
RESEARCH PAPER 

IJDDT, Volume 16 Issue 24s, 2026 Page 737 

 

Mapping Neuro signal Alterations through Meditative Practices: 
A Systematic Review with EEG and BCI Insights 

 
Ms. Lalita Moharkar1, Dr. Monika Bhagwat2 

1 Research Scholar at Pillai College of Engineering, Assistant Professor of Computer Science and Engineering, 
Xavier Institute of Engineering, Mahim. Address: Opposite S.L. Raheja Hospital, Mahim Causeway, Mahim 
(West), Mumbai - 400016, Maharashtra, India. Email: lalitamoharkar@gmail.com | Mobile: +91 9373409502 
2 Head and Professor at Electronics & Computer Science, Pillai College of Engineering. Address: Dr. K. M. 
Vasudevan Pillai Campus, Plot No. 10, Sector 16, New Panvel, Navi Mumbai - 410206, Maharashtra, India. 

Email: mbhagwat@mes.ac.in | Mobile: +91 98202 77903 
 
ABSTRACT 
Meditation has gained significant attention as a non-invasive approach for improving cognitive and emotional 
well-being through measurable changes in brain activity. This study presents a structured review of meditation-
based neurophysiological research, focusing on electroencephalography (EEG), neuroimaging, and brain–
computer interface (BCI) approaches. Unlike conventional descriptive surveys, this review provides a 
comparative synthesis of existing studies by analyzing patterns, datasets, and computational methods across 
different meditation practices. The findings consistently indicate increased alpha and theta activity, enhanced 
neural coherence, and modulation of brain networks associated with attention and emotional regulation. Despite 
these advancements, key challenges persist, including limited dataset diversity, lack of standardized protocols, 
and minimal integration of real-time adaptive systems. To address these gaps, an integrated conceptual framework 
is proposed, combining standardized signal acquisition, machine learning analysis, and real-time feedback 
mechanisms for personalized meditation assessment. This work bridges neuroscience and engineering 
applications, supporting the development of scalable and interpretable neurotechnology solutions for mental 
health and cognitive enhancement. 
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1. Introduction: 
Meditation has long been associated with mental 
clarity, emotional balance, and spiritual insight across 
various cultures and philosophical traditions. In recent 
decades, the practice has garnered significant scientific 
interest, particularly in its potential to influence the 
structure and function of the human brain. Meditation 
is now studied not only as a tool for stress reduction 
and emotional regulation, but also as a method to 
enhance cognitive performance and foster 
neuroplasticity. These findings have gained further 
validation through advancements in neuroimaging and 
neurophysiological measurement techniques, notably 
electroencephalography (EEG) and Brain Computer 
Interface (BCI) technologies. 
The practice of meditation encompasses a diverse 
range of techniques such as mindfulness, focused 
attention, transcendental meditation, Vipassana, and 
Sudarshan Kriya Yoga all of which aim to cultivate 

heightened awareness and mental discipline. While 
these methods vary in form, they commonly result in 
altered brain activity patterns. Research has shown that 
meditation may induce changes in EEG frequency 
bands, with increased alpha and theta activity often 
associated with relaxed, yet alert, mental states. Studies 
also report reduced beta wave dominance, which is 
typically linked to anxiety or cognitive strain. These 
neural shifts are believed to correspond with enhanced 
emotional regulation, improved attention control, and 
better stress management capabilities. 
However, the existing body of research on meditation 
and its effects on neurophysiology suffers from several 
key limitations. First, there is a lack of standardization 
in methodologies across studies. Variations in EEG 
equipment, duration of meditative practice, types of 
meditation studied, and population characteristics 
make it difficult to draw generalized conclusions. 
Second, existing studies demonstrate small and 
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homogeneous samples, often lacking randomized 
controlled designs, thereby limiting the reliability and 
reproducibility of findings. Third, the integration of 
EEG data with behavioral outcomes such as emotional 
intelligence, resilience, and cognitive flexibility is 
inconsistently addressed. 
Furthermore, the application of BCI systems to 
evaluate or enhance meditative practices is an 
emerging but underexplored area. BCIs offer a real 
time, closed loop mechanism to assess brain activity 
and provide neurofeedback during meditation. This has 
promising implications for therapeutic interventions, 
mental health applications, and even performance 
enhancement in workplace settings. Yet, the literature 
on BCI assisted meditation is still in its infancy, with 
minimal empirical data and insufficient standard 
frameworks guiding its use. 
This review aims to address these gaps by conducting 
a comprehensive and systematic analysis of existing 
literature on the influence of meditation on 
neurosignals. By synthesizing findings from 61 high 
quality peer reviewed studies published between 2014 
and 2024, the review explores both traditional EEG 
based assessments and modern BCI applications. The 
focus is twofold: (1) to identify patterns in neural 
activity associated with various meditative techniques, 
and (2) to assess the feasibility and efficacy of using 
BCI systems as tools for meditation based cognitive 
and emotional training. 
The significance of this review lies not only in 
summarizing the current state of research, but also in 
identifying the underlying challenges and proposing 
structured future directions. These include calls for 
larger sample sizes, longitudinal studies, harmonized 
EEG protocols, and the adoption of machine learning 
techniques for EEG data classification and emotion 
detection. Moreover, the review explores the 
translational value of meditation research in real world 
domains such as clinical neurotherapy, educational 
performance, and workplace well being initiatives. 
By integrating neuroscience, cognitive psychology, 
and machine intelligence perspectives, this review 
contributes to the evolving discourse on mind body 
interaction and offers insights into how meditative 
practices can be leveraged for holistic cognitive 
enhancement. The findings are particularly relevant in 
the post pandemic era, where stress related disorders, 
burnout, and emotional dysregulation are prevalent 
across populations. In this context, meditation, 
supported by real time EEG monitoring and BCI based 
feedback, emerges as a scientifically grounded and 

scalable tool for enhancing mental health and 
neurocognitive function. 
In the following sections, the paper presents a detailed 
methodology of the review process, critical analysis of 
EEG based and BCI supported studies, identification of 
research gaps, and a forward looking perspective on 
potential applications and challenges in this domain. 
 
2. Methodology of the Review 
A structured and transparent methodology is essential 
to ensure the reliability, reproducibility, and academic 
rigor of this review. This study follows the PRISMA 
(Preferred Reporting Items for Systematic Reviews and 
Meta Analyses) guidelines to systematically analyze 
literature on meditation induced neuro signal 
alterations using EEG and brain–computer interface 
(BCI) technologies. 
 
2.1 Search Strategy 
A systematic search was carried out across multiple 
electronic databases, including IEEE Xplore, PubMed, 
ScienceDirect, SpringerLink, Scopus, and Google 
Scholar. The search covered studies published between 
January 2010 and June 2025. The following key 
terms and Boolean operators were used in various 
combinations: 

• "Meditation" OR "Mindfulness" OR 
"Vipassana" OR "Sudarshan Kriya" 

• AND "EEG" OR "Electroencephalography" 
• AND "BCI" OR "Brain Computer Interface" 
• AND "Neuro signals" OR "Brain Waves" OR 

"ERP" 
• AND "Cognitive enhancement" OR "Stress 

Reduction" OR "Emotional Regulation" 
In addition to database searches, manual citation 
chaining was performed to identify relevant studies not 
captured through automated search queries. 
2.2. Inclusion and Exclusion Criteria 
The selection of studies was guided by predefined 
inclusion and exclusion criteria to ensure relevance and 
quality. 
Inclusion Criteria 

• Peer reviewed journal or conference articles. 
• Published between January 2010 and June 

2025. 
• Studies involving human participants 

practicing meditation techniques. 
• Studies analyzing EEG signals and/or using 

BCI frameworks. 
• Articles written in English. 

Exclusion Criteria 
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• Studies published before 2010. 
• Non human or animal based experiments. 
• Articles lacking EEG or BCI relevance. 
• Studies without sufficient methodological 

detail (e.g., missing sample size or outcome 
metrics). 

• Non peer reviewed papers, editorials, or 
opinion pieces. 
 

2.3. Study Selection Process 
A total of 145 records were initially identified from 
database searches. After removing 22 duplicate entries, 
123 records were retained for title and abstract 
screening. 
Following the screening process, 20 studies were 
excluded due to: 

• Poor methodological quality (n = 12)  
• Lack of relevance to meditation or 

neurocognitive mechanisms (n = 8)  
Subsequently, 61 studies were selected for full text 
review. After applying strict relevance and quality 
criteria, 48 studies were finalized for detailed analysis 
and synthesis, which form the basis of this review. 
The complete study selection workflow is illustrated in 
the PRISMA flow diagram (Figure 2). 
 
2.4. Quality Assessment of Selected Studies 
The selected 48 studies were evaluated using a 
structured quality assessment framework adapted from 
the Mixed Methods Appraisal Tool (MMAT) and 
CASP guidelines to ensure methodological rigor and 
consistency. 

• The evaluation criteria included: 
• Clarity of research objectives. 
• Adequacy of sample size and demographics. 
• EEG data acquisition protocol (number of 

channels, frequency range). 
• Use of control groups or comparative design. 
• Presence of quantifiable outcomes (effect 

sizes, accuracy, classification metrics). 
Only studies scoring above the minimum threshold 
across these criteria were included to ensure 
consistency in data interpretation and synthesis. 
 
2.5. Data Extraction and Synthesis 
From each study, the following data were extracted and 
tabulated: 

• Publication year and reference number. 
• Meditation type and EEG/BCI methodology. 
• Sample size and demographic details. 

• EEG/ERP metrics (alpha, theta, beta, 
gamma). 

• Observed outcomes (behavioral, cognitive, 
emotional). 

• Classification models used (if applicable). 
• Stated limitations and future directions. 

 
3. Literature Review 
3.1 Neurophysiological Patterns Across Meditation 
Practices 
A substantial body of research demonstrates that 
meditation induces significant neurophysiological 
changes observable through electroencephalography 
(EEG) and related neuroimaging techniques. Across 
diverse meditation practices such as mindfulness based 
stress reduction (MBSR), Vipassana, Sudarshan Kriya 
Yoga (SKY), and transcendental meditation, increased 
activity in the alpha (8–13 Hz) and theta (4–8 Hz) 
frequency bands has been consistently reported, 
indicating enhanced relaxation, internalized attention, 
and cognitive stability [1],[2],[3],[4],[5],[6],[7]. These 
patterns are often more pronounced in experienced 
practitioners, suggesting long term neuroplastic 
adaptations resulting from sustained meditation 
practice [8], [9]. 

 
However, the literature also reveals variability in 
reported neural biomarkers. Some studies highlight 
increased gamma band activity associated with higher 
order cognitive processing and integrative awareness, 
particularly in advanced meditators [10],[11], whereas 
others report beta band modulation linked to focused 
attention tasks[12],[13]. In addition, emerging research 
suggests that nonlinear features such as entropy, fractal 
dimension, and signal complexity may offer more 
reliable indicators of meditative states compared to 
traditional spectral power analysis [14],[15]. This 
indicates that meditation related neural dynamics are 
multifaceted and cannot be fully captured using 
conventional frequency domain approaches alone. 
 

Fig 1: Conceptual Framework of Meditation Induced Neural and 
Clinical Outcomes
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The collective findings from the reviewed studies can 
be broadly categorized into four interconnected 
domains, namely structural and neuroanatomical 
modifications, functional and electrophysiological 
dynamics, default mode network modulation, and 
therapeutic or clinical relevance. These domains are 
not independent but interact dynamically to represent 
the holistic impact of meditation on brain function and 
behavior. A conceptual representation of these 
relationships is illustrated in Figure 1, which integrates 
neurophysiological, network level, and clinical 
perspectives into a unified framework. A conceptual 
diagram (Figure 1) has been included below to map the 
key thematic areas and methodological intersections 
explored in the subsequent literature review sections. 
 
3.2 Trends in Neuroimaging Modalities and Data 
Acquisition 
The investigation of meditation induced neural activity 
has been conducted using multiple neuroimaging 
modalities, with EEG being the most widely adopted 
due to its high temporal resolution, affordability, and 
portability. Most studies utilize multi channel EEG 
systems based on standardized electrode placement 
frameworks such as the international 10–20 system, 
enabling spatial mapping of cortical activity and real 
time signal acquisition [19],[20],[21],[22]. 
In contrast, modalities such as functional magnetic 
resonance imaging (fMRI) and 
magnetoencephalography (MEG) provide superior 
spatial resolution but are less frequently employed due 
to their high cost and limited accessibility[23],[24]. A 
limited number of studies have explored multimodal 
approaches combining EEG with fMRI or 
electrocardiography (ECG), enabling simultaneous 
analysis of neural and physiological responses during 
meditation[25],[26]. These approaches offer deeper 
insights into brain–body interactions, particularly in 
the context of emotional regulation and autonomic 
nervous system responses. 
Despite these advancements, a significant limitation 
across studies is the absence of standardized and 
publicly available datasets. Most investigations rely on 
small, custom collected datasets with limited 
participant diversity and inconsistent recording 
conditions [27], [28]. Variations in experimental 
protocols, preprocessing techniques, and feature 
extraction methods further hinder reproducibility and 
cross study comparison. This lack of standardization 
represents a major barrier to the development of 

generalized and scalable models for meditation 
analysis. 
 
3.3 Computational Approaches for Meditation 
Analysis 
The computational analysis of meditation related neuro 
signals has evolved significantly over time. Early 
studies primarily employed statistical and spectral 
analysis techniques to identify differences in frequency 
band power between meditative and non meditative 
states [29],[30]. While these methods provided 
foundational insights, they were limited in their ability 
to capture complex temporal and spatial dependencies 
inherent in EEG signals. 
Subsequent research introduced machine learning 
techniques such as support vector machines (SVM), 
decision trees, and k nearest neighbors (KNN) for 
classification of meditation states, demonstrating 
improved performance over traditional methods 
[31],[32],[33]. However, these approaches rely heavily 
on handcrafted features and require domain expertise 
for effective implementation. 
More recently, deep learning models, including 
convolutional neural networks (CNNs), recurrent 
neural networks (RNNs), and hybrid architectures, 
have been applied to meditation signal 
analysis[34],[35],[36],[37]. These models enable 
automatic feature extraction and hierarchical 
representation learning, improving classification 
accuracy and robustness. Despite these advantages, the 
adoption of deep learning remains limited due to 
challenges such as small dataset sizes, high inter 
subject variability, and lack of annotated data [38]. 
Additionally, the integration of explainable artificial 
intelligence (XAI) techniques in this domain is still in 
its early stages. Few studies incorporate interpretability 
frameworks such as SHAP or attention mechanisms to 
understand model decisions[39], [40]. This limits the 
clinical and practical applicability of AI based 
meditation analysis systems. 
An emerging area of research involves the use of brain–
computer interface (BCI) systems for real time 
meditation monitoring and feedback. While initial 
studies demonstrate the feasibility of adaptive feedback 
mechanisms, most implementations remain 
experimental and lack large scale validation [41], [42]. 
The absence of robust, real time, and personalized 
systems highlights a critical gap in current research. 
 
3.4 Contradictions, Limitations, and Research Gaps 
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Despite extensive research on meditation and neuro 
signal analysis, several contradictions and limitations 
persist. One of the primary challenges is the lack of 
consistent biomarkers across studies. While alpha and 
theta activity are frequently reported, their magnitude, 
spatial distribution, and functional interpretation vary 
significantly depending on the meditation technique, 
participant experience, and analysis methodology [43], 
[44]. Similarly, the role of gamma activity remains 
debated, with inconsistent findings across different 
experimental setups[45]. 
Another major limitation is the lack of standardization 
in experimental design and data processing. Variability 
in participant demographics, session duration, 
electrode configurations, and preprocessing pipelines 
leads to inconsistent results and limits reproducibility 
[46]. Furthermore, existing studies rely on small 
sample sizes, reducing statistical reliability and 
generalizability of findings. 
From a computational perspective, existing models 
often lack robustness and scalability. Most studies 
evaluate models on isolated datasets without cross 
validation across diverse populations, and few address 
the issue of inter subject variability[47]. Additionally, 
the limited use of multimodal data fusion restricts the 
ability to capture comprehensive neural and 
physiological dynamics. 
Importantly, current research primarily focuses on 
classification and analysis rather than actionable 
outcomes. There is a significant lack of intelligent 
systems capable of recommending personalized 
meditation practices based on individual neural 
profiles[48] . This gap highlights the need for adaptive, 
explainable, and real time frameworks that integrate 
neuro signal processing, machine learning, and 
personalized feedback mechanisms. 
 
3.5 Systematic Study Selection (PRISMA Based 
Analysis) 
To ensure methodological rigor and transparency, the 
study selection process followed the Preferred 
Reporting Items for Systematic Reviews and Meta 
Analyses (PRISMA) framework. A comprehensive 
search was conducted across multiple databases, 
followed by duplicate removal, screening, eligibility 
assessment, and final inclusion of relevant studies. The 
complete selection workflow is illustrated in Figure 2, 
ensuring reproducibility and clarity in the review 
process. To enhance clarity and reduce descriptive 
redundancy in the literature review, the analyzed 
studies are synthesized into a structured comparative 

format. Instead of presenting individual paper 
summaries, Table I provides a consolidated overview 
of key studies based on meditation type, dataset or 
participant characteristics, neuroimaging modality, and 
major neurophysiological findings. This tabular 
representation facilitates identification of common 
patterns, methodological trends, and variations across 
different meditation practices and experimental setups. 

 
Fig. 2 Prisma flow diagram for review article 

studies 
 

Table I: Study, Dataset, Modality, and Key 
Findings Comparison 

 
R
ef 

Stud
y 

Medita
tion 
Type 

Datas
et / 
Partic
ipants 

Moda
lity 

Key 
Neural 
Finding
s 

[1
] 

Kozas
a et 
al., 
2012 

Mindfu
lness 

Medita
tors vs 
Non 
medita
tors 

fMRI Improve
d 
attentio
n, 
reduced 
cognitiv
e 
interfere
nce 

[2
] 

Kaur 
et al., 
2015 

Vipass
ana 

Huma
n EEG 
dataset 

EEG Increase
d theta, 
decreas
ed delta 
(frontal 
region) 

[3
] 

Cahn 
& 
Polic

Vipass
ana 

Small 
experi

EEG 
(ERP) 

Reduce
d P3a → 
lower 

Studies included in 
review
(n = 48)

Records identified 
from:

Databases (n =145)

Records removed before 
screening:
Duplicate records removed
(n =22)

Records screened
(n =123)

Records excluded**
(n =62)

Reports sought for 
retrieval
(n =0)

Reports not retrieved
(n = 0)

Reports assessed for 
eligibility
(n =61)

Full Text Excluded(n=13)

Identification of studies via Databases and Registers

Id
en

tif
ic

at
io

n
Sc

re
en

in
g

In
cl

u
de

d



Mapping Neuro signal Alterations through Meditative Practices: A Systematic Review 
with EEG and BCI Insights 

 

IJDDT, Volume 16 Issue 24s, 2026 Page 742 

 

h, 
2009 

mental 
group 

distracti
bility 

[4
] 

Ghola
m et 
al., 
2021 

SKY 3 
medita
tion 
groups 

EEG 
(ERP) 

Cogniti
ve 
preserva
tion via 
P300 
changes 

[5
] 

Gao 
et al., 
2023 

MBSR Pre 
post 
trainin
g 
dataset 

EEG 
and 
ECG 

Improve
d brain 
heart 
coheren
ce 

[8
] 

Do et 
al., 
2023 

MBSR Colleg
e 
studen
ts 

EEG Increase
d alpha 
PSD & 
fractal 
dimensi
on 

[1
0] 

Shriv
astava 
et al., 
2023 

Heartfu
lness 

LTM 
vs NM 

EEG 
and 
ML 

High 
classific
ation 
accurac
y (84–
100%) 

[1
2] 

Lazar
ou et 
al., 
2023 

MBSR Cognit
ive 
impair
ment 
patient
s 

EEG Signific
ant EEG 
changes 
across 
groups 

[6
] 

Bhask
ar et 
al., 
2020 

SKY Huma
n 
dataset 

EEG Increase
d 
gamma 
& beta 
synchro
nization 

[1
1] 

Ganes
an et 
al., 
2023 

Mindfu
lness 

Small 
cohort 

fMRI Reduce
d DMN 
activity 

[2
0] 

Luder
s et 
al., 
2013 

Long 
term 
meditat
ion 

MRI 
dataset 

MRI Increase
d 
hippoca
mpal 
volume 

[2
3] 

Youn
g et 
al., 
2021 

Multi 
style 
meditat
ion 

Skilled 
medita
tors 

EEG Increase
d neural 
comple
xity 

(entropy
) 

[2
4] 

Panda 
et al., 
2016 

Medita
tion 

Experi
mental 
dataset 

EEG 
and 
fMRI 

DMN 
suppres
sion and 
altered 
microst
ates 

[2
5] 

Wang 
et al., 
2017 

Long 
term 
meditat
ion 

EEG 
dataset 

EEG Altered 
connecti
vity 
topolog
y 

[2
6] 

Calve
tti et 
al., 
2021 

Focuse
d/Open 
monito
ring 

Monk 
dataset 

MEG Differen
tiation 
of 
meditati
ve states 

[2
7] 

Pande
y et 
al., 
2021 

MBSR EEG 
dataset 

EEG 
and 
ML 

Nonline
ar 
features 
improve 
classific
ation 

[2
8] 

Wang 
et al., 
2020 

Mindfu
lness 

WM 
task 
dataset 

EEG Improve
d 
attentio
n and 
working 
memory 

[4
7] 

Divar
co et 
al., 
2023 

Medita
tion                                                                                                                                                                                                                                                                                                                                  

Clinic
al 
studies 

Multi
modal 

Improve
d 
cognitiv
e and 
pain 
outcom
es 

 
While Table I summarizes the neurophysiological and 
experimental aspects of the reviewed studies, a deeper 
understanding of computational methodologies and 
analytical performance is necessary to evaluate the 
effectiveness of existing approaches. Therefore, Table 
II presents a comparative analysis of machine learning 
and signal processing techniques applied to meditation 
related EEG and BCI data, highlighting their 
performance outcomes, strengths, and inherent 
limitations. 
 

Table II: Methodology, Results, and Limitations 
Comparison 
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R
ef 

Meth
od / 
Algor
ithm 

Applica
tion 

Perfor
mance 
/ 
Outco
me 

Stren
gth 

Limita
tion 

[
1
0
] 

SVM, 
KNN, 
DT, 
Ense
mble 

Meditat
ion 
classific
ation 

84–
100% 
accura
cy 

Objec
tive 
classif
icatio
n of 
medit
ation 
levels 

No 
deep 
learnin
g 
explore
d 

[
2
7
] 

SHAP 
and 
Rand
om 
Forest 

EEG 
feature 
analysis 

Impro
ved 
interpr
etabilit
y 

Expla
inable 
AI 
integr
ation 

Limite
d 
dataset 

[
3
1
] 

Rand
om 
Forest 

Mental 
state 
classific
ation 

Effecti
ve 
classifi
cation 

Light
weigh
t 
model 

Binary 
classifi
cation 
only 

[
3
8
] 

PCA, 
ICA, 
LDA 
and 
SVM 

EEG 
classific
ation 

High 
accura
cy 

Hybri
d 
featur
e 
extrac
tion 

Traditi
onal 
method
s 

[
4
4
] 

CNN 
and 
LST
M 

Emotio
n 
recognit
ion 

Better 
than 
classic
al ML 

Deep 
learni
ng 
impro
ves 
perfor
manc
e 

Requir
es large 
data 

[
2
9
] 

EEG 
classif
icatio
n 

Emotio
n 
detectio
n 

Detect
able 
emotio
nal 
states 

Real 
time 
potent
ial 

Not 
deploy
ed real 
time 

[
3
4
] 

SVM 
(Moto
r 
image
ry) 

Neuropr
osthetic
s 

High 
accura
cy 
control 

Practi
cal 
applic
ation 

Limite
d scope 

[
3
5
] 

IoT 
and 
Deep 

Smart 
BCI 
systems 

Functi
onal 
system 

Huma
n 
devic
e 

Signal 
preproc
essing 

Learn
ing 

intera
ction 

challen
ge 

[
3
6
] 

BCI 
Protot
ype 

Assistiv
e device 

Reliabl
e 
perfor
mance 

Work
s 
witho
ut 
traini
ng 

Small 
sample 

[
3
7
] 

EEG 
Biose
nsor 

Meditat
ion 
tracking 

Real 
time 
monito
ring 

Low 
cost 
soluti
on 

Hardw
are 
depend
ency 

[
4
1
] 

BCI 
Surve
y 

Emotio
n 
recognit
ion 

Conce
ptual 
validat
ion 

Educa
tional 
applic
ation 

No real 
time 
validati
on 

[
4
2
] 

ML 
for 
EEG/
ECoG 

Seizure 
& BCI 

Impro
ved 
classifi
cation 

Multi 
domai
n use 

Not 
meditat
ion 
specifi
c 

[
4
3
] 

SVM Motor 
imagery 
EEG 

Accura
te 
classifi
cation 

Robus
t 
metho
d 

Limite
d 
general
ization 

[
4
5
] 

SVM 
vs 
CAR
T 

Emotio
nal 
stability 

SVM 
superi
or 

Valid
ates 
ML 
appro
ach 

Correla
tion 
based 

[
4
6
] 

Nonli
near 
EEG 
metho
ds 

Signal 
analysis 

Better 
insight
s 

Adva
nced 
proce
ssing 

Compl
ex 
implem
entatio
n 

 
The comparative analysis presented in Tables I and II 
reveals several important trends. First, EEG remains 
the dominant modality due to its portability and 
suitability for real time applications, although 
multimodal approaches such as EEG fMRI and EEG 
ECG provide richer insights into brain–body 
interactions. Second, while traditional spectral analysis 
and classical machine learning methods are widely 
used, there is a growing shift toward nonlinear feature 
extraction and deep learning models for improved 
classification accuracy. However, these approaches are 
often limited by small datasets and lack of 
generalization across populations. Furthermore, the 
limited adoption of explainable AI techniques and real 
time BCI based feedback systems highlights a 
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significant gap between experimental research and 
practical deployment. These observations reinforce the 
need for standardized datasets, robust cross subject 
validation, and adaptive, interpretable models for 
personalized meditation analysis. 

 
Fig. 3: Diagrammatic representation of key 

research gaps in current meditation EEG BCI 
studies 

4.Research Gap and future directions: 
Despite substantial progress in understanding 
meditation induced neural dynamics, the comparative 
analysis of existing studies reveals several critical 
limitations that hinder the reliability and real world 
applicability of current approaches. 
A major concern is the limited sample size and lack of 
participant diversity, with most studies relying on 
small, homogeneous groups. This restricts the 
generalizability of findings across broader populations. 
In addition, the absence of standardized EEG 
acquisition and preprocessing protocols leads to 
inconsistencies in reported outcomes, making cross 
study comparison challenging. 
Another important gap is the scarcity of longitudinal 
and controlled studies, which limits the understanding 
of sustained neuroplastic changes and causal 
relationships between meditation and cognitive or 
emotional improvements. Furthermore, the integration 
of neurophysiological signals with behavioral and 
psychological outcomes remains inconsistent, reducing 
the interpretability of EEG based findings. 
From a computational perspective, there is a limited 
adoption of advanced deep learning and explainable AI 
techniques, with most studies relying on conventional 
machine learning models. Additionally, the 
development of real time, closed loop BCI systems for 
adaptive meditation guidance is still in its early stages, 
restricting practical deployment. 
 
Variability across meditation techniques also remains 
insufficiently explored, with few studies providing 
direct comparative analysis or technique specific 

neural signatures. Finally, challenges related to signal 
noise, preprocessing, and hardware limitations 
continue to affect the robustness of EEG based 
systems. 
To provide a structured overview, these interconnected 
limitations are visually summarized in Figure 3, 
highlighting how dataset, methodological, and 
computational constraints collectively impact 
generalizability, comparability, and practical utility. 
As illustrated in Figure 3, these limitations are 
interdependent, where dataset constraints, lack of 
standardization, and absence of real time systems 
collectively reduce the effectiveness and scalability of 
current meditation based neurotechnology solutions. 
Addressing these gaps requires integrated, data driven, 
and adaptive research frameworks. 
 
5. Proposed Conceptual Framework for Meditation 
Induced Neuro signal Transformation 
 To address the limitations identified in the preceding 
section, this study proposes an integrated conceptual 
framework that establishes a structured relationship 
between meditation practices, neurophysiological 
signal transformation, computational analysis, and 
behavioral outcomes. The framework aims to bridge 
the gap between experimental research and real world 
applications by incorporating standardized data 
acquisition, advanced analytics, and adaptive feedback 
mechanisms. 
The framework begins with the input layer, consisting 
of diverse meditation techniques such as Vipassana, 
Mindfulness Based Stress Reduction (MBSR), 
Sudarshan Kriya Yoga (SKY), and Heartfulness 
meditation. These practices differ in their cognitive 
mechanisms, including focused attention, breath 
regulation, and open monitoring, yet converge in their 
ability to modulate neural activity. The second layer 
represents neurophysiological signal acquisition, 
primarily through EEG, with potential integration of 
multimodal signals such as ECG and fMRI. This layer 
emphasizes the need for standardized acquisition 
protocols to ensure consistency and reproducibility 
across studies. The third layer focuses on signal 
preprocessing and feature extraction, where techniques 
such as Independent Component Analysis (ICA), 
Discrete Wavelet Transform (DWT), and spectral 
analysis are employed to remove noise and extract 
meaningful neural features. This stage is critical for 
improving signal quality and enhancing downstream 
analysis. The fourth layer introduces computational 
intelligence, incorporating machine learning and deep 
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learning models such as Support Vector Machines 
(SVM), Random Forest, Convolutional Neural 
Networks (CNN), and Long Short Term Memory 
(LSTM) networks. Unlike traditional approaches, the 
proposed framework emphasizes the integration of 
explainable AI techniques, enabling interpretability of 
model decisions and improving trust in AI driven 
systems. 
A key contribution of this framework is the inclusion 
of a real time BCI based feedback layer, which enables 
closed loop interaction between the user and the 
system. This layer facilitates adaptive meditation 
guidance by dynamically adjusting feedback based on 
the user’s neural state, addressing a major gap 
identified in existing studies. 
The final layer captures behavioral and cognitive 
outcomes, including stress reduction, emotional 
regulation, attention enhancement, and improved 
cognitive flexibility. These outcomes are validated 
through both neurophysiological indicators and 
behavioral assessments, ensuring a holistic evaluation 
of meditation effects. 

 
The proposed framework is illustrated in Figure 4, 
highlighting the end to end pipeline from meditation 
input to adaptive neurofeedback and outcome 
evaluation. 
 
Unlike existing studies that focus primarily on offline 
analysis or isolated components, the proposed 
framework provides a unified, end to end architecture 
that integrates neurophysiological signal processing, 
explainable machine learning, and real time BCI based 
feedback. This approach enables scalable, 
personalized, and adaptive meditation systems, thereby 

bridging the gap between theoretical research and 
practical neurotechnology applications. 
 
6. Conclusion & Future Scope: 
This review systematically analyzed the 
neurophysiological effects of meditation using EEG, 
neuroimaging, and BCI based approaches. The 
findings consistently indicate that meditation practices 
such as Vipassana, MBSR, and Sudarshan Kriya Yoga 
lead to measurable changes in brain activity, 
particularly through enhanced alpha and theta 
oscillations, improved neural coherence, and 
modulation of large scale brain networks such as the 
default mode network. These changes are closely 
associated with improvements in cognitive control, 
emotional regulation, and stress resilience. However, 
the analysis also reveals several critical limitations, 
including small and homogeneous datasets, lack of 
standardized experimental protocols, limited 
longitudinal validation, and insufficient integration of 
behavioral and neurophysiological outcomes. 
Furthermore, most existing studies rely on offline 
analysis with limited adoption of advanced deep 
learning, explainable AI, and real time BCI based 
feedback systems. 
To address these challenges, this study proposed an 
integrated conceptual framework that combines 
standardized EEG acquisition, advanced machine 
learning models, and real time adaptive BCI 
mechanisms. Unlike existing approaches, the proposed 
framework emphasizes an end to end, scalable, and 
interpretable system for personalized meditation 
analysis and neurofeedback. 
Future research should focus on large scale, multi 
center studies with standardized protocols, multimodal 
data integration, and cross subject validation to 
improve generalizability. Additionally, the 
development of real time, closed loop BCI systems 
supported by explainable AI can enable practical 
deployment in clinical therapy, mental health 
monitoring, and cognitive enhancement applications. 
In summary, meditation represents a promising non 
invasive approach for improving neurocognitive 
health, and the integration of neuroscience, machine 
learning, and BCI technologies offers a transformative 
pathway toward personalized and adaptive mental 
wellness solutions. 
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