Analysis of effect of Meditation on Cognitive Load using Higher
Order Crossing Features

N. Jadhav, R. Manthalkar and Y. Joshi
Department of Electronics & Telecommunication Engg.,SGGSIE&T, Nanded- India

{jadhavnarendra,rrmanthalkar,yvjoshi } @sggs.ac.in

Abstract. In this paper, the effect of meditation on the seven load arithmetic tasks using Electroencephalogram
(EEQG) is investigated. The focused attention on breathing is taught to 11 healthy subjects as a simple meditation
technique. EEG signals have been recorded at the beginning of meditation and after four weeks of regular medi-
tation (daily 20 minutes) using EMOTIV device. The higher order crossings (HOC) features are derived from
EEG signals for analysis of seven cognitive loads. The pre and post-experiment results are compared based on
reaction time and effect on brain lobe. The K-Nearest Neighbors (K-NN) classifier is used for classification of
seven loads and achieved 83.57% accuracy in the post and 89.61 % accuracy in pre-experiment. The EEG-based
cognitive load analysis is an important tool for continuous memory load measurement application.
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1 Introduction

Cognitive load is an indicator of mental effort that is being used in the cognitive task. Cognitive monitoring [1]
is a measurement of the load imposed on the working memory to avoid cognitive overload during a critical situ-
ation like air traffic control and emergency operations. In student life, the cognitive loads increase due to cogni-
tive demands during examination like memorization and mathematical calculations. In order to reduce the anxie-
ty and fear during critical situations, the physical and mental stability are important. The meditation is an ancient
technique considered for body and mind regulation. The meditation plays an important role at physical, spiritual,
and mental levels. EEG has an excellent temporal resolution in the millisecond than PET and fMRI. The human
thoughts are formed due to the electrical activities of neurons within the brain. These activities are possible to
record due to advances in brain sensing technology such as wireless EMOTIV EPOC+ device [2]. The cognitive
loads are measured by different methods such as subjective method [3, 4], and behavioral &physiological
measures. Physiological measures consist of heart rate variability (HRV) [7], galvanic skin response (GSR) [8],
and EEG [1]. The brain activity recorded using EEG is recognized as perfect cognitive load reflector among the-
se methods. The meditation techniques are classified as focused attention and open monitoring meditation [10].
In this paper, the focused attention meditation is used. Meditation affects many cognitive abilities. The stress
and anxiety are reduced by the meditation practice. The four weeks meditation practice is considered in this
work. EEG features obtained in pre and post-experiment are compared to investigate the effect of meditation.
The objective of this paper is to investigate the effect of meditation on arithmetic task load using HOC features.
This experiment has not been studied yet.

1.1 The Background

As per literature survey, EEG-based cognitive loads mostly studied cognitive tasks, memory performance, reac-
tion time, and cognitive processes. Zarjam et al. [11, 12] investigated memory load using EEG signals during
cognitive task inducing seven levels of workload using arithmetic tasks. The 98 % classification accuracy has
been achieved using wavelet features like entropy, energy, and standard deviation, across twelve subjects for
seven load levels [12].
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In [13-16], the brain lobe variations for different load levels have been studied using EEG signals. It has ob-
served that as load level increases, the variation in different brain lobes increases and the frontal theta activity
increases [16]. The effect of mindfulness meditation on cognitive load is discussed in [10, 18, 19]. The signifi-
cant improvement in attention after 4 weeks of meditation (daily 20 minutes) than the control group is studied in
[18]. The cognitive load in pre and post-meditation has assessed using the Stroop task and the d2-test of atten-
tion [19]. The clinical and psychological effects of meditation are summarized in [10].

1.2 The Contribution

There are three steps to access the enhancement of cognitive ability using meditation as:
1. To assess the cognitive load using EEG signals is known as pre-experiment. The cognitive load induc-
ing seven levels of load using arithmetic tasks.
2. Regular practice of meditation for 20 minutes with awareness for 4 weeks.
3. Repeat step one after 4 weeks. This is known as post-experiment.

After above three steps, the investigations of enhancement of cognitive load results are compared in pre and
post-experiment. EEG signals recorded during a cognitive task is correlated with an assessment of memory in-
volves in a task using HOC features and classify the seven load levels using K-NN classifier.

Based on previous studies, the effect of meditation on arithmetic cognitive load based on EEG signals has not
been studied yet. The contributions of this work are: To investigate the effect of meditation on the seven load
arithmetic tasks using HOC features and classify the load levels using K-NN classifier. Compare pre and post
experiment results based on reaction time and effect on brain lobe. The paper is organized as follows: Section2
is discussed about the material and methods. In section 3, the pre-processing, feature extraction and data classi-
fication are discussed. The results and discussion are presented in section 4. The conclusion is discussed in sec-
tion 5.

2 Material and Methods

2.1 The subjects

EEG signals are recorded from 11 healthy (6 males and 5 females) institute students in the age group of 22.32
(x1.1) years participated voluntarily as the subjects in pre and post experiment. Before the experiment, the sub-
jects have signed a consent form and have been introduced about cognitive tasks and meditation instructions.
The subjects performed daily meditation of 20 minutes with spine erect and concentrate on breathing with
awareness of inhale and exhale.

2.2 EEG data recording

EEG signals are recorded using EMOTIV EPOC+ wireless EEG device on a separate recording laptop. The
arithmetic tasks are displayed using another laptop, 70 cm away from the subject in order to minimize eye
movements. The EEG recording has been done using fourteen electrodes EMOTIV EPOC+ headset with sam-
pling frequency 128 Hz. The fourteen electrodes:AF3, AF4, F3, F4, FC5, FC6, F7, F8, T7, T8, P7, P8, Ol1,and
O2are based on the international 10-20 EEG format. The EEG is recorded during seven arithmetic task levels in
pre and post experiment of the same subject.

The subjects are asked to avoid any physical movements to minimize the artifacts of muscle movement. The
correct answer is indicated by showing finger up by keeping a hand in a fixed position. The subject could make
eye blinks or movements in 30 seconds’ break between each two levels.

2.3 Experimental protocol
The protocol of this work is same as used in [11, 12]. The cognitive load is of seven different addition load lev-
els. The first load level is simple one digit addition without carry and the last level is three digit additions with

three carries. The load level displayed from very low (easy) level to extremely high (difficult) level. The task of
each level is shown in Table 1.
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Table 1. Task of each level

Level Task Example
L1 (easy) 1&2 digit numbers addition 55+3
L2 1&2 digit numbers addition with one carry 64+6
L3 2 digit numbers addition with one carry 64+62
L4 2 digit numbers addition with two carries 77+33
L5 2&3 digit numbers addition with one carry 288+21
L6 2&3 digit numbers addition with two carries 399+34
L7 (difficulty) 3 digit numbers addition with three carry 978+895

The task starts by displaying start at the center of the screen for 2 seconds so subjects become ready for the task.
Each number is displayed at the center of the laptop screen sequentially for 2 seconds. Then the black screen has
shown for 1 second which demands on working memory. The memory demands are for arithmetic rules and do-
ing the calculation with or without carry. The multiple-choice answers have been shown for 8 seconds after 1
second retention time. There were six tasks in each level, total 42 additions in seven levels as shown in Fig. 1.

2sec 2 sec 2 sec 1sec 8sec
Start |---.{ No. }--| No. [---{ RT. |- - Ans.
30 sec
| R PRSP ————— I [ | R — T6 |—.——| End
L1 feeeeme- L2 fprmmmmrmimim e LS prmrmrmrmimmimimimimeien L7

Fig. 1 Protocol of experiment.
No. - Two numbers, RT-Retention time, Ans. - Answer, T1 to T6 - 6 tasks, L1 to L7 - 7 load levels, End - Relax time after
each level

After each level, 30 seconds’ break is given to subject for relaxation purpose. The time for each level is the
same, to impose a cognitive load on the subject when doing addition. EEG signals are recorded for each level in
pre and post experiment. Also, reaction time (time required to answer by the subject after displaying multiple
choice answers), and performance accuracy (correct answer by subject) of each subject are noted simultaneous-
ly. The cognitive load level is increased consistently from easy to difficult level.

3 Feature extraction and classification

After EEG recording from each subject, three steps are used: pre-processing, feature extraction and
classification which are discussed in this section

3.1 Pre-processing

The zero mean EEG data of each subject is pre-processed using band pass filter in 1 to 45 Hz for removing the
artifacts. The band pass filter is designed using FIR filter with Hamming window of length L=N+1.

The filter length Nis calculated by Kaiser Window method with cut-off frequency 1 to 45 HZ and deviation
[0.05, 0.01]. After removing artifact, the load levels are extracted from the EEG data. The EEG signals are ex-
tracted into 90 seconds (15 seconds x 6tasks) epoch corresponding to the duration of each load level. Then the
EEG signals of 5 seconds’ length are segmented for feature extraction method.

3.2 Feature Extraction

The time domain HOC feature is used in this work. The zero mean time series is represented as X, where t = 1,
2. . N is up and down oscillation about zero levels and can be used for the zero crossing count. The original os-
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cillations of time series are changed due to filtering; hence zero count also changed. Under this point of view,
filter and count procedure could be used to count zero crossing. This process is known as HOC [20].
A high pass filter is given by difference operator V as

VX, =X, =X, @
A high pass filter sequence is defined as

VX, k=12,..; t=12,.,N @)

A time series X, (k) is constructed for the estimation of the number of zero crossings by symbols 1 (for zero
crossings) or 0 (non-crossing) and is given by

1, it (vVKIx) =0

X (k)= ®)

o, if (vKIx) <o

The corresponding HOC can be estimated by
D, = NZCV**'X, (4)

where, NZC is the number of zero crossing and the desired HOC is then estimated by counting symbol changes
in time series X1(k), X2(k), ...., XN(k), i.e.

D, = Y 1X,(0- X, (T ®

HOC discrimination power diminishes as order (k) increases. HOC is obtained using the corresponding se-
quence of zero crossing for different k. The feature vector FVHOC = [D1, D2 . . . D10] is used for classifica-
tion. In this work, HOC is estimated with a maximum order of 10.

3.3 Classification

The K-NN classifier is nonlinear classifier and very simple. They consist in assigning a feature vector to a class
according to its nearest neighbors [22]. In this work, Euclidean distance is used to define the nearest neighbors
of a feature vector. The K-NN may prove to be efficient with low dimensional feature vectors. The K-NN classi-
fier is used for classification of seven cognitive loads. The performance of classifier is measured by accuracy
and is defined as

(TP+TN)
(TP+TN+FP+FN)

Accuracy = (6)

where, TN is true negative, TP is true positive, FN is false negative and FP is false positive.

The classification analysis result has been verified by 10-fold cross-validation method to the dataset. The whole
EEG dataset is divided into ten subsets. The K-NN is trained with nine subsets and the remaining subset is used
for testing. This method has been repeated ten times with each subset being used for testing. After validation,
the accuracy was calculated by averaging the performance of each feature type.

4 Result and discussion

In this section, we investigate some answers for: What is the effect of meditation on frontal, temporal, parietal,
and occipital lobe in pre and post experiment? What is the reaction time in pre and post? What is the effect of
meditation on average classification rate?

ATLANTIS
PRESS



Analysis of effect of Meditation... 437

4.1 HOC for each brain lobe in pre and post experiment

The HOC rate for each lobe across 11 subjects in pre and post experiment is shown in Fig. 2. The HOC in post-
experiment is decreased for all lobes and for all levels except L4 level. This result shows the zero crossing in
post-experiment is less i.e. EEG signal variation is less. The HOC in frontal and temporal lobe is more as shown
in Fig. 2. The frontal lobe is responsible for short memory and attention and the temporal lobe is responsible for
long-term memory. In the seven arithmetic loads, the short and long term memory is involved during tasks [11,
12]. The quantitative analysis of HOC feature for each lobe across all subjects is discussed below.

Frontal lobe Temporal lobe
300 320
290 300
o 280
o 280
T 270
260 260
250 240
L1 L2 L3 L4 L5 L6 L7 L1 L2 L3 L4 L5 L6 L7
Parietal lobe Occipital lobe
310 310
300 300
o 290 290
o
T 280 280
270 270
260 260 :
L1 L2 L3 L4 L5 L6 L7 L1 L2 L3 L4 L5 L6 L7

| —e— Pre ——=— Post

Fig.2 HOC for seven load levels across 11 subjects for each brain lobe in pre and post experiment.

For frontal lobe, the mean (standard deviation) values of HOC feature for seven load levels in pre-experiment
are [L1: 285.14 (£9.9); L2: 287.88(%£10.8); L3: 277.04(%14.8); L4: 273.61(£9.1); L5: 278.97(=11.7); L6:
281.68(£10.3); L7: 276.80 (£9.5)] and in post-meditation, the mean (standard deviation) values are [L1: 281.88
(£13.9); L2: 271.91 (+21); L3: 277.03 (£7.2); L4: 279.76 (£5.8); L5: 271.48 (£11.4); L6: 279.03 (£11.2); L7:
275.44 (£14.9)]. The statistical values of the HOC are less in post-experiment (except L4) than in pre-
experiment which shows that zero crossing is decreased in post-meditation.

Average reaction time in pre and post
451

—&— Pre —4&— Post

Reaction time (sec)
w
w (9]

N
[

15 . . . . . . . )
0 L1 L2 L3 L4 L5 L6 L7 8

Load Levels

Fig. 3 Average reaction time in pre and post experiment for seven load levels
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The mean (standard deviation) values of HOC feature for seven load levels in pre-experiment for temporal are
[L1: 308.28 (£6.7); L2: 304.46 (£8.1); L3: 297.45 (£8.2); L4: 296.99 (£7.9); L5: 295.01 (x11.8); L6: 299.30
(£10.7); L7: 294.97 (£10.7)] more than in post-meditation [L1: 282.52 (£18.4); L2: 281.55 (£16.6); L3: 278.72
(x17.4); L4: 280.27 (£17.2); L5: 279.50 (£15.4); L6: 277.48 (£18.8); L7: 280.19 (£18.1)]. The statistical values
of the HOC show that the effect of meditation on temporal lobe is decreased in post-meditation. The variation of
HOC for parietal and occipital lobe is less in pre and post-experiment.

4.2 Average reaction time in pre and post experiment

The reaction time in post-experiment is decreased than the pre-experiment as shown in Fig. 3. As load level in-
creases, the reaction time increases in pre and post experiment. This result indicates that the load on memory in-
creases as task level increases. The reaction time is measured by putting the marker when subject answers after
displaying multiple choices. The reaction time for the post-experiment and pre-experiment is 3.01 (+0.07) and
3.20 (£0.06) across all levels respectively. The reaction time in post-experiment is less than the pre-experiment
by 6 %.

4.3 Classification accuracy

The average classification accuracy of K-NN classifier using HOC features is shown in Fig. 4. The classification
accuracy decreases as load level increases in pre and post-experiment. The maximum classification accuracy is
89.61 % in pre-experiment and 83.57 % in post-experiment for two load levels and minimum classification ac-
curacy 64.75 % in pre-experiment and 58.16 % in post-experiment for seven load levels. The accuracy in the
post-experiment is decreased indicates the equanimity achieved in the subjects after 4 weeks of meditation. The
equanimity represents the calmness in the subjects in post-experiment.

Average Classification rate in Pre and Post

90g

~
()]

~
o

Average Classification rate

[e2]
a

60

55
2 levels 3 levels 4 levels 5 levels 6 levels 7 levels

Fig. 4 Average accuracy rate in pre and post experiment for each level

5. Conclusions

A new HOC based classification method has been proposed here for investigation of the effect of meditation on
seven level cognitive loads. This method has exposed the potential of cognitive load measurement method from
EEG signals. The highest average classification accuracy of K-NN is 89.61 % obtained for cognitive load. The
effect of the cognitive load has been observed at the frontal and temporal lobe. The reaction time has been in-
creased as load level increases. In future, the reaction time could be monitored by video recording to avoid the
human error and improve classification accuracy by using different classifiers. These would be used in the edu-
cation system for improving the engagement of students in learning.
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