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Abstract:

Depression is a disease that, if left untreated, can lead to risks such as self-harm and suicide. It
can be treated with exercise and antidepressant drugs. Timely and accurate diagnosis of depressed
subjects can help prevent such dangerous behaviors. An electroencephalogram (EEG) is an
available tool in clinics and hospitals for measuring brain activity. In this article, the ability of
three kinds of parameters, including linear, nonlinear, and time-frequency-based features, was
evaluated for the accurate detection of normal and depressed EEG signals. The EEG signals of
22 normal and 22 depressed subjects were used to evaluate the proposed framework. In the first
step, the input EEG signals were decomposed into their intrinsic mode functions (IMFs) using the
ensemble empirical mode decomposition (EEMD) method, and the best mode with the highest
effect was selected by mutual information (MI). After that, these three kinds of features were
extracted from the best IMF and fed to a k-nearest neighbors (KNN) classifier. We found that
time-frequency features are better than nonlinear and linear features in detecting depressed EEG
signals. Additionally, EEG signals from the right hemisphere of the brain were better than those
from the left side for depression detection. In the final step of the proposed method, significant
features were selected by the particle swarm optimization (PSO) algorithm and fed to the KNN
classifier, resulting in average classification accuracies (ACC) of 91% and 92% for the left and
right hemispheres, respectively. The proposed method can be used in clinics and hospitals for
accurate, fast, and accessible detection of depressed subjects.
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1. Introduction

tration, restlessness or slowness, loss of energy, or recurrent
thoughts of suicide [2].
In developing countries, many people do not have access

Depression is a medical disorder that can affect a patient’s
personal and social life. One in ten people struggles with
depression, making it the most common cause of disabil-
ity worldwide [1]. Unfortunately, because it is a mental
illness, it is less understood by people than physical ill-
nesses. Depression can present with a variety of symptoms,
including a low mood, loss of interest in things typically
enjoyed, changes in appetite, feelings of worthlessness or
excessive guilt, sleeping too much or too little, poor concen-

to a psychiatrist. The diagnosis of depressed individuals
typically requires the experience of a psychiatrist, which is
prone to human error. For this reason, a method based on
computer-aided diagnosis (CAD) systems is desirable for
depression detection.

Magnetic resonance imaging (MRI) and positron emission
tomography (PET) scans have previously been used in diag-
nosing brain disorders such as depression [3, 4], as shown
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in Fig. 1.

However, the main drawback of these methods is that this
equipment is inaccessible to a large portion of the popu-
lation. On the other hand, Electroencephalogram (EEG)
signals have been widely used in clinics and hospitals to
measure brain neuron activity [5, 6]. Many methods have
been proposed based on EEG signals for detecting brain
disorders such as epilepsy [7-10], schizophrenia [11], sleep
apnea [12], autism [13], focal seizures [14], attention deficit
hyperactivity disorder (ADHD) [15, 16], and alcoholism
[17].

Most developed methods for the detection of depression in
EEG signals are based on time-frequency decomposition
methods, such as traditional wavelet transforms and nonlin-
ear feature extraction. In [18], a method based on power,
frequency, asymmetry, and coherence was developed for the
detection of depression in EEG signals. A wavelet-chaos
methodology using discrete wavelet transforms (DWT) and
two fractal dimensions (Katz and Higuchi) was proposed
in [19], where the input EEG signals were decomposed by
DWT and fractal dimensions were computed as discrimina-
tion features. These features were then fed to an enhanced
probabilistic neural network (EPNN) classifier, which re-
ported a maximum classification accuracy (ACC) of 91.3%.
In a similar study [20], DWT was used to decompose EEG
signals, and relative wavelet energy (RWE) was extracted
from the coefficients as features, which were then fed to
an artificial neural network (ANN) classifier, achieving a
classification ACC of 98.11%. In [21], a method based
on extracting nonlinear features was proposed, including
detrended fluctuation analysis, fractal dimension, correla-
tion dimension, and the largest Lyapunov exponent. These
features were fed to various classifiers such as k-nearest
neighbor, linear discriminant analysis, and logistic regres-
sion, with a maximum classification ACC of 90% obtained
by the logistic regression classifier.

A novel technique, namely spatiotemporal analysis of rel-
ative convergence (STARC), was proposed in [22] for the
diagnosis of male and female MDD patients. In a com-
parison study [23], the ability of the spectral asymmetry
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index (SASI) and the Higuchi fractal dimension as discrim-
ination features was tested for depression detection, with
a maximum classification ACC of 94% obtained using the
Higuchi fractal dimension feature, indicating its effective-
ness in depression EEG detection. In [24], an entropy-based
method was used where EEG signals were decomposed
using wavelet packet transform into sub-bands. The approx-
imate, sample, Renyi, and bispectral phase entropies were
then computed from the sub-bands as features and fed to a
probabilistic neural network (PNN) classifier, achieving a
perfect classification ACC of 99.50% in depression diagno-
sis.

In [25], a new index for detecting depression in EEG sig-
nals was proposed based on nonlinear features, achieving
a classification ACC of 98%. Liao et al. [26] proposed
a feature selector called kernel eigen-filter-bank common
spatial pattern (KEFB-CSP) and then computed the dimen-
sionality reduction vector using kernel principal component
analysis (kernel PCA), with a reported accuracy of about
81.23% from the SVM classifier. In [27], synchronization
likelihood was employed as a feature for depression EEG
signal detection, with classification sensitivity (SEN) and
specificity (SPE) of 96.9% and 91%, respectively, using two
classifiers.

Bairy et al. [28] applied the predictive coding (LPC) method
and extracted higher-order statistical features. Features were
ranked using ROC and fed to a bag tree classifier, result-
ing in an ACC of 94.30%. In [29], linear and nonlinear
features were fed to a logistic regression classifier, which
achieved a maximum classification ACC of 92% in depres-
sion EEG signal detection. In [30], a deep learning method
based on a convolutional neural network (CNN) classifier
attained maximum classification ACCs of 93.5% and 96%
for the left and right hemispheres, respectively. In [31], a
new wavelet called the bandwidth-duration localized (BDL)
three-channel orthogonal wavelet filter bank (TCOWFB)
decomposed the EEG signal into three levels. The L2 norm
entropy was then computed from the sub-bands as a discrim-
ination feature and fed to the least squares SVM classifier,
reporting a classification ACC of 99.58% in normal and

Depressed

Figure 1. Sample of positron emission tomography (PET) scan in normal and depressed brain.
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depression EEG signal classification.

It is clear that most of the proposed methods for depres-
sion detection are based on wavelet-based decomposition
methods. By reviewing past works, it can be said that most
of them rely on traditional wavelet transforms. The major
drawback of DWT is that it is not adaptive to the frequency
of the input signal. The empirical mode decomposition
(EMD) technique has been proposed for analyzing nonlinear
and non-stationary signals like EEG. EMD extracts the in-
trinsic mode functions (IMFs) of the input signal. Although
EMD has shown acceptable performance in biomedical sig-
nal processing applications, its IMFs are very sensitive to
noise and suffer from mode mixing problems. The ensem-
ble EMD (EEMD) was proposed to address this issue. In
this work, for the first time, the ability of EEMD as a pro-
cessing tool is evaluated in the application of depression
EEG signal detection.

Additionally, by reviewing feature extraction methods for
depression detection in the literature, it is found that most
of them are based on linear features like statistical features,
and nonlinear features like chaotic and fractal dimensions.
Recently, time-frequency-based features such as mean in-
stantaneous amplitude (IA), mean instantaneous frequency
(IF) and mean instantaneous phase (IP) of IMFs have shown
acceptable performance in some EEG signal processing
problems, such as brain-computer interfaces (BCI) [32, 33]
and focal EEG signal detection [34, 35]. In this work, for the
first time, the ability of these three time-frequency-based
features is evaluated in depression detection. Moreover,
no previous work has compared the ability of linear and
nonlinear features in depression detection. For this rea-
son, we compare the ability of linear, non-linear, and time-
frequency-based features (i.e. A, IF, and IP) for accurate
detection of depressed patients.

In this study, for comparison, the EEG signals are first fil-
tered with a low-pass filter. Then, the IMFs are extracted in
the EEMD domain. The best IMF is selected using the mu-
tual information (MI) method. After that, linear, nonlinear,
and time-frequency-based features are extracted. Significant
features are selected using the particle swarm optimization
(PSO) algorithm and finally fed to a k-nearest neighbors
(KNN) classifier. The tenfold cross-validation strategy is
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used during the training and testing phases of the classifier.
The paper is organized as follows:In Section 2, the database
used is defined. In Section 3, the proposed framework is
described, covering EEMD, MI, feature extraction, PSO,
and KNN. The experimental steps are provided in Section
4. The experimental results and discussion are presented
in Section 5. The conclusion of our paper is provided in
Section 6.

2. Used database

In this study, we used a dataset consisting of 44 subjects
(male and female). The dataset was obtained from 22
healthy individuals with no history of psychiatric disease
and 22 individuals with depression. Participants in both
the depressed and normal groups were selected from the
age group of 23 to 58 years. EEG signals were recorded
in a resting condition from the participants with open and
closed eyes for ten minutes [36, 37]. The recordings were
performed using bipolar surface electrodes according to the
International 10 — 20 system. EEG signals were recorded
from the FP1-T3 channel on the left hemisphere and the
FP2-T4 channel on the right hemisphere of the brain during
the experiment. The sampling frequency rate was set to
256 Hz, and a notch filter was used to eliminate power line
interference noise. Additionally, an experienced expert was
consulted to manually eliminate and discard other factors
such as muscle and eye movement artifacts from the signals.
Given the non-stationary nature of EEG signals [10], they
were divided into segments of 500 samples. In this work,
MATLAB 2016 software was used for signal processing and
analysis. A sample of normal and depressed EEG signals
is shown in Fig. 2. This experiment was approved by the
Research Ethics Committee of AJA University of Medical
Sciences, Tehran, Iran [36, 37].

3. Proposed framework

This subset describes the steps of the proposed framework.
The block diagram of the proposed framework for depres-
sion detection is shown in Fig. 3.

3.1 EEMD

EMD of the ensemble average of the Gaussian noise-
assisted data is provided by EEMD. In fact, lower levels of
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Figure 3. Block diagram of the proposed method.
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Gaussian noise will be mixed with the original signal and
then EMD will decompose it [38]. Here, we present EEMD
steps.

1. Obtaining x'(n) = x(n) +w'(n)

where x(n) represents the real signal and wi(n) stands for
a distinct realization (i =1,2,...,R) of the white Gaussian
noise with the unit variance and a zero mean.

2. Decomposing x'(n) by averaging, called relative IMFs
as IMF{( (n), where k =1,2, ..., L, and L represents various
modes.

3. Determining the modes average as:

1R ‘
IMFy (n) = T Y IMF, (n) (1)
i=1

Fig. 4 is a representation of the extracted IMFs for normal
and depressed EEG signals.

3.2 Mode selection

The similarity or interdependency of the random variables
can be quantified through mutual information (MI). This
study deals with using such an approach as the mode se-
lection method to determine the best IMF which is known
as the most significant data of the input EEG signal. Then,
such data has been used in multi-resolution analysis of the
EEG signal, through EEMD. The MI can be mathematically
formulated for individual variables of U and V, as follows
[27]:

MI(U,V) = H(U) +H(V) - H(U,V) 2)
in which, the function H shows the computed entropy value
of each variable, and the joint entropy of the variables is
shown as H(U,V). It should be noted that the available
length of the records has been considered through the IMF
selection process.

——Depressed
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3.3 Feature extraction

Linear features: In this work, to evaluate the linear behav-
ior of EEG signals, five simple statistical parameters-mean
(Men), median (Med), standard deviation (Std), maximum
(Max), and minimum (Min) of IMFs-are extracted as linear
features.
Nonlinear features: To measure the nonlinear behavior
of EEG signals, five entropies-Shannon entropy (ShEn),
log energy entropy (LeEn), threshold entropy (ThEn), sure
entropy (SureEn), and norm entropy (NrEn) of IMFs-are
extracted as nonlinear features. Table 1 describes the ex-
tracted linear and nonlinear features.
Time-frequency based features:It has been suggested that
the Hilbert transform should be applied to all IMFs obtained
through the EMD procedure [24]. Any real IMF’s analytic
signal is determined by:

2(t) = ¢(t) + jeu(t) 3)
which the ¢(¢) Hilbert transform is defined as cg (1) = ¢(¢) *

1 .
=+ Eq. (4) could be defined as:
2(t) = A()e @)

The amplitude of the analytic signal (A(¢)) and instant
phase(¢) could be written as:

A(t) =/ e(t) + 3y (1) ®)
- CH (I)
¢(t) = arctan [ 0 } (6)
The analytic IMF instant frequency z(¢) is defined as:
_ do(t)
w(r) = ” (N
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Figure 4. IMFs of EEG signals of normal and depressed EEG signals.

2588-7335[https://dx.doi.org/10.57647/j.spre.2024.0804.19]


https://dx.doi.org/10.57647/j.spre.2024.0804.19

Rafiei et al.

SPRES (2024) -082419 5/11

Table 1. Mathematical description of linear and nonlinear features.

No. | Feature | Expression Remarks
1 Men Mean= %):,’-‘:1 Xi n and x; is the lengths and ith sample of input data
if nb
2 Med Median = *n/2 lf noeeven n and x; is the lengths and ith sample of input data after sorting
X[(n/2)+1] T X[nj2) Lf nbe even

3 Std STD= \/ (1/n) X | (xi — mean)? n and x; is the lengths and ith sample of input data

4 Max MAX = max(x;) Maximum value of input data

5 Min MIN = min(x;) Minimum value of input data

6 ShEn ShEn=Y7" | xjlog(1/x;) n and x; is the lengths and ith sample of input data

7 LeEn LeEn=Y7" log(xiz) n and x; is the lengths and ith sample of input data

1 i| > €

ThEn(x;) = bi . . .

8 ThEn So, 0 elsewhere xi is the lengths of input data and € is threshold
ThEn = #{i such that|x;| > €}

9 SureEn | SureEn=n—#{i such that|x;| < €} + Yymin(x?,€%) | x; is the lengths of input data and € is threshold

10 NrEn NrEn=Y7 log |x; |7 n and x; is the lengths and ith sample of input data

The signalx(t) presented in Eq. (3) could be stated in a
Fourier-like expression as:

M
x(t) R Y Ap(t)elon® (8)

m=1

which the index m relates to mth IMF and R{.} refers to
the real component of a complex quantity.

In this work, three parameters of IMFs such as mean instan-
taneous amplitude (IA), mean instantaneous frequency (IF),
and mean instantaneous phase (IP) of IMFs are extracted as
discriminating features.

3.4 PSO

The binary PSO algorithm is one of the meta-heuristic al-
gorithms that solve the problems with the least information.
And also in the other categorization, belongs into the swarm
intelligence algorithms category that was first introduced
by Kennedy and Eberhart in 1997 and used as a solution

to solve binary optimization problems [39]. In the initial
PSO model, there are populations of N particles and each
has a position and an objective value and it moves in the D
dimension search space. Particles flow according to their
own best previous experience and the best experience of
the entire population to seek out the best possible optimum
solution [40]. Note that the objective value is the suggestion
of each particle to solve the problem and also in general,
the vector representing the motion direction of the particle
is known as the velocity vector since the velocity vector is
always tangent upon the motion direction vector of a mov-
ing particle.

As mentioned each i particle of the population has some
information in its own current position which comprises:
the particle velocity, the best experienced position, and
the best overall experienced position (Fig. 5(a)). In a d-
dimension space, the position of the particle is expressed
as X= (xj1,xi2,...,xip) and the velocity of the particle is

Personal best d
experienced position P bestl- ®
(a) (b)
ICurrent position
e
Global best Gbesl'i ®
experienced position
d d
Pbest; (t) Pbest; (t)
(c) (d)
New position
d
X ®
Goest (ty Gbest® (t)

Figure 5. The steps of the performance of the BPSO algorithm to seek out the best solution to solve binary optimization

problems.
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denoted as V = (vi1, vz, ..., Vip); Where i is the order of parti-
cles. The personal best experienced position of each particle
is called Pbest and the global best experienced position is
known as Gbest (Fig. 5(a)); for each iteration t, the Pbest
of particles is compared with the Gbest; if the Pbest of a
particle was better than Gbest then particle does not shift
otherwise it has to move in the Gbest direction to find the
best solution. The change of location occurs as follow: if
each particle moves based on the weighted coefficient from
its own previous velocity, Pbest and Gbest (Fig. 5(b)), then
the resulted displacement vector of three vectors produces a
vector that reveals the new position of the particle (Fig. 5(c)
and (d)).

According to the above, the new velocity of each particle is
updated as follow:

V(2 4+1) =w(r) x v (1) + €)
c1 Xy X (Pbestid(t) —x{j(t)) +

€ Xy X (Gbestd(t) —xf(t))

where x, v and i are the positions, the velocity, and the order
of the particle, respectively; d is the dimension of search
space; w is inertia weight; | and r; are two random numbers
with a uniform distribution between 1 and O; ¢ and ¢, are
the learning coefficients or the acceleration coefficients.
And also the new position of each particle is updated as
(Fig. 6):

e+1) =x(t) +vi (1 +1) (10)
The better performance is influenced by the value of w pa-
rameters. The choice of the high values of inertia weight
improves the public search capability of the algorithm and
more spaces are explored, on the contrary, the lower values
bound the search space, and the exploration is cautiously
done, and generated responses are used for more exploita-
tion. In this algorithm, at first, w is usually set to a higher
value then it is gradually decreased to a lower value in order
to balance between exploration and exploitation strategies

Pbesti—i (t)

d
x% (t+1)
xd '

T

Gbest® (t)

Figure 6. shows the updated velocity and new position of
each particle.
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[41]. The inertia weight is computed as follows:

Y

W(t) = Wmax — (Wmax - Wmin) X =
max

where wy,;;, and wy,,, are the bounds on the inertia weight
and were fixed at 0.4 and 0.9, respectively; ¢ is the current
iteration, and 7,,,, is the maximum number of iterations.
The PSO algorithm for solving the binary optimization prob-
lems operates as follows:
At first, the updated velocity is fed to the sigmoid function
as follows:

1

d _
()=t
The output of the sigmoid function is a number between 0
and 1; afterward, the new position of each particle is updated
based on the probability value of the sigmoid function as

follow:

(13)

X .
0, Otherwise

1, if6<SOH(t+1
d(tﬂ):{ if8 <S4 +1))
where 0 is random number numbers with a uniform distri-
bution between 1 and 0.

3.5 KNN

k-nearest neighbors (KNN) is a non-parametric and simple
method with easy implementation that first, uses methods to
the selecting of the optimal value K or manually determine
the value of the K. The KNN algorithm computes the dis-
tance between every test data with all samples in the training
dataset. Then K samples in the training dataset that have
the nearest distance to that test data are chosen and saved
as a new dataset. The class that has the most frequent in
the new set is assigned as the class of that test data. In this
algorithm, the value of parameter K will be crucial, because
directly affects the produced output. According to Fig. 7,

Noisy sample @ New input
Class A
y P Ty A\Class B
4 ,f’v T K=1
o Yo|--- " . k=7
Cd ~
,, R S. \ K=14
/D, R k=21
’ ,b ~ N \\
’Vr, V/ =~ @ v
[ ) .
1 i \ Vg !
< Pyle igtim
1 \ \ \ ' [ !
\ \ \ i aai 7 1 !
\ \ S 4 ’ 1
\ \ ~ we 4 /
A TeeT 'y
\ S / /
NS SS r’/ g
N e - %
~ -
~o _-
_______ -
> X

Figure 7. The schematic of the KNN classifier in the new
data classification for different values of K. Visually, the
new input belongs to class B but for K= 1, 7, 14, 21, KNN
outputs will be A, B, A, and B, respectively. Hence, in the
KNN method, the correct classification depends to the K
value.
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the choice of small K values makes the algorithm sensitive
to the noisy sample.

The different metrics able to compute the distance be-
tween n vectors such as Euclidean distance, city block,
and Minkowski metrics that is explained in the following
(Assuming that x; and y; be two vectors):

* Euclidean distance is defined as:

n
d(x,y) =4[} I —yil? (14)
i=1
* City block metric is defined as:
n
d(x,y) =Y i — il (15)
i=1
¢ Minkowski metric is defined as:
d(x,y) = Q/Z i — yil? (16)
i=1

where n is the number of training data and p can be variable.
If p=1 then the Minkowski and city block metric will be
equivalent, and if p=2 then the Minkowski metric and the
Euclidean distance will be equivalent. In this work, the data
classification is implemented using the KNN classifier with
Euclidean metric for k values of 1 to 9.

4. Experimental step

In the EEG database used, there are 400 files: 200 files for
the normal group (100 files for the left hemisphere and 100
files for the right hemisphere) and 200 files for the depressed
group (100 files for the left hemisphere and 100 files for the
right hemisphere). In this work, the classification results
of normal EEG signals versus depressed EEG signals were
obtained separately for the right and left hemispheres.
First step: The EEG signals were filtered using a third-order
Butterworth low-pass filter with a cutoff frequency of 80
Hz.

Second step: The input EEG signals were decomposed us-
ing the EEMD method to extract their IMFs. In this work,
EEMD MATLAB functions written by Patrick Flandrin
were used, which are freely available at http://perso.ens-
lyon.fr/patrick.flandrin/emd.html. The EEMD function has
three inputs: noise standard deviation (Nstd), number of re-
alizations (NR), and maximum number of sifting iterations
allowed (MaxlIter). For this work, these parameters were set
to 0.2, 500, and 5000, respectively. After decomposing the
EEG signals, the IMFs were used in the next step to select
the best IMF.

Third step: The mutual information (MI) between the in-
put EEG signal and its IMFs was computed to obtain the
common information between the input EEG signal and its
IMFs. MI was used as a mode selection technique, with the
IMF that had the highest MI value selected as the best mode.
This IMF was considered to contain the most information
about the complex behavior of the input EEG signal and the
most important frequency components by having a narrower
frequency bandwidth.

Fourth step: Five statistical characteristics (i.e. mean

SPRES (2024) -082419 7/11

(Men), median (Med), standard deviation (Std), maximum
(Max), and minimum (Min)) as linear features, five en-
tropies (i.e. Shannon entropy (ShEn), log energy entropy
(LeEn), threshold entropy (ThEn), sure entropy (SureEn),
and norm entropy (NrEn)) as nonlinear features, and three
time-frequency based characteristics (i.e. mean instanta-
neous amplitude (IA), mean instantaneous phase (IP), and
mean instantaneous frequency (IF)) were extracted from the
selected IMF. In other words, the feature matrix for the left
and right hemispheres in the normal and depressed groups,
after extracting the linear, nonlinear, and time-frequency
based features, had sizes of 100x5, 100x5, and 100x 3,
respectively.

Fifth step: The Kruskal-Wallis statistical test was used
to evaluate the capability of linear, nonlinear, and time-
frequency based features in discriminating between normal
and depressed subjects. The output of the Kruskal-Wallis
test is the p-value. In statistics, a significant difference
between normal and depressed classes is indicated if the
p-value for a feature is less than 0.05. In this work, the
”Kruskal-Wallis” MATLAB function was used to calculate
the p-value.

Sixth step: The ten-fold cross-validation technique was
used to mitigate the overfitting problem during the train-
ing and testing phases of the KNN classifier. In ten-fold
cross-validation, the dataset is randomly divided into ten
equal subsets. For each iteration, one subset is used as the
testing data, and the remaining subsets are used as training
data. Let y be the number of selected features. The size of
the feature vector matrix for testing and training data was
Yx180 and yx20, respectively. The average value of the
objective parameters was reported as the performance of
the KNN classifier.

In binary classification of normal and depressed EEG sig-
nals, after classifying by any classifier, there are four possi-
ble outcomes:

True Positive (TP): When a classifier correctly identifies an
input data point as a depressed EEG signal.

True Negative (TN): When a classifier correctly identifies
an input data point as a normal EEG signal.

False Positive (FP): When a classifier incorrectly identifies
an input data point as a depressed EEG signal.

False Negative (FN): When a classifier incorrectly identifies
an input data point as a normal EEG signal.

For evaluating the performance of the classifier, ACC, SEN,
and SPE of the classifier defines as below:

TP+TN
ACC = * % 100 (17)
TP+TN+FP+FN
EN=—""1 «1 1
S prEN 1% (18)
TN
PE=—" %100 1
S TN+ FP (19)

Seventh step: Features with a p-value less than 0.05 were
selected and fed into the KNN classifier with Euclidean dis-
tance. The values of accuracy (ACC), sensitivity (SEN), and
specificity (SPE) for linear, nonlinear, and time-frequency
based features were reported to compare the capabilities of
these three types of features in detecting depressed EEG
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signals.

Seventh step: All of the extracted features were fed into the
PSO algorithm to obtain the best feature vector with fewer
dimensions, which resulted in the highest classification ac-
curacy (ACC).

5. Results and Discussion

In the proposed framework, the EEG signals are decom-
posed into their IMFs using the EEMD method. Subse-
quently, linear, nonlinear, and time-frequency based features
are extracted to discriminate between normal and depressed
EEG signals. Fig. 4 shows samples of normal and depressed
EEG signals, and Fig. 7 shows their decomposed IMFs. The
significant mode is then selected using the MI technique.
At the first decomposition levels of EEG signals (e.g., IMF1
and IMF2), the IMFs represent higher frequency compo-
nents. In contrast, at the last decomposition levels (e.g.,
IMF7 and IMFS), the IMFs represent lower frequency com-
ponents. We found that in the normal and depressed groups,
the significant modes identified by MI were predominantly
from the first and lower decomposition levels, respectively.
The mean, standard deviation, and p-values of the linear,
nonlinear, and time-frequency features, after normalization,
are presented in Table 2.

We can observe that the mean values of the extracted fea-
tures in the normal group are higher than those in the de-
pressed group for both hemispheres. In a similar study
[25], nonlinear features were used for classifying normal
and depressed EEG signals, and it was found that the mean
values of the normal features were higher than those of the
depressed features. This may be attributed to the decreased
complexity of depressed EEG signals. Recent research [42]

Rafiei et al.

demonstrated that depressed EEG signals exhibit simpler
shapes compared to normal ones when plotted in a 2D space
using the second-order difference plot, likely due to reduced
brain activity in depressed states. Consequently, the lower
standard deviation values in Table 1 could be due to this
reduced complexity.

Another notable point in Table 2 is the p-values. It can be
seen that all extracted linear, nonlinear, and time-frequency
based features significantly impact the normal versus de-
pressed classification task for both hemispheres (p-value <
0.05). This indicates that all these features can be effectively
used for detecting depressed EEG signals.

To compare the abilities of linear, nonlinear, and time-
frequency based features, we trained and tested the KNN
classifier using these feature groups with a tenfold cross-
validation strategy. The resulting classification parameters
for linear, nonlinear, and time-frequency based features are
presented in Table 3.

It is evident that time-frequency based features are more
effective in detecting depressed EEG signals compared to
nonlinear and linear features, which could be attributed to
the use of mode selection. Additionally, from Table 3, it
can be observed that the performance of features extracted
from the right hemisphere is superior to those from the left
hemisphere. This conclusion is supported by visual analysis
of Fig. 1 and aligns with previous studies indicating that
the left side of the brain is generally better for detecting
depression [14, 36, 42, 43].

In the final step, to achieve the highest classification accu-
racy (ACC), the PSO algorithm was employed to obtain the
optimal feature vector subsets. The features selected by the
PSO algorithm include Max, LeEn, ThEn, SureEn, IA, IF,

Table 2. Statistical point of view of features.

Left Halve Men Med Std Max Min ShEn LeEn ThEn | SureEn | NrEn 1A IF 1P
Normal Mean | 0.65 0.68 0.80 0.79 0.29 0.45 0.84 0.75 0.85 0.86 0.79 0.89 0.54
std 0.30 0.60 0.02 0.25 0.21 0.26 0.24 0.24 0.24 0.32 0.31 0.26 0.12
Depressed Mean | 0.54 0.63 0.45 0.67 0.23 0.39 0.79 0.64 0.68 0.58 0.56 0.64 0.49
std 0.19 0.39 0.02 0.15 0.18 0.16 0.20 0.19 0.23 0.29 0.21 0.27 0.13
p-value <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 <0.05 | <0.05 | <0.05 | <0.05
Right Halve Men Med Std Max Min ShEn | LeEn | ThEn | SureEn | NrEn | IA IF 1P
Normal Mean | 0.68 0.71 0.76 0.76 0.25 0.49 0.79 0.69 0.79 0.85 0.76 0.86 0.63
std 0.29 0.59 0.02 0.23 0.19 0.23 0.23 0.22 0.26 0.26 0.26 0.24 0.09
Depressed Mean | 0.53 0.65 0.55 0.66 0.24 0.37 0.76 0.54 0.73 0.72 0.47 0.56 0.53
std 0.16 0.29 0.03 0.13 0.16 0.17 0.19 0.16 0.18 0.25 0.23 0.23 0.12
p-value <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 | <0.05 <0.05 | <0.05 | <0.05 | <0.05

Table 3. Classification results for left and right EEG signals by linear, nonlinear and time- frequency based features.

Left Halve

Feature ACC | SEN | SPE | Number of neighbors in KNN classifier
Linear 81 78 79 5

Nonlinear 84 79 80 5

Time frequency | 86 81 82 8

Right Halve

Feature ACC | SEN | SPE | Number of neighbors in KNN classifier
Linear 82 78 80 6

Nonlinear 85 83 84 7

Time-frequency | 88 85 86 9
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and IP from the left hemisphere, and Max, ThEn, SureEn,
IA, IF, and IP from the right hemisphere. The classification
parameters for these selected features are presented in Ta-
ble 4.

The highest classification accuracies of 91% and 92% were
achieved using EEG signals from the left and right hemi-
spheres, respectively, with 7 and 6 features.

The main founding and contribution of the proposed frame-
work can be listed as follows:

1. This is the first study to evaluate the effectiveness of three
types of features for detecting depressed EEG signals in the
EEMD domain.

2. We employed a simple low-pass filter to remove noise
and artifacts, whereas [24] used the total variation method
for noise cancellation. The proposed method is computa-
tionally less intensive compared to theirs.

3. We utilized a mode selection method based on MI to
select the best mode and reduce the number of IMFs before
feature extraction.

4. The proposed method requires approximately 0.3 sec-
onds for IMF extraction, 0.02 seconds for mode detection,
0.01 seconds for feature extraction, and 0.003 seconds for
classification, indicating its efficiency.

5. The proposed method was evaluated using bipolar EEG
signals with two electrodes on each hemisphere, whereas
[19] used seven electrodes, [26] used eight electrodes, and
[44] used nineteen electrodes.

6. The results in this work were reported using a 10-fold
cross-validation technique, while [18, 20, 24, 25] reported
results without cross-validation.

7. The proposed framework uses only seven and six features
for classifying EEG signals from the left and right hemi-
spheres, respectively, whereas [20] used twenty features,
[21] used thirty features, and [25] used fifteen features for
classifying normal and depressed EEG signals.

6. Conclusion

In this work, the effectiveness of three types of features in
the EEMD domain was evaluated for classifying depressed
and normal EEG signals. To select the optimal mode,
mutual information (MI) was applied to the input EEG
signals and their intrinsic mode functions (IMFs), with
the mode having the highest MI being chosen as the best
mode. The features extracted from the selected IMF
include five linear parameters (mean, median, standard
deviation, maximum, minimum), five nonlinear parameters
(Shannon entropy, log energy entropy, threshold entropy,
sure entropy, norm entropy), and three time-frequency
based parameters (instantaneous amplitude, instantaneous
frequency, instantaneous phase). The mean and standard

Table 4. Classification results for left and right EEG signals
by selected features.

Halve | ACC | SEN | SPE | KNN* | NF**
Left 91 88 88 8 7
Right 92 91 90 9 6

*Number of neighbors in KNN classifier.
*#*Number of selected features.
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deviation values of these features in the normal group
were higher than in the depressed group for both the right
and left hemispheres, indicating decreased brain activity
in depression compared to normal states. All extracted
features significantly impacted the classification task
(p-value < 0.05). The PSO algorithm selected the best
features, which were then fed into the KNN classifier. The
proposed method achieved average classification accuracies
(ACC) of 91% and 92%, sensitivities (SEN) of 88% and
91%, and specificities (SPE) of 88% and 90% for EEG
signals from the left and right hemispheres, respectively.
Features extracted from the right hemisphere had a better
impact on depression detection compared to those from the
left hemisphere. Future work will explore the method’s
capability in detecting other disorders such as sleep apnea
and predicting seizures.
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