the expert levels, only intra-subject

analysis was done where each participant was considered independent from one another.

The majority of the classification studies done in the past with meditation/ non-meditation EEG
data were done on two session data, rather than on multiple sessions. However, in our previous
study, we introduced the novel research idea or using multiple session EEG data to a certain
level. In our previous study, we used EEG data from 5 sessions for the same person, creating
separate pools of epochs for meditation and non-meditation EEG data. Then, from that pool we
selected a certain percentage randomly for the training and the remaining for the testing. In that
case, both training and testing datasets were expected to have epochs of all 5 sessions of
meditation and non-meditation EEG data since the data was randomly selected. In this current
study, we went a step further where multiple session meditation/ non-meditation EEG data from
one person were used for training the algorithms and a different session EEG data from the
same person was used in the classification. In the previous study, we showed the occurrence of
similar characteristics not only in multiple session meditation EEG data but also in multiple
session non-meditation EEG data. However, since in our previous study, we were using data
from a pool of data for training and testing, it was not supporting the classification of a new
session of meditation/ non-meditation EEG data. In this new study we were able to show that
this is achievable, where a new session of meditation/ non-meditation EEG data can be
classified by an algorithm trained using a different set of meditation/ non-meditation EEG

multiple session data for the same person.
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4.4.1. Analysis based on the type of algorithm used

In this study, three pipelines were used to train and classify multiple session meditation/ non-
meditation EEG data. This was achieved using several feature extraction and classification
algorithms in the initial stage to see how well the classifications perform. Through initial
analysis, we identified that for the classification, a multilayer perceptron was generating good
results, and hence, it was used to proceed further. Since our aim was to identify good feature
extraction algorithms, to keep the same ground for comparison, neural network was used as the
classification algorithm with different feature extraction algorithms. When checking for various
feature extraction algorithms, we identified that CSP and STFT were generating good results.
We then introduced a new feature extraction algorithm that fuses CSP and STFT and this new
algorithm generated better results than using CSP alone and STFT alone. Hence, results
obtained at the end of our study turned out be notable because they proved that multiple session
EEG data meditation/ non-meditation tasks from a selected person can successfully classify a
new unknown session for that individual. Additionally, the fusion of CSP and STFT produced

better results compared to using CSP or STFT alone.

The studies were done on LKM Self/ non-meditation and LKM Others/ non-meditation EEG
data independently for three cases of 3, 4 or 5 sessions and out of which 2, 3 or 4 sessions were
used for the training while using the remaining session pair for the testing. Tables 4.1, 4.3 and
4.5 show the results for LKM Self/ non-meditation for the use of 2, 3, and 4 training sessions
and Tables 4.2, 4.4 and 4.6 show the results for LKM Others/ non-meditation for the use of 2,
3, and 4 training sessions. When checking these tables, it is visible that classification accuracies
of certain participants were noticeably higher than some other participants. One obvious reason
for this could be due to unexpected noise of some EEG files which persisted even after the

multistep comprehensive cleaning. The other possible reason is, for some participants, there
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might be a big difference in the wave patterns between meditation/ non-meditation EEG data,
whereas others may not have much of a difference and this depends on the expert level of the
meditators. Past studies have shown that at the start of learning meditation, there will not be
much of a difference between meditation and non-meditation brain patterns for novice
meditators. But when you consider an expert meditator, you tend to see considerable differences
in mind patterns between meditation and non-meditation [71, 133, 134, 185]. However, since
we do not have a measurement level that indicates the expert levels of the participants, to
compare the results, it cannot be confirmed that the noticeable classification differences among
the participants is related to the expert level. Therefore, to compare the performance of the three
algorithms, we calculated the mean accuracy for all the 12 participants and this value was used

in the comparison of the three algorithms.

When considering LKM Self/ non-meditation classification, the highest mean accuracy was
obtained using the algorithm with the fusion of CSP and STFT, for the three instances when
using 2, 3 and 4 sessions for training and the results obtained are depicted in Tables 4.1, 4.3 and
4.5 respectively. As shown in Tables 4.1, 4.3 and 4.5, the best results obtained were 72.1%,
74.2% and 75.5% respectively, when using CSP + STFT for feature extraction. When
considering the mean classification accuracies calculated for all 12 participants across each of
the three training session sizes, for all instances, CSP alone showed the lowest classification
accuracies and STFT alone demonstrated slightly higher accuracies compared to CSP alone
(with differences of 0.6%, 0.7%, 0.9% for the three session sizes, respectively). On the other
hand, CSP + STFT combination significantly outperformed STFT alone in classification
accuracies when using 2, 3 and 4 sessions for training, with differences of 4.8%, 5.1% and
5.1%, respectively. While the mean accuracy difference between CSP alone and STFT alone is

less than 1%, the mean accuracy of CSP + STFT combination is on the average 5.0% higher
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than CSP alone and STFT alone for LKM Self/ non-meditation classification and this a

significant finding.

When considering LKM Others / non-meditation classification, the highest mean accuracy was
obtained when using the algorithm with the fusion of CSP and STFT for the three instances of
using 2, 3 and 4 sessions for training. These results are given in Tables 4.2, 4.4 and 4.6
respectively, with mean accuracies of 70.7%, 72.0% and 73.0% for each case. When
considering the mean classification accuracies calculated for all 12 participants across each of
the three training session sizes, CSP alone gave the lowest classification accuracies and STFT
alone showed slightly higher accuracies compared to CSP alone (with differences of 0.6%,
0.6%, 0.8% for the three session sizes, respectively). However, CSP + STFT combination gave
the highest mean accuracy across all three session sizes, significantly higher than STFT alone
(with differences of 5.0%, 5.2%, 5.7% for the three session sizes, respectively). While the mean
accuracy difference between CSP alone and STFT alone is less than 1%, the mean accuracy of
the CSP + STFT combination is on average 5.3% higher than CSP alone and STFT alone for

LKM Others/ non-meditation classification and this also a significant finding.

The overall average of the classification accuracy when using CSP alone for all instances is
calculated as 67.1%. Similarly, overall average of the classification accuracy when using STFT
alone for all instances is calculated as 67.8% and when using CSP + STFT combined the result
was 72.9%. Therefore, when considering all instances, using CSP alone and STFT alone
generated classification accuracies with a difference less than 1%. The results show that the
best classification accuracy can be obtained when using the fusion of CSP and STFT for the
feature extraction and then using that information in the classification. This classification
accuracy is more than 5% greater than using CSP alone and STFT alone and this is a notable

increase in the classification accuracy.
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4.4.2. Analysis based on the number of training sessions used

While working on the main research topic that focused on studying how well machine learning
algorithms can be used in classifying multiple session meditation/ nonmeditation EEG data, by
rearranging the results shown in Tables 4.1, 4.2, 4.3, 4.4, 4.5 and 4.6, a different pattern was
observed. This pattern displayed that higher the number of training sessions (training data size),
the higher the calculated classification accuracy when using a certain algorithm set for the
feature extraction and classification. The classification accuracies shown in Tables 4.1, 4.2, 4.3,
4.4, 4.5 and 4.6, were generated using the same file size for training while using different
algorithms and the results are separated into LKM Self/ non-meditation and LKM Others/
nonmeditation. To add an alteration, in this new comparison, all the results were grouped
according to the algorithm used, separately for LKM Self/ non-meditation and for LKM Others/
non-meditation. It allowed us to compare the classification accuracies for different numbers of
training sessions within a given algorithm and a mind task pair. The results indicated that the
increase in the number of training sessions used in the machine learning algorithm increases
the average classification accuracy and the following section explains this for each algorithm

and meditation type.

Table 4.7 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using the algorithm CSP in the pipeline for the three cases of 3 sessions, 4
sessions and 5 sessions of data and the Figure 4.14 shows the results graphically. When using
3, 4, and 5 sessions, 2, 3, and 4 sessions were used respectively for the training and the
remaining one session was used in the testing. The mean classification accuracies for these three
cases are 66.7%, 68.4% and 69.5% respectively and this suggests that there is an increase in the
mean classification accuracy with the increase in the number of training sessions. Figure 4.15
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gives the normalised classification accuracies of the Table 4.7, and this figure allows us not
only to compare classification accuracies for the three session sizes for each person, but also to
compare this change among all participants and this is a visual improvement of Figure 4.14.
Figure 4.15 is prepared by putting the lowest classification accuracy among the three for each
participant to 0 and the other two are proportionally plotted by giving the largest change among
all participants to have a value 100, and all the other values changing proportionally in between
0 and 100. When considering the individual participants, using 4 sessions has increased the
classification accuracy of all 12 participants when compared with 3 sessions and in other words
100% of total participants. At the same time, using 5 sessions has increased the classification
accuracy for 8 participants out of 12 when compared with 4 sessions, and this is a 66.7%

increase.

Table 4.7 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using the algorithm CSP for the three cases of
3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 783+£5.4 78.5+£5.1 784 +5
2 3 61.2+£11.6 62.6 + 8.7 61.5+75
3 7 61.7+£9.9 62.1+9.5 63.3+10.6
4 8 79.2+49 79.6 +4.8 81.3+4.0
5 11 63.8+8.7 67.3+£9.2 68.5+9.2
6 12 57.6+21.6 59.5+17.0 60.2+15.1
7 14 81.6+6.9 82.5+6.6 83.9+7.0
8 38 65.5+11.9 66.9+£10.8 72.8+£10.3
9 42 71.0+7.6 73.0+8.5 75.1+6.8
10 43 59.1+8.8 61.9+10.5 60.4+12.2
11 44 63.3+12.6 65.6+13.2 69.8 £15.2
12 45 58.6+7.3 61.4+7.1 58.6 6.8

Mean Accuracy 66.7 68.4 69.5
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Figure 4.14 Comparison of average classification accuracies for LKM-Self/ non-meditation
EEG data when using the algorithm CSP for the three cases of 3 sessions, 4 sessions and 5
sessions of data

100
90
80
70
60
50
40
30
20
10

Normalised Average Accuracy %

1 3 7 8 11 12 14 38 42 43 44 45
Participant No

3 Sessions  ==@==4 Sessions ==@==5 Sessions

Figure 4.15 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the algorithm CSP for the three cases of 3 sessions, 4
sessions and 5 sessions of data

Table 4.8 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using the algorithm STFT in the pipeline for the three cases of 3 sessions, 4

sessions and 5 sessions of data and Figure 4.16 shows the results graphically. The mean
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classification accuracies for the three cases are 67.3%, 69.1% and 70.4% respectively and this
indicates an increase in the mean classification accuracy with the increase in the training data
size. Figure 4.17 gives the normalised classification accuracies of the Table 4.8, and this figure
allows us to compare classification accuracies for the three session sizes for each person, as
well as the change among all participants and this is a visual improvement of Figure 4.16. When
considering the individual participants, using 4 sessions has increased the classification
accuracy of all 12 participants when compared with 3 sessions and this is a 100% increase.
Similarly, using 5 sessions has increased the classification accuracy of all 12 participants when

compared with 4 sessions, and this is also a 100% increase.

Table 4.8 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using the algorithm STFT for the three cases
of 3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 73.4+8.3 73.9+£8.1 748 +73
2 3 63.8+134 67.9+6.5 69.5+4.8
3 7 64.5+8.6 65.7+£8.2 66.8 +£8.3
4 8 709+54 72.2+4.0 72.7+42
5 11 62.4+9.7 65.2+9.0 66.3 £8.3
6 12 74.6 £ 154 78.7+11.8 79.8 £6.1
7 14 78.6+5.2 79.8+3.9 80.3+3.9
8 38 53.7+10.7 57.0+9.6 59.4+93
9 42 67.6+523 68.4+3.8 70.6 2.1
10 43 60.4+11.9 61.5+11.7 64.1+7.1
11 44 79.0+8.7 79.8+8.9 80.3+£9.1
12 45 58.1+14.7 58.8 +£14.7 59.9+15.2

Mean Accuracy 67.3 69.1 70.4
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Figure 4.16 Comparison of average classification accuracies for LKM-Self/ non-meditation
EEG data when using the algorithm STFT for the three cases of 3 sessions, 4 sessions and 5
sessions of data
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Figure 4.17 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the algorithm STFT for the three cases of 3 sessions, 4
sessions and 5 sessions of data

Table 4.9 shows the average classification accuracies obtained for LKM-Self and non-
meditation when using the algorithm with CSP and STFT fusion in the pipeline for the three

cases of 3 sessions, 4 sessions and 5 sessions of data and the Figure 4.18 shows the results
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graphically. The mean classification accuracies for the three cases are 72.1%, 74.2% and 75.5%
respectively and this shows an increase in the mean classification accuracy with the increase in
the number of training sessions. Figure 4.19 demonstrates the normalised classification
accuracies of the Table 4.9 and by observing Figure 4.19 we can see that using 4 sessions has
increased the classification accuracy for 11 participants out of 12 when compared with 3
sessions and this is a 91.7% increase. Similarly, using 5 sessions has increased the classification
accuracy for 11 participants out of 12 when compared with 4 sessions, and this is a 91.7%

increase.

Table 4.9 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Self/ non-meditation EEG data using the algorithm (CSP + STFT) for the
three cases of 3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 79.1+£7.2 79.8+6.9 80.0 £ 6.8
2 3 61.7+14.2 65.0+10.9 659+49
3 7 67.5+9.7 69.3+10.3 69.9+11.7
4 8 79.0 4.7 79.5+3.8 81.7+3.1
5 11 64.1+£8.6 67.5+8.3 69.4+72
6 12 79.9 +£16.7 84+ 14.2 86.1 +£8.7
7 14 86.3+3.8 87.6+3.2 88.9+29
8 38 66.4+114 68.5+9.8 71.1+8.6
9 42 73.4+5.6 75.9+59 78.4+5.0
10 43 65.8+9.1 69.5+7.5 69.7+3.8
11 44 79.5+8.1 79.3+89 80.8+8.5
12 45 62.4+13.1 64.5+12.5 64.4+12.6

Mean Accuracy 72.1 74.2 75.5
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Figure 4.18 Comparison of average classification accuracies for LKM-Self/ non-meditation
EEG data when using the algorithm (CSP + STFT) for the three cases of 3 sessions, 4 sessions
and 5 sessions of data
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Figure 4.19 Relative comparison of normalised average classification accuracies for LKM-Self/
non-meditation EEG data when using the algorithm (CSP + STFT) for the three cases of 3
sessions, 4 sessions and 5 sessions of data

Table 4.10 shows the average classification accuracies obtained for LKM-Others and non-
meditation when using the algorithm CSP in the pipeline for the three cases of 3 sessions, 4

sessions and 5 sessions of data and the Figure 4.20 shows the results graphically. The mean
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classification accuracies for the three cases are 65.1%, 66.2% and 66.5% respectively and this
indicates an increase in the mean classification accuracy with the increase in the number of
training sessions. Normalised classification accuracies of the Table 4.10 given in Figure 4.21,
demonstrates that using 4 sessions has increased the classification accuracy for 8 participants
out of 12 when compared with 3 sessions and this is a 66.7% increase. Similarly, using 5
sessions has increased the classification accuracy for 8 participants out of 12 when compared

with 4 sessions, and this is also a 66.7% increase.

Table 4.10 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using the algorithm CSP for the three cases
of 3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 729+ 14.1 73.9+14.5 749+ 15.0
2 3 60.0 + 10.7 62.7+6.0 60.3+4.0
3 7 56.0+12.5 55.1+13.1 55.8+14.2
4 8 72.8+13.5 74.2+13.7 76.3+12.3
5 11 64.0 £ 8.4 66.0+ 8.9 66.9+94
6 12 61.7+26.3 61.2+22.7 60.8 +17.8
7 14 79.5+9.5 81.1+£9.6 82.2+9.7
8 38 67.6+5.8 69.3+8.7 71 +£8.7
9 42 69.8+9.1 69.1+11.2 71.6+13.4
10 43 52.9+10.6 56.4+8.8 558+7.2
11 44 67.9+11.3 69.6 + 8.5 69.8+4.0
12 45 56.5+15.1 553+16.7 53.0+18.9

Mean Accuracy 65.1 66.2 66.5
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Figure 4.20 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the algorithm CSP for the three cases of 3 sessions, 4 sessions and 5
sessions of data
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Figure 4.21 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the algorithm CSP for the three cases of 3
sessions, 4 sessions and 5 sessions of data

Table 4.11 shows the average classification accuracies obtained for LKM-Others and non-
meditation when using the algorithm STFT in the pipeline for the three cases of 3 sessions, 4

sessions and 5 sessions of data and the Figure 4.22 shows the results graphically. The mean
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classification accuracies for the three cases are 65.7%, 66.8% and 67.3% respectively and this
indicates an increase in the mean classification accuracy when increasing the number of training
sessions. Furthermore, normalised classification accuracies of the Table 4.11 given in Figure
4.23, demonstrates that using 4 sessions has increased the classification accuracy for 10
participants out of 12 when compared with 3 sessions and this is 83.3% of the total participants.
Similarly, using 5 sessions has increased the classification accuracy for 10 participants out of

12 when compared with 4 sessions, and this is also an 83.3% increase.

Table 4.11 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using the algorithm STFT for the three
cases of 3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 74.0£10.9 751+ 11.1 76.0 £ 10.4
2 3 60.2+11.8 62.3+7.6 62.4+45
3 7 59.3+11.3 59.1+11.7 60.2+11.6
4 8 62.6 £ 14.7 63.8+14.4 66.2+14.3
5 11 66.8+5.9 68.5+53 68.8+5.1
6 12 71.4+£18.7 72.4+18.8 73.3+19.5
7 14 752+7.7 76.1+6.5 76.7+5.8
8 38 59.5+6.1 60.3+4.0 60.1+3.0
9 42 64.1+10.1 66.0+9.2 66.8 +8.4
10 43 68.2+153 69.3+14.8 69.6 £ 14.0
11 44 74.3+8.3 76.2+7.5 76.8 8.1
12 45 53.3+15.0 523+15.3 50.6 +=16.8

Mean Accuracy 65.7 66.8 67.3
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Figure 4.22 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the algorithm STFT for the three cases of 3 sessions, 4 sessions and 5
sessions of data
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Figure 4.23 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the algorithm STFT for the three cases of 3
sessions, 4 sessions and 5 sessions of data

Table 4.12 shows the average classification accuracies obtained for LKM-Others and non-
meditation when using the algorithm CSP and STFT fusion in the pipeline for the three cases

of 3 sessions, 4 sessions and 5 sessions of data and Figure 4.24 shows the results graphically.
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The mean classification accuracies for the three cases are 70.7%, 72.0% and 73.0% respectively
and this indicates an increase in the mean classification accuracy with the increase of the
number of training sessions. Moreover, normalised classification accuracies of the Table 4.12
given in Figure 4.25, demonstrates that using 4 sessions has increased the classification
accuracy for 11 participants out of 12 when compared with 3 sessions and this is an increase of
91.7%. At the same time, using 5 sessions has increased the classification accuracy for 10

participants out of 12 when compared with 4 sessions, and this is an increase of 83.3%.

Table 4.12 Average accuracy (%) calculated independently for each of the 12 participants when
classifying LKM-Others/ non-meditation EEG data using the algorithm (CSP + STFT) for the
three cases of 3 sessions, 4 sessions and 5 sessions of data

Count Participant No 3 Sessions 4 Sessions 5 Sessions
1 1 76.1+13.9 76.8 + 14.6 784+ 134
2 3 65.1+9.3 66.4+72 65.8+6.0
3 7 640+11.3 65.0+11.8 64.4+132
4 8 72.1+£13.0 73.9+12.7 75.7+13.0
5 11 69.7+6.9 72.0+7.0 72.5+6.0
6 12 78.3+19.0 77.5+20.6 79.7+22.4
7 14 81.7+£73 83.6+5.8 84.5+6.6
8 38 68.7+5.2 71.7+6.0 72.4+6.1
9 42 72.0+9.5 72.4+103 75.1+10.3
10 43 70.0 +14.5 72.1+13.2 73.9+13.5
11 44 72.9+94 75.0+6.1 75.9+423
12 45 57.7+12.6 579+ 144 58.2+15.6

Mean Accuracy 70.7 72.0 73.0
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Figure 4.24 Comparison of average classification accuracies for LKM-Others/ non-meditation
EEG data when using the algorithm (CSP + STFT) for the three cases of 3 sessions, 4 sessions
and 5 sessions of data
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Figure 4.25 Relative comparison of normalised average classification accuracies for LKM-
Others/ non-meditation EEG data when using the algorithm (CSP + STFT) for the three cases
of 3 sessions, 4 sessions and 5 sessions of data

When summarizing the above results, the lowest mean accuracy was obtained when using 3
sessions in the study. At the same time, the highest mean accuracy was obtained when using 5

sessions whereas using 4 sessions stood at a middle mean accuracy level. This shows that when
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the number of training sessions increases, the classification accuracy increases. Furthermore,
the following section shows how this pattern behaves for individual participant classification
accuracies. Out of 72 instances for the 12 participants, in 64 instances, using 4 sessions was
giving a higher classification accuracy than using 3 sessions and the percentage of this is 88.9%
when training the machine learning algorithms. Similarly, out of 72 instances for the 12
participants, in 59 instances, using 5 sessions was giving a higher classification accuracy than
using 4 sessions and the percentage of this is 81.9%. These two percentage results further prove
that use of more sessions for training a machine learning algorithm increases the classification

accuracy of that algorithm.

4.4.3. Limitations of the study and future work

The study was conducted using an online EEG dataset and some limitations were based on the
characteristics of the dataset. Our interest was only with the multiple session EEG data which
has been collected for 15 participants for 8—10 sessions. Due to errors in some files and due to
having comparatively smaller file sizes, our analysis was conducted only for 12 participants
using the largest 5 files for each mind task and our analysis was limited to these boundaries. At
the same time, although the participants were labelled as experts in meditation, since there was
no indication of this expert level as a value, we only did intra-subject analysis, and we could
not do any inter-subject analysis. Also, as described previously, lack of quantified meditation
expert level of the participants forced us to study only the “state” characteristic of the meditation

EEG data and we were not able to study the “trait” characteristic of the meditation EEG data.

Since this is the first time a study was conducted to classify multiple session meditation/ non-

meditation EEG data, further studies can be conducted for improving the classification
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accuracies so the studies can support the identification of new meditation/ non-meditation states
with much ease. At the same time, for future work, if multiple session EEG data can be collected
from participants in the same expert level, such data can be used to study if machine learning
can be used for classifying multiple session EEG data as an inter-subject analysis. Similarly, if
the data was collected for participants with multiple expert levels, then this can be used to study

the “trait” characteristic of the meditation EEG data.

4.5 Conclusion

In this study, we were able to demonstrate successful classification of multiple session
meditation/ nonmeditation EEG data. LKM-Self, non-meditation pair and LKM-Others, non-
meditation pair were independently tested here. While keeping a neural network in all instances
as the classification algorithm, the features of meditation EEG were successfully extracted
using CSP, STFT and fusion of CSP and STFT. Use of CSP and STFT for meditation EEG is a
significantly new approach, and fusion of CSP and STFT notably improved the results. Most
importantly, by conducting 3960 tests, we were able to show that for a given person, after
training a BCI pipeline with multiple session meditation/ non-meditation EEG data, we could
successfully classify a new session for the same person. This creates an opportunity for
initiating research developing algorithms to support a person to progress in meditation
expertise, especially when such progress usually comes with many sessions of meditation
practice. Future studies need to be done to improve the classification accuracies, to achieve
multiple session inter-subject classification and, to identify characteristics to monitor how

meditation EEG changes (progresses) over time.
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Chapter 5
Machine learning-based comparative analysis of
subject-independent EEG data classification across
multiple meditation and non-meditation sessions

Abstract

In this study, subject-independent (inter-subject), multiple-session electroencephalography
(EEG) data classification was tested for Loving-Kindness Meditation (LKM) and non-
meditation. This is a novel study that extends our previous work on intra-subject, multiple-
session classification. Here, two meditation techniques, LKM-Self and LKM-Other, were
independently compared with non-meditation. For each mental task, five sessions of data
collected from each of the twelve participants were placed in a common data pool, from which
randomly selected session data were used for training and testing the machine learning
algorithms. Three previously tested BCI pipelines were used. In each case, feature extraction
was performed using Common Spatial Patterns (CSP), Short-Time Fourier Transform (STFT),
or a fusion of CSP and STFT, followed by classification using a neural network structure. The
study was further divided into three cases, where two, three, or four session pairs were used to
train the algorithms, and the remaining session pair was used for testing. For each individual
instance, the test was repeated thirty times to generalize the results. Thus, a total of 9,900
independent tests were conducted for the entire dataset. The mean classification accuracies
obtained in this study were lower than those reported in our previous intra-subject classification
study. For example, in LKM-Self/non-meditation classification using three session pairs with
the CSP + STFT pipeline, the mean accuracy for all tests was 62.3%, with the bottom 50% at
46.0% and the top 50% at 78.3%, demonstrating variability across session selections. The
corresponding intra-subject classification result for the same instance was 72.1%. For all other
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instances, a similar pattern was observed. Furthermore, when considering all the mean
accuracies obtained, in 83.3% of the instances, CSP + STFT produced better classification
accuracies than CSP or STFT alone. At the same time, in 75.0% of the instances, increasing the
number of training session pairs led to improved classification accuracies. This study
demonstrates that subject-independent, multiple-session EEG classification of meditation and
non-meditation is feasible for specific session combinations. Further research is needed to
confirm these findings across larger and more diverse participant groups. These findings
provide a foundation for developing subject-independent algorithms that can guide long-term

meditation practice.

Keywords: EEG (Electroencephalography), BCI (brain computer interface), Machine learning,
Subject independence, Classification, Meditation, Multiple session, CSP (Common spatial

patterns), STFT (short time Fourier transform), Neural network

5.1 Introduction

Electroencephalography (EEG) has emerged as a highly effective non-invasive method for
measuring human cognitive activities and mental states, with applications ranging from
neurorehabilitation to mindfulness training [7]. In recent years, advances in sensor technology
and machine learning have supported the development of systems that interpret brain activity
patterns, particularly those that aim to achieve subject-independent analysis [2, 67, 245].
Among these applications, meditation assessment has received significant attention due to its
relevance to mental health [3], stress reduction [5], and cognitive enhancement [7, 8]. However,

a major challenge in developing generalised EEG-based systems for such purposes lies in the
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variability of brain signals across individuals and sessions [66]. This study focuses on subject-
independent classification of EEG signals across multiple meditation and non-meditation
sessions using machine learning techniques, with the goal of improving the robustness and

reliability of EEG-based mental state monitoring systems [51, 52].

Meditation has been proven to cause both temporary and permanent changes in a person [4, 11]
where “Trait” [14, 15] refers to the lasting changes that develop after long-term meditation
practice. “State” [42, 61], on the other hand, refers to the temporary changes that occur while a
person is meditating compared to when they are not. Since this study aims to classify meditation
and non-meditation states, we focus on “State” characteristics. Many people who practise
meditation aim to achieve progressively calmer mental states, and currently, psychological
assessments such as mindfulness scales, questionnaires, and interviews have demonstrated such

progressive differences among individuals who practise meditation [16, 17].

At the same time, neuroimaging techniques such as EEG [26, 76, 182], fMRI (Functional
Magnetic Resonance Imaging) [47], fNIRS (Functional Near-Infrared Spectroscopy) [48], and
PET (Positron Emission Tomography) [10], along with physiological measurements such as
heart rate variability [9] and cortisol levels [49], have been used to understand various
characteristics of meditation/non-meditation. A significant number of studies have been
conducted using EEG to examine different aspects of meditation/non-meditation [1, 78, 79],
and some of these studies highlight the importance of developing software systems that can
support individuals in practicing meditation, particularly in guiding them toward progress [6,
53, 54]. At the most basic level, the calmness achieved through meditation can be identified by
comparing brain patterns during meditation and non-meditation, with non-meditation serving
as a baseline [78, 176]. However, since meditation skills improve over time with repeated
practice, understanding states such as calmness requires computational analysis and recognition

of patterns in multiple-session meditation/non-meditation EEG data [18, 19].
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We recognized the importance of studying patterns in multiple-session meditation/non-
meditation EEG data [69, 200, 244]. Our earlier work [200], showed that while meditation
sessions share similar EEG characteristics, they are clearly distinguishable from non-meditation
sessions. As a next step, in our following study [69], we successfully classified intra-subject,
multiple-session meditation/non-meditation EEG data. When developing a system that can
monitor and distinguish brain pattern differences between meditation and non-meditation EEG
data, it is more practical and user-friendly to design it as a subject-independent system, since
such systems do not require personal calibration or prior data collection from each individual
user, making them easier to use and more accessible in real-world applications. Therefore, as
the next step in our study, in this paper we plan to test subject-independent, multiple-session
meditation/non-meditation EEG data classification and compare this performance with the

outcomes of our previous intra-subject classification study [69].

EEG is a method used to measure the electrical activity of the brain [55, 56] by placing
electrodes on the scalp at predefined locations [57]. Studies have shown that the EEG signals
collected in this manner, which consist of vibration-like patterns, can correlate with different
mental tasks [63]. One common method for analysing EEG data is to first transform it into the
frequency domain [60], where, based on specific characteristics, the signal is 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 Hz) [73, 77, 121]. Based on past research, the Theta [104, 172, 175, 235] and
Alpha [74, 136, 246] bands are most commonly associated with meditation/non-meditation
studies, and they were utilised in our study as well. EEG mainly consists of non-linear and
complex data; therefore, extracting meaningful patterns from it is a lengthy and challenging

process, commonly referred to as the Brain-Computer Interface (BCI) pipeline [28].

A BCl pipeline consists of multiple steps that can generally be broken down into data collection,

preprocessing, feature extraction, classification, and application [22, 32]. Preprocessing
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involves cleaning and artifact removal of the collected EEG data, and modifying it into a
different structure or a simpler format, such as through dimensionality reduction [30, 31]. Since
EEG data are complex and have a low signal-to-noise ratio, this cleaning and preprocessing
step plays a significant role in the entire study. After the data is cleaned and converted into the
desired format, the next step is feature extraction [32, 37]. The aim here is to extract important
information hidden in the EEG data that can be used for valuable future tasks. Even after
thorough cleaning, a certain amount of noise still remains in the EEG data. Because of this,
advanced signal processing methods such as Short Time Fourier Transform (STFT) [249, 250],
Common Spatial Patterns (CSP) [45, 62, 82], and Event-Related Potentials (ERPs) [232] are

used in feature extraction.

After feature extraction, the next step in the BCI pipeline is classification and application [68,
178, 253]. When we go through past work, notable classification algorithms used with
meditation EEG include Support Vector Machines (SVM) [147], Linear Discriminant Analysis
(LDA) [196], Artificial Neural Networks (ANNSs) [254], Decision Trees, Random Forests [245],
and k-Nearest Neighbors (k-NN) [66]. Among these, SVMs and ANNs were the most
commonly used methods, with ANNs being significantly utilised by researchers in the recent
past. The use of ANNSs has increased not only with EEG but also in many research scenarios
involving large, nonlinear datasets with high computational complexity that require processing
to extract meaningful patterns [255]. This is because ANNs can function as deep learning
algorithms that learn from data, adapt to new information, and model complex non-linear
relationships [257]. An ANN structure behaves similarly to neuron interactions in the brain, and
a basic ANN consists of an input layer, an output layer, and a number of hidden layers, where
each layer contains one or more nodes depending on the problem it is designed to solve. An
ANN is first trained on a dataset before being used on a new dataset, and training occurs by

sending signals forward and backward through the network while optimizing the internal
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weights to learn from the training data [256]. After a significant amount of analysis, in our
previous study on intra-subject multiple-session classification, we used ANNs to ensure
consistent conditions during classification while comparing the performance of different feature
extraction methods [69]. In this study, we intend to use the proven BCI pipelines from our
previous study, allowing us to compare the performance of intra-subject and inter-subject

multiple-session meditation/non-meditation classification on common ground.

This study aims at the novel task of evaluating how effectively subject-independent EEG data
classification can be achieved for multiple-session meditation and non-meditation EEG data.
This work extends our previously published study [69], where we first demonstrated that
multiple-session meditation and non-meditation EEG data exhibit common characteristics
within each group. Following that, we successfully performed intra-subject classification of
multiple-session meditation and non-meditation EEG data. As a continuation of these studies,
this work focuses on subject-independent classification of multiple-session meditation and non-

meditation EEG data.

By focusing on both multiple-session meditation and subject-independent classification, this
study adds significant value to scientific research. Past studies show a growing demand and
interest in achieving subject-independent EEG data classification, particularly in areas such as
motor imagery [32, 81]. Such an advancement would enable the development of applications
that can be trained on existing data and used by new individuals without further modifications.
Unfortunately, no prior research exists on subject-independent, multiple-session meditation
EEG classification. Therefore, this study represents a key milestone in initiating and
encouraging the development of algorithms that can support apps guiding individuals in their
meditation progress. The value of such an app is particularly significant when it is subject-
independent and supports multiple-session meditation practice, as true progress in meditation

can only be achieved through consistent long-term practice.
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5.2 Methods

This study is an extension of our previous work [69], where we successfully demonstrated intra-
subject, multi-session EEG data classification for meditation and non-meditation states. In this
work, we test how subject-independent, multi-session EEG data classification for meditation
and non-meditation states performs compared to our previous study. Since we aim to compare
the results of inter-subject classification with our earlier intra-subject classification, this study
follows a procedure similar to our previous work, where the only difference is that, instead of
using EEG sessions from the same person for training and testing on the selected machine
learning algorithms, EEG sessions from different participants were used. Since the data
preprocessing and construction of the BCI pipelines were done similarly to our previous study,
only the most important steps are summarized here, and readers can refer to our earlier paper
[69] for the full description. At the same time, the parts of the procedure that are unique to this

study are thoroughly explained in this methods section.

This study uses an EEG dataset available online, with the dataset DOI as follows:
https://doi.org/10.18112/openneuro.ds003816.v1.0.1. A description of the dataset can be found
in one of our previous research articles [200]. The dataset is labelled as experienced meditators
[72, 133, 185], but since there is no measurement of experience level, such as years of practice,
we assume there may be varying levels of experience among the expert participants. In this
study, five sessions of EEG data collected per mental task for each of the 12 participants were
used, which is a subset of the above online dataset. The study uses both meditation and non-
meditation EEG data. Two meditation types were used in this study: loving-kindness meditation
[12, 13] on oneself (LKM-Self) and on others (LKM-Others). Therefore, for each participant,

15 sessions of EEG data were used, with 5 sessions per meditation type and 5 sessions of non-
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meditation data. Two independent classification tests were conducted: one for LKM-Self vs.
non-meditation and the other for LKM-Others vs. non-meditation. Altogether, 180 (15 * 12)
sessions of EEG data were used in this study, and these 180 sessions were the highest-quality

sessions selected from the original dataset after initial cleaning and screening.

The selected 180 sessions of EEG data were further cleaned and preprocessed using EEGLAB
[31, 260] in MATLAB. A "Basic FIR filter" was applied to extract the data between 2 Hz and
45 Hz, and bad channels were identified and corrected [33, 165]. Independent component
analysis (ICA) [58, 64, 196] was then performed on each EEG data session, and cleaning was
done by selecting the appropriate components through visual inspection [31, 103]. Since the
original EEG data had 127 channels, principal component analysis (PCA) [64, 196] was used
along with ICA to achieve dimensionality reduction [271, 272], allowing ICA to run smoothly.
The cleaned EEG data sessions were saved in ".eeg" file format for use in the BCI pipelines

developed using Python [265, 266].

In our previous study [69], intra-subject classification was performed using 5 session pairs of
EEG data for the two compared meditation/non-meditation mental tasks for a selected
participant. Since we plan to compare the results of the two studies, in this study, we are also
using 5 session pairs of EEG data for the mental tasks. After selecting these 10 sessions, we
used three sizes of training data to match our previous study in order to compare the results.
Therefore, in this study, we used 2 session pairs, 3 session pairs, or 4 session pairs of EEG data

for training the machine learning algorithms in independent analyses.

The cleaned data consists of 180 sessions from 12 participants. Since we are working on intra-
subject classification, we first modelled this dataset into three groups corresponding to the three
mental tasks. Specifically, 60 sessions of data were assigned to LKM-Self, LKM-Others, and

non-meditation, with each group containing 5 sessions of EEG data from a single participant.
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Two independent studies were conducted to classify LKM-Self vs. non-meditation and LKM-
Others vs. non-meditation. Since the procedures were the same for both cases, the description

is provided only for the LKM-Self vs. non-meditation classification.

For all independent tests conducted, the first task was to randomly select 5 participants per
mental task, ensuring that each participant contributed at most one session for that task. Since
each participant had 5 sessions of data per mental task, 1 session was then randomly selected
from the available 5 for each chosen participant. In this way, each mental task contained data
from 5 different participants. Among the two mental tasks, a single participant’s data might
appear in one or both tasks, depending on the random selection. The selected 5 meditation and
5 non-meditation sessions were then paired randomly to create 5 meditation/non-meditation
session pairs. This selection process was repeated each time a pair of meditation/non-meditation

mental tasks were used to study their classification strength.

For the LKM-Self vs. non-meditation pair, three independent studies were conducted, each
using a different number of training session pairs. These studies were evaluated using three
independent BCI pipelines. In this study, we used the same three BCI pipelines that produced
the best performance in our previous work [69] on intra-subject multiple-session
meditation/non-meditation EEG classification. Since, as part of our study, we intend to compare
the performance of intra-subject and inter-subject classifications, we used the same BCI
pipelines. Here, each of these EEG session data was broken down into epochs of 2s size with a
Is overlap [65]. The main difference among these three BCI pipelines is the method used for
feature extraction. The three BCI pipelines use either Common Spatial Patterns (CSP) [45, 62,
82], Short-Time Fourier Transform (STFT) [249, 250], or a fusion of CSP and STFT in each

pipeline for feature extraction.
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To give some background on the feature extraction methods used in the three BCI pipelines,
Common Spatial Patterns (CSP) identifies spatial filters that maximize variance differences
between two mental tasks, capturing discriminative patterns across EEG channels. Short-Time
Fourier Transform (STFT) analyzes the spectral content of EEG signals over short time
windows, allowing the extraction of frequency-based features such as theta and alpha bands,
which are relevant to meditation. The third pipeline combines CSP and STFT, taking advantage
of both spatial and spectral information, providing a richer feature representation for
classification. These methods are critical for the current study, as they enable the BCI pipelines
to extract complementary information from multi-session EEG data and differentiate meditation

from non-meditation states effectively.

In this study, EEG data were analyzed across several frequency ranges to identify the most
effective band for meditation and non-meditation classification. Consistent with our previous
findings [69], the theta and alpha frequency range (4-13 Hz) again produced the best
classification performance. In all three BCI pipelines, artificial neural networks [256, 257] were
used as the classification algorithms, providing a common ground to compare the performance
of the three feature extraction algorithms. We tested several network configurations and
activation functions, and similar to our previous study, a compact multi-layer perceptron (MLP)
with two hidden layers of 20 nodes and a logistic activation function provided the best
performance. Although EEG data are high-dimensional, dimensionality-reduction techniques
reduced the feature set to a maximum of 14 inputs for each BCI pipeline. For this compact
input, the two 20-node hidden-layer structure offered the highest accuracy with low
computational cost, while increasing network size did not improve performance. Since we used
three different training sizes on three different BCI pipelines, we conducted nine different

studies. Also, since this was done for the classification of LKM-Self vs. non-meditation and
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LKM-Others vs. non-meditation independently, this adds up to eighteen different studies that

we conducted.

All the tests conducted started with a random selection of 5 pairs of EEG session data for the
selected meditation/non-meditation mental tasks. Then, three different studies were conducted
based on the number of session pairs used for the training of the machine learning algorithms.

In the following sections, each of these three studies is explained one after the other.

The first study was conducted using 2 EEG data session pairs for training and 1 EEG data
session pair for testing the BCI pipelines. The study starts by randomly selecting 5 EEG data
session pairs for the LKM-Self and non-meditation mental tasks. In this study, 3 out of 5 session
pairs were selected at a time, with 2 pairs used for training and the remaining session pair used
for testing. Here, interchanging the testing session pair gave 3 tests for the selected 3 session
pairs. Using the selected 5 pairs, multiple tests were conducted on various selection
combinations of 3 session pairs out of 5. With different selection combinations, a total of 30
tests were conducted for each randomly selected 5 session pairs of LKM-Self/non-meditation.
This random selection of 5 session pairs of EEG data for LKM-Self and non-meditation was
repeated for 30 independent experiments, resulting in 900 tests. Since 900 tests were conducted
on one type of BCI pipeline, and we used 3 independent BCI pipelines in our study, the total
number of tests conducted was 2700. Therefore, for these 3 BCI pipelines, a total of 2700 (900
* 3) tests were conducted on the classification of LKM-Self vs non-meditation using 3 session

pairs of EEG data in the study.

The second study was conducted using 3 EEG data session pairs for training and 1 EEG data
session pair for testing the BCI pipelines. The study begins by randomly selecting 5 EEG data
session pairs for the LKM-Self and non-meditation mental tasks. In this study, 4 out of the 5

session pairs were selected at a time, with 3 pairs used for training and the remaining session
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pair used for testing. Here, interchanging the testing session pair gave 4 tests for the selected 4
session pairs. Using the selected 5 pairs, multiple tests were conducted on various selection
combinations of 4 session pairs out of 5. With different selection combinations, a total of 20
tests were conducted for each randomly selected 5 session pairs of LKM-Self/non-meditation.
This random selection of 5 session pairs of EEG data for LKM-Self and non-meditation was
repeated for 30 independent experiments, resulting in 600 tests. Since 600 tests were conducted
on one type of BCI pipeline, and we used 3 independent BCI pipelines in our study, the total
number of tests conducted was 1800. For these 3 BCI pipelines, a total of 1800 (600 * 3) tests
were conducted on the classification of LKM-Self vs non-meditation using 4 session pairs of

EEG data in the study.

The third study was conducted using 4 EEG data session pairs for training and 1 EEG data
session pair for testing the BCI pipelines. The study begins by randomly selecting 5 EEG data
session pairs for the LKM-Self and non-meditation mental tasks. In this study, out of the 5
session pairs selected at a time, 4 pairs were used for training, and the remaining session pair
was used for testing. Here, interchanging the testing session pair gave 5 tests for the randomly
selected 5 session pairs of LKM-Self/non-meditation. This random selection of 5 session pairs
of EEG data for LKM-Self and non-meditation was repeated for 30 independent experiments,
resulting in 150 tests. Since 150 tests were conducted on one type of BCI pipeline, and we used
3 independent BCI pipelines in our study, the total number of tests conducted was 450. For
these 3 BCI pipelines, hence, 450 (150 * 3) tests were conducted on the classification of LKM-

Self vs. non-meditation using 5 session pairs of EEG data in the study.

When considering all three studies with different numbers of session pairs tested on the 3 BCI
pipelines, a total of 4950 (2700 + 1800 + 450) tests were conducted to study the classification
of LKM-Self vs non-meditation. A similar approach was used to study the classification of

LKM-Others vs non-meditation, thus a total of 9900 (4950 * 2) independent tests were

212



conducted in our study for testing inter-subject multiple session meditation and non-meditation
EEG data classification. The full description of the implementation of the 3 BCI pipelines is
provided in our previous research article [69], and a summary of the procedure is shown in
Figure 5.1. That work clearly describes the steps for using CSP, STFT, and the fusion of CSP
and STFT for feature extraction. It also describes how deep learning was achieved using
artificial neural networks with 2 hidden layers to match each of the feature sets and obtain

optimal outcomes.

* The study involves EEG data collected from 12 participants, each performing two meditation
tasks and one non-meditation task over five sessions per task.

* After cleaning and preprocessing the data, 120 sessions were used for the LKM-Self vs. non-
meditation tests.
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* Random selection of five session pairs was freshly drawn for each run in every branch, and each
run was repeated 30 times for generalization.

* The entire procedure was then repeated independently for LKM-Others vs. non-meditation,
resulting in a total of 9,900 tests for the entire study.

Figure 5.1 Workflow of inter-subject EEG classification across multiple meditation and non-
meditation sessions with different training—testing setups

5.3 Results

In this study, we evaluated the effectiveness of subject-independent multiple-session EEG data

classification for distinguishing between meditation and non-meditation states. We plan to
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compare these findings with our previous research on intra-subject multiple-session EEG data
classification. The results are mainly divided into two parts, as we independently compared
non-meditation with two meditation techniques: LKM-Self and LKM-Others. Each of these
comparisons was tested under three conditions, based on the number of EEG session pairs used
specifically 3, 4, and 5 session pairs for both LKM-Self/non-meditation and LKM-Others/non-

meditation classification tasks.

As a result, six tables were generated to present the findings from these six studies. For each
study, three independent classification tests were conducted using three different BCI pipelines,
which employed CSP, STFT, or a fusion of CSP and STFT for feature extraction. Accordingly,
each of the six tables includes the classification accuracies achieved by all three pipelines. Each
study was repeated independently 30 times to generalize the findings and improve result
reliability. Leave-One-Session-Out Cross-Validation was applied, and the average and standard
deviation were computed to report the classification accuracy and associated uncertainty for

each test.

Table 5.1 presents the average classification accuracies obtained for LKM-Self vs. non-
meditation EEG data using 3 session pairs, based on 30 independent experiments conducted for
each of the three BCI pipelines with different feature extraction methods: CSP, STFT, and a
fusion of CSP and STFT. Each of these 30 experiments consists of 30 independent tests, and
each row in the table shows the average accuracy and uncertainty for those 30 tests across the
three BCI pipelines. For all 2700 (30 * 30 * 3) tests conducted, 2 session pairs were used for
training the machine learning algorithm, and 1 session pair was used for testing the algorithm.
The “Mean Accuracy (All Tests)” provides the average accuracy and uncertainty for all 900
tests conducted for each BCI pipeline. Since we observed a significant level of uncertainty for

each pipeline across the 900 tests, we calculated the “Mean Accuracy (Bottom 50%)” and the
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“Mean Accuracy (Top 50%)” from these 900 tests. These mean accuracies and uncertainties are

displayed at the bottom of Table 5.1.

Table 5.2 follows the same description as provided for Table 5.1, with the only difference being
the use of the meditation mental task LKM-Others instead of LKM-Self. Therefore, Table 5.2
presents the average classification accuracies obtained for LKM-Others vs. non-meditation
EEG data using 3 session pairs, based on 30 independent experiments conducted for each of
the three BCI pipelines employing different feature extraction methods: CSP, STFT, and a
fusion of CSP and STFT. Each BCI pipeline consists of 900 tests, adding up to a total of 2700
tests. The table also includes the results for “Mean Accuracy (All Tests)”, “Mean Accuracy

(Bottom 50%)”, and “Mean Accuracy (Top 50%)”.

Table 5.1 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Self/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 3 session pairs of data

Experiment No CSp STFT CSP + STFT
1 66.3+12.0 59.5+15.5 50.6 £25.1
2 57.7+15.1 59.1+10.2 77.8+11.3
3 60.4+9.2 474+ 16.6 72.1+17.7
4 61.4+20.3 79.1£11.0 60.1 +19.3
5 71.7£9.0 61.0+14.2 68.9 £ 8.6
6 453+ 14.8 46.4+153 77.0+£9.2
7 51.6+16.1 72.3+13.1 59.0 +£20.1
8 63.6£21.9 69.2+11.9 57.5+20.0
9 52.4+16.0 47.5+23.2 549+ 15.6
10 50.2+21.5 64.0 + 14.7 57.9+14.0
11 458 +15.1 55.0+11.5 45.0+13.8
12 56.6 +15.5 62.6+11.7 68.6 +16.7
13 53.6+164 53.7+22.8 482 +£22.8
14 47.8+15.1 57.9+16.9 57.5+£9.6
15 55.0+12.2 48.3+20.9 74.4+9.8
16 63.7+9.0 50.3+22.8 72.0+15.3
17 543+254 64.0£19.0 63.0 £26.8
18 549+179 47.0+21.1 80.2+10.5
19 63.2+17.0 65.9+19.0 51.2+21.0
20 542+ 148 49.5+19.6 59.8+17.7
21 50.1+24.1 61.5+21.0 654+11.0
22 69.9 +21.6 58.9+14.5 63.3+14.3
23 51.6 +£10.7 54.8+21.6 57.8+184
24 59.4+10.7 545+ 17.1 445+21.0
25 58.0+19.4 57.8+15.5 65.2+13.6
26 59.4+18.3 62.5+17.1 78.3+9.7
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27 52.5+10.2 55.6+10.6 51.3+10.8

28 47.0+22.0 544+13.3 545+19.3

29 56.1 = 14.1 50.9 +£20.7 52.8+18.8

30 49.0+18.3 50.9+24.1 79.7+10.9

Mean Accuracy (All Tests) 56.1+18.0 57.4+19.1 62.34+19.6
Mean Accuracy (Bottom 50%) 41.7+£12.0 41.7+11.7 46.0+13.2
Mean Accuracy (Top 50%) 70.4+£9.7 73.1+£9.8 78.3+8.7

Table 5.2 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Others/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 3 session pairs of data

Experiment No CSp STFT CSP + STFT
1 67.0+17.8 46.8 +19.7 75.1+10.3

2 55.1+239 52.7+23.3 76.1 +10.3

3 499+16.0 52.7+ 144 52442438

4 49.5+244 50.2+19.8 78.9+17.9

5 67.0+£14.2 60.0 £ 12.6 78.1 +£14.8

6 457+ 15.7 49.2+204 78.1 +13.5

7 63.7£24.0 51.2+14.3 452 +£24.1

8 547+11.3 52.6 +£19.1 63.1+27.2

9 67.7+£20.5 54.7+19.7 66.9 +18.9

10 50.7+17.0 57.1+18.2 5824122

11 58.3+10.3 543+17.6 504+15.8

12 68.0 £ 8.8 57.1+19.1 51.0+22.5

13 55.7+20.7 56.0+16.9 76.4+ 8.5

14 52.5+16.8 58.3+19.8 56.6 +£23.1

15 51.0+15.9 67.0+13.3 53.7+18.5

16 56.8+6.4 509+174 559+15.8

17 46.6 + 19.8 62.2+16.0 65.9+18.6

18 53.8+9.2 47.7+20.7 60.4+18.5

19 52.5+14.6 56.9+17.0 58.5+15.2

20 58.1+15.7 59.7+14.6 72.9+18.9

21 50.2+19.5 434+21.5 64.5+14.0

22 65.9+16.3 60.8+15.3 64.1+20.1

23 56.9+16.9 70.8 £8.4 549+16.3

24 56.1+15.7 53.7+219 53.4+277

25 63.7+13.5 61.6+14.5 533+15.6

26 65.1+16.0 66.7+10.6 66.6 +19.6

27 53.8+17.2 56.9+17.6 62.7+18.8

28 62.0 +£24.1 475+ 14.2 61.0+17.5

29 59.8+9.3 60.6 + 18.4 51.8+24.5

30 51.9+11.8 59.0+10.7 63.2+17.0

Mean Accuracy (All Tests) 57.0+18.0 56.0+ 184 62.3 +£20.9
Mean Accuracy (Bottom 50%) 42.7+11.8 40.8+114 45.0+ 14.1

Mean Accuracy (Top 50%) 71.3+£10.0 71.1+£9.3 79.7+£8.5

The results shown in Tables 5.3-5.6 follow the same structure and reporting format as described
for Tables 5.1 and 5.2, with the only differences being the number of session pairs (4 and 5
instead of 3) and the meditation task (LKM-Self or LKM-Others). Each table presents the

average accuracies and uncertainties across the three BCI pipelines (CSP, STFT, and CSP—

216



STFT fusion), including “Mean Accuracy (All Tests),” “Mean Accuracy (Bottom 50%),” and

“Mean Accuracy (Top 50%).”

Table 5.3 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Self/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 4 session pairs of data

Experiment No CSP STFT CSP + STFT
1 67.4+114 447+ 104 62.0+12.5
2 57.9+16.8 523+17.7 72.1+19.4
3 67.2+19.4 53.4+19.1 60.1+28.0
4 69.0 +22.2 66.5+19.6 71.4+104
5 62.5+10.8 65.6+18.5 543+219
6 559+ 18.1 57.5+16.3 58.4+12.1
7 65.8+11.9 58.9+19.0 54.7+8.3
8 61.6+14.2 69.0+9.2 46.4 + 18.7
9 52.0+152 49.7 +18.0 58.6 £25.5
10 60.0+16.9 53.2+15.0 57.1+164
11 62.9+19.7 52.7+15.6 68.8+13.2
12 57.9+15.6 448 +11.0 63.2+129
13 65.1+11.7 61.5+19.9 63.2+10.6
14 54.0+174 62.8+16.9 71.2+20.3
15 52.0+15.2 52.4+185 55.4+25.0
16 58.2+20.3 5524169 474+11.3
17 498 +12.0 56.5+154 49.6 £ 17.1
18 5324179 56.7+12.2 69.6 £ 15.1
19 52.3+23.1 54.8+24.3 554+16.6
20 52.5+14.0 66.0+15.0 68.7+12.9
21 53.2+17.0 50.2+229 66.4+14.3
22 574+119 55.1+16.1 62.6+22.8
23 64.8+14.5 67.1+12.1 79.1+8.6
24 56.2+159 46.0+13.4 58.1+16.2
25 68.0 + 8.6 62.6+14.2 70.8 +12.7
26 56.0+22.7 62.3+153 72.8+7.5
27 66.0+ 8.4 63.0+14.9 65.1+12.6
28 59.2+9.2 542+11.5 73.8+8.2
29 67.0+17.0 75.0+9.7 64.0+19.5
30 445+19.3 67.0+10.2 76.8+13.0
Mean Accuracy (All Tests) 59.0+17.3 57.9+17.7 63.2+184
Mean Accuracy (Bottom 50%) 45.1+£11.9 43.3+£10.7 48.7+13.7
Mean Accuracy (Top 50%) 729+ 8.4 72.5+£9.2 77.7+8.3

Table 5.4 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Others/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 4 session pairs of data

Experiment No CSp STFT CSP + STFT
1 76.4+6.8 42.6+11.1 75.8+7.4
2 433+ 15.1 72.5+£153 68.9 +£25.6
3 61.4+254 50.3+15.7 63.6+189
4 4524225 43.5+17.2 63.4+20.3
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5 75.6 +£20.7 48.6+16.7 70.8 +£10.3

6 45.6+17.2 62.9 +24 56.2+£20.8

7 63.9+14.5 81.0+£10.2 552+17.3

8 68.0 £ 8.6 78.9+15.5 448+ 154

9 47.8+14.0 63.9+19.2 553+17.8

10 69.4+72 40.5+14.7 53.6+16.3

11 57.2+19.6 547+ 14.1 65.2+19.3

12 67.4+184 75.5+14.5 70.1+12.3

13 55.8+16.7 543+10.8 60.4+18.8

14 494+ 145 53.5+13.3 64.2+159

15 56.4+18.0 59.7+17.7 65.5+15.7

16 70.0+9.7 78.0+10.4 51.6+14.0

17 41.6+144 54.4+14.3 69.2+8.0

18 66.7+7.7 62.3+12.0 63.3+£16.6

19 43.6+12.6 68.1+124 70.2+17.9

20 48.8+15.1 64.2+13.1 65.5+11.7

21 64.6 164 68.8 +£20.2 57.3+16.0

22 51.2+14.3 62.3+15.8 57.6+14.2

23 703 +£12.5 54.5+19.5 69.3 +13.1

24 56.8+13.6 469+ 14.9 43.1+16.3

25 60.1+19.1 72.7+£10.7 52.2+199

26 68.4+£10.8 66.9 £ 13.3 72.4+£104

27 57.5+10.5 61.9+13.6 429+15.9

28 42.7+16.6 452+16.7 60.4+11.3

29 63.8+15.9 59.3+£16.6 62.9+16.9

30 56.1+12.7 49.8+14.7 72.7+9.5

Mean Accuracy (All Tests) 58.2+ 184 59.9+18.9 61.5+18.2
Mean Accuracy (Bottom 50%) 433+12.8 44.0+11.4 46.8+13.3
Mean Accuracy (Top 50%) 73.0+ 8.7 75.8+9.1 76.1 +7.5

Table 5.5 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Self/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 5 session pairs of data

Experiment No CSp STFT CSP + STFT
1 66.1+12.4 36.5+12.6 36.3+12.2
2 529+ 12.1 66.9+15.0 52.5+18.3
3 63.6+£8.3 66.5+12.6 72.0+ 8.6
4 66.5+17.0 79.8 + 14.6 72.5+£9.8
5 62.9+9.1 572+14.2 73.3+13.5
6 60.9+15.8 63.3+14.0 51.2+14.0
7 57.4+16.2 55.0+9.5 57.6 £19.1
8 57.0+12.5 74.5 £ 16.1 749 +129
9 61.2+99 61.1+18.7 43.4+224
10 63.4+18.3 544+ 16.1 57.6+16.8
11 72.0+£9.4 65.8+£8.6 42.3+10.0
12 61.0+22.0 66.8 + 16.6 55.6+15.8
13 60.7 £16.0 59.3+12.5 719+11.2
14 69.4+133 53.9+15.5 74.7+9.5
15 58.4+104 52.6+10.1 703+ 174
16 68.1 £20.0 66.2 + 18.6 56.7+18.3
17 57.7+10.8 713+ 194 75.0+16.5
18 38.7+14.2 56.1+8.8 87.5+£8.5
19 56.0+15.7 69.8 £6.8 71.3+204
20 48.1 £ 15.7 66.2+13.1 49.6 £12.1
21 56.6 3.6 45.8+9.0 63.2+7.6
22 58.8+4.3 48.0+9.3 61.5+20.0
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23 60.4+26.3 62.4+139 43.9+4.0

24 63.8+11.8 50.8+19.1 74 £15.2

25 71.9+12.9 634+11.1 62.7+11.0

26 64.5+12.7 72.1 +10.0 59.3+6.6

27 50.0+11.3 50.8+21.2 67.9+10.2

28 73.6 + 14.7 71.9+9.3 50.7+11.8

29 63.6 £ 13.8 58.7+15.2 62.8+11.8

30 66.8 +10.2 57.1+22.8 574+72

Mean Accuracy (All Tests) 61.1+159 60.8+17.2 61.6+18.3
Mean Accuracy (Bottom 50%) 48.6+11.8 46.7+10.5 46.5+£11.2
Mean Accuracy (Top 50%) 73.5+7.7 74.9 £ 8.9 76.8£9.1

Table 5.6 Average accuracy (%) calculated independently for each of the 30 experiments
conducted for classifying LKM-Others/ non-meditation EEG data using one of the three
algorithms CSP, STFT or (CSP + STFT) per test for the case of 5 session pairs of data

Experiment No CSP STFT CSP + STFT
| 65.7+14.0 71.7+7.0 51.2+17.8
2 60.6+21.3 64.4+12.0 61.7+124
3 71.2+12.0 549+134 542+17.6
4 71.8 +18.7 70.7+15.2 54.5+139
5 58.6+12.6 49.8 +16.7 51.5+17.3
6 55.5+21.1 56.4+6.1 60.9+11.9
7 66.9+ 6.7 49.7+16.6 559+122
8 51.1+84 66.2+17.7 64.6+15.3
9 56.8+ 8.4 67.6+13.0 395+7.6
10 57.5+19.3 73.5+11.8 77.5+10.8
11 43.8+89 443 +£16.0 65.8+10.3
12 574+132 69.2+159 69.7+9.1
13 60.9+13.2 56.4+22.1 73.0+9.1
14 70.1+11.7 51.7+ 144 74.0 +£10.1
15 53.0+8.8 56.2+19.0 524+13.6
16 48.7+14.9 66.0+16.2 61.4+16.7
17 574+184 70.5+22.6 58.0+11.2
18 41.9+16.8 67.3+239 73.9+9.2
19 73.2+10.1 59.7+9.9 63.0+£20.0
20 62.6 +6.6 779+ 11.5 29.1+10.0
21 52.7+48 69.6+7.0 51.6+13.7
22 63.7+13.0 56.2+7.0 57.9+94
23 70.8 6.0 543+21.2 71.4+19.2
24 63.1+10.0 53.8+26.0 77.1+73
25 66.4+16.0 52.2+242 50.3+12.6
26 71.9+13.9 65.8+12.2 71.5+8.8
27 494+ 13.6 542+9.8 574+17.5
28 64.1+6.5 748 +£9.8 63.5+8.6
29 66.0+9.3 67.2+9.1 67.2+6.8
30 66.7+11.3 65+17.5 62.2+75
Mean Accuracy (All Tests) 60.7£15.6 61.9+18.0 60.7+16.8
Mean Accuracy (Bottom 50%) 48.5+11.3 47.6+£13.2 474+11.9
Mean Accuracy (Top 50%) 72.8+ 8.0 76.2 + 8.3 74.1 + 8.1

To support the tabulated results (Tables 5.1-5.6), Figures 5.2-5.5 provide a visual summary of

the mean classification accuracies obtained across the three BCI pipelines (CSP, STFT, and CSP
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+ STFT). These figures illustrate the overall performance trends for LKM-Self vs non-

meditation and LKM-Other vs non-meditation classification under different session pair

conditions (3, 4, and 5).
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Figure 5.2 Comparison of mean classification accuracies for LKM-Self/ non-meditation when
using the three algorithms CSP, STFT or (CSP + STFT) for the cases of 3, 4 or 5 session pairs
of EEG data
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Figure 5.3 Comparison of mean classification accuracies for LKM-Others/ non-meditation
when using the three algorithms CSP, STFT or (CSP + STFT) for the cases of 3, 4 or 5 session

pairs of EEG data
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Figure 5.4 Comparison of mean classification accuracies for LKM-Self/ non-meditation when
using 3, 4 or 5 session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.5 Comparison of mean classification accuracies for LKM-Others/ non-meditation
when using 3, 4 or 5 session pairs of EEG data for the three algorithms CSP, STFT or (CSP +
STFT)

5.4 Discussion

In this study, we evaluated the performance of inter-subject (subject-independent), multi-
session EEG data classification for meditation and non-meditation states and compared it with
our previous work on intra-subject, multi-session EEG data classification for the same states.
Six separate studies were conducted, resulting in six tables of outcomes. These included the
LKM-Self vs non-meditation study and the LKM-Others vs non-meditation study, each
performed using three, four, and five EEG session pairs. Since each of these six independent
studies was tested using three different BCI pipelines, each table contains three columns
corresponding to these pipelines. The main difference among the three pipelines lies in the use
of different feature extraction algorithms namely, CSP, STFT, and CSP + STFT. With three
pipelines applied across the six studies, a total of 18 (6 * 3) outcomes are presented in the six

result tables (Tables 5.1-5.6).
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In the six tables, there are 30 lines of results, and each result represents the average classification
accuracy along with the corresponding error for a single random selection of 5 session pairs.
As described in the methods section, after randomly selecting 5 session pairs of meditation/non-
meditation EEG data, each pipeline was tested on all possible combinations of those 5 pairs,
with classification accuracy computed for each instance (for the 3, 4, and 5 session pairs used
independently in the pipeline, the total number of possible combinations was 30, 20, and 5,
respectively). These classification accuracies were then used to calculate the average
classification accuracy and the associated error. This is reported as a single result in each table,

and for 30 such tests, 30 results are shown for each BCI pipeline.

Our aim was to obtain a mean accuracy for each of the BCI pipelines using the results in the
six tables, so that the results could be compared with the mean accuracies obtained in our
previous studies on intra-subject classification. Therefore, we calculated the overall average for
each pipeline, based on 30 independent tests. In the tables, these results are labelled as “Mean
Accuracy (All Tests).” For the tables containing results of 3, 4, and 5 session pairs, these overall
averages and errors for each pipeline were calculated using classification accuracy results
obtained from 900, 600, and 150 independent tests, respectively. The total number of tests

conducted for the entire study was 9,900 ((900 + 600 + 150) x 3 x 2).

After obtaining the 18 overall mean accuracy values for the six tables, they were compared with
the corresponding instances from our previous studies. We observed that the mean accuracy for
each instance in this study was lower than the corresponding accuracy in the previous study for
the same instance. This suggests that inter-subject classification produced lower classification
accuracy than intra-subject classification. Additionally, a significant finding in this study was
the high level of error observed when calculating these mean accuracy values. These results

opened a new perspective in our study, revealing that some instances yield high classification

223



accuracies, while others yield low classification accuracies when conducting inter-subject,

multi-session meditation/non-meditation classification.

Compared to our previous study, the reduced classification accuracies along with the high errors
in this study demonstrate that some tests produced high classification accuracies, while others
resulted in low classification accuracies. One possible explanation, which should be tested in
future research, is that this variability may be related to differences in meditation experience
levels among the participants, since session selection was performed randomly. Although the
dataset was labelled as consisting of experienced meditators, the actual experience level such
as years of practice was not measured. We therefore hypothesize that a range of experience
levels may have existed among the so-called experienced meditation participants. If this were
the case, we would expect some selection combinations to yield high classification accuracies,
while others would result in lower accuracies. High accuracies could occur when the random
selection included meditation EEG sessions from participants with similarly high levels of
meditation experience, whereas low accuracies could result when the random selection mixed

EEG data from participants with varying levels of experience.

To test this assumption for the 18 studies shown in Tables 5.1-5.6, after calculating the “Mean
Accuracy (All Tests)”, we also computed the “Mean Accuracy (Bottom 50%)” and “Mean
Accuracy (Top 50%)”. For each BCI pipeline, the classification accuracies were divided into
two equal groups: the lower 50% and the upper 50%, and the mean accuracy and corresponding
error were calculated for each group. These calculations were performed across the 18
independent studies, and the resulting values are presented at the bottom of Tables 5.1-5.6. The
results show the mean accuracies of both the top and bottom 50% of the accuracy values

obtained when testing each BCI pipeline for each of the three training sizes used in the study.
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At a glance, we can observe a significant difference in classification accuracy between the mean
accuracies calculated from the top and bottom halves of the results. This indicates that
classification accuracy depends on the data selected for the classification. If accuracy were not
influenced by the choice of sessions, the difference between the top 50% and bottom 50% would
not be substantial. Since we used random selection, some combinations yielded significantly
high classification accuracies, while others resulted in notably low accuracies. This was
reflected in the large variance among the calculated classification accuracies for all tests within
a single BCI pipeline model and further evidenced by the substantial difference between the

mean accuracies of the top 50% and the bottom 50%.

The summary of the classification accuracy results (“Mean Accuracy (All Tests)”) presented in
Tables 5.1-5.6 is further elaborated in Figures 5.2—5.5. Additionally, we compared the results
obtained in this study (“Mean Accuracy (All Tests)”, “Mean Accuracy (Bottom 50%)”, and
“Mean Accuracy (Top 50%)”) with those from our previous study, and this comparison is
illustrated in Figures 5.6-5.11. In the following sections, these figures are explained

individually.

First, we focus on the performance trends of the 18 different studies, which we label as “Mean
Accuracy (All Tests).” When calculating the mean accuracies, in the cases of 3, 4, or 5 session
pairs, they were computed using accuracies obtained from 900, 600, and 150 tests, respectively.
Figures 5.2-5.5 present the comparison of mean classification accuracies for LKM-Self/non-
meditation and LKM-Others/non-meditation using the three algorithms: CSP, STFT, and CSP

+ STFT, across 3, 4, and 5 session pairs of EEG data.

For LKM-Self/non-meditation (Figures 5.2 and 5.4), the CSP + STFT pipeline significantly
outperforms the others for 3- and 4-session pairs, and performs slightly better in the 5-session

pair case. An increase in the number of training pairs generally improves accuracy for CSP and
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STFT, while for CSP + STFT, the improvement is seen mainly when comparing 3 to 4 session
pairs. Overall, in 5 out of 6 cases where session pairs increased, classification accuracy

improved.

For LKM-Others/non-meditation (Figures 5.3 and 5.5), CSP + STFT outperforms the others in
the 3- and 4-session pair cases, while STFT performs best in the 5-session pair case. As with
LKM-Self, increasing session pairs usually improved classification accuracy for CSP and

STFT, but not consistently for CSP + STFT. Here, 4 out of 6 cases showed improvements.

By comparing both meditation types, we see that in 9 out of 12 instances (75.0%), an increase
in the number of training session pairs led to higher classification accuracy. These findings are
consistent with our previous intra-subject study, where increasing training session pairs

improved classification accuracy in all 12 comparisons (100%).

The performance of the three BCI pipelines (CSP, STFT, and CSP + STFT) was further tested
using pairwise t-tests (Table 5.7). The results indicate that CSP + STFT performs significantly
better than CSP (t(5) = —3.15, p = 0.025), while CSP + STFT is marginally better than STFT
(t(5) = —2.43, p = 0.059), though not statistically significant at o = 0.05. No significant

difference was found between CSP and STFT (t(5) = —0.59, p = 0.581).

Table 5.7 Paired t-test results comparing classification accuracies across methods (d.f. = 5 for
all comparisons)

Comparison t-stat p-value
CSP vs CSP + STFT -3.15 0.025
STFT vs CSP + STFT -2.43 0.059

CSP vs STFT -0.59 0.581

Next, the results obtained in this study are compared with those from our previous study, and

Figures 5.6-5.11 have been prepared to provide the corresponding comparisons. The results
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from this study include "Mean Accuracy (All Tests)", "Mean Accuracy (Bottom 50%)", and
"Mean Accuracy (Top 50%)", as shown in Tables 5.1-5.6. These are compared with the
matching experimental results from our previous study, labelled as "Mean Accuracy (Intra-
Subject, Previous Study)". Each graph allows for a comparison of the performances of the three
BCI pipelines: CSP, STFT, and CSP + STFT, for a selected meditation type and session pair

count.

Figure 5.6 presents the classification accuracies for LKM-Self/non-meditation using 3 session
pairs of EEG data with the three algorithms: CSP, STFT, or (CSP + STFT), while Figure 5.7
shows the corresponding results for LKM-Others/non-meditation. Similarly, Figure 5.8
displays the classification accuracies for LKM-Self/non-meditation using 4 session pairs, and
Figure 5.9 presents the same for LKM-Others/non-meditation. Finally, Figures 5.10 and 5.11
show the classification accuracies for LKM-Self and LKM-Others/non-meditation,

respectively, when using 5 session pairs of EEG data with the three algorithms.
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Figure 5.6 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM-Self/ non-meditation when using 3
session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.7 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM- Others/ non-meditation when using
3 session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.8 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM-Self/ non-meditation when using 4
session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.9 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM- Others/ non-meditation when using
4 session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.10 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM-Self/ non-meditation when using 5
session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)
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Figure 5.11 Comparison of mean inter-subject (All Tests, Bottom 50%, Top 50%) and intra-
subject (previous study) classification accuracies for LKM- Others/ non-meditation when using
5 session pairs of EEG data for the three algorithms CSP, STFT or (CSP + STFT)

When we look at Figures 5.6-5.11 for the 18 different study instances (3 BCI pipelines x 2
meditation types X 3 training session pair sizes), we observe several recurring patterns.
Therefore, we will address these patterns one by one and provide a general explanation as

follows.

The first observation we can elaborate on for all these 18 study instances is that the mean
accuracy (all tests) in this study yielded lower classification accuracies compared to the same
instances in our previous study on intra-subject classification. This is clearly understandable,
as this study tested inter-subject (subject-independent) classification, meaning EEG multi-
session data from different participants were used for training and testing the algorithms. In
contrast, the previous study conducted a single test using multi-session data from a single
person for both training and testing. This highlights that when using meditation EEG data from
multiple participants, extracting meaningful information and applying it to classification

algorithms becomes more complex, as such data involve greater variability than multi-session
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data from a single individual. Nevertheless, we were able to demonstrate that good
classification performance is achievable in certain instances. Therefore, we can conclude that
further research is necessary to generalize these results and achieve high mean accuracies for

subject-independent classification using multiple-session meditation/non-meditation EEG data.

The second significant factor we observed in this study was that the mean accuracy (all tests)
for these 18 studies exhibited significantly high error values, or in other words, variability. This
suggests that the classification accuracies had a wider distribution around the mean values.
What this indicates is that, while the mean accuracies in this study were lower than those in our
previous study, there were individual instances that yielded relatively good accuracies, as well
as those that resulted in relatively poor accuracies. These studies were conducted using a
random selection of session pairs, and the high variance reveals that certain selection
combinations produced good classification accuracies. Although we ensured that for each
mental task, the session data were always selected from different participants, some sessions
still displayed significantly higher levels of match, leading to higher classification accuracies.
The underlying reasons for obtaining high accuracy for certain selection combinations and low

accuracy for others remain to be explored.

One assumption we can make is that although the selected participants are labelled as expert
meditators, they may still exhibit differences, falling within a range of expertise at the expert
level. When the randomly selected data came from participants with similar levels of meditation
skills, using session data from these participants tended to produce higher classification
accuracies. Although this may or may not be the case, what remains significant is that there
were individual instances that resulted in high classification accuracies. Therefore, future
studies should be conducted to better understand the reasons why some session combinations

fail to yield good classification accuracies, and to develop solutions to address these issues.
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Such studies will make a meaningful contribution toward achieving subject-independent,

multiple-session meditation/non-meditation classification.

To further illustrate the significance of some session combinations yielding high accuracies and
others yielding low accuracies, we divided the entire accuracy result set into two equal parts
and calculated the mean accuracy for each part. For each pipeline, when the number of session
pairs used was 3, 4, and 5, the number of tests conducted for each was 900, 600, and 150,
respectively. In each case, this set was divided in half, with the largest half of the values placed
in one group and the smallest half in another group. Then, using these selected test values, the
mean and error for each group were calculated. These mean values ("Mean Accuracy (Bottom
50%)" and "Mean Accuracy (Top 50%)") are shown in Figures 5.6-5.11, enabling us to compare
them with the full mean accuracies of this study, "Mean Accuracy (All Tests)," and the results

of the past study, "Mean Accuracy (Intra-Subject, Previous Study)".

When examining Figures 5.6-5.11, we observe a significant difference between the mean
accuracies of the bottom 50% and the top 50%, indicating that some session pair combinations
yield better classification accuracies than others. Although the overall mean accuracies (all
tests) in this study were lower than the corresponding values in the previous study, the mean
accuracies of the top 50% were consistently higher than those of the past intra-subject
classification. This further suggests that the top 50% of results in this inter-subject classification
study outperformed those from the previous intra-subject study. Therefore, these positive
findings highlight the importance of future research aimed at identifying the factors contributing
to lower-performing combinations and improving the overall effectiveness of subject-

independent, multiple-session meditation/non-meditation classification.

Additionally, we tested the results of the 3-, 4-, and 5-session pairs independently to examine

whether bimodality was present in the classification accuracies obtained in our study (Table
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5.8). Hartigan’s Dip Test was used, and for the 3-session case, unimodality was rejected,
indicating bimodal characteristics among the 5,400 test results. In contrast, the 4- and 5-session
cases, which together consisted of 4,500 tests (3,600 + 900), failed to reject unimodality,
indicating a lack of statistically significant bimodality. When generalizing across the entire
dataset, we can conclude that although a hint of bimodality is visible, further research is needed

to confirm this characteristic in multiple-session meditation/non-meditation EEG data.

Table 5.8 Hartigan’s Dip Test results for classification accuracy distributions across different
session-pair conditions

Session Pair Type No. of Tests Dip Statistic p-value
3-session pairs 5,400 0.0077 0.0347
4-session pairs 3,600 0.0085 0.0831
5-session pairs 900 0.0152 0.1793

Furthermore, such findings that improve multiple-session classification will contribute to the
future development of subject-independent EEG meditation-guiding apps. This is because
progress in meditation is achieved through rigorous practice across multiple sessions, and
therefore, any algorithm intended to support a person’s meditation progress should be capable
of distinguishing patterns across sessions, specifically differentiating between meditation and
non-meditation states. Although current research on such apps that support mental calmness
and relaxation is still in its early stages, there is significant attention and high demand even for
the most basic apps currently available. For these reasons, this study on subject-independent,
multiple-session meditation/non-meditation classification holds great significance in current

EEG research.
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5.5 Limitations

This study was conducted using an EEG dataset available online and we acknowledge some
limitations connected with the dataset. Although the dataset is a large, multiple-session, good-
quality EEG dataset, the number of participants is relatively small (12), and detailed
characteristics such as age, gender, physical conditions, and meditation experience values are
not available. Even though the dataset labels participants as “experts,” the level of meditation
experience has not been independently validated, and differences within the expert group may
exist. We acknowledge that these factors can have an impact on the classification accuracies in
our study. In the subject-independent setting considered in this study, additional variability may
also arise from differences between recording sessions collected weeks or months apart, which

may further influence classification performance when combined with inter-subject differences.

In addition, after analysis we identified a best-performing frequency range that was applied to
all participants. While this approach provided a common ground to support subject-independent
classification, it did not account for individually defined frequency ranges. Since peak outcomes
for each participant may slightly deviate from the generalized range, this choice may have
reduced the overall classification accuracies. We therefore highlight that future studies should
explore algorithms that optimize for individualized frequency ranges while still aiming for

subject-independent generalization.

Finally, although multiple EEG cleaning methods were applied in EEGLAB, including bad
channel removal, ICA, and visual inspection, we accept that EMG activity cannot be completely
ruled out. Subtle contributions may still remain, particularly in the lower frequency bands due
to eye movements or muscle tension. Future studies should therefore consider more advanced
artifact removal techniques or complementary physiological monitoring to further minimize

EMG influence in EEG-based meditation classification.
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5.6 Conclusion

This study explored a novel task of subject-independent (inter-subject) classification of
meditation and non-meditation using multiple-session EEG data. In this research, 18 different
studies, each comprising multiple tests, were conducted, totalling 9,900 independent tests. The
results obtained were compared with our previous study on intra-subject classification. The
mean classification accuracies for inter-subject classification were lower than those for intra-
subject classification, which may be due to the increased complexity of recognizing patterns
when EEG data from multiple participants are used together. Nevertheless, achieving good
classification accuracies for certain session combinations selected from multiple participants
highlights the future potential for high-accuracy, subject-independent classification of multiple-
session meditation/non-meditation EEG data. To address the limitations and challenges

identified in this study, we suggest the following improvements as directions for future work.

As future work, we emphasize the importance of conducting research to achieve high
classification accuracies for subject-independent, multiple-session meditation/non-meditation
EEG data, which would enable the development of meditation-guiding algorithms. Future
studies could also include additional evaluation metrics such as AUC and F1-score to provide
a more comprehensive assessment of classification performance. Such studies should first
collect data from expert meditators with the same level of experience and skill, ideally with a
sample size of around 25-30 participants, and then gather data from those with two levels of
experience. Meditation expertise should be assessed using standardized experience metrics.
Data from the same experience level can be used to test and improve classification accuracies,

while data with two levels of experience can help identify features that distinguish between the
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levels. These features can then be used in studies to assess improvements in meditation

practices.

When trying to identify the level of meditation experience of a person participating in EEG data
collection, one method that can be used is to obtain a measurement of the duration of past
meditation practice, preferably in years or months. The challenge with this approach is that
some individuals may progress well in meditation within a shorter time compared to others. At
the same time, an expert meditator may experience physical or mental challenges on the day of
data collection, which could affect the success of the meditation session. Therefore, it is better
to accompany the experience-level measurement with a psychological assessment of the
meditation session, such as a questionnaire or a mindfulness and meditation scale, and to collect
both types of data alongside the EEG recordings. Such data would be highly useful when
studying subject-independent, multi-session EEG meditation/non-meditation classification.
Furthermore, collecting data such as heart rate variability and blood oxygen level changes, in
addition to EEG data during meditation/non-meditation sessions, can provide valuable features

that may help achieve higher classification accuracies.
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Chapter 6
Conclusion and Future Work

6.1 Summary of the Research Work

This thesis investigated the effectiveness of EEG-based Brain-Computer Interface (BCI)
techniques to process and classify meditative and non-meditative states, with a focus on both
intra-subject and inter-subject (subject-independent) classification using multiple-session EEG
data. The study began with a computational review, presented in Chapter 2, of existing feature
extraction and classification techniques applied to meditation-related EEG data. The review
revealed a strong emphasis on frequency-domain features in existing literature, highlighting a
notable gap in the exploration of more advanced or combined methods. Although addressing
this was not an explicitly stated objective, the study indirectly responded to this gap by
evaluating CSP, STFT, and their fusion, thereby providing comparative insights through the

development of multiple BCI pipelines.

Following the review, Chapter 3 examined the application of Common Spatial Pattern (CSP)
for feature extraction and Linear Discriminant Analysis (LDA) for classification of EEG data
from an online dataset collected during Loving-Kindness Meditation (LKM). The work initially
focused on single-session, intra-subject classification to investigate the consistency of neural
patterns within individuals. In addition to binary meditation versus non-meditation
classification, pairwise comparisons among four mental tasks (LKM-Self, LKM-Others, Pre-
Resting, and Post-Resting) were conducted to explore their distinctiveness. This analysis was
then extended to multi-session, intra-subject classification, using pooled session data to assess

whether consistent patterns could be identified across time. The results confirmed the presence
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of stable neural characteristics within individuals, with Pre-Resting consistently showing

greater distinctiveness compared to the other mental tasks.

Building upon this, Chapter 4 developed and evaluated three distinct BCI pipelines using CSP,
Short-Time Fourier Transform (STFT), and their fusion (CSP-STFT). These pipelines were
tested under intra-subject multiple-session classification scenarios, where a new meditation/
non-meditation EEG session pair was classified after training on session pairs from the same
individual. The performance of the pipelines was further analysed by varying the number of
training sessions, and results showed that increasing the training data generally improved
classification accuracy. The fusion method consistently outperformed the individual methods

in most cases, demonstrating its potential for enhancing classification robustness.

Finally, Chapter 5 extended the evaluation to a subject-independent framework, where training
and testing datasets were drawn from different individuals without overlapping sessions for the
same mental task. These pipelines were then applied to multiple-session EEG data from
different individuals and evaluated across various meditation and non-meditation conditions.
Although the overall classification accuracy was relatively low, the top 50% of results showed
promising performance, suggesting that some session combinations yielded notably better
outcomes. The fusion of CSP and STFT outperformed individual methods in 83.3% of the
cases, reinforcing its robustness. Additionally, increasing the number of training sessions
improved accuracy in approximately 75.0% of instances, indicating that training data volume
plays a significant role in subject-independent scenarios. The analysis provided valuable
insights into the performance differences between intra-subject and inter-subject classification,

supporting the development of more generalizable models for meditation assessment.

Across the experimental chapters, classification performance changed systematically as the

level of generalization increased, with accuracies decreasing as the task moved from single-
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session intra-subject settings to cross-session and finally to subject-independent scenarios. In
Chapter 3, single-session intra-subject classification using CSP + LDA achieved a mean
accuracy of 99.5% for meditation versus Pre-Resting, while pooled multi-session intra-subject
classification reduced to a mean accuracy of 83.6% when five sessions were used. In Chapter
4, when classifying an unseen session pair from the same individual, the CSP + STFT pipeline
achieved mean accuracies of 72.1%, 74.2%, and 75.5% for LKM-Self/non-meditation using 3,
4, and 5 sessions, respectively, with corresponding mean accuracies of 70.7%, 72.0%, and
73.0% for LKM-Others/non-meditation. In Chapter 5, subject-independent multiple-session
classification produced lower mean accuracies, typically in the range of 60—63% depending on
task and training size, with noticeably higher variability across tests. Overall, these results
confirm that moving from single-session to cross-session and finally to subject-independent

evaluation substantially increases the difficulty of meditation EEG classification.

The feature-extraction methods used in this thesis contribute complementary information. CSP
primarily captures spatial discrimination by learning filters that emphasize channel patterns that
differ between meditation and non-meditation, while STFT captures time—frequency structure
by representing how spectral content evolves over short windows within a session. The fusion
of CSP and STFT combines spatial and time—frequency characteristics within a single feature
set, and this consistently produced higher accuracies than using either method alone. For
example, in Chapter 4, CSP + STFT improved mean accuracies by approximately 5-6%
compared to CSP or STFT individually across the 3—5 session cases, demonstrating the practical
value of feature fusion for improving cross-session robustness. Furthermore, in the subject-
independent, multiple-session analysis presented in Chapter 5, the CSP + STFT pipeline
outperformed the individual CSP or STFT pipelines in 83.3% of the tested instances, reinforcing
the robustness and generalization capability of the fusion approach under more challenging

inter-subject conditions.
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6.2 Key Findings and Contributions

This thesis makes several original contributions to the domain of EEG-based meditation
classification and BCI research. A comprehensive literature review was conducted using a
systematic approach to examine the computational methods used for feature extraction and
classification in meditation EEG studies. In addition to these core areas, the review also
summarizes important supporting aspects such as EEG preprocessing techniques, meditation
types, participant information, and the frequency bands commonly associated with meditation-
related EEG. To the best of our knowledge, this is the first time a broad, in-depth review has
been carried out that considers all significantly important peer-reviewed research articles
written in English over the past 15 years focusing on computational methods in meditation
EEG. As such, the review addresses a notable research gap and can serve as a valuable reference

for future researchers planning studies in this domain.

The second novel contribution of this study was the successful classification of single-session,
intra-subject meditation and non-meditation EEG data, achieving a high accuracy of 99.5%.
These findings were published in a journal paper. In addition, the study evaluated classification
performance across all six pairwise combinations of four mental tasks, LKM-Self, LKM-
Others, Pre-Resting, and Post-Resting, related to meditation and non-meditation. The results
revealed a distinctive pattern: the three pairwise comparisons that involved Pre-Resting (Pre-
Resting vs LKM-Self, Pre-Resting vs LKM-Others, and Pre-Resting vs Post-Resting) achieved
higher classification accuracies than the three comparisons conducted solely among LKM-Self,
LKM-Others, and Post-Resting. This indicates that Pre-Resting is more readily distinguishable
from the other tasks, showing that there are slight but noticeable differences in the brain activity

patterns.
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Progress in meditation comes with the practice of multiple sessions, yet there has been a notable
lack of EEG-based research focused on this area. This represents a significant research gap,
especially when attempting to understand how meditation and non-meditation EEG data behave
across multiple sessions. Studies that identify recurring patterns and achieve reliable
classification accuracies in such settings are highly valuable for developing applications that
support meditation progress. Therefore, the next set of novel contributions and key findings in
this thesis relate to the analysis of different stages in multi-session meditation and non-
meditation EEG data. These investigations were built upon the background knowledge gained

through the single-session classification studies.

As the first multi-session study, intra-subject analysis was performed by constructing separate
data pools using EEG data from multiple sessions for each mental task. Random samples were
selected from these pools to conduct meditation versus non-meditation classification. Although
the classification accuracies were noticeably lower than in the single-session analysis, the
results were still significant, yielding an overall mean intra-subject, multi-session meditation
versus non-meditation classification accuracy of 83.6%. These findings demonstrated the
presence of common neural characteristics across meditation sessions and across non-
meditation sessions. Additionally, pairwise classification was performed using pooled multi-
session data for all possible combinations of the four mental tasks related to meditation and
non-meditation: LKM-Self, LKM-Others, Pre-Resting, and Post-Resting. The novel pattern
observed in the single-session classification also emerged here: Pre-Resting appeared more
distinct from the other three tasks, which were more similar to each other. As a novel outcome
of this study, it was shown that even when using data from multiple sessions, successful
classification of meditation and non-meditation states is achievable, and key neural patterns

identified in single-session data remain consistent.

241



As the next novel multi-session study, intra-subject classification was performed in which, for
a single person, a new meditation/non-meditation EEG session pair was classified after training
a BCI pipeline using a couple of session pairs from the same individual. After an initial round
of testing, based on the best performance observed among the tested classification methods, an
artificial neural network was selected as the classification algorithm to provide a consistent
basis for comparing different feature extraction techniques. BCI pipelines were then constructed
using various feature extraction methods, including fusion approaches that combined multiple
methods. Among the pipelines tested, those built using CSP and STFT individually were able
to successfully classify the new session pair. Notably, the pipeline that used a fusion of CSP
and STFT achieved even better performance, with an overall mean intra-subject, multi-session
classification accuracy of 72.9%, and all results were published in a journal paper. The fusion
approach often outperformed the individual methods, showing potential for enhanced
classification robustness. As a novel contribution, this study demonstrated that cross-session
intra-subject classification of a new meditation/non-meditation session pair is feasible, and that
fusing CSP and STFT features leads to superior performance compared to using either method

alone.

As this study is the first to use multiple-session meditation/non-meditation EEG data to classify
a new session pair, a further novel investigation was conducted to investigate how the
performance of the three best-performing BCI pipelines changes when the number of training
session pairs 1s varied. This type of insight can be significantly valuable when planning and
developing algorithms aimed at distinguishing meditation from non-meditation, particularly in
applications designed to guide users through long-term meditation progress. For this study, 2,
3, and 4 session pairs were tested, and the results clearly showed that, in most cases, increasing
the number of training sessions generally improved classification accuracy. Among these, the

best performance was observed when using four training session pairs for LKM-Self versus
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non-meditation, achieving the highest mean accuracy of 75.5% and highlighting the benefit of
larger training sets in capturing session-level neural patterns. As a novel contribution, this study
demonstrated that increasing the number of training session pairs enhances the classification

accuracy of multiple-session, intra-subject meditation/non-meditation EEG data.

This study was further extended to investigate the novel objective of subject-independent,
multiple-session meditation/non-meditation EEG data classification. In this analysis, the
previously developed three successful BCI pipelines were reused under conditions similar to
intra-subject classification, enabling a meaningful comparison between the two scenarios. Care
was taken during data selection to ensure that multiple sessions from the same individual were
not included for the same mental task across training and testing. Although the overall mean
classification accuracy in this study was relatively low, the results showed substantial variance.
This led to a more detailed analysis by calculating the mean accuracies of the top 50% and
bottom 50% of all classification results. The top 50% yielded comparatively high mean
accuracies, indicating that certain combinations of session selections led to promising
performance, while others did not. Consistent with earlier findings, the fusion of CSP and STFT
outperformed the individual methods in 83.3% of the cases. The results of this novel subject-
independent, multiple-session classification revealed relatively low but promising accuracies,
with certain session combinations yielding notably better performance. These findings offer a

valuable foundation for developing more generalizable models in future studies.

Since inter-subject and intra-subject multiple-session classification studies were conducted
under similar conditions, their performances can be directly compared. When considering the
mean accuracies across all tests, inter-subject (subject-independent) classification showed
relatively lower accuracies with higher variance. This is understandable, as the use of data
sessions from different individuals naturally results in a more complex and diverse data pool

compared to one created from multiple sessions of the same individual. In inter-subject
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classification, if the selected sessions differ in the level or quality of the mental task, the
classification performance may decline. On the other hand, sessions that represent similar levels
within the same mental task are likely to yield higher accuracies. Compared to intra-subject
classification, the inter-subject (subject-independent) results demonstrated lower but still
promising accuracy, especially when considering the top 50%, providing a basis for developing

more generalizable models in future work.

Finally, in the subject-independent, multiple-session meditation/non-meditation classification
task, the impact of changing the number of training sessions in the BCI pipeline was examined.
Consistent with the trends observed in the intra-subject analysis, increasing the number of
training session pairs led to improved classification accuracy in approximately 75.0% of the
cases. These findings suggest that training data volume plays a significant role even in more
complex subject-independent scenarios. The key findings and contributions discussed
throughout this section collectively enhance both the theoretical understanding and practical

development of EEG-based meditation classification systems.

Across Chapters 3—5, the experimental findings can also be interpreted within the broader state—
trait framework introduced in Chapter 1. The classification tasks investigated in this thesis
primarily target state-level meditation effects, defined as transient neural patterns occurring
during meditation relative to non-meditation conditions. The high single-session intra-subject
accuracies demonstrate that these state-related differences are strongly detectable under
controlled conditions. The subsequent multi-session and subject-independent analyses extend
this by examining the stability and reproducibility of these state-related neural signatures across
time and across individuals, without claiming trait-level inference. In parallel, the consistent
improvement achieved through CSP-STFT fusion represents a central methodological
contribution of this thesis. By integrating spatial filtering (CSP) with time—frequency

representations (STFT), the fusion approach captures complementary characteristics of
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meditation EEG signals, thereby improving robustness under increasingly challenging

generalization settings.

When interpreting these findings in relation to prior work, the literature reviewed in Chapter 2
shows that many meditation EEG studies primarily focus on binary comparisons between two
mental conditions (e.g., meditation vs rest) [136, 151, 164] or between two participant groups
(e.g., meditators vs non-meditators) [33, 34, 184]. Although such studies often report strong
classification accuracies, their evaluation frameworks typically do not examine cross-session
prediction, systematic multi-session pooling, or subject-independent generalization across
recording days. In contrast, this thesis explicitly quantified performance across progressively
harder settings, including pooled multi-session testing [200], cross-session prediction of unseen
session pairs [69], and subject-independent evaluation using multiple sessions [273]. This
comparison is important because it clarifies that high accuracies in simple experimental setups
do not necessarily transfer to cross-session or subject-independent use cases, which are more
aligned with practical meditation-support applications. The consistent benefit of CSP-STFT
fusion observed in Chapters 4 and 5 aligns with broader BCI research [22, 32], where
integrating spatial and time—frequency representations improves robustness under increased

generalization requirements.

6.3 Limitations of the Study

While the research yielded meaningful insights and novel findings, it is important to
acknowledge certain limitations. One key limitation is related to the meditation type used in the
experiments. This study focused exclusively on EEG data collected during the practice of

Loving-Kindness Meditation (LKM), as it was the most suitable publicly available dataset
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aligned with the study’s multi-session and classification-focused objectives. As a result, the
findings may not be directly generalizable to other meditation forms such as mindfulness,
breathing-based meditation, or transcendental meditation. However, it is worth noting that
LKM is a well-established and widely studied meditation technique, and its selection in this
study is supported by previous research that has demonstrated its effectiveness in generating

distinct and measurable neural patterns.

The second limitation of this study relates to participant sample size. It is well known that in
machine learning, larger datasets typically lead to better model performance and more
generalizable outcomes. However, in practice, there are challenges that make it difficult to
obtain large volumes of high-quality EEG data. This study used an online dataset collected from
expert meditators, and assembling such a dataset presents challenges in recruiting suitable
participants. Furthermore, datasets with multiple-session recordings add an extra layer of
complexity in terms of scheduling and participant availability. Despite these practical
challenges, the dataset utilised in this study remains among the larger publicly available multi-
session EEG datasets related to meditation. Nevertheless, we acknowledge that the number of
participants and sessions, while sufficient for the intended experimental analyses, may still limit

the broader generalizability of the findings.

The original study plan included collecting additional EEG data using breath-focused
meditation to broaden the scope of the research. Ethics approvals (Application IDs:
4000023183 and SOA 22/63) were obtained from the Massey University Ethics Committee.
However, due to COVID-19 restrictions and subsequent logistical challenges related to EEG
equipment procurement, it was not feasible to complete new data collection within the available
timeframe. While the use of a high-quality public dataset ensured methodological consistency,
the absence of newly collected data limited the opportunity to design the experiment more

flexibly and include additional meditation types.
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When considering the analysis of meditation studies in general, a significant number of research
efforts have been conducted using EEG. However, we acknowledge that using only EEG for
the analysis of meditation can be considered a limitation. Other physiological and neuroimaging
methods such as fMRI, fNIRS, heart rate variability, and cortisol level measurements have also
been used in meditation research. From this perspective, the use of EEG in combination with
another neuroimaging modality, such as a multimodal fusion with fNIRS, could potentially
enhance classification performance. Therefore, the exclusive focus on EEG, without

multimodal integration, represents a limitation of this study.

Another limitation of this study lies in the use of a fixed preprocessing strategy across all
experiments. While applying a standardized preprocessing pipeline ensures consistency and
fairness when comparing different feature extraction and classification methods, it also means
that the impact of all alternative preprocessing or noise reduction strategies was not fully
explored. To some extent, various preprocessing techniques such as artifact cleaning and
epoching were tested during the initial stages of the study to achieve optimal outcomes.
However, not all possible methods or parameter combinations were examined. Given that EEG
signal quality and classification performance can be highly sensitive to the chosen
preprocessing steps, some of the data used in this study may have yielded different results under
alternative preprocessing strategies. Although the most suitable preprocessing techniques were
selected for the dataset as a whole, certain individual data instances may have benefited from

alternative methods; however, this was not systematically tested.

This study successfully used the fusion of CSP and STFT features, which outperformed using
each method individually. Although this is a novel approach in multi-session meditation and
non-meditation EEG classification, we acknowledge that more sophisticated fusion strategies,

either at the feature level or decision level, could potentially offer even better results. While the
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CSP-STFT fusion demonstrated improved performance, the use of more advanced fusion

techniques was not explored, and this is recognised as a limitation of the present study.

6.4 Implications and Applications

The findings from this thesis hold several implications for both research and practical
applications. The systematic computational review conducted in this study provides a structured
and reproducible overview of EEG-based feature extraction and classification techniques used
in meditation research. By consolidating methodological trends, reporting practices, and
performance patterns across 164 studies, the review offers a reference framework that can assist
researchers in identifying established approaches, methodological gaps, and underexplored
areas. This contributes to improving experimental design and promoting greater methodological

consistency in future meditation EEG studies.

Sustained meditation practice typically involves repeated sessions over extended periods,
making cross-session consistency an important consideration for practical monitoring systems.
The classification pipelines developed in this study provide a methodological foundation for
future real-time meditation monitoring systems aimed at supporting structured meditation
practice. Furthermore, the inclusion of subject-independent, multiple-session classification
addresses a key challenge in developing systems that can potentially support users without

extensive per-session calibration.

Various clinical and mental health monitoring practices already utilise neuroimaging
techniques, including EEG, to assess patient progress over time. In many of these applications,
measurements taken during an initial session are compared with subsequent recordings to track

changes in neural or physiological states. The multi-session classification framework developed
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in this thesis may contribute to enhancing such systems by enabling structured and objective
monitoring across repeated visits. These methods could potentially be adapted for use in stress
reduction programmes, cognitive training regimens, and therapeutic interventions where

longitudinal neural assessment is relevant.

Although this thesis focuses on meditation, EEG-based BCI is a broader field with diverse
applications. The subject-independent classification framework, session-based experimental
design, and feature-fusion strategy presented in this work can serve as a conceptual and
methodological reference for future EEG-BCI systems that aim to improve generalization
across sessions and individuals. As such, the impact of this work may extend beyond meditation

into other domains of mental state classification and adaptive neurotechnology.

6.5 Future Work

This thesis has laid the groundwork for several structured future research directions. One
important extension is to evaluate additional meditation techniques under multi-session and
subject-independent classification settings. Since this study focused exclusively on Loving-
Kindness Meditation (LKM), future work should investigate whether the cross-session patterns
and generalization behaviours observed in this thesis remain consistent across other meditation
forms, such as focused attention, breath-based meditation, or transcendental meditation. Such
comparative investigations would clarify whether the observed state-level neural signatures and

fusion benefits are meditation-specific or represent broader meditative phenomena.

Another key direction involves expanding dataset scale and diversity. The subject-independent
results in Chapter 5 demonstrated increased variability and reduced mean accuracy compared

to intra-subject settings, highlighting the importance of larger and more heterogeneous datasets.
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Future studies should therefore include greater participant numbers, wider age distributions,
varied levels of meditation expertise, and longer longitudinal recordings. These improvements
would enable more reliable evaluation of generalization across individuals and sessions, and

provide a stronger foundation for developing robust meditation EEG classification frameworks.

From a methodological perspective, this thesis used a multi-layer perceptron as a consistent
baseline classifier to compare different feature extraction approaches. However, the decreasing
accuracies observed under progressively harder generalization conditions suggest that further
investigation into advanced learning strategies is warranted. Future work may explore deep
learning architectures, transfer learning, domain adaptation techniques, and representation-
learning approaches specifically designed to address cross-session and cross-subject variability.
Importantly, such investigations should maintain consistent evaluation protocols to ensure fair

comparison across feature extraction strategies.

Another promising direction is the refinement of feature-fusion methodologies. While the CSP—
STFT fusion demonstrated consistent improvements across Chapters 4 and 5, including
outperforming individual methods in 83.3% of subject-independent cases, more sophisticated
fusion strategies could be explored. Future studies may investigate hierarchical feature fusion,
attention-based weighting mechanisms, or hybrid feature—decision level integration to further

enhance robustness under subject-independent conditions.

Multimodal integration also represents a significant opportunity for future research. Although
this thesis focused exclusively on EEG, combining EEG with complementary modalities such
as fNIRS, heart rate variability, or other physiological markers may improve robustness and
reduce ambiguity in mental state discrimination. Future work should systematically evaluate
whether multimodal fusion improves cross-session and cross-subject generalization beyond

what is achievable with EEG alone.
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Finally, implementation of a real-time experimental BCI prototype could serve as an important
validation step. Developing a real-time system based on the best-performing pipeline would
allow testing of cross-session stability under practical conditions. Incorporating adaptive
learning and incremental model updating mechanisms may help address session variability
observed in subject-independent scenarios. Such experimental validation would provide insight
into how laboratory-level classification performance translates into continuous, real-world

meditation monitoring environments.
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