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Abstract
Analysis of brain activity for patients with brain disorders is an important research area. Mild
cognitive impairment (MCI) is a condition in which patients have more memory or thinking
problems compared to healthy people of the same age. In this work, we studied the alterations
in brain activity among control subjects and patients with MCI. Three complexity techniques,
namely sample entropy, approximate entropy, and fractal dimension, were employed to study
electroencephalogram (EEG) signals recorded from 102 control (healthy) subjects, and seven
subjects with MCI in a comfortable position, on a bed, with their eyes closed. The results
showed that the EEG signals of patients with MCI show greater complexity than the EEG
signals of healthy subjects. This analysis method can be applied to compare brain activity
among healthy subjects and patients with other brain diseases.

Keywords : Mild Cognitive Impairment (MCI); EEG Signals; Complexity; Sample Entropy
Approximate Entropy; Fractal Dimension.

1. INTRODUCTION

Many works have analyzed the brain activity of
patients with various brain disorders. For exam-
ple, the works that studied electroencephalogram
(EEG) signals for patients with depression and
schizophrenia,1 Alzheimer’s,2 epileptic seizure,3

Parkinson’s,4 and stroke.5 It is known that brain
disorders cause changes in the activations of the
brain. Therefore, EEG signals should be changed
due to different disorders. Mild cognitive impair-
ment (MCI) is a condition in which people have
more memory or thinking problems than healthy
people with the same age. Searching in the litera-
ture shows many works that analyzed EEG signals
to study the brain’s activity of MCI patients.6–9

Based on the literature, researchers have used dif-
ferent techniques (e.g. different types of entropy,10

feature extraction,11 wavelet transform,12 and
machine learning13) to study the changes in EEG
signals.

Due to the complex structure of the EEG sig-
nals,14 we employ fractal theory. We use fractal
exponent as the indicator of complexity. We can
mention a wide variety of works that analyzed dif-
ferent biomedical signals and images, such as EMG
signals,15–17 ECG signals,18,19 eye movements,20–22

GSR signals,23 stride time series,24,25 DNA random
walk,26 and X-ray images27 using fractal theory.
Similarly, the fractal theory has been extensively

used for investing EEG signals in various condi-
tions, such as response to external stimuli,28 body
movements,29 and specifically due to different men-
tal disorders.30

Approximate entropy is a proper technique to
quantify the irregularity of biomedical signals (e.g.
ECG,31 eye movement,32 PCG signals,33 stride time
series,34 and EMG signals35). It is known that
its greater values indicate higher irregularity in
a dataset. In other words, a bigger approximate
entropy shows bigger complexity. Many works can
be called that used approximate entropy to study
EEG signals.36,37

Sample entropy is also chosen in this work to
quantify the complexity of signals. Sample entropy
is independent of data length. Sample entropy is
used widely in studying biomedical signals such as
EMG,38,39 ECG signals,40 stride time series,41 GSR
signals,42 eye movements,43 and R–R time series.44

We can also call the applications of sample theory in
investigating EEG signals in various conditions.45,46

We employ these complexity measures to ana-
lyze the changes in the complexity of EEG signals
between control and MCI subjects.

2. METHOD

We want to compare the brain activity among con-
trol and MCI subjects. The box-counting method

2350124-2

Fr
ac

ta
ls

 D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 U
N

IV
E

R
SI

T
Y

 O
F 

H
R

A
D

E
C

 K
R

A
L

O
V

 o
n 

10
/1

8/
23

. R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



2nd Reading

October 10, 2023 18:47 0218-348X
2350124

Investigating the Variations in the Brain Activity between Healthy and MCI Patients

was chosen for the calculation of the fractal expo-
nent. Firstly, EEG signals are covered with same-
size (ε) boxes, and the number of boxes is counted
by the algorithm. This process is repeated in several
steps by changing ε. Finally, the fractal dimension
is calculated47:

FD =
N(ε)
1/ε

. (1)

The general form of Eq. (1) for the fractal of order
c is written as

FDc =
1

c − 1

∑N
i=1 pc

i

ε
(2)

in which, pi indicates the probability:

pi =
ti
T

, (3)

in which, ti and T indicates time.
Irregularity of EEG signals is also considered

and quantified by calculating the approximate
entropy.48 A bigger approximate entropy indicates
higher randomness or greater complexity in the sig-
nal. For a time series, a vector is formulated:

a(i) = [x(i), x(i + 1), . . . , x(i + m − 1)], (4)

in which, m and r, respectively, indicate the embed-
ding dimension and the tolerance. Cm

i (r) is written
as

Cm
i (r) =

number of a(j) such that
d[a(i), a(j) ≤ r]

N − m + 1
. (5)

The difference is written as

d[a, a] = maxc|x(c) − x∗(c)|, (6)

x(c) is m scalar component of x. By averaging
Cm

i (r) using Eq. (7), ApEn (approximate entropy)
is defined (Eq. (8)).

φm(r) =
∑N−m+1

i=1 log(Cm
i (r))

N − m + 1
, (7)

ApEn = φm(r) − φm+1(r). (8)

Sample entropy is also chosen to quantify
the complexity of EEG signals. Considering
(x(1), x(2), . . . , x(n)) as a time series, the sample
entropy is calculated using Eq. (9).49

SampleEntropy(h, r, n) = −log
X

Y
, (9)

h and r, respectively, indicate the embedding
dimension and tolerance.

X and Y are the number of template vector pairs
that satisfy Eqs. (10) and (11)

d[fh+1(i), fh+1(j)] < r (10)

d[fh(i), fh(j)] < r, (11)

in which fh(i) is written as

fh(i) = {x(i), x(i + 1), . . . , x(i + h − 1)}. (12)

We quantify the complexity of EEG signals and
then discuss their variations between different con-
ditions.

3. DATABASE AND ANALYSIS

We employed the dataset by Cejnek et al.50 This
dataset includes the EEG data recorded from
59 patients with Alzheimer’s disease, 102 control
(healthy) subjects, and seven subjects with MCI
while they were in a comfortable position, on a
bed, with their eyes closed. Since, according to the
literature, several works have been focused on the
analysis of the variations of EEG signals between
control subjects and patients with Alzheimer’s dis-
ease,51–53 in this research, we only focus on analyz-
ing the change in the EEG signals among control
and MCI subjects. Cejnek et al.54 recorded EEG
data from subjects using a 21-channel digital EEG
setup (Walter EEG PL-231, Germany) with a sam-
pling frequency of 256 Hz and TruScan 32 (Alien
Technik Ltd., Czech Republic) with a frequency of
128 Hz and 21-channel setup. Then, they downsam-
pled the recorded data to 128 Hz. After detrending
the data, they used a notch filter, which filtered
the data out of 50 Hz. They also manually removed
artifacts (e.g. eye movements, ECG artifacts) from
data. More information can be found in Ref. 54.

We quantified the complexity using the equa-
tions in the method section. Boxes with the size
of 1

2 , 1
4 , 1

16 , . . . , 1
n were chosen. The calculation of

parameters was performed in MATLAB 2022a.
After that, we compared the significance of the dif-
ference in the complexity of EEG signals between
control and MCI subjects using a one-way ANOVA
test. 0.05 was considered as the significance level.

4. RESULTS

The fractal dimensions of EEG signals are shown
in Fig. 1. This figure shows that the FD of EEG
signals has a smaller value for control subjects
than for MCI subjects. Since the FD indicates the
complexity, the EEG signals’ complexity for MCI
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Fig. 1 FD of EEG signals in healthy and MCI subjects.
Error bars indicate standard deviation.

Fig. 2 EEG signals’ sample entropy in healthy and MCI
subjects. Error bars indicate standard deviation.

patients is greater than for control subjects. The
p-value = 0.0151 states that the difference in the
fractal dimension of EEG signals among healthy
and MCI subjects is significant.

The signals’ sample entropy for control and MCI
subjects are presented in Fig. 2. The sample entropy
has a smaller value for control subjects than for
MCI subjects. Therefore, EEG signals of MCI sub-
jects are more complex than the EEG signals of
control ones. Furthermore, p-value = 0.0052 indi-
cates that the change in the sample entropy between
healthy and MCI subjects is significant.

The approximate entropy of signals for control
and MCI subjects is presented in Fig. 3.

The approximate entropy of EEG signals has a
smaller value for control subjects than for MCI sub-
jects. Therefore, it can be stated that the EEG sig-
nals of MCI subjects are more random than the
EEG signals of control subjects. In other words,
the EEG signals of MCI subjects are more com-
plex than those of control subjects. Furthermore,
p-value = 0.0217 indicates that the change in the

Fig. 3 Approximate entropy of EEG signals in healthy and
MCI subjects. Error bars indicate standard deviation.

approximate entropy of EEG signals between con-
trol and MCI subjects is significant. Therefore, the
approximate entropy changes are similar to the frac-
tal dimension and sample entropy.

5. DISCUSSION AND CONCLUSION

We investigated the changes in brain activity among
healthy and MCI subjects. We utilized complex-
ity methods to analyze the EEG signals. Based
on the results, the EEG signals of MCI patients
show greater complexity than the healthy subjects.
Therefore, EEG signals of MCI subjects are more
complex than EEG signals of healthy ones. The
results of ANOVA tests stated that the change in
the complexity of signals among healthy and MCI
subjects is significant. The obtained results can be
concluded from the fact that MCI patients have
more memory or thinking problems than healthy
people of the same age. Accordingly, higher activ-
ity in the brain leads to greater complexity in the
EEG signals55 for these patients than healthy peo-
ple.

We can expand the analysis by considering dif-
ferent types of brain disorders. For instance, we
can study how EEG signals’ complexity is dif-
ferent among healthy subjects and patients with
Alzheimer’s or Schizophrenia diseases.56

Since the brain controls different organs of the
human body,57 in further research, we can com-
pare the correlation of the brain and different organ
activities among healthy subjects and patients with
other disorders. For example, we can compare the
brain–heart correlation in healthy subjects with the
brain–heart correlation in MCI patients to inves-
tigate how the disorder affects the brain on con-
trolling the activation of different organs. For this
purpose, we analyze the complexity of an organ’s
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physiological signal (e.g. ECG signals in the case of
the heart) versus the complexity of EEG signals.

All these analyses help scientists decode the
changes in the brain activity of patients in com-
parison with healthy subjects.
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