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for EEG data classification across multiple
meditation and non-meditation sessions
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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 BCl 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 BCl 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 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
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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

1 Introduction

1.1 Background of the study

In recent years, meditation has gained significant pop-
ularity among people due to several reasons includ-
ing, increase in scientific research on meditation [1, 2],
publicity on evidence of many mental health/ physical
health/ social benefits gained when doing meditation
[3-5], improvements in technological devices/ apps that
supports meditation [6—8], certain schools, universities,
workplaces, hospitals, prisons, sports teams introduc-
ing meditation for their stakeholders [9, 10], not to men-
tion increased stress levels in many people in the modern
world [11]. Some scientific methods used in the study
of meditation include neuroimaging techniques such as
EEG (Electroencephalography) [12], fMRI (Functional
Magnetic Resonance Imaging) [13], PET (Positron Emis-
sion Tomography) [14], fNIRS (Functional Near-Infrared
Spectroscopy) [15], Physiological Measurements such
as Heart Rate Variability [16], Cortisol Levels [17] and
Psychological Assessments such as Questionnaires, and
Interviews [18, 19]. Among those various techniques, in
this study we used EEG to understand certain medita-
tion/non-meditation characteristics.

Our research interest lies in the contribution to the
development of algorithms and software [20, 21] aimed
at understating the characteristics of a new meditation
session. Understanding these characteristics will allow
us to know how progressive a meditation session is [22].
In other words, this type of research could lead to future
possibilities of developing algorithms or software that
can guide a person [23] towards good progress in medi-
tation. 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 char-
acteristics in a new meditation session, we should be able
to distinguish between a meditation session and a non-
meditation session [24—26] for the same person.

This study involves using multiple-session [27, 28]
meditation/ non-meditation EEG data for 12 partici-
pants, training machine learning algorithms [29-31]

using multiple session data for each participant and then,
testing the trained algorithms using a new meditation/
non-meditation pair. Here, intra-subject [32] analysis is
performed where each algorithm is trained and tested
on each participant independently. The use of multiple
session meditation/ non-meditation EEG data to clas-
sify 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.

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 [33]. When the brain focuses on a specific
mind task or is at rest, a large number of neurons work
together synchronously sending signals [34]. EEG elec-
trodes [35, 36] are placed on the scalp to detect the volt-
age 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 frequen-
cies [37]. The changing brainwave patterns can be bro-
ken 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 spe-
cific 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
(8-13 Hz), Beta (13-30 Hz) and Gamma (>30 Hz) [38-
40]. There have been significant research showing that
the Theta [41-44] and Alpha [45-47] frequency bands
are strongly associated with meditation/ non-meditation
mind tasks and in our study, we emphasized the impor-
tance to these frequency bands.

The brain computer interface (BCI) pipeline [48] con-
sists of the steps of data collection, preprocessing, feature
extraction and selection, classification, and application
[49, 50]. In preprocessing, cleaning and artifact removal
on the collected data are mainly targeted [51, 52]. Some-
times these raw data are directly taken for cleaning, but
in some cases, the data are broken down using signal
decomposition methods [53, 54] to perform the cleaning
efficiently. There are two main types of noise, one type is
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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 [55]. At the same time, there are instances where a
50 Hz band pass filter can be used to eliminate the exter-
nal electromagnetic noise at that frequency [56]. The sec-
ond type of noise in EEG data comes from various bodily
activities such as eye movement, eye blinking, head or
jaw movements, breathing etc [51]. A small portion of
this noise will be removed when performing frequency
filters, and any remaining artifacts will be removed man-
ually [52]. This can be achieved firstly by plotting channel
spectra [57] to identify bad channels or epochs followed
by adjusting them. Secondly this is done by running inde-
pendent component analysis (ICA) [58, 59], 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 is feature
extraction [49, 60]. The idea here is to extract impor-
tant patterns hidden in the EEG data. This is a complex
task because, even after cleaning, EEG is known to have
a high noise-to-signal ratio. Therefore, to get meaningful
information from EEG, advanced signal processing meth-
ods such as Common Spatial Patterns (CSP) [61-63],
Short Time Fourier Transform (STFT) [64, 65], wavelet
transform [66], and Event Related Potentials (ERPs) [67]
are used. Additionally, Geometrical Features [68], which
focus on the spatial and morphological properties of the
EEG signals, and Graphical Features [69], which repre-
sent 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 mind tasks by creating fil-
ters that highlight these differences making it easier to
separate the two tasks. CSP is a very powerful EEG fea-
ture extraction algorithm mainly used for motor imag-
ery [50, 70], but we adopted CSP with meditation EEG
in this study, as well as in our previous study [27]. 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 [27].

STET [64], on the other hand checks how different fre-
quencies change over time, and this is done by using the
mathematical technique known as Fourier Transforma-
tion [71, 72] on EEG data. In signal processing, Fourier
Transformation decomposes the signal into all the fre-
quencies 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
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time segment, the strength of each frequency related to
the EEG data are identified using Fourier Transforma-
tion. 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 vise
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 algo-
rithm 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 [73-75]. Classification algorithms can be
statistical methods, machine learning methods, rule-base
methods or a combination of the above [49]. Because of
its high accuracy and efficiency with large data, machine
learning, subset of artificial intelligence, is gaining high
popularity in the research and industrial communities.
Random forests, support vector machines, neural net-
works, decision trees and logistic regression are some of
the top-level machine learning algorithms used for classi-
fication [29, 30, 76]. Among these, when it comes to clas-
sifying complex datasets like EEG, images and voice that
require high level abstraction and feature learning capa-
bilities, neural networks [77—81] are on the top of the list.
In our study, a multi-layer perceptron (MLP) [75, 76, 82]
was used as the neural network for classification, provid-
ing a common ground to compare various feature extrac-
tion 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
[29]. In training, the input data are first passed through
the network towards the output, a process known as for-
ward propagation. Here, the network’s output is com-
pared with the actual output, and an error is calculated.
This error is then propagated backward, known as back-
propagation. 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 [2, 24, 83]. These
two sessions can be from a single person, either during
meditation or while not meditating [25, 26]. Another
method involves collecting meditation EEG data from
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novices [84] and experts [85] 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 collect-
ing EEG data at the beginning and end of the training
[12]. All these studies are based on the “state” and “trait”
characteristics [86] related with meditation, which refers
to the changes happening in a person when practicing
meditation. These changes have been identified with vari-
ous methods such as EEG, heartbeat rate, fMRI, fNIRS
etc [15, 16, 87]. However, in our study, we focus solely on
brainwave patterns using EEG [12, 83, 88] data.

1.3 Meditation in the study

“State” refers to temporary changes that occur in a per-
son while meditating compared to not meditating.
“Trait” refers to permanent changes that occur in a per-
son who has been meditating for a long time [89]. Stud-
ies 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
[90, 91]. 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 expe-
rience. Therefore, for very short periods, state changes
might appear minimal and less significant in experts
compared to novices [12].

For this study an online EEG data collected in a dura-
tion of 2 months from 12 expert meditators was used.
Since the participants are labeled as experts [92-95],
based on past study records, we assume that there should
be a significant “state” characteristic available when com-
paring meditation and non-meditation instances for these
participants. At the same time, since they are expert med-
itators [92-95], as past studies indicate, the assumption is
made that any improvements in the state characteristic
that can happen during this short period of data collec-
tion 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 characteris-
tic difference between meditation and non-meditation
data. In other words, an assumption is made that for each
person, meditation sessions are almost similar in char-
acteristics among themselves, and the non-meditation
sessions are also similar in characteristics among them-
selves, while the two mind tasks will have some signifi-
cant 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
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data. With these assumptions in mind, the importance of
this study is summarized as follows.

1.4 Importance of this study

Using multiple session meditation data to train a
machine learning algorithm and classify an unknown ses-
sion 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
STET which have not been significantly used with medi-
tation 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.

2 Methods

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) [96, 97]. 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 [27] 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 partici-
pants, 15 participants were used to collect data for mul-
tiple sessions, that is 8-10 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 ses-
sion as the first mind task before starting the meditation
tasks. LKM-Self and LKM-Others are the two medita-
tion mind tasks where the EEG data was collected when a
person has loving, kindness thoughts either towards one-
self or for others.

For the current study only a subset of the entire data-
set was used according to our research interest. Our
research interest was to classify meditation/ non-medita-
tion EEG data for multiple sessions. As the non-medita-
tion task, we used the pre-rest dataset. To compare with
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this non-meditation task, we used two meditation mind
tasks independently and they are LKM-Self and LKM-
Others. In other words, we did two studies, one to clas-
sify 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 classi-
fication 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 labeled 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 clas-
sify 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 opportu-
nity 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, LKM-
Self and LKM-Others. Here, we only considered the indi-
vidual file size of each mind task without considering the
session number and the total file size for a given session.

2.2 Data preprocessing and cleaning

The next task was to do a cleaning and pre-processing for
the selected EEG data. The initial cleaning and the pre-
processing on the EEG data was done using EEGLAB
[52] 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
[35] were added to the EEGLAB. Then a baseline correc-
tion was done on each EEG file by removing the epoch
baseline [52]. To detect any bad channels visually, chan-
nel spectra [57] was plotted and after identifying the bad
channels, they were removed using the “interpolate elec-
trodes” method in EEGLAB [98]. Here, each removed
channel was replaced with a new channel by EEGLAB
based on the characteristics of the remaining good chan-
nels and this is done to make sure the remaining tasks
can be done on the total channel size.
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After that, the EEG data was filtered using “Basic FIR
filter” in EEGLAB while using 2 Hz and 45 Hz as fil-
ter 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 elec-
tronic devices and electricity from the country that the
data was collected [99, 100]. Then, independent com-
ponent analysis (ICA) [101] was done on the EEG data
where ICA was implemented with principal compo-
nent analysis (PCA) [58, 59] with the value 32 by using
the function in EEGLAB. We can observe that PCA has
been successfully used with other algorithms for clean-
ing EEG data, and one such example is MSPCA [53, 54,
102]. Since there are 127 channels in the original data-
set, PCA is used for dimensionality reduction to facili-
tate 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 [52]. 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 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 com-
paratively very small. Therefore, from the initial cleaning
and preprocessing with EEGLAB, we selected 12 partici-
pants out of the 15 total participants. Past studies [103,
104] 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 [48] and after reading some of these saved files
into a one of the developed pipelines, we conducted fur-
ther processing and analysis.

2.3 BCl 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 medi-
tation/ 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
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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 read-
ing the file set for a single participant, various feature
extraction and classification algorithms were used to see
how well they perform [49, 50]. Then the same procedure
was conducted on the 12-participant data and the clas-
sification accuracies were observed. Based on the perfor-
mance, 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
modeling the pipelines.

With the initial findings about the most supportive fea-
ture 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 Com-
mon Spatial Patterns (CSP) [61-63], Short Time Fourier
Transform (STFT) [64, 65] and a fusion of CSP and STFT
in each pipeline. Then, each one of these feature extrac-
tion algorithms was followed by a neural network [77-79]
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 pack-
age in python was used to read the EEG files [105, 106].
Each file had data of 127 EEG channels and 1 ECG chan-
nel 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 [52] of 2s size
with a 1s overlap [107]. 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.

Since the same procedure was conducted for the analy-
sis between the pairs of LKM-Self, versus non-meditation
and LKM-Others versus non-meditation, only the expla-
nation relevant to one pair is given. As mentioned above,
the first study was to see the classification of multiple ses-
sion 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
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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 test-
ing, 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 ses-
sions of EEG data, we did the study for 3, 4 and 5 session
instances. As the first step, 5 sessions of EEG data avail-
able 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 elimi-
nated by pairing the mind task EEG data based on size.

2.4 Varied number of sessions

The procedure for using 3 session data was done as fol-
lows. As mentioned above, LKM-Self and non-medita-
tion EEG data were paired based on their size. Here, we
selected 3 pairs of EEG data, using 2 pairs for the train-
ing 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 combina-
tion, we did 3 tests. Therefore, altogether 30 tests were
conducted on the 5 pairs of LKM-Self and non-medita-
tion 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 con-
ducted 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
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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 ses-
sion 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 pipe-
line 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 pipe-
lines 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).

These studies allowed us to understand how multiple
session EEG data can be used to train a machine learn-
ing algorithm and test the trained algorithm by perform-
ing 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 classifi-
cation study. This concludes the description on the com-
mon 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 pipe-
lines have their unique characteristics.

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 hid-
den layers with a size of 20 for each layer, a logistic acti-
vation function, max_iter=1000 and random_state =42
was used in each of the three pipelines for the classifi-
cation [75, 76, 82]. 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
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LKM-Others and non-meditation independently. When
considering LKM-Self and non-meditation in the pipe-
line 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 algo-
rithms used in the pipeline.

As the next step with the CSP pipeline, a covariance
matrix [108, 109] was calculated using the training data-
set and the corresponding labels where Ledoit-Wolf
shrinkage estimator [110] was used for the matrix regu-
larization. Here, as the next step, a CSP object with 4 spa-
tial filters (nfilter =4) was initialized. Then, the function
‘fit’ was used on the CSP model while using the calculated
covariance matrix and the corresponding labels. This step
calculates 4 spatial filters that minimize the variance for
one mind task while maximizing for the other mind task
for the training dataset and after the calculation, this was
extracted using the “filters_” function. The result is a 2D
array (4, 127) where we have 4 spatial filters per channel
and these spatial filters contain the spatial patterns [111]
(features hidden in the training dataset) which are most
discriminative between the two mind tasks. 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) [58, 59] 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 [112, 113] 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
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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 satisfy 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 pipe-
line) 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 por-
tion of the cleaned EEG data of the three mind tasks and
breaking them into epochs of 2s. At this point the train-
ing/ 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 num-
bers) was calculated for the frequency points from 0
to 45 and the shape of the results were as (# of 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 net-
work 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 [41-44] and the frequency
band 8-13 Hz is referred as Alpha [45-47] 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 net-
work. 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 classi-
fication accuracies were calculated for LKM-Self, non-
meditation pair and also for the pair LKM-Others and
non-meditation.

The third pipeline was modeled 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 train-
ing/ 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
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CSP with the shape of (# of epochs x 127, 4) and a train-
ing/ 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 fea-
ture 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 hid-
den layers with each one having 20 nodes. Using the third
pipeline (fusion of CSP and STFT) along with the multi-
layer perceptron, analysis was conducted to study the
classification accuracies for LKM-Self, non-meditation
pair and for the 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 proce-
dure is shown in Fig. 1.

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 medita-
tion/ 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 and non-med-
itation 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 train-
ing while using the remaining session pair for the testing.
Therefore, with this change in the number of training ses-
sions, 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 1 shows the average classification accuracies
obtained for LKM-Self and non-meditation when using 3
sessions 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
STET as the feature extraction algorithms, and Figs. 2
and 3 demonstrate the performance comparison. Figure 2
graphically shows the results given in Table 1; Fig. 3 gives
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* 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.
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« 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.

Fig. 1 Summary of the methodology for EEG data classification across multiple meditation and non-meditation sessions

Table 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  ParticipantNo  CSP STFT CSP +STFT
1 1 783+54 734+83 791+72
2 3 612116 63.8+134 61.7+£14.2
3 7 61.7£99 645186 67.5+9.7
4 8 792+49 709+54 79+4.7
5 1 63.8+87 624+9.7 64.1£86
6 12 576+216 746+154 79.9+16.7
7 14 81.6+£69 786+52 86.3+£3.8
8 38 655119 53.7£10.7 664+114
9 42 71+76 676+53 734+56
10 43 50.1+£88 604+11.9 65.8+9.1
" 44 6331126 79+8.7 79.5+8.1
12 45 586+7.3 5811147 624+13.1
Mean Accuracy 66.7 67.3 721
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the normalized 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 Fig. 2. Figure 3 is prepared by setting the lowest clas-
sification accuracy among the three algorithms for each
person to 0 and the other two accuracies are proportion-
ally 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 Fig. 3, participant 12 shows the highest accu-
racy difference among the three algorithms, while par-
ticipant 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 1 shows
that for all participants, the mean classification accu-
racy for CSP is at 66.7% and for STFT it is 67.3%. For the

12 14 38 42 43 44 45

Participant No

CSP  ==@==STFT e=@==CSP +STFT

Fig.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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Fig. 3 Relative comparison of normalized 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 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  ParticipantNo  CSP STFT CSP+STFT
1 1 72.9+14.1 74+109 76.1+139
2 3 60+10.7 602+11.8  651+93
3 7 56£12.5 503+113  64£113
4 8 728+135  626+147  721%13
5 11 64+84 66.8+59 69.7+6.9
6 12 617+263 714+187  783+19
7 14 795+95 752+77 817+73
8 38 67.6%58 595+6.1 68.7+5.2
9 42 69.8+9.1 64.1+10.1 72+95

10 43 529+£106  682+153  70+145
1 44 679+113  743+83 729+94
12 45 565+15.1 533+15 57.7+126
Mean Accuracy 65.1 65.7 70.7

selected 12 participants, we observed the fusion of CSP
and STFT gave a better mean classification accuracy of

100
90
80
70
60
50

Average Accuracy %

40
30

11

12

72.1%. When considering the performance of CSP alone
and STFT alone, we observed almost similar mean accu-
racies. Out of these 12 participants, 10 participants dem-
onstrated 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 per-
son in each instance which is a probability of 8.3% of total
participants of the study and this is visible in Fig. 3.

Table 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 ses-
sions were used for the 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 Figs. 4 and 5 demonstrate the perfor-
mance comparison. Figure 4 graphically shows the results
given in Table 2; Fig. 5 gives the normalized classifica-
tion accuracies that allow us to compare performance of
the three algorithms for each person and compare this

14 38 42 43 44 45

Participant No

CSP  «==@=STFT e=m@==CSP +STFT

Fig. 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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Fig. 5 Relative comparison of normalized 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 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  ParticipantNo  CSP STFT CSP+STFT
1 1 785451 739481 79.8+6.9
2 3 62.6+8.7 67.9+6.5 65+109
3 7 62.1+95 65.7+82 69.3+10.3
4 8 79.6+4.8 722+4 79.5+3.8
5 11 67.3+92 652+9 67.5+83
6 12 59.5+17 787+11.8 844142
7 14 825+66 79.8+39 876+32
8 38 669+108  57+96 68.5+9.8
9 42 73+85 684+3.8 759459
10 43 619+105  615+11.7  695+75
11 44 65.6+13.2 79.8+89 79.3+89
12 45 614+7.1 588+147  645+125
Mean Accuracy 684 69.1 74.2

change among all participants. Table 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 accura-
cies. 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
STET alone the highest accuracy level was demonstrated
by only one person for each algorithm which is a prob-
ability of 8.3% for the study (see Fig. 5).

Table 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 CSP
and STFT was used on data available for 12 participants.
Figure 6 graphically shows the results given in Table 3;
Fig. 7 gives the normalized classification accuracies that
allow us to compare performance of the three algorithms
for each person and compare this change among all par-
ticipants and this is a visual improvement of Fig. 6. In
Fig. 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 3 shows
that for the 12 participants, the mean classification accu-
racy 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 accu-
racy 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 Fig. 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 partici-
pants. 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 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 the three algorithms CSP, STFT or fusion of CSP
and STFT was used in the implementation and Figs. 8
and 9 displays the comparisons of the performances.
Figure 8 graphically shows the results given in Table 4;
Fig. 9 gives the normalized classification accuracies that
allow us to compare performance of the three algorithms
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Fig.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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Fig. 7 Relative comparison of normalized 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 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 7391145  751+11.1 76.8+14.6
2 3 62.7£6 623£7.6 664+7.2
3 7 55.1£13.1 591117  65+118
4 8 742+137  638%144  739+127
5 11 66+89 68.5+53 72+7

6 12 612+227  724+188  77.5%206
7 14 81.1+96 76.1£6.5 83.6+£5.8
8 38 69.3+8.7 60.3+4 71.7+6

9 42 69.1+112 6692 724+103
10 43 564+88 69.3+148  721+132
1 44 69.6+8.5 76.2+7.5 75+6.1

12 45 553+167  523+153  579+144
Mean Accuracy 66.2 66.8 72

for each person and compare this change among all par-
ticipants. Table 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 demon-
strated only by 1 person which is a probability of 8.3% for
this study and all this is shown in Fig. 9.

Table 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 5, the average classifications accuracies and their
errors for the 12 participants are shown for the three
algorithms CSP, STFT or fusion of CSP and STFT, and
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Fig. 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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Fig. 9 Relative comparison of normalized 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 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 1 784+£5 748+73 80+6.8

2 3 615£7.5 69.5+4.8 65.9+4.9
3 7 633+106  668+83 699+11.7
4 8 81.3%4 72742 81.7+3.1
5 11 68.5+9.2 66.3+8.3 694+7.2
6 12 60.2+15.1 79.8+6.1 86.1+8.7
7 14 83.9+7 80.3£3.9 889+29
8 38 728+103 594493 71.1+£86
9 42 751468 70.6+2.1 784+£5

10 43 604+122 64171 69.7+£3.8
1 44 69.8+152  80.3+9.1 80.8+8.5
12 45 586+6.8 599+152  644+126
Mean Accuracy 69.5 704 755

Fig. 10 gives a graphical representation of the results.
Figure 11 shows the normalized classification accura-
cies that demonstrates a good comparison on the per-
formance of the three algorithms for each person and
among all participants. Table 5 shows that for the 12 par-
ticipants, the mean classification accuracy for CSP was
69.5% and for STFT it was 70.4%. For the selected 12 par-
ticipants, 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 Fig. 11, it is observed that out of 12 partici-
pants, 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.
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Fig. 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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Fig. 11 Relative comparison of normalized 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 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 1 749+15 76+104 784+134
2 3 6034 624+4.5 65.8+6

3 7 558+142 602+116  644£132
4 8 763+£123  662+143 75713
5 11 66.9+94 68.8+5.1 72.5+6

6 12 608+17.8  733+195 79.7+£224
7 14 82.2+97 76.7£5.8 845+6.6
8 38 71+87 60.1+3 724+6.1
9 42 7161134  668+84 75.1+£103
10 43 558+7.2 69.6+ 14 739+135
1 44 69.8+4 76.8+8.1 759+43
12 45 53+189 506168  582+156
Mean Accuracy 66.5 67.3 73

Table 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 12 and 13 gives a clear picture of how the classifi-
cation algorithms work when using the three algorithms
CSP, STFT or fusion of CSP and STFT. Table 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 partici-
pants, 10 participants obtained the highest classification
accuracy when using CSP and STFT together for feature
extraction. This probability is 83.3% of the total partici-
pants 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 Fig. 13.
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Fig. 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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Fig. 13 Relative comparison of normalized 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

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 success-
fully classify a new session of meditation/ non-medi-
tation 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 mul-
tiple 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 & non-meditation EEG data and the second
one for LKM Others & 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 labeled as experts in meditation, the data does not

provide the level of meditation expertise as a measure-
ment 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 medi-
tators 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. Unfortu-
nately, with the limited information available without any
values to represent the expert levels, only intra-subject
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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 ses-
sions. 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 percent-
age 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 medi-
tation 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-medi-
tation 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 previ-
ous study, we showed the occurrence of similar charac-
teristics 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 medi-
tation/ 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.

4.1 Analysis based on the type of algorithm used

In this study, three pipelines were used to train and clas-
sify multiple session meditation/ non-meditation EEG
data. This was achieved using several feature extrac-
tion and classification algorithms in the initial stage to
see how well the classifications perform. Through initial
analysis, we identified that for the classification, a multi-
layer perceptron was generating good results, and hence,
it was used to proceed further. Since our aim was to iden-
tify 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 gen-
erating 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-medita-
tion tasks from a selected person can successfully classify
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a new unknown session for that individual. Addition-
ally, 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 indepen-
dently 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 1,
3 and 5 show the results for LKM Self/ non-meditation
for the use of 2, 3, and 4 training sessions and Tables 2, 4
and 6 show the results for LKM Others/ non-meditation
for the use of 2, 3, and 4 training sessions. When check-
ing 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 per-
sisted even after the multistep comprehensive cleaning.
The other possible reason is, for some participants, there
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 mediators. Past studies have shown
that at the start of learning meditation, there will not be
much of a difference between meditation and non-med-
itation brain patterns for novice meditators. But when
you consider an expert meditator, you tend to see con-
siderable differences in mind patterns between medita-
tion and non-meditation [92-95]. However, since we do
not have a measurement level that indicates the expert
levels of the participants, to compare the results, it can-
not be confirmed that the noticeable classification dif-
ferences 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 compari-
son of the three algorithms.

When considering LKM Self/ non-meditation classi-
fication, 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 train-
ing and the results obtained are depicted in Tables 1, 3
and 5 respectively. As shown in Tables 1, 3 and 5, the
best results obtained were 72.1%, 74.2% and 75.5%
respectively, when using CSP + STFT for feature extrac-
tion. When considering the mean classification accura-
cies 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%
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and 5.1%, respectively. While the mean accuracy differ-
ence between CSP alone and STFT alone is less than 1%,
the mean accuracy of CSP + STFT combination is on the
average 5.0% higher than CSP alone and STFT alone for
LKM Self/ non-meditation classification and this a sig-
nificant finding.

When considering LKM Others / non-meditation clas-
sification, 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 train-
ing. These results are given in Tables 2, 4 and 6 respec-
tively, 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-medi-
tation 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 classifica-
tion accuracies with a difference less than 1%. The results

Table 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 783+54 785+5.1 784+5

2 3 61.2+11.6 62.6+8.7 61.5+75
3 7 61.7+£99 62.1+95 63.3+£10.6
4 8 79.2+49 79.6+48 8134

5 11 63.8+8.7 67.3+92 68.5+9.2
6 12 576+216 595+17 60.2+15.1
7 14 816+69 825+6.6 839+7

8 38 655+11.9 66.9+10.8 728+103
9 42 71+£76 73+85 751468
10 43 59.1+£838 619+10.5 604+12.2
11 44 6331126 65.6+13.2 69.8+15.2
12 45 586+73 614+7.1 586+6.8
Mean Accuracy 66.7 68.4 69.5
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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 clas-
sification. 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.

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/ non-
meditation EEG data, by rearranging the results shown in
Tables 1, 2, 3, 4, 5 and 6, a different pattern was observed.
This pattern displayed that higher the number of train-
ing sessions (training data size), the higher the calculated
classification accuracy when using a certain algorithm
set for the feature extraction and classification. The clas-
sification accuracies shown in Tables 1, 2, 3, 4, 5 and 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/ non-
meditation. 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 com-
pare 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 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 Fig. 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 clas-
sification accuracy with the increase in the number of
training sessions. Figure 15 gives the normalized classi-
fication accuracies of the Table 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 Fig. 14. Figure 15 is prepared by put-
ting the lowest classification accuracy among the three
for each participant to 0 and the other two are propor-
tionally plotted by giving the largest change among all
participants to have a value 100, and all the other values
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Fig. 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
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Fig. 15 Relative comparison of normalized 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 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 734+£83 739+£8.1 748+73
2 3 63.8+134 67.9+65 69.5+4.8
3 7 64.5+£8.6 65.7+82 66.8+8.3
4 8 709+54 722+4 72.7+42
5 1 624+9.7 65249 66.3+83
6 12 746+154 787+11.8 79.8+6.1
7 14 786+52 79.8+3.9 803+3.9
8 38 53.7+10.7 57+9.6 594+93
9 42 67.6+53 684+3.8 70.6+2.1
10 43 604+11.9 615117 64.1+7.1
1 44 79+87 79.8+8.9 80.3+9.1
12 45 58.1+14.7 588+14.7 599+152
Mean Accuracy 67.3 69.1 704

changing proportionally in between 0 and 100. When
considering the individual participants, using 4 sessions
has increased the classification accuracy of all 12 partici-
pants when compared with 3 sessions and in other words
100% of total participants. At the same time, using 5 ses-
sions has increased the classification accuracy for 8 par-
ticipants out of 12 when compared with 4 sessions, and
this is a 66.7% increase.

Table 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 Fig. 16
shows the results graphically. The mean 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 train-
ing data size. Figure 17 gives the normalized classifica-
tion accuracies of the Table 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 Fig. 16.
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Fig. 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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Fig. 17 Relative comparison of normalized 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 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 79.1+7.2 79.8+6.9 80+6.8

2 3 61.7+14.2 65109 65.9+49
3 7 67.5+£9.7 693+10.3 699+11.7
4 8 79+4.7 79.5+38 81.7+3.1
5 1 64.1£86 675+83 694472
6 12 799+16.7 84+14.2 86.1+8.7
7 14 86.3+3.8 876+32 889+29
8 38 664+114 685+9.8 71.1+£86
9 42 734+£56 759+59 784+£5

10 43 65.8+9.1 69.5+75 69.7+3.8
1 44 79.5+8.1 79.3+89 80.8+8.5
12 45 624+13.1 64.5+125 644+126
Mean Accuracy 72.1 74.2 755

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 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 ses-
sions of data and the Fig. 18 shows the results 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 19
demonstrates the normalized classification accuracies of
the Table 9 and by observing Fig. 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
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Fig. 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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Fig.19 Relative comparison of normalized 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 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 729+14.1 739+145 749+15
2 3 60+10.7 62.7+6 60.3+4

3 7 56+12.5 55.1£13.1 558+14.2
4 8 72.8+135 742+137 763+12.3
5 1 64+84 66+89 66.9+94
6 12 61.7+£26.3 612+227 60.8+17.8
7 14 79.5+95 81.1+96 82.2+97
8 38 67.6+5.8 693+87 71+£87

9 42 69.8+9.1 69.1+11.2 716+134
10 43 529+106 564+88 558+72
1 44 679+11.3 69.6+85 69.8+4

12 45 56.5+15.1 553+16.7 53+189
Mean Accuracy 65.1 66.2 66.5

has increased the classification accuracy for 11 partici-
pants out of 12 when compared with 4 sessions, and this
isa 91.7% increase.

Table 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 Fig. 20 shows the results graphically. The mean clas-
sification 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. Normalized classification
accuracies of the Table 10 given in Fig. 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 ses-
sions, and this is also a 66.7% increase.

Table 11 shows the average classification accuracies
obtained for LKM-Others and non-meditation when
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Fig. 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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Fig.21 Relative comparison of normalized 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 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 74+109 751£111 76104
2 3 602+11.8 623+76 624+45
3 7 593+11.3 59.1+£11.7 602+11.6
4 8 62.6+14.7 638+ 144 6621143
5 1 66.8+5.9 685+5.3 68.8+5.1
6 12 714+£187 724+188 733£195
7 14 752+77 76.1+6.5 76.7+58
8 38 59.5+6.1 603+4 60.1+3

9 42 64.1£10.1 66+9.2 66.8+84
10 43 68.2+153 69.3+14.8 69.6+ 14
1 44 743+83 76.2+7.5 76.8+8.1
12 45 533+15 523+153 506+16.8
Mean Accuracy 65.7 66.8 67.3

using the algorithm STFT in the pipeline for the three
cases of 3 sessions, 4 sessions and 5 sessions of data and
the Fig. 22 shows the results graphically. The mean clas-
sification 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, normalized
classification accuracies of the Table 11 given in Fig. 23,
demonstrates that using 4 sessions has increased the clas-
sification 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 12 shows the average classification accuracies
obtained for LKM-Others and non-meditation when
using the algorithm CSP and STFT fusion in the pipe-
line for the three cases of 3 sessions, 4 sessions and 5 ses-
sions of data and Fig. 24 shows the results graphically.
The mean classification accuracies for the three cases
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Fig. 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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Fig. 23 Relative comparison of normalized 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 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  ParticipantNo 3 Sessions 4 Sessions 5 Sessions
1 1 76.1£13.9 76.8+14.6 7841134
2 3 65.1+93 664+72 65.8+6

3 7 64+11.3 65+11.8 644+13.2
4 8 72.1£13 739+12.7 757+13
5 1 69.7£6.9 72+7 72.5+6

6 12 783+19 77.5+20.6 79.7+£224
7 14 81.7+73 83.6+58 845+6.6
8 38 68.7+5.2 71.7+6 724+6.1
9 42 72£95 724+103 75.1+£103
10 43 70+145 721+132 739+135
1 44 729+94 75+6.1 759+43
12 45 577+126 579+144 582+156
Mean Accuracy 70.7 72 73

are 70.7%, 72.0% and 73.0% respectively and this indi-
cates an increase in the mean classification accuracy with
the increase of the number of training sessions. More-
over, normalized classification accuracies of the Table 12
given in Fig. 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%.

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 the number of training sessions increases, the clas-
sification 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
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Fig. 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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was giving a higher classification accuracy than using 3
sessions and the percentage of this is 88.9% when train-
ing 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 2% results further prove that use of more sessions
for training a machine learning algorithm increases the
classification accuracy of that algorithm.

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 partici-
pants for 8—10 sessions. Due to errors in some files and
due to having comparatively smaller file sizes, our analy-
sis was conducted only for 12 participants using the larg-
est 5 files for each mind task and our analysis was limited
to these boundaries. At the same time, although the
participants were labeled 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 improv-
ing the classification accuracies so the studies can
support the identification of new meditation/ non-medi-
tation 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 classi-
fying multiple session EEG data as an inter-subject analy-
sis. 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.
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5 Conclusion

In this study, we were able to demonstrate success-
ful classification of multiple session meditation/ non-
meditation EEG data. LKM-Self, non-meditation pair
and LKM-Others, non-meditation pair were indepen-
dently 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 pipe-
line with multiple session meditation/ non-meditation
EEG data, we could successfully classify a new session for
the same person. This creates an opportunity for initiat-
ing research developing algorithms to support a person
to progress in meditation expertise, especially when such
progress usually comes with many sessions of medita-
tion 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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