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A B S T R A C T   

Several imaging modalities and many signal recording techniques have been used to study the brain activities. 
Significant advancements in medical device technologies like electroencephalographs have provided conditions 
for recording neural information with high temporal resolution. These recordings can be used to calculate the 
connections between different brain areas. It has been proved that brain abnormalities affect the brain activity in 
different brain regions and the connectivity patterns between them are changed as a result. This paper studies the 
electroencephalogram (EEG) functional connectivity methods and investigates the impacts of brain abnormalities 
on brain functional connectivities. The effects of different brain abnormalities including stroke, depression, 
emotional disorders, epilepsy, attention deficit hyperactivity disorder (ADHD), autism, and Alzheimer’s disease 
on functional connectivity of the EEG recordings have been explored in this study. The EEG-based metrics and 
network properties of different brain abnormalities have been discussed to present a comparison of the con
nectivities affected by each abnormality. Also, the effects of therapy and medical intake on the EEG functional 
connectivity network of each abnormality have been reviewed.   

1. Introduction 

Advances in brain recording technologies have shown that activity 
takes place in different parts of the human brain. These areas of activity 
are disparate in location but analogous and synchronous in context. A 
graph is a tangible representation of a network essentially consisted of 
nodes and edges between them. The functional connection networks 
approximated from brain activity recording technologies such as fMRI, 
magnetoencephalogram (MEG) and electroencephalogram (EEG) can be 
investigated by using the graph theory. 

Preserving the temporal information would be possible with non- 
invasive brain recording methods with high temporal resolution. The 
EEG recordings are the most suitable technique for this aim. The EEG has 
been used extremely in studies related to understanding the brain 

reactions and interactions in several set of conditions; for example, 
studies concerning motor control, EEG-based driving safety monitoring, 
drowsiness in the brain, driver fatigue [1], movement intention detec
tion [2], motor imagery [3], brain activities during sleep [4], visual 
decoding [5,6] and emotion recognition [7]. Several studies have 
examined synchronicity and functional connectivity of the brain activity 
using EEG technology [8,9]. 

Investigating the brain activities in healthy groups and abnormal 
individuals can help to recognize the effects of brain disorders on in
teractions between different brain areas. It is the capability of a healthy 
brain to adjust the synchronized oscillations by changing the strength, 
frequency and pattern of the activity in different brain regions. 
Accordingly, the disorders may interfere the brain function of adjusting 
the oscillations and consequently the functional connectivities would be 

* Corresponding author. 
E-mail addresses: khaleghi.nstr@tabrizu.ac.ir (N. Khaleghi), szafarmandiardabiliii@smu.edu (S.Z. Ardabili), sebelan.danishvar@brunel.ac.uk (S. Danishvar).  

Contents lists available at ScienceDirect 

Informatics in Medicine Unlocked 

journal homepage: www.elsevier.com/locate/imu 

https://doi.org/10.1016/j.imu.2024.101476 
Received 22 January 2024; Received in revised form 11 March 2024; Accepted 11 March 2024   

mailto:khaleghi.nstr@tabrizu.ac.ir
mailto:szafarmandiardabiliii@smu.edu
mailto:sebelan.danishvar@brunel.ac.uk
www.sciencedirect.com/science/journal/23529148
https://www.elsevier.com/locate/imu
https://doi.org/10.1016/j.imu.2024.101476
https://doi.org/10.1016/j.imu.2024.101476
https://doi.org/10.1016/j.imu.2024.101476
http://creativecommons.org/licenses/by/4.0/


Informatics in Medicine Unlocked 47 (2024) 101476

2

affected by brain abnormal activities. Investigating the non-invasive 
techniques for functional connectivity calculation can help to diagnose 
these abnormalities and would be a predictor of them. They can be used 
as a biomarker for predicting the recovery from the abnormality after a 
treatment process [10]. 

The review study in this paper consists of papers during the years 
between 1990 and 2023 corresponding to the EEG-based functional 
connectivity analysis of brain abnormalities. Process of selecting the 
articles to be reviewed is done by using EEG, functional connectivity and 
the name regarding the brain abnormality for the keywords. 

The important issues disseminated in this review are as follows: the 
algorithms of calculating functional connectivity metrics, the effects of 
different brain abnormalities like stroke, depression, epilepsy, attention 
deficit hyperactivity disorder (ADHD), autism and alzheimer’s disease 
on the EEG functional connections, emotional state recognition and its 
impact on EEG functional connectivities. 

The contributions of this paper can be marked as.  

(i) The review considers recent studies related with non-invasive 
functional connectivity analysis of brain abnormalities. 

(ii) It summarizes the history of the most used functional connec
tivity techniques in order to analyze brain abnormalities.  

(iii) It provides a framework for comparing the functional connected 
regions and the mostly affected regions by different brain 
disorders.  

(iv) The connectivity network patterns, connectivity strength, graph 
properties including characteristic path length, clustering coef
ficient, local and global efficiencies and the number of connec
tions affected by different abnormalities are represented in this 
review study. 

(v) Some functional connectivity-based predictors of the abnormal
ities have been summarized and some medication responses have 
been presented to observe the effects of medical intake and 
treatment on the functional connectivity networks. 

The remaining parts of this article are ordered as follows. In Section 
2, the questions to be responded in this review, the specifications for 
selecting the articles and the article selection strategy are explained. 
Section 3 provides and presents the results. Discussions have been pro
vided in Section 4. Conclusions are provided in Section 5. 

2. Materials and methods 

In this section, research question, article selection specifications and 
the strategy of selecting the articles are described. 

2.1. The questions to be responded in this review 

The main focus of this paper is to find the answers of the following 
questions. 

Q1. What are the most used EEG functional connectivity techniques? 
Q2. What are the differences in connectivity patterns according to 
the EEG-based functional connectivity analysis of brain 
abnormalities? 
Q3. What are the suggestions for future studies on brain functional 
connectivity analysis related with brain abnormalities? 

2.2. The specifications for selecting the articles 

This review article includes papers with concentration on the 
following specifications.  

1. Papers presented a brain functional connectivity method,  
2. Papers focused on Electroencephalography signals,  
3. Investigated brain abnormalities through functional connectivity,  

4. Studies demonstrated numerical results for healthy subjects and 
other subjects with disorders.  

5. Including applications to study the connectivities related with brain 
abnormalities. 

2.3. The article selection strategy 

The specifications considered in preferred reporting items for sys
tematic reviews and meta-analyses (PRISMA) statement have been 
imposed to this review [11]. The works related to functional connec
tivity estimation techniques through EEG signals have been selected 
through a search of the Science Direct, PubMed, IEEE, Springer and 
Wiley online database. The studies published from the year 1990 until 
2023 have been considered in this review study. The aim of this review 
paper is to focus on the articles meeting the specification criteria given 
in Section 2.2. The portions of articles in each decade of 1990–2000, 
2001–2010 and 2011 until 2023 are illustrated in Fig. 1. 

3. Results 

The process of selecting papers corresponding to the specified 
criteria has been represented in Fig. 2. A total number of 130 articles has 
been collected. In this review, we are looking for articles in the field of 
EEG-based functional connectivity. In the collected studies, 31 number 
of papers have considered brain connectivity using single-photon 
emission computerized tomograph (SPECT), positron emission tomog
raphy (PET) scan and connectivity corresponding to the fMRI recordings 
in their studies. The aforementioned studies did not provide the speci
fications and have not been selected. Finally, 99 papers have been 
included in this review study. 11% of them have been published until the 
end of 2000.18% have been published by the end of 2010. Finally, 71% 
of studies have been available in the last decade until 2023. The EEG 
functional connectivity studies in this review study are clustered as 
follows.  

• Functional connectivity methods and metrics (14.54%)  
• EEG-based functional connectivity analysis of 

stroke abnormality (12.72%) 
depression abnormality (15.45%) 
emotional processing (9.09%) 
epilepsy (9.09%) 
ADHD (9.09%) 
autism spectrum disorder (3.63%) 
Alzheimer’s disease (4.54%) 
Other brain abnormalities including OCD, psychotic disorder 
(9.09%)  

• Related with treatment and medication of the abnormalities 
(11.81%) 

A brief description has been dedicated to each study and has been 
presented in following sections. At first, we have brief overview of 
different methods of functional connectivity with respect to their 

Fig. 1. Percentage of the papers considered in this review study: published 
during 1990–2000, 2001–2010 and 2011–2023. 
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historical background. Considering different methods of calculating the 
functional connectivity of brain activity, the applications of them to 
analyze the effects of various brain disorders on brain connectivities are 
explained. The brain abnormalities are described briefly and effects of 
the abnormalities on EEG functional connectivity are explained. In some 
cases like stroke disorder, the effects of treatment are evaluated through 
EEG-based functional connectivity and are reviewed briefly. 

3.1. Different functional connectivity methods 

The functional connectivity metrics are divided into time-domain 
and frequency-domain measurements as it can be seen in Fig. 3. Time- 
domain metrics can be formulated considering the direction of the 
connections. The directed time-domain metrics can be divided into 
model-based or model-free versions of the functional connections. These 
categories of the functional connectivity metrics can be seen in Fig. 4. 
The left circular plot shows the categories of time-domain calculation of 
the connectivity metrics and the right circular plot illustrates the fre
quency domain calculation of the connections. 

A distinction could be made between model-free and model-based 
methods in two types of directed and non-directed ones. 

The dmodel-based and dmodel-free are for directed metrics in Fig. 4. 
Non-directed metrics consider interdependence between signals without 
referring to the direction of influence. Correlation is a time-domain 
model-based metric. Mutual information is another non-directed func
tional connectivity which is a model-based metric. Directed measures 
such as Granger causality and transfer entropy are based on the fact that 
causes precede their effects. The definitions of causality were developed 
by Wiener in 1956 and later implemented using auto-regressive models 
of Granger in 1969. The quantification of these neuronal interactions has 
been obtained using these approaches. 

Measures including the coherence, phase locking value, pairwise 

phase consistency are model-based metrics that are calculated in fre
quency domain. Phase slope index, parametric and nonparametric 
Granger Causality are directed frequency domain metrics. 

Granger Causality in the frequency domain can be calculated using 
parametric methods such as auto-regressive models or Fourier or 
wavelet-based methods such as non-parametric methods. Transfer 
matrices calculation and the covariance of the residuals in these 
methods are different. The non-parametric method of spectral factor
ization needs more data and a smooth shape of the cross-spectral density 
in order to converge to a stable result. Noise covariance matrix and 
spectral transfer function are used to calculate and estimate the Granger 
Causality. 

3.1.1. The coherence coefficient 
The spectral coherence is a method of determining the synchrony in 

EEG recordings. The coherence is the frequency range correspondent of 
the time-based cross-correlation. The length of the average vector of the 
cross-spectral densities of two signals at frequency domain constitutes 
the numerator. The square root of the average of trial power estimates of 
two signals at a specific frequency is needed to confine the absolute 
value of coherency to the range between zero and one. 

This method of functional coupling of brain EEG activity first used in 
1980 [12] to identify the interhemisferic functional coupling between 
mu waves in motor area and alpha waves of the same frequency range in 
the visual region of the brain. Furthermore, it has been used in 1988 
[13] for analyzing the effect of tasks related to cognitive processes. A 
mental cube rotation study has been selected as the test procedure in the 
study and the local coherences have been analyzed for males and fe
males and in the left and right hemisphere for different frequency ranges 
of brain activity. 

Event-related coherence has been investigated for the first time in 
1996 [14] in a right index finger movement procedure to see whether an 
information could be extracted corresponding to the EEG interaction of 
regionally separated brain lobes. Two years later Gerloff et al., in 1998 
[15] studied the interaction of cortical motor regions in 3 stages of finger 
movement procedure. Task-related and movement-related EEG in
teractions of the motor areas for simple, internal paced and external 
paced extension of finger have been investigated. The mathematic for
mula of this metric is as equation (1). The numerator represents the 
length of the vector average of the cross-spectral densities between x and 
y. The denominator is the square root of the product of the average of the 
individual trial power estimates of signals x and y. 

cohxy(ω)=

⃒
⃒
⃒
⃒
⃒

1
n

∑n
k=1Ax(ω, k)Ay(ω, k)ei(φx(ω,k)− φy(ω,k))

⃒
⃒
⃒
⃒
⃒

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(

1
n

∑n
k=1A2

x(ω, k)

)(

1
n

∑n
k=1A2

y(ω, k)

)√
√
√
√

(1) 

A single matrix is another way of representing the cross-spectral 
densities. 

Fig. 2. Process of article selection [11].  

Fig. 3. Different categories of functional connectivity methods.  
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S(ω)=
[

Sxx(ω) Sxy(ω)
Syx(ω) Syy(ω)

]

(2) 

The coherence metric can be defined with equation (3). 

cohxy(ω)=

⃒
⃒Sxy(ω)

⃒
⃒

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Sxx(ω)Syy(ω)

√ (3)  

3.1.2. Phase-slope index (PSI) 
This metric for measuring the orientation of information in multi

variate time series has been proposed by Nolte et al. [16] for the first 
time in 2008. This functional connection metric is not sensitive to 
mixture of sources and to the nonlinearity of phase spectrum. The cause 
antecedes the effect and this fact constitutes the main idea of presenting 
this metric. Therefore, the gradient and incline of phase corresponding 
to the cross-spectrum between two time series reflects the directionality 
[17]. In the first application of this metric, the subjects were trained to 
close their eyes for 15 min and they were asked to open their eyes for 5 s 
every minute. 19-channel EEG recordings have been analyzed using the 
phase-slope index for all channel pairs. The results for all frequencies 
and all pairs of channels for flow of information from right to left and 
from frontal part of the brain to the back of the skull have been inves
tigated in this research. Rana et al. [17] in 2012 used the phase slope 
index to propose a novel method for seizure detection. The increases in 
the spatio-temporal interactions between channel pairs have been 
identified by PSI metric. This identification has led to better distinguish 
interictal activity from seizure. For signals zi(n) and zj(n), the cross 
spectrum can be computed as in equation (4). 

Sij(f )=E
[
Zi(f )Z∗

j (f )
]

(4) 

The complex coherence can be computed and the unnormalized 
phase slope index (PSI) can be defined as equation (5). 

Cij(f )=
Sij(f )
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Sii(f )Sjj(f )

√ (5)  

The formulation is defined using the f which is the frequency band of 
interest and the frequency resolution δf . A weighted sum of the slopes of 
the phase between zi(n) and zj(n) over the band f is defined as the phase 
slope index. This metric can be normalized by its standard deviation and 

can be used to determine the causal influence from zi(n) to zj(n). 

P̃ij = Im

(
∑

f∈B
C∗

ij(f )Cij(f + δf )

)

(6)  

Pij = P̃ij
/

var
(
P̃ij
)

(7)  

3.1.3. Imaginary part of coherency 
The unreal part of coherency metric is obtained through mapping the 

complex coherency on imaginary axis. It was the work by Nolte et al., in 
2004 [18] reported that the complex coherency of the sources with no 
connectivity is real. Therefore, the imaginary part of coherency would 
be a good candidate for investigating brain interactions. The cross 
spectrum can be shown as (8): 

D= 〈yy†〉=

(
idm + iDI

AA DR
AB + iDI

AB

DR
AB + iDI

AB idm + iDI
BB

)

(8)  

In this matrix, the idm is the identity matrices. Considering weight 
vectors α ∈ R

N×1 and β ∈ R
N×1 as column vectors for defining the zA =

αΤyA and zB = βΤyB. 

Cohz =
zAz†B

(〈zAz†A〉〈zBz†B〉)
1/2 =

α〈yAy†B〉β

((αΤ〈yAy†A〉α)(βΤ〈yBy†B〉β))
1/2 (9) 

To obtain the imaginary part of coherency as a connectivity metric 
which is robust to volume conduction phenomena, the substitution of 
the formula with (10) and (11), would result in equation (12) which is 
the formula for calculating the imaginary part of the coherency. 
(
αΤ〈yAy†A〉α

)
=
(
αΤ〈id + iDI

AA〉α
)
= αΤα=‖α‖2 (10)  

Imaginary〈yAy†B〉=DI
AB (11)  

Imaginary(Cohz)=
αΤDI

ABβ
‖α‖‖β‖

(12)  

3.1.4. The partial directed coherence 
To calculate this metric, we need to compute the fourier domain 

transform of the multi-variate autoregressive model (MVAR) [19]. 

Fig. 4. The time-domain and frequency-domain categories of functional connectivity metrics, time-domain (left plot) and frequency-domain (right plot).  
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A(ω)X(ω)=V(ω),A(ω) = −
∑p

m=0
A(m)e− jωm,A(0) = − I (13) 

The partial coherence Cij can be defined as (14). 

Cij(f )=
Aij(f )
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Aii(f )Ajj(f )

√ (14) 

The partial directed coherence and the generalized partial directed 
coherence can be defined as follows: 

Pij(f )=
Aij(f )
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
a∗

j (f )aj(f )
√ ,GPij(f )=

Aij(f )
∑k

i=1

⃒
⃒Aij(f )

⃒
⃒2

(15)  

3.1.5. Phase locking value (PLV) 
Applying the coherence formula to the amplitude of the normalized 

Fourier transform of two signals, the phase locking value would be ob
tained. This metric measures the phase covariance between two signals 
and the significance of this metric would be obtained with a reasonable 
time resolution. Phase locking value was first introduced in the study by 
Lachaux et al. [20] in 1999. PLV in this study has been applied to 
analyze the epileptic EEG recordings of patients in response to visual 
discrimination task. Large scale connectivities between the frontal gyrus 
and hippocampus and local connections in limbic region have been re
ported in the gamma frequency band. The mathematic form of phase 
locking value is obtained via employing the coherence computation to 
amplitude normalized Fourier domain of signals. 

plvxy(ω) =

⃒
⃒
⃒
⃒
⃒

1
n

∑n

k=1
1x(ω, k)1y(ω, k)ei(φx(ω,k)− φy(ω,k))

⃒
⃒
⃒
⃒
⃒

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1
n
∑n

k=1
12

x(ω, k)

)(
1
n
∑n

k=1
12

y(ω, k)

)√
√
√
√

=

⃒
⃒
⃒
⃒
⃒

1
n
∑n

k=1
ei(φx(ω,k)φy(ω,k))

⃒
⃒
⃒
⃒
⃒

(16)  

3.1.6. Phase lag index (PLI) 
This metric is obtained by the average of the phase difference sign for 

each observation. PLI is a metric for evaluating the phase differences 
across observations. This metric has been introduced in the work by 
Stam et al. [21] in 2007. The problem of field spread and volume con
duction in computing the functional connectivity has been addressed in 
this study and the novel PLI has been proposed to quantify the phase 
synchronization. A number of 15 alzheimer disease and control subject 
have been considered in the study. The mathematical formula for 
computing the phase Lag index metric is as in equation (17). It is an 
index of asymmetry of the phase differences Δφ(tk), k = 1, ...,N as in this 
equation. N is the number of observations. 

PLI = |〈sign[Δφ(tk)]〉| (17) 

The PLI ranges between 0 and 1: 0≤PLI ≤ 1. A PLI of zero defines no 
coupling or coupling with a phase difference centered around 0 mod π. A 
PLI of 1 defines a perfect phase locking at a value of Δφ different from o 
mod π. The stronger this phase locking results in larger index. 

3.1.7. Pairwise phase consistency (PPC) 
The quantification of the vector average of phase differences across 

observations is done using the pairwise phase consistency measure of 
functional connectivity. This connectivity measure has been first intro
duced in a work by Vinck et al. [22] in 2010. The practical experiment to 
use and propose this measure has been the orbitofrontal cortex EEG 
recordings of rats in a two-odour discrimination task. This metric is 
computed using the dot product between two unit vectors defined in 
(18). 

f (φ,ω) = cos(φ)cos(ω) + sin(φ)sin(ω)

ϒ̂ ≡
2

N(N − 1)
∑N− 1

j=1

∑N

k=(j+1)

f
(
θj, θk

) (18)  

3.1.8. Directed functional connectivity with granger causality 
Granger causality solves the limitation of being consistently time- 

lagged and unidirectional interactions. The capability of this metric is 
quantifying the bi-directional connections and providing approxima
tions of directional connections for pairs of signals. The first application 
of this concept has been in the field of economics in 1969 mentioned by 
Granger et al. [23]. 

Years later, Geweke [24] in 1982 extended the concept of granger 
causality to the frequency criteria and presented a novel formulation of 
the concept. The applications of Granger causality in neuroscience has 
been reviewed by Ding et al. [26] in 2006. Time domain granger [23,26] 
is formulated from autoregressive modeling. The frequency domain 
Granger causality have been presented in another study [24]. The 
approximation of the spectral transfer matrix and approximating the 
covariance of residual of the AR model is necessary for computing the 
frequency domain concept of this connectivity metric. The estimation 
process of the Granger causality is illustrated in Fig. 5. To obtain the 
formula, we need to define the spectral transfer matrix (H(ω)), which is 
frequency dependent, and the covariance of the autoregressive model’s 
residual (

∑
) and the S(ω) being the cross-spectral density matrix. 

GCx→y(ω)= ln

⎛

⎜
⎜
⎜
⎜
⎝

Syy(ω)

Syy(ω) −
(
∑

xx −

∑2
yx∑
yy

)
⃒
⃒Hyx(ω)

⃒
⃒2

⎞

⎟
⎟
⎟
⎟
⎠

(19)  

S(ω)=H(ω)
∑

H∗(ω) (20)  

In multichannel EEG recording, the spectral transfer matrix can be ob
tained in two different ways of bivariate and multivariate modeling. The 
bivariate model considers the analysis for each pair of channels sepa
rately. The information from all channels are considered in the multi
variate model and approximation of the interaction between any pair of 
sources is computed considering the information from other channels. 
The spectral transfer matrix obtained in the multivariate approach are 
used to calculate a set of connectivity metrics named directed transfer 
function (DTF) [25] and partial directed coherence (PDC) [19]. In 
another study in 2017, a robust Granger analysis-based method has been 
proposed to remove the ocular artifacts in resting-state EEGs [27]. 

History of the abovementioned connectivity metrics with respect to 
the year of representation are described in Table 1. 

3.2. Applications 

The applications of different EEG-based functional connectivity 
methods to analyze the effects of various brain abnormalities like stroke, 
depression, epilepsy, ADHD, autism and Alzheimer’s disease as illus
trated in Fig. 6 on brain connectivitieswill be explained in the following 
subsections. 

3.2.1. Stroke disorder 
Stroke is one of the brain disorders which happens when blood flow 

to part of the brain stops because of ischemia in veins. We have an 
overview on some works by researchers about the application of func
tional connectivity in EEG recordings for brain stroke detection. A brief 
introduction for these studies is described in Table 2. The objectives, 
subjects considered in them and the obtained results are available in this 
table corresponding to each study. 

In 2009, brain functional networks were analyzed in Ref. [28] to 
detect differences in networks of stroke patients and healthy subjects. 
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The synchronous activity of brain in motor cortex in order to percept or 
process cognitive content has been a vital subject in several studies and 
studied in case of stroke detection. Degree distribution, connectivity 
degree and efficiency parameters in all frequency bands were analyzed 
during the course of planning (PRE) and execution of movement (EXE) 
intervals. Activating the motor cortex is done through finger tapping 
paradigm. To characterize the spectral coherence related to finger tap
ping task, a theoretical graph approach has been evaluated. A decrease 

Fig. 5. Estimation process of Granger causality metric.  

Table 1 
History of connectivity metrics.  

Paper 
ref  

Year Objective and 
Abnormality 

Method 

[23] Granger et al. 1969 economics Granger 
causality 

[12] Schoppenhorst 
et al. 

1980 mu waves in motor area 
and alpha waves of 
visual region 

CC 

[24] Geweke et al. 1982 neuroscience Frequency 
domain granger 
causality 

[13] Rappelsberger 
et al. 

1988 tasks related to 
cognitive processes 

CC 

[25] Kaminski et al. 1991 Spectral transfer matrix 
in multivariate 
modeling 

directed 
transfer 
function (DTF) 

[14] Andrew et al. 1996 right index finger 
movement procedure 

CC 

[15] Gerloff et al. 1998 motor regions in 3 
stages of finger 
movement procedure 

CC 

[20] Lachaux et al. 1999 Epileptic EEG PLV 
[18] Nolte et al. 2004 – Imaginary part 

of coherency 
[26] Ding et al. 2006 neuroscience Frequency 

domain granger 
causality 

[21] Stam et al. 2007 15 alzheimer disease 
and control subject 

PLI 

[16] Nolte et al. 2008 – phase slope 
index 

[22] Vinck et al. 2010 EEG recordings of rats 
in a two-odour 
discrimination task 

PPC 

[17] Rana et al. 2012 Seizure detection phase slope 
index  

Fig. 6. Brain abnormalities considered in this study.  
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in global efficiency and local proficiency in patient’s networks reflected 
a lower capacity to incorporate and communicate with distant regions 
and a weak organization as a result. Furthermore, disconnected nodes as 
well as the links in some other crucial vertices have increased. Patterns 
accrording to degree values for stroke patients illustrated in Fig. 7. 

The motor system in human brain comprises of areas with anatom
ical interaction and handles the function of motor-related tasks. Stroke 
would destroy and disrupt these connections. There is evidence of 
reorganization in the motor network as a contribution to motor recovery 
after stroke lesion construction with ischemia. How stroke influences 
brain connectivity in motor areas and investigating the relation between 
these harmed areas and functional recovery has been studied in a 
research [29] in 2013. 

The connectivity metrics related to the dysfunction in motor-related 
tasks have been assessed during the 28 days of initial therapy in 2015 
[30]. EEG records of 12 hemiparetic patients in the resting state for arm 
movement dysfunction have been analyzed. The signals have been 
recorded after 7 months of stroke event during 28 days of therapy 
initialization. According to this study, the connectivity in primary motor 
cortex (M1) was a biomarker of motor status. Baseline dysfunction is 
related with injuries of corticospinal tract and not the infarct volume. 
During the 28 days of therapeutic criteria, the changes in M1 connec
tivity patterns have been a good motor recovery biomarker. According 
to this study, it has been inferred that EEG measures of motor-related 
connectivity measures between M1 and premotor cortex are related to 
motor deficits and hence the connectivity improvement in these areas 
would be a valuable sign of motor recovery and cortical function and 
plasticity. These measurements play an important role in distinguishing 
different stages of stroke. 

Liu et al. [31] in 2016, investigated the EEG recordings of healthy 
subjects and stroke patients in resting state condition with closed eyes. A 
vital tool for prediction of post-stroke motor recovery is biomarkers of 
neural activity. Brain network of recordings has been analyzed through 
calculating the sample entropy and Lempel-Ziv complexity features. 
Higher complexity in EEG recordings has been reported for stroke pa
tients. According to brain network in stroke patients, transmission of 
information is done with functional impairment. Complexity of 
Lempel-Ziv (LZC) was applied in anesthesia depth, activity of brain in 
Alzheimer patients and sedative moments. The application of this 
parameter in stroke has been investigated in this research. 

Researchers in 2017 [32] studied the process of diagnosing stroke 
through EEG connectivity. They used the generalized measure of asso
ciation in order to assess the reorganization of brain networks into 
biomarkers. The graph properties such as local and global efficiency, as 
well as hemispheric intra and interdensity have been calculated to 
analyze the recovery state of the stroke patients. Finding a possible 
predictive index of functional post-stroke recovery is the objective of the 
research by Vecchio et al. [34] in 2019. For this purpose, a set of 110 
patients considering 3 scales of stroke including the national institutes of 
health stroke scale (NIHSS), Barthel scale and action research arm test 
(ARAT) have been evaluated. A strong interdependence between the 
small world index and NIHSS has been found in the acute post-stroke 
period. The predictive index works based on correlation between func
tional deficiencies of brain networks measured by detecting the small 

Table 2 
Studies about functional connectivity and stroke disorder.  

Paper 
ref 

objective subjects Functional 
connectivity 
method 

result 

[28] 
2009 

Activating the 
motor cortex 
through the 
finger tapping 
paradigm 

stroke patients 
and healthy 
subjects with 
the course of 
planning 
(PRE) and 
execution of 
movement 
(EXE) 
intervals EEG 

Coherence decrease in global 
efficiency and 
local proficiency in 
EEG brain network 
connection in 
patients 

[30] 
2015 

EEG-based 
biomarkers of 
the motor 
system 
function 

12 
hemiparetic 
patients in 
resting state 
after 7 month 
of the stroke 
during 28 days 
of therapy 
initialization 
for arm 
movement 
dysfunction 

Coherence connectivity in 
primary motor 
cortex (M1) was a 
biomarker of 
motor status; 
connectivity 
measures between 
M1 and premotor 
cortex 

[31] 
2016 

sample 
entropy and 
Lempel-Ziv 
complexity 
features 

healthy 
subjects and 
stroke patients 
in resting state 
condition with 
closed-eye 
state 

Partial 
directed 
coherence 

higher complexity 
in EEG recordings 
have been 
reported for stroke 
patients 

[32] 
2017 

diagnosing 
the stroke 
through EEG 
connectivity 
using the 
generalized 
measure of 
association 

Stroke patients 
in recovery 
state 

Partial 
directed 
coherence 

analyzing the 
recovery state of 
the stroke patients 
with local and 
global efficiency of 
graph 

[33] prediction of 
the upper 
limb function 
after post- 
stroke 
recovery 

24 patients 
with stroke 
during the 
recovery 
phase 

Generalized 
measure of 
association 
(GMA) 

higher 
interhemispheric 
functional 
connectivity 
between M1 in 
every side of the 
brain during the 
ankle movement 
as well as higher 
motor-related 
recovery 

[34] 
2019 

finding a 
possible 
predictive 
index of 
functional 
post-stroke 
recovery 

a set of 110 
patients 
suffering from 
3 scales of 
stroke 
including 
NIHSS, Barthel 
and ARAT 

Time-domain 
Amplitude 
envelope 
correlation 

strong 
interdependence 
between small 
world index and 
NIHSS in the acute 
post-stroke period  

Fig. 7. Patterns accrording to degree values dedicated to the stroke patients 
[28]. The spheres illustrate the degree values. The larger circles represent the 
electrodes with large number of couplings. Degree values (a) in PRE interval. 
(b) In EXE stage. (c) During the PRE interval for the Gamma frequency. (d) 
Degree values during the EXE period for the Gamma frequency. 
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world specifications in EEG resting state in early post-stroke clinical 
outcome. 

The prediction of the upper limb function after post-stroke recovery 
has been done via neural connectivity [33]. Using the Fugl-Meyer 
assessment, the motor related function of the lower limb has been 
analyzed during the recovery phase in 24 patients with stroke. EEG 
signals at resting state and in time of moving the ankle have been 
recorded. The higher interhemispheric functional connectivity between 
M1 in every side of brain in time of moving the ankle is related to a 
higher motor-related recovery. Functional connectivity in motor-related 
areas after stroke might be related to the recovery of ability to move the 
lower limb. The relationship between amplitude envelope correlation 
(AEC) and Fugl-Myer assessment of the lower limb in resting state and in 
time of moving the ankle are illustrated in Figs. 8 and 9 respectively. 

3.2.2. Depression 
Depression is another brain disorder associated with neural deficit 

symptoms. Researchers used EEG functional connectivity to study the 
symptoms of the abnormal activity of brain that lead to this disorder. We 
have an overview on a number of studies related to depression detection 
through EEG recordings. The objectives, subjects used in these studies 
and the obtained results according to each study about depression dis
order are available in Table 3. 

The role of gender has been used in a research by Knott et al. [35] in 
2001. The focus of the investigation has been on male depression and 
comparison of the power, power ratio indices in each hemisphere, 
coherence and mean frequency in the hemispheres between depressed 
males and healthy individuals. EEG recordings of resting state in closed 
eyes state from 70 male individuals with mild depressive disorder 
(MDD) and 23 normal individuals have been analyzed. The vigilancy of 
individuals has been controlled during the records. The asymmetry, 
absolute value, relative power of coherence and frequency measures 
derived from spectrally processed EEGs have been investigated for 

extracting discriminative features for classification. The relative and 
absolute beta power in bilateral anterior regions have been overally 
greater for patients compared with controls. Furthermore, mean total 
spectrum frequency has been faster in patients. Reduced left hemisphere 
activation in alpha power asymmetry index for healthy ones in each 
hemisphere has been recognized. Also, a reduction of coherence indices 
has been observed for delta, alpha and beta frequency bands. The power 
asymmetry has exhibited a decremental trend for theta band in patients 
at all regions bilaterally. Although, power asymmetry has been 
restricted unilaterally to the right hemisphere for beta frequency band. 

In 2006, brain oscillations and the effects in ongoing EEG in patients 
with MDD has attracted the attention of the researchers [36]. The resting 
state EEG recordings of 12 patients have been assessed by the extracted 
short-term EEG spectral patterns. The results of this research insist on 
the effects of brain activity in nearly the whole brain regions. Repre
sentation of the effects is in the form of reestablishment of the brain 
oscillations in a frequency range between 0.5 and 30 Hz. The posterior 
cortex specifies the maximum effect in response to depression. The right 
hemispheric hyperactivity for MDD patients has been occurred in fron
tal, parietal and occipital regions of the brain. 

Usually, there is an increase in brain functional connectivities of 
patients with major depression. Cenuet et al. [37] in 2007, used an EEG 
structural synchrony approach for 12 depressive patients and 10 control 
subjects. The EEG recordings have been investigated to extract differ
ence in synchronized patterns of depressive and healthy groups. The 
strength and the number of functional connections in the case of 
depressive patients are different in the left and right hemispheres. They 
discovered larger long connections in the right hemisphere and larger 
short connections in the left one. The severity of depression has a pos
itive correlation with some of the functionally connected activities of the 
brain. The connections in the left hemisphere, posterior and anterior for 
the alpha frequency band are in correlation with depression. The short 
connections in anterior region for the theta band are related with 

Fig. 8. The relationship between amplitude envelope correlation (AEC) and Fugl-Myer Assessment of the lower limb section (FMAL) in the resting state [33]. Solid 
lines indicate a positive correlation and dashed lines are for negative ones with a noticeable beta-coefficient between motor function, 4 W, fourth week after stroke 
onset; 8 W, eighth week after stroke onset. 
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depression. The representation of brain topomap corresponding to 
functional connectivities for depressed patients shows that discrimina
tive signs are in the left posterior and the right anterior parts of the 
brain. The hypothesis about incremental trend for functional connec
tions of depressed patients is observable in the obtained results. 

For detecting the EEG-based biomarkers of response to treatment, 
researchers in 2011 [38] examined the resting state EEG connectivity 
strengths at 8 weeks after treatment initialization. A number of 108 
depressed patients have been considered for EEG recording in resting 
state. The EEG records in 3 min with a closed-eye state have been studied 
for detecting the biomarkers of treatment. The power series correlation 
and coherence have been compared for patients with different states of 
responding and non-responding to treatment according to the Hamilton 
Depression Rating Scale. The connectivity strengths in predicting 
treatment responses have been evaluated though receiver operating 
characteristic (ROC) and pearson correlation. According to the evalua
tion, the stronger connectivity strengths, especially in frequency bands 
of delta and theta for the fronto-temporal network, indicate a poor 
response to treatment. 

When depression is resistant to treatment, one of the therapy 
methods advised is deep brain stimulation (DBS). To evaluate the brain 
activity and extract the differences between the subjects who respond to 
DBS and those not affected by therapy, researchers in 2014 [39] 
recorded EEG signals of 12 patients after DBS surgery. The number of 
patients who do not respond to DBS is equal to 6 subjects. Power 
asymmetry and synchronization in hemispheres for all subjects have 
been compared. The differences have been represented with these two 
parameters for theta band in the frontal lobe and the alpha band activity 
in the parietal lobe. Asymmetries are calculated for healthy subjects and 
are similar to the parameters for responders and are opposite to others 
who do not respond to treatment. The characterization of power 
asymmetry is recognized by an increase in theta frequency band for right 
hemisphere frontal lobe relative to left frontal lobe in subjects not 
responding to the treatment. Also, in the case of this asymmetry, an 

increase has been detected in alpha frequency band for left parietal lobe 
in comparison to the right lobe. A difference in theta frequency band has 
been detected with analyzing the synchronization asymmetry. This 
asymmetry for subjects responding to the treatment was similar to the 
healthy subjects and opposite to the not responding subjects. Further
more, the differences have been shown in connectivity patterns in the 
theta frequency band in frontal and parietal lobes of responders and 
non-responders. 

Recognizing the brain activity differences in depressed and healthy 
subjects have been done through processing the emotional state in 2015 
by Li et al. [40]. Identifying the brain activity in this study has been done 
through emotional face processing. The graph theory analysis of func
tional connectivity network has been done to detect the differences in 
networks of patients with depression and healthy subjects. Number of 
subjects with depression was 16 and 14 healthy subjects have been 
considered in the study. The coherency in all frequency bands was 
determined to calculate the correlation. The characteristic path length in 
addition to the clustering coefficient have been used to investigate the 
connectivity graph. In gamma frequency band, the EEG coherence is 
higher in subjects with depression disorder. In this frequency bands, the 
coherency for negative emotions for healthy subjects has been higher 
relative to positive emotions. The functional connectivity network for 
depressions were random in comparison to the network of healthy ones. 
This abnormal topology of the network for patients has occurred in 
occipital and prefrontal lobes. Another important point is that in gamma 
frequency bands, a negative bias occurs in normal state subjects and this 
bias disappeared for patients. 

Another discriminative metric for diagnosing EEG signals of the 
depressive disorder patients is the EEG-derived synchronization likeli
hood (SL) studied in 2017 [41]. This feature performed better than 
mutual information and coherence. Different classification algorithms 
have been used in this study using the SL features and classification 
metrics have been calculated for these algorithms. According to this 
research, the likelihood of synchronization is a promising metric for 

Fig. 9. The relationship between AEC and FMAL during the ankle movement [33]. Solid lines indicate a positive correlation and dashed lines are for negative ones 
with a noticeable beta-coefficient between motor function. 4 W, fourth week after onset of stroke; 8 W, eighth week after stroke onset. 
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Table 3 
Studies related with functional connectivity and depression disorder.  

Paper 
ref 

Objective subjects Functional connectivity 
method 

Result 

[35] 
2001 

male depression and comparison of traditional 
power, power ratio indices in each hemisphere, 
coherence and mean frequency in hemispheres 
have been done between the depressed males and 
the healthy individuals 

70 male individuals with MDD 
and 23 normal individuals 

Coherence Decremental trend of theta power asymmetry has 
been observed in patients bilaterally at all regions 
and beta power asymmetry has been unilaterally 
restricted to the right hemisphere. 

[36] 
2006 

brain oscillations and the effects in ongoing EEG in 
patients with MDD 

12 patients Assymetry analysis Posterior cortex specifies the maximum effect in 
response to depression. The right hemispheric 
hyperactivity has been occurred in frontal, parietal 
and occipital regions of the brain. 

[37] 
2007 

extracting the difference in synchronized patterns 
of depressive and healthy groups 

12 depressive patients Structural synchrony 
index 

In alpha frequency band, connections in left 
hemisphere, posterior and anterior are correlated 
with depression. In theta band, short connections 
in anterior region is related with depression. The 
representation of brain topomap of functional 
connectivities for depressed patients shows that 
discriminative parts are the left posterior and the 
right anterior parts of the brain. 

[38] 
2011 

detecting the EEG-based biomarkers of response to 
treatment 

108 depressed patients; EEG 
records of 3 min of closed-eyes 
state 

Coherence The stronger connectivity strength in fronto- 
temporal network, specially in frequency bands of 
delta and theta, indicates the poorer treatment 
response. 

[39] 
2014 

To evaluate the brain activity and extract the 
differences between the subjects who respond to 
DBS and those who not affected by therapy. 

12 patients after deep brain 
stimulation (DBS) surgery; 
subjects who not respond to 
DBS is equal to 6 subjects 

Phase coherence The characterization of power asymmetry is 
recognized by an increase in theta frequency band 
in right hemisphere frontal lobe relative to the left 
frontal lobe in subjects not responding to 
treatment; An increase has been detected in alpha 
frequency band in left parietal lobe in comparison 
to the right lobe of these subjects. 

[40] 
2015 

differences in depressed and healthy subjects have 
been done through processing of the emotional 
state 

Number of subjects with 
depression was 16 and number 
of healthy ones is 14. 

Coherence (cross- 
correlation between 
two signals) 

The characteristic path length in addition to the 
clustering coefficient have been used to investigate 
the connectivity graph. In gamma frequency band, 
the EEG coherence is higher in subjects with 
depression disorder. In this frequency bands, the 
coherency for negative emotions for healthy 
subjects has been higher relative to positive 
emotions. 

[41] 
2017 

EEG-derived synchronization likelihood (SL) Depressed patients Synchronization 
likelihood 

The likelihood of the synchronization is a 
promising metric for EEG-based depression 
disorder detection. 

[42] 
2019 

analyzing the functional connectivity networks of 
depression and healthy controls is the phase lag 
index 

27 depression disorders and 28 
number of healthy subjects 

Phase lag index Brain activity in nearly the whole brain was 
affected by abnormal condition in depression. The 
brain oscillation patterns in three frequency bands 
including delta, theta and beta are more important 
than the network patterns of the alpha frequency 
band. 

[44] 
2020 

deep brain stimulation (DBS) for long-lasting 
depression 

25 normal and 26 abnormal 
subjects 

Partial Directed 
Coherence 

Assessing the amygdala as a target for deep brain 
simulation would be an essential step for 
depression treatment; The partial Directed 
Coherence (PDC) for EEG in different brain regions 
including the amygdala and thalamus have been 
analyzed. 

[43] 
2020 

diagnosing the depression during music perception EEG recordings during music 
perception in diagnosing the 
depression 

Phase lag index The most discriminative frequency band in 
diagnosing the depression disorder has been the 
beta frequency band with the SVM classification 
method. A decreased connectivities for beta 
frequency band have been shown for depressed 
patients. 

[45] 
2021 

Prediction of depression severity scores 60 patients Phase lag index In alpha and delta frequency bands, the depression 
severity score is in positive connection with the 
complexity measures. 

[46] 
2021 

The connection between the major depressive 
disorder and the EEG features 

30 healthy volunteers and 34 
abnormal 

Synchronization 
likelihood 

The connection between major depressive disorder 
and the EEG features including spectral, statistical, 
functional connectivity, wavelet and nonlinear 
analysis methods has been represented in the 
study. The best performance has been achieved via 
10-fold cross validation employing the SVM 
method with the use of RBF kernels. 

[47] 
2022 

An automated EEG-based mild depression disorder 
(MDD) diagnosis framework. 

34 MDD patients and 30 HC 
subjects 

Pearson Correlation An automated technique for mild depression 
disorder diagnosis via EEG signals has been 
proposed based on dictionary learning approaches 
and functional connectivity features. 

[48] 
2023 

The intrinsic time-scale decomposition method for 
diagnosing the depression disorder. 

the MODMA and EDRA 
databases 

Pearson Correlation EEG resting-state functional connecitivity analysis 
is an effective biomarkers for its clinical diagnosis 
and identification of the depression disorder.  
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EEG-based depression disorder detection. 
Another metric considered for analyzing the functional connectivity 

networks of depression and healthy controls is the phase lag index. The 
construction of networks has been done using this metric in the study by 
Canuet et al., in 2019 [42]. The features with high discriminative power 
have been identified with the altered Kendall rank correlation coeffi
cient. Classification algorithms have been employed to discriminate the 
features related to a group of patients and a set of normal subjects. A 
total number of 27 depression disorders and 28 number of healthy 
subjects have been studied. The SVM classifier with leave-one-out 
cross-validation has been employed and the classification accuracy has 
been reported to be equal to 92% and the area under the convergence 
curve was 0.98 for the whole frequency bands. According to the findings 
in this research, brain activity in nearly the whole brain was affected by 
abnormal conditions of depression. The brain oscillation patterns in 
three frequency bands including delta, theta and beta have more 
important discriminative features in comparison to the network patterns 
of alpha frequency band. 

Deep brain stimulation is one of the treatments required for long- 
lasting depression. The amygdala has been detected as a target for 
DBS in 2020 [44]. It is an essential step for depression treatment ac
cording to this research. The resting state functional connectivity 
network has been explored for 25 normal and 26 abnormal subjects. The 
recurrent depressive, depressive and bipolar affective have been 
explored with calculating the partial directed coherence (PDC) for 
source EEG in different brain regions including the amygdala and thal
amus. The role of amygdala seems important in depression detection. 

In another study in 2020 [43], EEG recordings during music 
perception for diagnosing depression have been considered. The phase 
lag index has been analyzed in calculating the matrices of the functional 
connectivity networks. The topology of brain networks has been 
considered in different frequency bands and classification algorithms 
have been used according to the features of EEG signals in different 
frequency bands. The most discriminative frequency band in diagnosing 
depression disorder has been the beta frequency band with the SVM 
classification method. A decreased connectivities for beta frequency 
band have been shown for depressed patients. During music perception, 
the lateralization phenomenon in the left hemisphere has occurred in 

healthy cases and this connection has not happened for patients. The 
functional connectivity patterns have altered during music perception in 
delta and beta frequency bands. A significant alteration in the case of 
depressions in beta frequency during music perception has lead to the 
best classification accuracy via SVM method. The remarkable connec
tions of brain network in delta and beta frequency bands of the healthy 
group and depression group are illustrated in Figs. 10 and 11. 

Prediction of depression severity scores has been considered in 2020 
[45] with the use of functional connectivity and intricacy of the EEG 
signal. The EEG data recordings with closed eyes for 60 patients have 
been analyzed in this study. Estimating of phase synchronization using 
the functional connectivity between EEG channels has been done for 
different frequency bands of brain activity. The functional connectivity 
has been quantified using graph theory metrics including degree and 
clustering coefficient (CC). The complexity of EEG recordings has been 
calculated using the fuzzy entropy and Lemple-Ziv measure. The 
modeling of the severity prediction with the use of EEG features has 
been done with linear regression. The depression severity score is 
affected by graph metrics negatively in alpha frequency band. The score 
is positively connected with the complexity measures in alpha and delta 
frequency bands. 

The connection between major depressive disorder and the EEG 
features including spectral, statistical, functional connectivity, wavelet 
and nonlinear analysis methods has been represented in the study in 
2021 [46] using a machine learning framework. The feature selection 
method used in this study was the sequential backward method. The 
number of subjects in the study has been 30 healthy volunteers and 34 
abnormal ones. The best performance has been achieved via 10-fold 
cross validation employing the SVM method with the use of RBF kernels. 

The features extracted from functional connectivity metrics have 
been used along with dictionary learning by Movahed et al. [47] in 2022 
for depression detection. An automated technique for mild depression 
disorder diagnosis via EEG signals has been proposed based on dictio
nary learning approaches and functional connectivity features. A feature 
space of functional connectivity measures for depressed and normal 
participants has been constructed in this research and deep neural net
works has been applied to classify the extracted features. The proposed 
technique for MDD diagnosis has employed a public dataset containing 

Fig. 10. The brain network connections in δ and β bands of the healthy group and depression group [43]. CON is for control; MDD is for major depression disorder.  
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EEG signals of 34 patients with depressive disorder and 30 normal 
subjects. The k-fold cross-validation technique has been employed to 
train the neural network and prevent overfitting. The efficiency of the 
proposed method has been evaluated with the provided accuracy, 
sensitivity, specificity and F1-score evaluation metrics. 

The intrinsic time-scale decomposition (ITD) method in 2023 [48] 
has been introduced to mine the time and frequency related information 
simultaneously, instead of directly constructing the functional connec
tion matrix. The Pearson correlation has been applied to measure the 
functional connectivity pattern between channel features extracted with 
ITD. A graph adaptive method based on least absolute shrinkage and 
selection operator has been proposed in this research to extract partic
ular features of the obtained functional connectivity matrix. The 
simultaneous processing of discriminative weights corresponding to 
different features along with the connections between significant fea
tures with using the topology of graph nodes and edges has been the 
positive factor of the proposed method. The effectiveness of this tech
nique for diagnosing the depression has been validated with the 
MODMA and EDRA databases. The experimental results of this study 
have elucidated the pathological structure of depression effects in the 
brain network. Furthermore, it could be inferred that EEG resting-state 
functional connecitivity analysis is an effective biomarkers for its clin
ical diagnosis and identification of the depression disorder. 

3.2.3. Application to emotional processing 
Functional connectivity of the EEG recordings has been employed in 

number of studies related with emotion recognition. We have a brief 
overview on this concept. In 2010 [49], audio-visual emotional stimu
lation has been involved in the EEG recordings of 26 healthy subjects to 
detect 4 different emotional states. The investigation of connectivity 
between 8 scalp regions has been done in this study calculating the 
magnitude squared coherence and mutual information. Processing the 
features extracted from connectivity patterns has been performed with 
KNN and SVM classification methods. 

In another study in 2014 [50], classification of 3 different emotional 
states of positive, neutral and negative has been studied using the 

connectivity patterns of EEG recordings for 40 participants in response 
to representation of video clips. Correlation, phase synchronization and 
coherence have been calculated according to the connectivity patterns. 
Detection of the states via the connectivity patterns has been done in this 
study using the quadratic discriminant analysis. Another application of 
EEG functional connectivity has been investigated in classification of the 
effect of different emotional states in patients with Parkinson’s disease. 
Deficits in emotional state recognition have been reported in Patients 
with Parkinson’s disease and will cause problems in social relationships. 
Brain maps of correlation, coherence and phase synchronization index 
are illustrated in Figs. 12–14. 

Researchers in 2016 [51] investigated the EEG recordings of 20 
non-demented Parkinson’s patients who had score above 24 in the 
Mini-Mental State Examination score and 20 Healthy controls to 
recognize six different emotional states including sadness, happiness, 
disgust, surprise, anger and fear. Phase Synchronization Index, corre
lation and coherence are the features related with functional connec
tivity considered in this study. Also, a new index feature of functional 
connectivity is proposed in the study using the bispectral analysis. 
Classification of the index features of functional connectivity patterns 
has been done using the SVM method. The best accuracy has been re
ported for the new proposed index feature. Classification performance 
for patients have been decreased as a result of emotional deficits. 
Functional disconnections between brain activity lobes have been re
ported as the result of decreased functional connectivity indices. 

Emotion recognition has been reflected by the functional connec
tivity of EEG recordings in 2016 [52]. Brain network dynamics with high 
temporal information have been acquired with EEG-based functional 
connectivity. The resting state EEG recordings of 20 healthy volunteers 
and 20 number of people with anxiety disorder in response to emotion 
regulation tasks (ERT) have been recorded. The weighted phase lag 
index (WPLI) has been used to construct the EEG-based functional 
network connectomes. Characterizing the specifications of these con
nectomes has been done by calculating the characteristic path length 
(CPL) and clustering coefficients (CC). In theta frequency band, the 
network integration calculated with CPL has increased in response to the 

Fig. 11. The degree of each node for the healthy group and depression group in δ and β bands. CON, is for control group; MDD, is for major depression disorder [43].  
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ERT. 
Sharghi et al. [53] in 2019 have proposed a Burg autoregressive 

model to estimate brain activities using the power spectral density. 
Estimation of the functional connectivity networks has been done with 
calculating the phase locking value. Patterns according to three different 
emotional states for all EEG frequency bands have been shown as the 
result of fusion in brain activities and the connectivity networks. The 
classification accuracies have been improved as affected by this fusion. 
The average improvement in the proposed method is 6.84% compared to 
PSD alone and is 4.1% in comparison to the PLV alone. 

In another work by Xun et al., in 2019 [54], different connection 
networks according to EEG recordings of the SEED emotion dataset have 
been investigated with analyzing the strength, eigen vector centrality 
and clustering coefficient of the connectivity networks. The connectivity 
patterns corresponding to different emotion states have specific coher
ence in various brain lobes. Also, the frequency bands according to the 
emotion states are different. For the happy state, higher coherence 
connectivity in gamma, beta and alpha bands can be seen at frontal lobe. 

The coherence connectivity for the sad emotion is in delta frequency 
band at occipital and parietal lobes. For the neutral state of emotion, 
higher coherence can be seen in delta frequency band at frontal lobe. 
These connectivity features outperform the traditional power spectral 
density. 

A dominant factor of illustrating the differences in EEG activity in 
brain regions is the spectral power density. A higher performance have 
been obtained by fusion of this feature with the phase locking value in 
functional network on three public EEG emotional datasets in the study 
by Li et al. [55] in 2019. The fusion method has shown that the common 
specifications of connectivity patterns and brain activation have been 
involved in detecting the three different emotional states. The crucial 
part in making use of human-computer interaction (HCI) in real-world is 
personality profile recognition. EEG-based recognition of the personality 
profile will make the HCI applications more real and adaptable. 

The study by Klados et al. [56] in 2020 have considered the neuro
biology of personality prediction. The resting state EEG would not have 
valuable data for personality profile identification. EEG recordings 

Fig. 12. Correlation brain maps. Solid lines for high correlation and dashed lines for low ones [50].  

Fig. 13. Coherence Brain maps. Solid lines for high coherence and dashed lines for low ones [50].  

Fig. 14. Phase synchronization index brain maps. Solid lines for high phase synchronization index and dashed lines for low ones [50].  
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provoked emotionally would be useful for this study. The AMIGOS 
database is a set of emotionally stimulated EEG signals of 37 number of 
healthy volunteers. 10 number of features of the AMIGOS dataset have 
been selected and imposed to the support vector machine to classify the 
EEG samples. The classification accuracies via this method have been 
reported for 5 number of personality groups including conscientious
ness, extraversion, neuroticism, openness and agreeableness. 

Another effective method has been proposed by Cao et al. [57] in 
2020 for EEG-based emotional signal processing. In this study, the 
weighted brain connectivity network has been extracted and illustrated 
with the information flow using the minimum spanning tree algorithm 
(MST). The limitations of traditional methods of power spectrum anal
ysis have been avoided in an effective way. The DEAP database has been 
analyzed for classifying 4 groups of emotional states corresponding to 
high arousal and valence (HAHV), low arousal and valence (LALV), low 
arousal with high valence (LAHV) and high arousal with low valence 
(HALV). In this study, the phase lag index (PLI) has been calculated for 
five different frequency bands. Configurations in low arousal state are 
line-shaped in comparison to high arousal states of emotion. In high 
arousal emotion state, the illustration of MST trees for low valence is 
starshaped in comparison to the trees in high valence emotional state. 
This trend of MST trees confirms the randomness of functional con
nectivity network in negative emotional states. Also, it can be deduced 
that brain activity has increased when faced with negative emotions. 

A phase locking and distance-based method have been proposed in in 
2023[58]. The matrices of phase locking value corresponding to 
different frequency bands have been constructed. Three distance metrics 
including the Frobenius norm, the log-Euclidean and the spectral norm 

have been considered to calculate three distance matrices of phase 
locking value. Corresponding to results of this study, the right temporal 
and anterior lobes of the brain are linked inextricably to emotional state. 
The best classification accuracy according to the Frobenius norm has 
been obtained for alpha band between neutral and positive emotional 
states. The classification accuracy for beta frequency band according to 
the classification of positive and negative emotional states has been 
achieved for the log-Euclidean distance. Also, the best recognition be
tween negative and neutral emotional states has been obtained with 
Frobenius norm metric for delta frequency band. 

3.2.4. Epilepsy 
Another brain abnormality characterized by repeated seizures and 

sudden changes in brain electrical activity is epilepsy. A number of 
studies have been dedicated to analyzing this brain disorder using the 
functional connectivity of the EEG recordings [59]. The objectives, 
subjects used in these studies and the obtained results according to each 
study about epilepsy disorder are available in Table 4. 

The effect of epilepsy on the small-world networks has been studied 
by Ponten et al. [60] in 2007. The EEG signals of mesial temporal lobe 
seizure type have been collected during seizure event. The small-world 
feature connectivity has been displayed with EEG analysis. The likeli
hood of synchronization in intra-cerebral EEG recordings has been 
calculated corresponding to 7 patients for 5 periods of interest including 
interictal, before, during and after the occurrence of rapid discharges. 
The graphs have been constructed based on the SL matrix. The clustering 
coefficient and the shortest path length have been obtained measuring 
the local connectedness and calculating the overall network integration. 

Table 4 
Studies related with functional connectivity and epilepsy disorder.  

Paper 
ref 

Objective subjects method result 

[60] 
2007 

investigating the EEG signals of 
mesial temporal lobe seizure type 
collected in seizure 

7 patients for 5 periods of interest including 
interictal, before, during and after the 
occurrence of rapid discharges 

Synchronization 
likelihood 

An ordered configuration with higher clustering 
coefficient and higher path length have been observed 
during the seizure in comparison to the more randomly 
structured of network during the interictal phase. 

[61] 
2008 

interictal intracerebral EEG records 
in temporal brain lobe 

two groups of patients with different 
involvement of epileptogenic structures of 
the brain; 21 drug-resistant epileptic 
patients 

Correlation A decrease of power spectral density in theta frequency 
has been recognized in patient group whom EEG start 
from the mesial temporal lobe. 

[62] 
2011 

pathologic regions of the brain as 
well as regions without the epileptic 
discharges 

5 patients with epilepsy in temporal lobe of 
brain 

Correlation tangible effect of epilepsy on coupling alteration in 
pathological and other regions without epileptic 
discharges 

[63] 
2011 

epileptic patients without 
schizophrenia deficit 

21 psychotic schizophrenia epileptic 
patients as well as 21 focal epileptic 
patients without schizophrenia 

Lagged phase 
synchronization 

The lateral and medial part of parietal cortex of brain 
involved in the default mode network have represented 
increased oscillations for psychotic patients in the theta 
frequency band; Positive symptoms of increased 
connectivity have been reported in tempro-prefrontal 
region for psychotic schizophrenia patients 

[65] 
2014 

the classification of pediatric 
volunteers with epilepsy and normal 
ones 

pediatric volunteers with epilepsy and 
normal ones 

Phase distance The classification of pediatric volunteers with epilepsy 
and normal ones has been studied. Three sets of 
topological features have been used and the general 
linear model has been employed for clustering these two 
groups 

[66] 
2016 

use of granger causality to see the 
alterations in EEG epochs without 
IEDs of epileptic patients 

20 number of left temporal lobe epilepsy, 
20 number of patients with epilepsy 
sourced right temporal lobe and 20 number 
of healthy controls 

Granger Causality Longer duration for disease has been detected in RTLE 
patients with driving from ipsilateral mediolimbic and 
contralateral regions; A lower outflow in patients with 
depression or learning losses from the anterior cingulate 
cortex has been detected compared to healthy controls. 

[68] 
2018 

measuring the effects of functional 
connectivity measures on post- 
surgical prognosis 

59 patients with cortical development of 
epilepsy 

Non-linear 
correlation 

The larger alterations of functional connectivity have 
related with weak post-surgical prognosis and the 
connectivities have been needed for modeling the 
spatiotemporal specifications of seizure disease. 

[69] 
2020 

the network of functional 
connections have been constructed to 
infer and verify the alterations due to 
the epilepsy 

Number of 6 patients with childhood 
absence epilepsy 

correlation The enhanced synchronicity during epileptic episodes 
have been observed and specific spatial changes have 
been revealed. 

[70] 
2021 

resting state EEG evaluation of 
Psychogenic Non-Epileptic Seizures 
(PNES) 

20 number of PNES individuals along with 
19 healthy 

Phase locking index The pathophysiological mechanisms of PNES could be 
inferred from the fact that the dysfunctional in 
interaction across brain areas have been in relation with 
the intrinsic organization of functional connections  
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These two parameters have increased during seizure prominently in 
alpha, theta and delta frequency bands. An ordered configuration with 
higher clustering coefficient and higher path length have been observed 
during the seizure in comparison to more randomly structured network 
during the interictal phase. 

In the research by Bettus et al. [61] in 2008, spectral properties have 
been compared and the connections of interictal intracerebral EEG re
cords in temporal brain lobe have been analyzed for two groups of pa
tients with different involvement of the epileptogenic structures of 
brain. Interictal EEG of 21 drug-resistant epileptic patients have been 
compared with healthy group. A healthy control group along with 
number of patients in whom seizure EEG records do not start from the 
mesial temporal lobe (non-MTLE), has been considered in the study. A 
decrease of power spectral density in theta frequency has been recog
nized in patient group whom EEG start from the mesial temporal lobe. 
Nonlinear correlation values have been reported in this study are higher 
in the patient in comparison to the non-MTLE group. According to this 
study, a decrease of oscillations has been recognized in epileptogenic 
zone for theta frequency band and an increase has been illustrated in 
signal interdependencies. The epileptogenic zone according to this 
research is affected by functional connectivity reinforced to the neuronal 
network assemblies in the brain. 

In another study in 2011 [62], spontaneous oscillations in the blood 
oxygen level dependent (BOLD) from fMRI recordings of resting state 
have been studied to recognize whether these fluctuations reflect 
spontaneous brain activity in pathologic regions of brain as well as re
gions without epileptic discharges. The EEG signals in this study are 
intracerebral EEG (iEEG) from 5 patients with epilepsy in temporal lobe 
of brain. Cross correlation of EEG signals as well as fMRI in resting state 
have been calculated. The quantification of both brain signal modalities 
has been done for interictal period for both epileptic and non-epileptic 
regions. The iEEG functional connectivity has been reported higher in 
epileptic areas, although opposite trend has been found from the BOLD 
signal connectivities. This observation illustrates a negative correlation 
between the two modalities and suggests the tangible effect of epilepsy 
on coupling alteration in pathological and other regions without 
epileptic discharges. According to this study, the epileptogenic areas of 
the brain affect the nonepileptic regions during the interictal period due 
to the consistency of the indices of directionality from both brain 
modalities. 

Determination of abnormal patterns in EEG signal oscillation in 
schizophrenia patients with epilepsy has been investigated in the study 
by Canuet et al. [63] in 2011. The functional connectivity of EEG signals 
in these patients has been compared with epileptic patients without 
schizophrenia deficit. Resting state EEG signals of 21 psychotic schizo
phrenia epileptic patients as well as EEG recordings of 21 focal epileptic 
patients without schizophrenia have been studied in this research.The 
functional connectivity and source current density have been analyzed 
with the use of a software based on eLORETA algorithm. Nonlinear 
measurement of connectivity named lagged phase synchronization has 
been used for analyzing the connectivity. The lateral and medial part of 
parietal cortex involved in the default mode network have represented 
increased oscillations for psychotic patients for theta frequency band. 
Positive symptoms of increased connectivity have been reported in 
tempro-prefrontal region for psychotic schizophrenia patients. 

The prediction of seizure upcoming and localization of the seizure 
onset zone using the functional connectivity of intracranial EEG have 
been studied in the research by Van Mierlo et al. [64] in 2014. The 
assessment of the value of the functional connectivity information 
extraction that is not identifiable visually from EEG data has been the 
objective of this study. The classification of pediatric subjects with ep
ilepsy and pediatric controls has been studied in the research by Sar
golzaei et al. [65] in 2014. In classification procedure, three sets of 
topological features have been used and the general linear model has 
been employed for clustering these two groups. 

In spite of the fact that discharges of interictal epileptiform (IED) are 

not observable, seizure onset and behavioral disorders can be seen in 
patients with epilepsy. The use of granger causality in directed func
tional connectivity networks has been investigated by Coito et al. [66] in 
2016 to see the alterations in EEG epochs without IEDs of epileptic pa
tients. The alterations of connectivity have been compared for patients 
with epilepsy sourced in right and left temporal lobe and the healthy 
control subjects. 20 number of left temporal lobe epilepsy, 20 patients 
with epilepsy sourced right temporal lobe and 20 number of healthy 
controls have been considered in this study. Source activity for 82 re
gions of interest has been obtained according to a distributed linear 
inverse solution and an individual head model. The connectivities in 
regions of default mode network has decreased in patients. 

A tangible network difference can be seen between patients and 
healthy controls. The ipsilateral hippocampus is the region with stron
gest connections in patients and the connections in posterior cingulate 
cortex are the strongest in healthy controls. Longer duration for disease 
has been detected in right temporal lobe epilepsy (RTLE) patients with 
EEG signals driving from ipsilateral mediolimbic and contralateral re
gions. A lower outflow in patients with depression and learning losses 
from the anterior cingulate cortex have been detected compared to 
healthy controls and other patients without learning deficits. Reorga
nization of the resting-state connectivity network without interictal 
epileptiform discharges reinforces the changes of functional network in 
temporal lobe epilepsy. Prediction of the epilepsy disorder according to 
this study can be done using the aforementioned symptoms of changes 
and alterations that are the biomarkers of temporal lobe epilepsy 
without observable IEDs. 

Benign epilepsy in children using the resting state EEG has been 
studied in research by Adebimpe et al. [67] in 2016. The exact Low 
Resolution Electromagnetic Tomography (eLORETA) has been per
formed for EEG source recognition. Functional connectivities of 84 
Brodmann areas in four frequency bands (delta, theta, alpha, and beta) 
have been analyzed with the use of lagged phase synchronization. The 
network degree, efficiency and clustering coefficient have been 
computed. Higher lagged phase synchronization has been reported for 
patients in theta, alpha and lower beta frequency bands. Less well or
dered brain networks with increased global degrees and efficiencies 
along with decreased clustering coefficients have been obtained for 
patients. Loss of local functional connections in disparate regions in beta 
band of patients is the cause of reduced functional segregation and 
integration. Furthermore, the altered functional reestablishment espe
cially in alpha and beta frequency bands is the reason for functionally 
disruption of benign epileptic brain networks. 

The interictal EEG-based functional connectivity effects on re
fractory focal epilepsies have been studied by Lagarde et al. [68] in 
2018. Number of studies on the interictal or resting state focused on the 
functional connectivity extracted according to the functional MRI. A few 
number of studies have considered EEG signals to compute the func
tional connectivities. The EEG signals of 59 patients with cortical 
development of epilepsy have been the dataset studied in this research. 
The directionality of functional connectivity has been analyzed between 
three zones described with the epileptogenic, the propagation and a 
non-valid zones. The effects of functional connectivity measures on 
post-surgical prognosis have been measured and the alterations ac
cording to each zone have been considered. Modern network examina
tion methods have revealed primitive aspects of normal brain network 
structure including small-worldness, modularity, scale-free patterns and 
hub presence. The reinforcement of connectivity within the zones have 
happened with a gradual organization. Larger alterations of functional 
connectivity have related with weak post-surgical prognosis. These 
connectivities have been needed for modeling the spatiotemporal 
specifications of seizure disease. 

A number of 6 patients with childhood absence epilepsy have been 
studied in another research [69] in 2020. The patients are pediatrics and 
the network of functional connections has been constructed to infer and 
verify the alterations due to the epilepsy. The enhanced synchronicity 
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during epileptic episodes have been indicated and specific spatial 
changes have been revealed in brain electrical activity. According to this 
study, clinicians have been provided with detailed insights into the ac
tivity of a pathologically damaged brain using functional connectivity 
measures. Hence, diagnosis and treatment of various neurologic diseases 
would have been realized. 

The evaluation of resting EEG corresponding to the psychogenic non- 
epileptic seizures has been done by Varone et al. [70] in 2021. The 
power spectrum density (PSD), functional connectivity metrics 
including the phase lag index and graph driven measures have been 
utilized in order to assess and analyze the information distributed in 
different brain areas. 20 number of unhealthy individuals along with 19 
healthy controls have been studied to evaluate the functional connec
tivity features with multi-layer perceptron (MLP), linear discriminant 
analysis (LDA) and SVM algorithms. The pathophysiological mecha
nisms in patients with psychogenic seizure disorder could be inferred 
from the fact that dysfunctional levels have been in relation with the 
intrinsic organization of functional brain networks. According the re
sults achieved by this research, promising method to classify the resting 
state EEG data from PNES healthy subjects is the integration of func
tional connectivity features with MLP. 

3.2.5. ADHD 
A difficulty in hyperactivity and attentional maintenance is named 

attention deficit hyperactivity disorder and since 1980, ADHD has been 
analyzed using the EEG signals by considering the changes in either each 
of EEG channels or between different channels of recorded neural 
activity. 

The spectral power and coherency techniques of brain functional 
connectivity have been studied for 42 ADHD patients and 21 healthy 
children with ages between 10 and 13 years old [71]. The coherence for 
ADHD group in lower alpha frequency band has increased and in upper 
alpha frequency band, a decrease in coherency has been observable. For 
control group, the coherence has increased in frequency range of 2 Hz–6 
Hz independent of representing the stimulation. The EEG recordings in 
response to visual stimulation has been analyzed and elevation of co
herency in frontal cortex has been deduced. Furthermore, the evoked 
potential power has decreased in this area for the ADHD group. A static 
state of deficient connectivity for ADHD patients can be seen according 
to the findings in this research. Also, the overconnectivity state in 
response to stimulus has been occurred within and between frontal 
hemispheres. An abnormal function of dorsal anterior cingulate cortex 
(dACC) would result in ADHD according to brain signal analysis. 

The objective of another research in 2009 [72] has been to highlight 
the recent advances in characterization of ADHD appearing as the result 
of endophenotypic EEG characteristics. Addressing the complex het
erogeneity of ADHD would be realizable considering endophenotypic 
fractionation of pathophysiology models focusing on intrinsic activity of 
the brain, induced variabilities of subject and reward response related 
brain fluctuations. 

The nonlinear synchronization of EEG-based functional connectivity 
of children with ADHD has been the aim of another study in 2010 [73]. 
The EEG signals of 12 male gender with ADHD and 11 male individuals 
have been recorded. A nonlinear index of generalized synchronization 
between the amplitudes of signals has been assessed to analyze the 
interhemispheric cortical connectivities. The increased interhemi
spheric nonlinear synchronization has been dedicated to ADHD chil
dren. EEG-based diagnosis of ADHD children would be realized 
according to this research through nonlinear EEG interhemispheric 
synchronization measures. 

A wavelet synchronization method for EEG-based functional con
nectivity has been introduced by Ahmadlou et al. [74] in 2010 for 
diagnosis of ADHD patients. Detection of synchronized regions and 
discriminative regions in patients with attention deficit have been 
focused in this research. The EEG data of 47 ADHD and 7 healthy in
dividuals in closed-eye state has been recorded and analyzed with radial 

basis function-based neural network. ADHD detection has been realized 
in this research with this wavelet-based synchronization features and a 
good classification accuracy has been reported through the designed 
neural network. 

The connection between the frontal cortex and visual cortex in 
ADHDs has been investigated in research by Mazaheri et al. [75] in 
2010. The EEG recordings of 14 ADHD and 11 normal children aged 
between 8 and 12 years have been analyzed. A cross-modal attention 
task has been designed and represented to subjects whereas a cue signal 
has been illustrated to them which encompasses the information of 
modality in next target. The power spectra in theta and alpha bands have 
been calculated in 1 s after the representation of cue signal and also 
before the illustration of target to subjects. The aim of this calculation is 
to distinguish different targets of interest. The accuracy of targets with 
correct cues and the speed of response are more better than other targets 
with incorrect cue signals for example auditory related targets with 
preceding cues of visual related ones. Furthermore, the speed to 
response in typical subjects has been faster and independent of cor
rectness in cue signals. 

Overally, the advantage of the correct cues is definite about both the 
ADHD and typical group for the quality of the response. The activity in 
alpha frequency band has been affected by the attentional cues in typical 
subjects. Also, the activity in theta frequency band has a reverse rela
tion/anticorrelation with the brain activity in midfrontal lobe. These 
correlations and affections by attentional cues have not been observed in 
these brain regions of ADHDs. This evidence confirms the top-down 
attention control deficiencies in ADHD children. According to the re
sults of this study, the functional connectivity has been removed be
tween the occipital cortex and the frontal cortex of ADHD children. 

The study by Ahmadlou et al. [76] in 2012 presented a new meth
odology for investigating the organization of hemispheric network ac
tivity in ADHD patients with the use of a weighted graph to discover the 
topology of brain in them. The nonlinear fuzzy synchronization likeli
hood (FSL) has been used in this study to extract the brain topology. The 
small-world of network of normal cortex indicates a correspondence of 
the characteristics of global and local structures. This normal network 
could compromise between the integration and decomposition of in
formation essential for fast message delivery in a complex synaptic 
network in brain. The existence of dense clustering connections and 
short path lengths among the network units in a network are the es
sentials of small-world networks. Analyzing dense clustering connec
tions represents divergence of local functional left hemisphere network 
for ADHD and normal cases in delta frequency band. The short path 
length indicates difference between the global functional network in left 
hemisphere for patients and normal ones in delta frequency band. The 
network structures in left hemisphere are distinguishable for ADHD and 
normal subjects considering these two parameters. 

The brain connectivities by analyzing the EEG recordings in different 
resting states of young ADHD subjects have been studied by Alba et al. 
[77]. The EEG signals have been recorded from 16 cortical regions at 
resting states with closed eyes and opened eyes from 10 male ADHD 
patients and 12 healthy subjects. The mean measure of global connec
tivity for each brain region and the temporal variability of connectivity 
have been calculated with EEG recordings in both open and closed eye 
states. The magnitude squared coherency in different frequency bands 
and nonlinear index of generalized synchronization have been extrac
ted. Any difference between ADHD and healthy controls could not be 
deduced through the mean measure of global connectivity in every state. 
Temporal variability has shown differences corresponding to both states 
in two groups of patients and normal subjects. It is greater for ADHD 
patients than the other group in parieto-occipital and frontal regions. In 
order to discriminate ADHD from healthy ones, temporal variability of 
the nonlinear index of generalized synchronization seems to be the best 
measurement independent of eye state and temporal variability of co
herency is a measure dependent to eye state. Temporal variability of the 
coherency increased from closed-eye to open eye state in ADHDs and 
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this measure is greater in comparison to the healthy controls. 
The markers of persistence and remission of ADHD in event related 

potential (ERP) signals have been focused by Michelini et al. [78] in 
2019. This study considered 87 ADHD persisters and 23 remitters of 
ADHD among young adults as well as 169 typical individuals. The EEG 
signals have been recorded during an arrow-flanker task. The graph 
theory metrics of functional connectivity-based networks have been 
quantified before the target onset and during the processing of target. 
Also, these metrics have been computed in degree of change between 
these two phases of pre and post stages of the stimulus representation. 
ADHD outcome has been examined with symptoms reported from par
ents utilizing the dimensional and categorical approaches. The metrics 
represent an incremental connectivity in persisters of ADHD in 
pre-stimulus stage in theta, alpha and beta frequency ranges. Further
more, the incremental connectivity trend has been observed in persisters 
after the stimulation. The change in connectivity of theta frequency 
band has reduced in both stages. The majority of connectivity metrics 
differed between the ADHD remitters and healthy controls but not with 
ADHD persisters. The connectivity measures have been unrelated to 
continuous measures of ADHD symptoms in participants with childhood 
ADHD. Abnormal hyper-connectivity has been reported in adolescents 
as well as young adults with persistent along with remitted ADHD. The 
capability of modulation in brain functional connectivity patterns in the 
case of task demands has reduced in comparison to healthy controls. 
According to the results of this research, task-based functional connec
tivity impairments according to childhood ADHD without considering 
the adulthood ADHD diagnosis would cause enduring deficiencies. 

Topographic maps according to the scalp distribution of imaginary 
part of coherence (iCoh) in theta, alpha and beta frequency ranges are 
illustrated in Fig. 15. The EEG records before presenting the stimulation 
for trials with correct responses have been considered for topomap 
representation corresponding to three groups of ADHD persisters, 

remitters and controls. 
An EEG-based construction method for brain network has been 

proposed in another research in 2019 [79] by convolutional neural 
network (CNN). A deep network approach of connectivity matrix for
mation has been proposed in order to adapt the process to the concept of 
convolution operation in CNNs along with applying the reorganization 
of the channel orders. The correlations have been calculated between 
the features derived from deep CNN layers and 13 manually extracted 
measures of the brain network. The EEG data of 50 children with ADHD 
and 51 healthy controls have been considered through this research. The 
mutual information (MI) has been utilized to quantify the connection 
and synchronization between channels. The proposed method has ach
ieved a compelling performance considering the accuracy of 94.67% on 
test data to classify ADHD and healthy subjects. 

The objective of research by Kiski et al. [80] in 2020 is about alter
ations of functional connectivity in adult ADHD and its relation to the 
heritable properties of ADHD. The EEG signals from 38 ADHD adults, 45 
first-degree ADHD relatives of them and 51 normal people has been 
recorded to investigate the objectives of this research. The weighted lag 
index connectivity metric for all frequency bands has been computed 
and linear regression has been utilized to ADHD symptoms prediction. 
Also, the examination of EEG functional connections has been done for 
classification of the subjects into three different groups of ADHD, 
first-degree ADHD relatives and healthy group. The symptoms of hy
peractivity have been predicted by EEG connectivity with open eye state 
in three bands of delta, beta and gamma bands. The symptoms of 
attention deficit has been predicted in open eye state in delta, alpha and 
gamma frequency bands and in closed eyes state in delta and gamma 
frequency bands. According to this study, the representation of neuro
markers for ADHD can be explained with the EEG functional 
connectivity. 

Fig. 15. Topomaps illustrating the imaginary part of coherence (iCoh) before the stimulation for different frequency bands according to trials with correct responses 
of persisters, remitters, and healthy subjects [78]. 
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3.2.6. Autism 
Recently, functional connectivity differences between sexes in in

fants have been considered by O’Reilly et al. [81] in order to analyze the 
relation between autism and EEG connectivity. The International Infant 
EEG Platform (EEG-IP) dataset studied in this research consists of EEG 
records from two independent siblings to identify neural developments 
in the early years of life. EEG records have been accumulated at ages of 
6, 12 and 18 months for 97 number of infants and 98 number of infants 
with an older sibling with diagnosed autism and high risk of familial 
autism. The functional connectivity has been calculated using the 
imaginary part of phase-lock value corresponding to EEG signals in 
response to watching a video stimuli. Different regional specificity for 
male and female infants have been revealed among the results. Autism 
Diagnostic Observation Schedule (ADOS) scores have been considered 
and compared with functional connectivity measures. The results shows 
negative correlation between the scores and connectivity measures. This 
negative correlation has been deduced at 12 months males for some 
behaviors with repetition and restriction. The results insist on the effect 
of EEG signals of male and female infants with autism disorder on the 
brain functional connectivity of each sex. A symptom of later restrictions 
in behaviors and autism disorder has been studied by Haartsen et al. 
[82] in 2019. The EEG signals in 14 months after birth have been 
recorded and the incremental trend of EEG connectivity in alpha fre
quency band have been acquired as the symptom of autism disorder. The 
EEG records of 143 infants during displaying videos of singing women 
and spinner toys and the corresponding functional connectivity in alpha 
frequency band between 7 and 8 Hz have been computed based on phase 
lag index metric. Furthermore, the ASD symptoms have been investi
gated in EEG signals of 36-months-old infants as well as brain signals of 
20 infants with low familial risk of ASD, 47 infants with high familial 
risk of ASD with typical development, 21 with atypical development. 
The important result of this study is the relation between functional 
connectivity in 14-months-old infants and intensity of restriction and 
repetitions in behaviours of 36-months-old infants with autism disorder. 
The higher intensity of disorder have been observed as the result of 
significant increase in functional connectivity. The proposed method in 
this research could be considered the first predictor of later autism 
disorder symptoms based on EEG functional connectivity in 14 months 
old infants. 

Deficiencies in social communication, speaking and behavioral in
terests are symptoms of autism disorder. Transcranial direct current 
stimulation (tDCS) have shown valuable signs of therapy for autism. The 
effects of tDCS on brain activity have been studied by Zhou et al. [83] in 
2020. EEG recordings of 5 min resting state before and after a single 
session of stimulation by tDCS. The specifications of temporal EEG 
networks during the stimulation have been considered and the alter
ations in flexibility have been compared. Also, non-negative matrix 
factorization (NMF) has been applied to identify frequency-related 
network changes. Analyzing the flexibility shows an increasing trend 
following the stimulation of tDCS. The connectivity in alpha band of 
interhemispheric regions have increased after tDCS. The dynamics of 
local and global networks of brain activity could be modified with tDCS 
and reconfiguration of networks could be highlighted following the 
stimulation for treatment of autism brain deficiency. The subnetworks 
obtained from NMF show frequency and region-specific interaction. The 
interactions in these subnetworks are illustrated in Fig. 16. 

A number of 12 autism disorder children and 12 non-ASD children 
have been studied in a research by Alotaibi et al. [84] in 2021. The 
functional connectivity networks have been constructed with phase lock 
values. The cubic SVM classification algorithm has been applied to the 
features extracted from graphs and functional connectivity-based clas
sification algorithm has been presented in this research for classifying 
ASD from typical children. 

3.2.7. Alzheimer’s disease 
Automatic diagnosis of Alzheimer’s disorder and schizophrenia 

disease has been studied in a research by Alves et al. [85] in 2022. The 
proposed method in this research has been presented with a matrix of 
EEG functional connectivity and deep network. The connection matrices 
have been calculated based on the Pearson correlation coefficient for an 
individual with diagnosed Alzheimer’s disease as well as a healthy 
control individual. The example of this connection metric is illustrated 
in Fig. 17. An example of matrices of connectivity calculated with 
Granger causality for a patient with diagnosed schizophrenia and 
healthy individual is illustrated in Fig. 18. 

The EEG investigation of patients with early Alzheimer’s disease 
have been studied in another study by Briels et al. [86] in 2020. The case 
studies have undergone a treatment of using a glutaminylcyclase in
hibitor and other group have received a placebo. Number of inhibitor 
receivers is 47 and the number of placebo received patients is 56. A 
sensitive measure of EEG-based functional connectivity named ampli
tude envelope correlation with leakage correction and the phase lag 
index has been compared in multiple bands of frequency between two 
groups of treatment and placebo. An increase in the new defined cor
relation measure in alpha frequency band has been found in PQ912 
treatment in comparison to receiving placebo. According to this 
research, amplitude envelope correlation would be a significant and 
efficient factor for Alzheimer treatment assessment. 

In another research in 2020 [87], the reproducibility of EEG driven 
functional connectivity in Alzheimer’s disorder has been studied. 
21-channel EEG records of patients with Alzheimer and subjective 
cognitive decline (SCD) in closed eye state have been investigated in this 
study. The coherence, amplitude envelope correlation, PLV, PLI and 
imaginary coherence have been estimated for five frequency bands. 
These metrics have been calculated with respect to different phase and 
grades of Alzheimer disease including amyloid, tau and neuro
degeneration. Reproducibility of amplitude envelope correlation has 
been observed in alpha and beta frequency bands. Also, reproducible 
effects of PLI have been confirmed for theta band. Only the effects of the 

Fig. 16. Subnetwork obtained from non-negative matrix factorization (NMF) 
illustrates frequency and region-related interaction [83]. Left panel shows to
pological graph structure. The prestimulation is shown with gray spectrum. The 
post-stimulation in response to tDCS is shown with red spectrum. (For inter
pretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.) 
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amplitude envelope correlation have remained noticeable for relative 
power of the determined frequency band. Furthermore, the aforemen
tioned measure of connectivity in alpha frequency band have correlated 
with disease severity represented by mini-mental state exam score of 
subjects with Alzheimer disorder. This study have illustrated that the 
choice of frequency band and corresponding functional connectivity 
measure prominently affect the obtained results from EEG studies of 
Alzheimer disorder. According to this research, the amplitude envelope 
correlation as well as phase-related metrics are reproducible in beta 
band and theta frequency range, respectively. 

The impact of cortical glucose metabolism on mild cognitive 
impairment and alzheimer disease diagnosed patients has been studied 
in a research by Smailovic et al. [88] in 2020. The EEG-based connec
tivity from cotical sources along with the standardized low-resolution 
electromagnetic tomography (sLORETA) analysis have been estimated. 
Hypometabolism of the glucose in temporal and parietal lobes has 
associated with the functional connectivity in MCI and patients with 
Alzheimer’s disorder. The pattern of connection between the connec
tivity disruption in these lobes as detected by sLORETA algorithm 
comprised of different patterns in slow and fast frequencies. The 
instantaneous connectivity has decreased in fast frequencies and the 
lagged connectivity has increased in slow frequency oscillations. 

Regional function abruption has been detected by topographicaly 
measured EEG functional connectivity and has been associated with 
cortical glucose hypometabolism in AD and MCI patients. 

Computational modeling of the effects corresponding to the EEG 
volume conduction on functional connectivity measurements related to 
AD patients has been analyzed in research by Roiz Gomez et al. [89] in 
2019. The imaginary part of coherence, magnitude squared coherence, 
amplitude envelope correlation, phase locking value, lagged coherence, 
phase lag index and synchronization likelihood have been calculated 
with synthetic signals and a database of resting-state EEG signal re
cordings. Synthetic signals have been constructed from a 
Kuramoto-based model of interacted oscillators. The considered data
base consists of 51 healthy ones, 51 MCI subjects, 51 cases with mild AD, 
50 moderate and 50 severe AD ones. The effect of simulated volume 
conduction model on the PLI measure was the least significant. The 
spontaneous brain activity in MCIs is affected by incremental trend of 
coupling in theta frequency range. As dementia develops in a patient, 
increasing of this coupling in theta frequency band has accelerated. 
Although, this coupling has decreased in the alpha frequency band. This 
study has insisted on the advantage of PLI against other metrics 
considering the most negligible impact of volume conduction and can 
detect the brain activity dynamics in different stages of dementia and 

Fig. 17. Connection matrices computed with Pearson correlation for (a) a patient with diagnosed Alzheimer’s Disorder and (b) a normal subject [85].  

Fig. 18. Connection matrices computed with Granger causality for (a) a patient with diagnosed Schizophrenia and (b) a normal subject [85].  
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AD. 

3.2.8. Other brain abnormalities 
Table 5 describes the other abnormalities as in Fig. 19 analyzed with 

the use of EEG-based brain functional connectivity. According to this 
table, meditation, diabetes, obsessive-compulsive disorder (OCD), 
tinnitus, psychotic, West syndrome infants, hypnosis and hand so
matosensory network have been studied to be assessed via EEG func
tional connectivity. 

A reduction in coherence functional connectivity metric have been 
obtained during meditation in all frequency bands in comparison to the 
rest and none-task state [90]. The graph properties of the functional 
connectivity network extracted with synchronization likelihood metric 
for OCD patients have been studied [91] in 2019. The connectivity as
sessments in alpha and beta frequency bands have shown impaired small 
world features and a reduction have been observed for alpha rhythm in 
the bilateral posterior areas in patients with OCD abnormality compared 
to the healthy subjects. The functional connectivity in beta frequency 
band has increased by the opened eye state [91]. Lagged coherence has 
decreased in frontal brain areas for OCD cases in beta frequency band 
compared with healthy subjects. A decremental trend of connectivity in 
frontal phase synchronization of theta and beta frequency bands has 
been yielded for high vigilance stages [92]. There is no significant var
iations in phase lage index-related connectivity metric between OCD 
and the healthy ones. A reduction in functional connectivity of coher
ence metric have been obtained for OCD in comparison to normal con
trols in delta frequency band [93]. 

Table 5 
Studies related to other brain abnormalities analyzed via EEG-based functional connectivity.  

Paper 
ref 

disorder year subjects objective Method signal 

[90] Meditation 2012 71 men Connectivity patterns for 5 meditation groups Lagged coherence 19- 
channel 
EEG 

[63] Psychotic disorder 2011 21 patients with focal 
epilepsy and SLPE and 21 
clinically-matched non- 
psychotic epilepsy controls 

determining the abnormal patterns of 
functional connectivity in patients with 
schizophrenia-like psychosis of epilepsy 
(SLPE) 

Lagged phase synchronization 19- 
channel 
EEG 

[94] Psychotic disorder 2021 - the effect of dopamine dysregulation on brain 
functional connectivity in psychotic 
disorders, specifically through the 
modulation of antipsychotic medication 

- - 

[95] Hand 
somatosensory 
network 

2013 6 healthy volunteers Investigating the functional connectivity 
network related to communication within the 
primary somatosensory. 

Partial Directed Coherence (PDC) 32 
-channel 
EEG 

[92] OCD 2013 30 OCD- 30 healthy controls Altered neuronal communication within 
frontal brain areas during rest in OCD 

Lagged coherence 40- 
channel 

EEG 
[96] Hypnosis 2014 12 low susceptible and 11 low 

susceptible participants 
Alterations in the network organization in 
theta and beta frequency 

Coherence and Imaginary part of 
coherence 

28 
-channel 
EEG 

[91] OCD 2019 28 OCD- 28 healthy controls Alteres functional connectivity of Alpha 
rhythm 

Synchronization likelihood and graph 
theory 

64- 
channel 
EEG 

[97] Tinnitus 2019 8 subjects with tinnitus- 8 
healthy subjects 

distinguish tinnitus individuals from healthy 
controls 

Weighted Phase Lag Index (WPLI) 64- 
channel 
EEG 

[98] Diabetes mellitus 2022 30 MCI and 30 healthy Identification of Mild cognitive impairment Phased Lag index 64- 
cgannel 
EEG 

[99] West syndrome 
infants 

2022 15 children Scalp EEG functional brain network in pre- 
seizure, seizure, and post-seizure states 

Correlation, Time Frequency Cross 
Mutual Information, Coherence, Phase 
Lag Index, Phase-Locking Value, 
Weighted Phase Lag Index 

19 
-channel 
EEG 

[93] OCD 2023 25 OCD- 27 healthy controls Delta and that oscillatory patterns Coherence, Weighted phase lag index 
(WPLI) 

64- 
channel 
EEG  

Fig. 19. Other brain abnormalities with EEG-based functional connectiv
ity analysis. 
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4. Discussion 

In order to have a comparison between the preprocessing stage of 
network constuction and the network patterns according to brain ab
normalities, we discuss around the results in the above-mentioned 
studies. The preprocessing stage in these studies includes rereferenc
ing the EEG recordings, artifact removal and noise reduction. As illus
trated in Fig. 20, graph properties would be discussed corrsponding to 
different brain abnormalities. Furthermore, we present a brief overview 
on EEG-based functional connectivity analysis in clinical treatment of 
the abnormalities. 

4.1. Comparison of connectivity metrics and network properties in brain 
abnormalities 

The EEG-based functional connectivity network of stroke abnor
mality has been constructed using the spectral coherence metric in [28]. 
The network analysis of ankel movement in pre-exam stage and during 
the exam intervals have been accomplished using the degree value of 
each vertice. The global and local efficiencies have been calculated using 
the obtained networks and the comparison plots for healthy and ab
normals are illustrated in Fig. 21. 

The left ones are for global efficiency parameter and the right ones 
are for local efficiency. The red bars indicate the efficiencies for the 
stroke patients and the blue ones are for healthy controls. These pa
rameters are smaller for stroke patients as illustrated in this figure. The 
obtained Z-scores of the degree distributions for the stroke and control 
subjects in the frequency bands of Beta and Gamma bands in the pa
tient’s network indicate many nodes with a lower degree and few nodes 

with a higher degree than control subjects. The number of disconnected 
nodes is higher in comparison to the healthy ones. 

The connection patterns in the aspect of partial directed coherence 
for stroke abnormality analysis in [31] can be seen in Fig. 22. All 
channels in [31] were rereferenced to bilateral mastoid, and band pass 
filtered at 1–45 Hz. The left one in Fig. 22 is the figure for causal in
teractions with significant causality for healthy controls and the right 

Fig. 20. The graph properties discussed for different abnormalities.  

Fig. 21. Global and local efficiencies in pre ankle movement and during the 
process are shown to compare the healthy subjects with stroke patients [28]. 
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one is the connections and interactions for stroke patients. The differ
ence is tangible and a decrease can be seen for stroke patients in number 
of connections between frontal and temporal, frontal and occipital, 
frontal and central, and also between the right and left hemisphere 
regions. 

The connectivities for depression abnormality in the aspect of time- 
based amplitude envelope correlation have been analyzed in [33]. The 
reference electrode in this study has been considered a linked earlobe 
electrode. The eye blinks and heartbeat-related artifacts were removed 
respectively by visual identification and electrocardiogram signals. The 
Fugl-Myer Assessment of the lower limb section scores have been 
investigated to extract the correlation with the functional connectivity 
(AEC) metric and the obtained results are illustrated in Figs. 7 and 8. The 
regression coefficients between AEC and the FMAL have been assessed 
in different frequency bands of alpha, beta, low beta and high beta. The 
positive regression coefficient have been obtained for AEC calculated in 

four weeks after the stroke recovery and the FMAL calculated in 8th 
week of recovery stage. In the resting state, connection between the 
contralateral lesion with ipsilateral frontocentral regions in alpha band 
is negatively correlated with the ankle movement score and this also 
happens in high beta band. A positive correlation have been observed for 
the connection between the FC and the ipsilateral (iC) region in eight 
weeks after stroke recovery and the functional connectivity in 4th weeks 
after the recovery. These two sets of connections can be a predictive sign 
of stroke recovery. This study used EEG-based functional connectivity to 
predict the lower limb function in patients after stroke recovery and is 
one of the applications of assessing the functional connectivity. 

The structural synchrony index (ISS) has been evaluated for 
depressed patients and the healthy controls for each of the nine cate
gories of connections in each hemisphere in another study [37]. The 
international 10/20 extended system has been used in recording pro
cedure and the reference electrode has been considered the nose 

Fig. 22. The connection patterns for healthy subjects and stroke patients [31].  

Fig. 23. The structural synchronization index difference in number and strength between depressed and healthy ones [37].  
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electrode. Epochs containing artifacts of eye movements and muscle 
movements on EEG channels were automatically rejected and rewritten. 
The ISS parameter has been considered as the functional connectivity 
metric and the obtained indexes of number and strength of ISS in each of 
the EEG pairs as illustrated in Fig. 23 are overally larger for depressed 
ones in comparison to the healthy subjects in alpha band. A discriminant 
factor can be extracted according to this figure for connection categories 
with large difference between the depressed and the healthy ones. The 
strength and number of short cortex functional connectivities in 
depressive subjects are greater for the left than for the right hemisphere, 
while the strength and number of long functional connectivities are 
greater for the right than the left hemisphere. 

The topology of the most discriminative connectivities among all 
depressive patients demonstrates that the connections between the right 
anterior and left posterior brain parts are key factors to discriminate the 
patients with depression abnormality from healthy subjects [37] as 
illustrated in Fig. 24. This happens in both frequency bands of alpha and 
theta. 

The between-channel coherence and its relation to the clinical 
treatment response (TR) at week 8 in major depressive disorder (MDD) 
have been studied in [38]. A modified version of Hjorth’s method of 
surface Laplacian filtering has been adopted to re-reference the EEG data 
[100–102]. The connectivities between frontal and temporal lobes in 
addition to the connectivities of temporal and parietal lobes have been 
the main focus in the study. The right hemispheric (F8-T6) connection at 
the delta band has been the only interaction in order to differentiate 
responders and nonresponders at week 8 of treatment. The stronger the 
between-region connections would result in poorer treatment response 
(TR). The ROC curve analysis of classification with the use of F8-T6 
connectivity strengths at the delta confirms that the stronger right 
hemisphere interaction associates with poorer treatment response [38] 
as indicated in Fig. 25. 

Deep brain stimulation for MDD patients has been studied in [39] as 

a therapy method for treatment-resistant patients. 12 patients with DBS 
surgery have been investigated to be classified into responders and 
nonresponders to DBS. The average of all channels in the preprocessing 
stage has been considered to re-reference all the channels and to avoid 
systematic effects that may arise from referencing to a particular chan
nel. A DC offset was subtracted based on the entire time range, and bad 
channels were removed then interpolated from neighboring channels. 
The classification has been done according to the improvement of 50% 
or more in the 17 items of Hamilton Rating Scale for Depression 
(HAMD-17). Frontal and parietal synchronization have been studied in 
this paper. A significant difference in hemispheric mean synchronization 
asymmetry have been derived with an asymmetry similar ro responders 
in healthy controls but opposite to non-responders. 

An increamental trend in the right frontal lobe synchronization in 
comparison to the left in non-responders to the treatment compared 
with responders. Also, the synchronization in parietal lobe would in
crease in the left hemisphere to the right. As illustrated in Fig. 26, 
stronger cross-hemispheric connectivity has happened in treatment re
sponders, remarkably between right frontal to central and left parietal 
channels. The connectivity patterns differ in non-responders to treat
ment in such a way that higher connections would be seen from the right 
parietal to frontal electrodes. Furthermore, higher connections between 
hemispheres in the parietal and parietooccipital regions would be 
observable that are largely left–right symmetric. A higher overall 
number of edges can be observed in the ON than the OFF condition [39]. 

We see that the number of functional connections in stroke would 
decrease and the strength of the connections according to the functional 
connectivity metrics would be lower than the healthy ones. After the 
recovery stage, the ipsilesional and contralesional connections would be 
different and the incremental trend in connectivity of the ipsilesional 
regions with frontal regions of the brain would be a prediction of re
covery score. On the other hand, the connections in depression patients 
would be different in right and left hemispheres. In short connections, an 
increase in functional connectivity metrics would be observed. 

The connectivities between parietal and frontal would increase in 
non-responder patients to DBS treatment, while the connections would 
be stronger in responders to DBS like healthy controls but are lower than 
non-responders. Furthermore, the connections between right hemi
spheric frontal to central and left hemispheric parietal channels in re
sponders are higher than non-responders. The coherence functional 
connectivity metrics have been compared for 16 depression patients and 
14 healthy controls during emotional face recognition task [40]. Data 
recording in [40] was referenced to the tip of the nose. Artifacts from eye 
movements and blinks were removed off-line using a Brain Vision 
Analyzer by an ocular correction algorithm. The artifact-free data were 
band-pass-filtered between 0.05 and 100 Hz. In negative conditions as 
illustrated in Fig. 27, the connectivities are higher than the positive 
emotional stimuli. Also, the connectivities in depressed groups are more 
than healthy group in response to the emotional stimulation. 

The global coherence of the low gamma and high gamma band in the 
positive condition for the depressed group in response to emotional 
stimulation are greater than healthy controls as illustrated in Fig. 28. 
Also, this connectivity metric in low gamma and high gamma frequency 
band for negative condition are higher than positive condition for 
normal controls [40]. 

The synchronization likelihood in Ref. [41] have been used to extract 
the EEG data matrix and the feature extraction and classification have 
been done according to this data matrix. The 19-channel EEG recording 
according to the 10–20 electrode placement standard has been done 
with linked ear (LE) as reference in [41]. The EEG data were 
re-referenced to infinity reference (IR) using the reference electrode 
standardization technique (REST) as suggested by Refs. [103–106]. The 
noise from the EEG data reduced multiple source modeling technique 
[107], implemented in the standard brain electric source analysis 
(BESA) software [108]. The construction of artifact-related topographies 
including muscular, eye blinks, and heart activities was based on the 

Fig. 24. The connections between right anterior and the left posterior brain 
regions in depression abnormality vs. healthy controls [37]. 
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recorded EEG data and then can be applied to whole recording. The 
result and evaluation of the classification between the connectivities in 
depressed patients and the healthy controls can be seen in Fig. 29. 

As can be inferred through a comparison between strokes and de
pressions, the local efficiencies have decreased in stroke and these 
connections would increase in the post-stroke recovery stage. In spite of 
the fact that the connections have increased in depression patients, 
medication intake would decrease these connections to match to the 
healthy controls connections. 

Increased right amygdala directed functional connectivity in 
depression patients have been observed in another study about func
tional connectivity analysis of depression abnormality [44]. Cz is used as 
the EEG acquisition reference and re-referenced to the average refer
ence. Infomax-based independent component analysis has been applied 
in order to remove physiological artifacts. The components related to 
ballistocardiogram, eye blinking saccadic, and eye movements have 
been removed based on the waveform, topography and time course of 
the component. Futhermore, increased right caudate directed functional 
connectivity in depression and increased theta and alpha powers in 
depression have been observable as illustrated in Fig. 30. 

The intake of antidepressants, antipsychotics, mood stabilizers (AD/ 
AP/MS) for depression recovery and its relationship with global effi
ciency (GE) have been illustrated in Fig. 31. Higher intake of medica
tions is linked with lower GE. The predicted value for each patient using 
GE is illustrated with the orange dashed line [44]. As expected to have 
lower global efficiency in comparison to the healthy subjects, the global 
efficiency would decrease after medication intake by depressed patients. 

The clustering coefficient and the characteristic path length for 
music perception of depressive patients have been derived according to 
the phase lag index measure of delta and beta frequency bands in 
Ref. [43] as illustrated in Fig. 9. Electrodes placed at the left and right 
earlobes were used as the references to remove obvious artifacts from 
head movements. The 50-Hz artifacts were removed by short time 
Fourier transform (STFT) and the eye movements artifacts were rejected 
by independent component analysis (ICA). In Figs. 9 and 13 crucial 
connectivities in the delta frequency band are between the left parietal 
and the right temporal regions. 43 important connectivities are between 
the frontal regions and parietal and occipital areas of the brain. These 
substructures have been considered to be important discriminative in
dicators of the connectivities in two groups and these connections under 

Fig. 25. The correlation between the functional connectivity strengths (x-coordinate) and the treatment response (y-coordinate) of the depressive patients with 
major depressive disorder [38]. 

Fig. 26. The connectivity networks in for comparing the DBS responders and non-responders in OFF (left) and ON (right) conditions [39].  
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conditions of music perception can be promising biomarkers for mild 
depressive disorder. 

PLI index has been evaluated for 60 number of depressed patients 
with different severities of depression [45]. Independent component 
analysis (ICA) as an accepted tool in artifacts rejection was used to 

eliminate nonbrain sources like eye blinks, muscle artifacts, and elec
trocardiogram (ECG). PLI matrix has been analyzed for delta, theta, 
alpha and beta frequency bands and the this synchronization metric has 
decreased according to the severity stages of depression. The average 
functional connectivity matrices (phase lag index [PLI] values) of 

Fig. 27. The higher connectivity in negative and positive emotional stimulation for depressive patients. Also, higher connections in negative conditions in com
parison to the positive states for healthy subjects [40]. 
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depression groups (minimal, mild, moderate, and severe) are illustrated 
in Fig. 32. It can be observed that the mean PLI connectivity strength in 
the alpha band decreases along with increamental trend of depression 
severity. 

A linear regression model is defined in this study to be a predictive 
biomarker of the severity of depression on the alpha frequency band. 
Different parameters according to the extracted networks including the 
degree, LempelZiv complexity (LZC) and fuzzy entropy are extracted for 
regression analysis. The phase lag index –based networks have been 
studied. The degree metric has a negative relationship in alpha fre
quency band. The LZC reveals a strong positive relationship with the 
depression score as the complexity has increased with the severity. It 
seems that the complexity and brain connectivity illustrate a different 
trend in depression patients. 

Coherence and mutual information have been used successfully for 
classification of positive, negative and neutral valence in emotion 
recognition [49]. Furthermore, these two metrics of functional con
nectivity have been used successfully for arousal detection. These are 
good evidence for emotional recognition using functional connectivity 
metrics. 

Patterns of functional connectivity in patients with Parkinson disease 
and healthy controls in response to emotional stimuli have been inves
tigated in [51]. The reference electrodes in recording procedure have 
been considereds the linked ear electrodes. The EEG signals with arti
facts due to blinking have been removed by discarding the amplitudes 
more than 80 μV in [51]. Coherence, correlation and synchronization 
index confirm that the functionally connected regions would change in 
patients and it would have a negative impact on classifying the 

Fig. 28. The global coherence in the low gamma and high gamma band for depressed and healthy controls [40].  

Fig. 29. The ROC curve for classification using the functional connectivity-based features [41].  
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emotional states of patients. But the functional connectivity related 
classification of healthy controls has been successful. The functional 
connections in theta frequency band are shown in Fig. 33 and the pa
rietal lobe connections are shown for Parkinsons and the red lines for 
healthy subjects can be seen in this figure. 

Patients with anxiety disorder have been analyzed in reponse to 
emotion regulation tasks in 2016 [52]. Phase lag index has been 
considered to construct the network. Graph theory measures of char
acteristic path length (CPL) and clustering coefficient (CC) have been 
computed and integration measured via CPL have increased in the theta 
band network along with the increamental trend of cognitive load 
during the emotion regulation task as indicated in Fig. 34. A reverse 
trend in the CC have been observed such that low CPL and high inte
gration have been obtained in response to emotional task with higher 
cognitive load. 

Coherence, phase lag index and phase locking value have been most 
used in emotion recognition related EEG signal processing. About 
emotion recognition related studies, Parkinson’s disease patients’ reac
tion and the subjects with anxiety disorder have been considered to 
analyze the abnormal emotional response in comparison to the healthy 
subjects. About EEG-based functional connectivity analysis of the 

epilepsy disorder, mesial temporal lobe epilepsy is an important point to 
be studied in comparison to the healthy subjects. The correlations of 
MTLE patients are higher in comparison to other abnormalities. Another 
important point in connectivity analysis in epilepsy abnormality is the 
schizophrenia-like psychosis of epilepsy versus those with nonpsychtic 
epilepsy. A higher and stronger connections have been observed in 
epileptogenic zones and the functional connectivity metrics related with 
epilepsy are greater for epileptic patients. Another important point in 
epileptic related networks is the network for psychogenic non-epileptic 
seizures (PNES). In which the connectivities decrease in comparison to 
the healthy subjects. 

The mean synchronization likelihood (SL) have been illustrated in 
Fig. 35 for 5 epochs of interest including the first interictal, second 
before rapid discharges (BRD), third during rapid discharges (DRD), 
fourth after rapid discharges (ARD) and fifth postictal through the 
seizure in separate frequency bands. As can be seen in this figure, the 
mean synchronization likelihood have increased in all frequency bands 
during the seizure [60]. The midline parietal (Pz) has been considered as 
the original reference electrode. A scalp reference has been selected as 
reference because the intracerebral signal is largely of higher amplitude 
than the surface one. 

Fig. 30. Averaged local efficiencies in the subcortical regions for depressive patients in comparison to the healthy controls [44].  

Fig. 31. Global efficiency comparison for medication intake of depressive patients [44].  
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Interictal EEG activity in mesial temporal lobe (MTL) including 
amygdala, entorhinal cortex and hippocampus has been obtained from 
intracerebral recordings performed in 21 patients with mesial temporal 

lobe epilepsy (MTLE group) and resistant to drug medication [61]. This 
group has been compared with a control group of patients (non-MTLE 
group) in which seizures did not start from the MTL as indicated in 
Fig. 36. Comparison criteria were based on spectral properties and 

Fig. 32. The connection matrices for mild (left) and severe (right) depression abnormality [45].  

Fig. 33. Coherence connectivities with red lines for healthy controls and blue lines for patients with Parkinson disease. Significant increases indicated with solid lines 
and decreases indicated with dashed lines for the theta, alpha, beta, and gamma frequency bands (from left to right), in response to emotional stimuli [51]. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 34. The connectivity metrics of clustering coefficient (CC) and charac
teristic path length (CPL) in response to emotion regulation task with phase lag 
index for patients with anxiety disorder [52]. 

Fig. 35. Mean synchronization likelihood (SL) curves for all filtered frequency 
bands (delta 1–4 Hz, theta 4–8 Hz, alpha 8–13 Hz, beta 13–30 Hz and gamma 
30–48 Hz) and the broad filtered signal (1–48 Hz). Each curve shows the 
changes in the different EEG epochs through seizure activity [60]. 
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statistical coupling (nonlinear correlation coefficient h2) of MTL signals. 
The mean value of correlation metric within zones for iEEG sub- 

bands [62] have been calculated in non irritative zone (NIZ), primary 
irritative epileptogenic zone (EZ/IZ1) and secondary irritative epileptic 
zone (IZ2) and illustrated in Fig. 37. The correlation value in within 
zones assessment is higher for epileptogenic zone in comparison to the 
non-epileptogenic areas. H2 mean values according to the correlation 
value of between zones illustrated in Fig. 38 which are lower for 
epileptogenic zone. 

The eLORETA wire diagram has been analyzed for patients with 
schizophrenia-like psychosis epilepsy versus the patients with nonpsy
chotic epilepsy [63]. The reference electrode in this study has been the 
linked ears electrode in Ref. [63]. It has been illustrated in Fig. 39 which 
shows increased lagged phase synchronization in the beta frequency 
band for right temporal to frontal connections. Fig. 40 illustrates the 
eLORETA wire diagram and scatterplots of important correlations of 
lagged phase synchronization in beta frequency band between 21 and 

Fig. 36. Correlation of MTLE vs NMLTE [61].  

Fig. 37. The correlation metric in different frequency bands of non irritative zone (NIZ), primary irritative epileptogenic zone (EZ/IZ1) and secondary irritative 
epileptic zone (IZ2) [62]. 

Fig. 38. The correlation metric in different frequency bands between zones of NIZ, EZ/IZ1, IZ2 [62].  
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30 Hz with psychopathology scores for schizophrenia-like psychosis of 
epilepsy at important regions [63]. 

The studies for epilepsy abnormality is mostly based on the deep EEG 
or eLoreta analysis of EEG recordings. The functional connectivity map 
illustrated in Fig. 41 are for patients with epilepsy [65]. The reference in 
recording stage has been located in the midline of the scalp based on the 
10/20 system. The electrode recordings were then referenced to the 
average of all referential recordings. Artifact removal in this study has 
been based on blind source separation using independent component 
analysis. According to Fig. 41, the maps in (a) are for subject diagnosed 
with left frontal region epilepsy and the maps in (b) are for subject 
diagnosed with generalized epilepsy. 

High density EEG and stereotactic EEG (SEEG) have been used for 
EEG-based functional connectivity in epilepsy abnormality [68]. Sum
mary of changes in functional connectivity with lines between small 
circles represent the functional connectivity within structures of a zone 
in Fig. 42. The lines between large-circles represent the functional 
connectivity between zones. The greater functional connectivity has 
been illustrated with solid lines and the dashed lines represent lower 
functional connectivity. Concerning within-zone functional connectiv
ity, the epileptogenic zone (EZ) and propagation zone (PZ) have 

significantly higher functional connectivity than the non-involved zone 
(NIZ). Concerning between-zone functional connectivity, the EZ and PZ 
have significantly greater functional connectivity between them than 
with the NIZ. The absence of arrows in the lines shows the lack of sig
nificant directionality in the functional connectivity between zones 
[68]. 

EEG-based brain networks for healthy subjects and the epileptic 
subjects are illustrated in Fig. 43 [69]. The maps of B and C in Fig. 43 
indicate the interlayer correlation for the control (B) and epileptic (C) 
epochs. The colours denote the degree of similarity between layers, as 
indicated by the color bar at the top. The maps of D and E in Fig. 43 
indicate the average interlayer correlations for node degrees (D) and 
clustering coefficients (E) for the normal (orange) and epileptic (green) 
epoch series [69]. 

The connectivity network for psychogenic non-epileptic seizures 
(PNES) shows that the connections of PLI in healthy subjects are higher 
and stronger than patients with PNES in different frequency bands [70]. 
In spite of the fact that in epileptic patients, the connectivity network 
becomes complex and the connectivities become more than healthy 
subjects, for the PNES subjects the complexity of the connectivity 
network decreases (see Fig. 44). 

Fig. 39. The connectivity pattern for patients with schizophrenia-like psychosis epilepsy [63].  

Fig. 40. The scatterplots of important correlations of lagged phase synchronization in beta frequency band between 21 and 30 Hz with psychpathology scores for 
schizophrenia-like psychosis of epilepsy [63]. 
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The temporal variability of connectivity (CV) with the use of the 
synchronication likelihood ranges in ADHD and control groups extrac
ted for theta band of channel O2, theta band of channel P4 and delta 
band of channel T5 are illustrated in Fig. 45 for closed eye state and for 
the open eye state [77]. Monopolar derivations has been used and 
referenced to the average of the mastoid electrodes. The visual selection 
of EEG segments have been done with the recording of the electroocu
logram, the abdominal breathing movements and the ECG to be used in 
the artifact removal stage. The synchronization likelihod analysis in 

subjects with ADHD in three regions of T4, P4 and O4 in Ref. [77] in
dicates lower quantities for patients in comparison to heathy controls. 
The graph metrics of clustering coefficient and efficiency are greater in 
ADHD in comparison to the healthy subjects. 

One important point about ADHD is the analysis of the connectivities 
in persisters to adulthood and the remitters in which the symptoms only 
remain in the childhood. Also, the connectivity difference between the 
first order relatives of ADHD patients and healthy control subjects is 
another important point. Topographic maps as illustrated in Fig. 13 

Fig. 41. The connectivityy maps in (a) is for subject diagnosed with left frontal region epilepsy and (b) is for subject diagnosed with generalized epilepsy [65].  

Fig. 42. The functional connectivity within structures of NIZ, EZ and PZ [68].  
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show the scalp distribution of the imaginary part of coherence (iCoh) in 
pre-stimulus theta, alpha, and beta frequencies for correctly-responded 
trials, for groups of healthy controls, ADHD persisters and remitters 
[78]. The average of all electrodes has been considered in re-referencing 
procedure in [78]. The global brain network measures of ADHD children 
and the control group are shown in Fig. 46 using the mutual information 

for calculating the functional connections between the electrodes [79]. 
All the 32 channels in Ref. [79] have been re-referenced to an ear-linked 
reference (M1/M2). The EEG signals were cut into 4-s non-overlapping 
epochs and an automatic algorithm [109] was applied to remove the 
epochs with artifacts such as breathing, outlier values, electrode-pops, 
power supply fluxes (50 Hz), muscular electrical activities or eye 
movements. 

The connectivity plots for eyes-closed condition predicting hyper
activity and inattention symptoms are illustrated in Fig. 47. Blue lines 
indicate a negative association between the ADHD symptoms and the 
connectivity. Red lines indicate a positive association between the 
ADHD symptoms and the connectivity. The left connection plots in this 
figure indicate hyperactivity and restlessness symptoms and the right 
plots in this figure illustrate the inattention symptoms [80]. EEG data 
were average referenced across all scalp electrodes. EEG data 
pre-processing employed the EEGLAB toolbox [110] in conjunction with 
the FASTER plug-in [111]. EEG data were bandpass filtered between 1 
and 95 Hz, notch frequencies were set to 48–52 Hz. FASTER automati
cally identified artefactual independent components and removed them 
from the EEG data. 

The red lines in topographical plots in Fig. 48 in the ADHD versus 
first degree relative classification models for eyes open condition indi
cate a positive weight assigned to the connectivity as well as a higher 
weight towards the group ADHD. Blue lines in connectivity plots in this 
figure indicate a negative weight associated with the connectivity which 
means a higher weight towards the group 1st degree relative. This figure 
compares the connections for ADHD and the 1st degree relatives for 
eyes-open condition in the left and for the eyes-closed in the right of the 
figure [80]. 

The connection plots for EEG data collected from 14-month-old in
fants with and without older siblings with ASD are illustrated in Fig. 49 
for high risk (HR) infants, low risk (LR) ones and typical development 
(TD) infants [82]. As it can be seen in this figure, the phase lag index 
metric has a decremental trend with the increase of the severity. 

PLI results for each classical EEG-frequency band of Alzheimer’s 
disease are illustrated in Fig. 50. Signals in Ref. [89] have been recorded 
at a sampling frequency of 500 Hz using the Nihon Kohden Neurofax 

Fig. 43. EEG-based brain networks for healthy subjects and the epileptic sub
jects [69]. 

Fig. 44. The connectivity network for psychogenic non-epileptic seizures (PNES) in comparison to the healthy controls [70].  
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JE-921 A system with common average reference. For each recording, 
the preprocessing procedure steps have been applied. These steps are as 
follows: (i) digital filtering using a notch filter to remove the power line 
frequency interference (50 Hz) and a Hamming window bandpass FIR 
filter in the band of interest (1–70 Hz); (ii) independent component 
analysis (ICA) to minimize the presence of cardiographic, oculographic, 
and myographic artifacts; and (iii) visual inspection for selecting the 5s 
artifact-free epochs. The connections between electrodes were only 
displayed when statistically significant within group differences have 
been obtained. The red color tones in Fig. 50 define significant increases 
of the functional connectivity in Alzheimer’s disease patients compared 
to controls, whereas blue color tones denote significant decreases [89]. 

The theta frequency band can be a representative predictor of Alz
heimer’s disease. This figure illustrates that in this frequency band, the 
connectivities of electrode channels have increased with the severity of 
the abnormality from mild cognitive impairment to severe Alzheimer’s 
disorder. 

4.2. EEG-based functional connectivity analysis in clinical treatment 

A brief overview of the functional connectivity variations in response 
to treatment and medical intake have been provided in this section 
about each abnormal conditions of the brain. 

The assessment of recovery stage with analysis of the lower limb 
section in stroke patients have shown that the connection between 
frontocentral regions in contralateral and ipsilateral lesion is correlated 
negatively with the FMAL score. Although, the correlation is positive for 
the connection between the frontocentral and ipsilateral lesion. 
Furthermore, the correlation-based connectivity analysis have shown 
positive regression coefficient with the FMAL score. This connectivity 
metric is a predictor of the stroke recovery. 

The global efficiency in depressive patients with higher medication 
intake such as antidepressants has shown decremental trend. A sign of 
depression patients responded to DBS is the similarity of the hemispheric 
mean phase coherence asymmetry trend to that of the healthy ones. This 
analysis shows phase coherence of the electrodes in left hemisphere are 
smaller than the right hemisphere for depressive patients and the sub
jects who not responded to treatment. This sign can be used as a pre
dictor of treatment response. The hemispheric connectivity would be 
negative for the non-responders and the positive one would happen for 

Fig. 45. The temporal variability of connectivity (CV) with the use of the synchronication likelihood ranges in ADHD and control groups [77].  

Fig. 46. The global brain network measures of ADHD children and the control 
group using mutual information [79]. 
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the responders and the healthy controls. The long phase coherence 
connections from right frontal lobe channels are stronger than the left 
ones in patients. The cross-hemispheric connections are stronger in re
sponders in comparison to the patients specifically about the connec
tions between the right frontal and left parietal. The number of 
connections from the right parietal to frontal electrodes in the phase- 
coherence network are higher for non-responders. 

A significant increase in global correlation-based connectivity metric 
in the alpha frequency band was found in Alzheimer’s disease with 
PQ912 treatment compared to placebo [86]. 

The between-channel coherence and its relation to the clinical 
treatment response (TR) at week 8 in major depressive disorder (MDD) 
have been studied in Ref. [38]. The connectivities between frontal and 

temporal lobes in addition to the connectivities of temporal and parietal 
lobes have been the main focus in the study. The right hemispheric 
(F8-T6) connection at the delta band has been the only interaction in 
order to differentiate responders and nonresponders at week 8 of 
treatment. The stronger between-region connections would result in 
poorer treatment response (TR). The ROC curve analysis of classification 
with the use of F8-T6 connectivity strengths at the delta confirms that 
the stronger right hemisphere interaction associates with poorer treat
ment response [38] as indicated in Fig. 25. 

The global and regional connectivity have reduced in response to 
epileptic medication and antiepileptic drug (AED) for patients without 
seizure after receiving the drug [112]. The disruption induced in the 
epileptogenic zone have resulted in the temporal epileptic pulse failure 

Fig. 47. The connectivity plots for eyes-closed condition predicting hyperactivity and inattention symptoms [80].  

Fig. 48. The connections for ADHD and the 1st degree relatives for eyes-open condition (left) and for the eyes-closed (right) [80].  
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during seizures. An increased failure of connections have happened in 
the epileptic zone using the antiepileptic drug in seizure free patients, 
with unequivocal response of therapy. The imperfect regulation of the 
reinforced abnormal epileptic network have been resulted by regional 
connectivity and global connectivity after Levetiracetum (LEV) therapy, 
also involved the connectivity of long global connections [113]. 

In the analysis of AED poor responders with the functional connec
tivity using coherence as a connectivity measure, the global efficiency 
and local efficiency have decreased, whereas the small-worldness index 
have increased. In the analysis of functional connectivity using phase 
locking value as a connectivity measure, the global efficiency and local 
efficiency in the AED poor responders decreased. However, the network 
measures in the AED good responders have been same to those in 
healthy controls [114]. 

The neurofeedback therapy for ADHD patients have been accom
plished in 2012 [115]. The fuzzy synchronization likelihood have been 
calculated for functional connectivity analysis of the ADHD patient’s 
network in response to the treatment. Computation of the mean path 
length of the graphs, before and after neurofeedback training have been 
done to obtain the efficiency of the functional connected networks in 
synchronizability and high speed information transmission. In the beta 
range of the ADHD subjects with positive response, the synchroniz
ability of the neocortex activity network has been less than the ADHD 
resistants. 

Virtual reality therapy for patients with autism spectrum disorder 
have been accomplished in 2021 [116]. A reshape of frontopaietal 
connectivity has been observed in the theta and alpha frequency bands 
for ASD patients. A significant improvement related with visual and 
spatial recognition, attention and anxiety have been reported among all 
subjects. The obtained changes in frontoparietal network connectivity 
following VRT would result in these improvements. 

The study by Aiyer et al., in 2016 confirms that the EEG-based brain 
functional connectivity have been influenced by the heterogeneity of 
medication dose and duration of treatment for brain psychotic 

abnormality. The EEG measurements are affected by psychotropic drugs 
and it is notable that different drugs affect in different ways [117]. 

A dopamine-agonist dexamphetamine intervention compared to 
placebo in the study by Albrecht et al., in 2016 of healthy controls has 
assessed the use of the power envelope correlation and weighted phase 
lag index functional connectivity analysis. Connectivities have 
decreased in the theta, alpha and low beta bands and connectivity have 
increased in the gamma band in bilateral frontal, central, parietal and 
occipital areas for the intervention timepoint compared to placebo 
[118]. On the other hand, connectivities have increased in the theta and 
alpha frequency band in occipital, parietal, central, bilateral frontal 
areas with the use of weighted phase lag index for the intervention 
timepoint in comparison to placebo. 

In medicated psychosis patients studied by Krukow et al., in 2019 
compared to healthy controls, theta frequency band connectivities have 
increased between occipital, parietal, central and fontal areas using the 
EEG phase-lag index [119]. 

In the study by Zaytseva et al., in 2018, connectivity decreases ac
cording to the EEG phase-lag index have been reported in medicated 
psychosis patients for the alpha frequency band compared to healthy 
controls between fontal, central, parietal and occipital areas. Further
more, decreases of EEG interhemispheric and intrahemispheric coher
ence in anterior regions have been reported [120]. Also, in the study by 
Umesh et al., in 2018 [121] for the assessment of the effects of dopa
minergic medication on EEG functional connectivity, the EEG 
cross-spectral coherence of gamma frequency band have decreased in 
right fronto-occipital and right temporal regions. Another study for the 
medication of patients with psychotic abnormality assessed the EEG 
intra- and inter-hemispheric coherence and reported connectivity in
creases as well as connectivity decreases in anterior, central and parietal 
regions [120]. 

Fig. 49. The connection plots for infants with low risk (LR), high risk (HR), typical development (TD) and typical development (TD) of autism spectrum disor
der [82]. 

N. Khaleghi et al.                                                                                                                                                                                                                               



Informatics in Medicine Unlocked 47 (2024) 101476

36

5. Conclusions 

Considering question 1 in Section 2, it is revealed that different 
functional connectivity metrics have been proposed to investigate the 
functional connections of EEG signals. The details of each method are 
explained in Section 3.1. Each metric prioritize some aspects of the os
cillations between brain recordings. The coherency, correlation and 
phase lag index metrics are the most used methods through the studies. 
The differences of connectivity networks corresponding to different 
metrics have been presented in some studies and the patterns according 
to different frequency bands have been represented. 

In accordance with the statements in previous sections, the second 
question about the abnormalities analyzed by brain functional connec
tivity is answered in this review. According to this review, it is revealed 
that many brain abnormalities have been studied to survey the corre
sponding effects on brain functional connectivity. A comprehensive 
systematic review of these studies is presented in Sections 3 and 4. The 
functional connectivity alterations in disorders of epilepsy, autism, 
ADHD, stroke and depression are reviewed and compared with healthy 
controls in this paper. A large percentage of these studies are dedicated 
to epilepsy and depression. 

For stroke abnormality, the global and local efficiency extracted 
from spectral coherence-based connection network in pre-ankle and 
during the movement are good indicators of the abnormality. During the 
movement, the incremental trend of these two parameters is observed 
and both in pre and during the execution, the efficiency parameters are 

lower than that of the healthy controls. Furthermore, the coherence- 
based network of this abnormality shows decrease in number of con
nections between frontal and other lobes including occipital, central and 
temporal. Also, the number of connections between the right and left 
hemisphere have decreased. 

The recovery stage assessment in stroke patients with analysing the 
lower limb section have shown negative correlation of the FMAL score 
with the connection between frontocentral regions in contralateral and 
ipsilateral lesion. This correlation for stroke patients is positive for the 
connection between the frontocentral and ipsilateral lesion. Further
more, the correlation-based connectivity analysis have shown positive 
regression coefficient with the FMAL score. This connectivity metric 
have been assigned as a predictor of the stroke recovery in number of 
studies. 

The frequency domain coherence and time domain correlation are 
the mostly used metrics in the studies related with stroke and stroke 
recovery. About the studies related with depression, the coherence 
related functional connectivity network parameters and phase lag index 
of functional connectivity have been investigated. According to the 
analysis in studies related with the stroke abnormality, decreased 
number of functional connections in stroke and lower strength of the 
connections corresponding to the functional connectivity metrics in 
comparison to the healthy ones have been reported. The functional 
connectivity analysis after the recovery stage in stroke patients have 
illustrated the difference in ipsilesional and contralesional connections 
and the incremental trend in connectivity of the ipsilesional regions with 

Fig. 50. The functional connectivity in Alzheimer’s disease patients compared to controls considering the severity of the abnormality from mild to severe [89].  
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frontal regions of the brain. These signs could be used as predictors of 
recovery score in patients with the stroke abnormality. 

It has been shown that the functional connectivity analysis with the 
structural synchrony index metric for patients with depressive abnor
mality reports higher strength and number in short connections in left 
hemisphere and it is greater in right hemisphere for longer connections. 
Overally, the strength and the number of connections are greater than 
the normal ones. The discriminative connectivity pattern happens with 
connections in the right anterior and left posterior brain parts in alpha 
and theta frequency bands for depressed patients. Furthermore, another 
discriminative connection for patients with major depressive disorder is 
between the frontal and temporal lobes. A predictive factor of treatment 
would be the weaker connection trend of these two lobes in delta and 
theta frequency bands. 

The PLI connectivity analysis of depressive patients in response to 
music perception shows different results in different frequency bands. 
The crucial connections in delta frequency band is between the left 
parietal and the right temporal regions. For the beta band, the crucial 
connections are between the frontal and parietal and occipital areas. The 
resulted network, degree, clustering coefficient and the characteristic 
path length for depressive patients in response to music perception in 
delta frequency band shows higher degrees for patients but it is lower for 
beta frequency band in comparison to the healthy ones in terms of PLI. 

The PLI analysis for severity scores of depressive patients shows 
decremental trend of PLI with severity of depression in alpha frequency 
band. Partial directed coherence network of the EEG sources has shown 
increased right amygdala and right caudate functional connections in 
depression patients. The global efficiency in depressive patients with 
higher medication intake such as antidepressants has shown decre
mental trend of connections in functional connectivity network. 

Therapy of deep brain stimulation has been used for patients with 
depression abnormality and similarity of the hemispheric mean phase 
coherence asymmetry trend to that of the healthy ones have illustrated 
as a sign of patients responded to DBS. Smaller phase coherence of the 
electrodes has been obtained in left hemisphere compared with the right 
hemisphere for depressive patients and the subjects who not responded 
to treatment. These observations could be used as predictor signs of 
treatment response. The negative hemispheric connectivity would be for 
the non-responders and the positive hemispheric connectivity for the 
responders and the healthy controls are reported. The long phase 
coherence connections from right frontal lobe channels are stronger 
than the left ones in patients. The stronger cross-hemispheric connec
tions in responders have been observed in comparison to the patients 
specifically about the connections between the right frontal and left 
parietal. The higher number of connections from the right parietal to 
frontal electrodes in the phase-coherence network have been observable 
for non-responders. 

The connections in depression patients would be different in right 
and left hemispheres. In short connections, increased number and 
strength of functional connectivity metrics would be recognized. For 
non-responder depressive patients to DBS treatment, increased con
nectivities between parietal and frontal have been reported. While the 
stronger connections in responders to DBS like healthy controls have 
been observed but lower number of connections would exist in com
parison to non-responders. Furthermore, higher number of connections 
between right hemispheric frontal to central and left hemispheric pari
etal channels have been obtained in responders compared to non- 
responders. 

The local efficiencies have decreased in stroke and these connections 
would increase as the post-stroke recovery stage. In spite of the fact that 
the connections have increased in depression patients, medication 
intake would decrease these connections to match to the healthy con
trols connections. 

The analysis of coherence-based functional connectivity for 
depressed patients in response to emotional stimulation could be 
another indicator of this abnormality. The connectivities for patients are 

higher than the healthy controls remarkably in negative emotional state 
for gamma frequency band. Emotional stimuli also have been used to 
analyze the response of Parkinson disease connectivity patterns in 
comparison to the healthy subjects. Among the coherence, correlation 
and phase synchronization index, the coherence metric index illustrates 
discriminative patterns of increase or decrease of connectivities for theta 
frequency band in frontal region of the brain for healthy controls in 
response to sadness, fear, disgust and anger compared to the happiness. 
And these connections are in posterior regions of the brain for Parkinson 
patients. The emotion response analysis of anxiety disorder patients via 
the PLI-based connection network has been done. The characteristic 
path length have illustrated reverse correlation and clustering coeffi
cient have a positive correlation during the incremental trend of 
cognitive load. These observations are for the anxiety disorder connec
tivity analysis in theta frequency band. 

Coherence, phase lag index and phase locking value have been most 
used in emotion recognition related EEG signal processing. About 
emotion recognition related studies, Parkinson’s disease patients’ reac
tion and the subjects with anxiety disorder have been considered to 
analyze the abnormal emotional response in comparison to the healthy 
subjects. 

The mean synchronization likelihood plot for seizure abnormality 
have shown an incremental trend during the interictal, before rapid 
discharges, during rapid discharges, after rapid discharges and postictal 
seizure. This is true for all frequency bands during the seizure. Corre
lation analysis of interictal EEG in mesial temporal lobe (MTL) including 
amygdala, entorhinal cortex and hippocampus in comparison to the N- 
MTLE have illustrated higher connectivities for MTL patients. The cor
relation metric is higher in epileptogenic zone in comparison to the non- 
epileptic zone. The correlation have a decremental trend with increasing 
the frequency band in epilepsy abnormality. The mean synchronization 
likelihood shows decremental trend with increasing the frequency. For 
schizophrenia-like psychosis epilepsy patients, the eLORETA wire dia
gram shows increased lagged phase synchronization in the beta fre
quency band for right temporal to frontal region connections. The 
degree and clustering correlation of subsequent epochs of healthy sub
jects have been compared with epileptic subjects. Higher degree and 
clustering correlation have been obtained for patients. There is an evi
dence for the psychogenic non-epileptic seizures which have shown 
lower PLI-based connectivities than the healthy controls in all frequency 
bands. 

An important point about EEG-based functional connectivity anal
ysis to be compared with the healthy subjects of the epilepsy disorder is 
the patients with mesial temporal lobe epilepsy. Higher number of 
correlations of MTLE patients have been reported in comparison to other 
abnormalities. Another important point in connectivity analysis in epi
lepsy abnormality is the schizophrenia-like psychosis of epilepsy versus 
those with nonpsychotic epilepsy. A higher and stronger connections 
have been observed in epileptogenic zones and the functional connec
tivity metrics related with epilepsy are greater for epileptic patients. 
Another important point in epileptic related networks is the decreased 
number of connectivities for Psychogenic Non-Epileptic Seizures (PNES) 
in comparison to the healthy subjects. 

For ADHD abnormality, the efficiency and clustering coefficient 
obtained for patients using the imaginary part of coherence (iCoh) have 
greater values than the normal ones. The connectivity pattern of eyes- 
closed conditions could be a predictor of hyperactivity and inattention 
states in which the connections in hyperactivity in eyes-closed condition 
are greater than the inattention state. Also, in comparison to the first 
degree relatives, the ADHDs in eyes-open condition show stronger 
connectivities. One important point about ADHD is the analysis of the 
connectivities in persisters to adulthood and the remitters in which the 
symptoms only remain in the childhood. And the connectivity difference 
between the first order relatives of ADHD patients and with healthy 
control subjects. Furthermore, the synchronization likelihod in three 
regions of T4, P4 and O4 are lower than heathy controls.The graph 
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metrics of clustering coefficient and efficiency are greater in ADHD in 
comparison to the healthy subjects. 

The frontoparietal cortex is a vital region to be examined in 
depression disorder. The connection between temporal and anterior 
lobes along with the connection between occipital and parietal lobes in 
emotion recognition have been prioritized. Also, the mesial temporal 
lobe, focal, temporal and prefrontal connections have a significant 
importance in the case of epilepsy. Furthermore, the function and con
nectives of dorsal anterior cingulate cortex has been focused in ADHD 
patients. 

The PLI metric analysis for infants with autism spectrum abnormality 
shows a decrease with incremental trend of the severity. It decreases in 
high risk infants in comparison to the low-risk ones. PLI connectivity 
plots for Alzheimer’s disease in different frequency bands illustrates that 
the theta frequency band connectivities could be a predictor of Alz
heimer’s disease. The connectivities in this frequency band have 
increased with the severity increment from mild cognitive impairment 
to severe Alzheimer’s disease. 

The effects of treatment and medical intake on functional connec
tivity alterations in accordance with brain abnormalities have been 
studied in this review. About the stroke disorder, the post stroke re
covery stage has been studied with the usage of functional connectivity 
patterns. The focus of studies about stroke patients is around the 
connection between the motor cortex with other brain regions. The 
connectivity patterns analyzed after medical intake and antiepileptic 
drugs in patients with depressive abnormality and epilepsy have illus
trated alterations in functional connections before and after the medical 
intake. The neurofeedback therapy for treatment stage of ADHD ab
normality have shown remarkable difference in connectivity patterns 
before and after the therapy. The connectivities in autism spectrum 
disorder experiencing virtual reality therapy confirms the impact of the 
treatment on the functional connections in order to change to the same 
of the healthy controls. Also, different dopaminergic agents have shown 
distinctive effects on EEG-based functional connections in patients with 
psychotic disorder. Furthermore, PQ912 intake affected the network in 
patients with Alzheimer’s disease. 

Finally, to answer the third question about the suggestions for future 
research on EEG-based functional connectivity of brain abnormalities, it 
has been illustrated that the issue of EEG brain connectivity of epilepsy 
and depression has very much attracted the attention of the researchers. 
The coherency and correlation-based algorithm has been used more 
than other connectivity metrics, while novel brain functional connec
tivity methods could be used instead to verify the performance and 
reliability of the algorithms. A valuable research could be done around 
detection of different brain disorders via assessing the connectivity 
patterns of brain areas because there is not enough research concen
trating on this issue in recent years. Applying an effective treatment 
order depending on each abnormality would increase the speed of pa
tient recovery. The effects of drugs for curing patients on brain func
tional connectivity has been less studied and it would be important to 
dedicate new projects to this topic and assess the alterations of brain 
functional connectivity in response to different treatment and corre
sponding drugs. The connectivities could be compared with healthy 
states to adjust or change the treatment process of patients according to 
each abnormality. 

The discussed results of this review article show that significant 
achievements have been obtained in the field of brain abnormality 
analysis through EEG-based functional connectivity and the studies 
would be continued. It is necessary to study and research about the 
recommendations addressed the limitations of the past EEG-based 
functional connectivity brain abnormality analysis to improve the 
applications. 
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Nomenclature 

AD Alzheimer’s Disease 
ADHD Attention Deficit Hyperactivity Disorder 
AEC Amplitude Envelope Correlation 
ARAT Action Research Arm Test 
ASD Autism Spectrum Disorder 
BCI Brain-Computer Interface 
BOLD Blood Oxygen Level Dependent 
CNN Convolutional Neural Network 
CPL Characteristic Path Length 
DBS Deep Brain Stimulation 
DTF Directed Transfer Function 
EEG Electroencephalogram 
EMG Electromyogram 
EOG Electrooculogram 
eLORETA exact Low Resolution Electromagnetic Tomography 
FMAL Fugl-Myer Assessment of the Lower Limb Section 
fMRI functional Magnetic Resonance Imaging 
HCI Human-Computer Interaction 
iCoh imaginary part of Coherence 
ITD Intrinsic Time-scale Decomposition 
KNN K-Nearest Neighbour 
LZC Lempel-Ziv Complexity 
MDD Mild Depressive Disorder 
MEG Magnetoencephalogram 
MI Mutual Information 
MST Minimum Spanning Tree Algorithm 
MTLE Mesial Temporal Lobe Epilepsy 
NIHSS National Institutes of Health Stroke Scale 
NMF Non-negative Matrix Factorization 
OCD Obsessive-Compulsive Disorder 
PDC Partial Directed Coherence 
PET Positron Emission Tomography 
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PLI Phase Lag Index 
PLV Phase Locking Value 
PNES Psychogenic Non-Epileptic Seizures 
PPC Pairwise Phase Consistency 
PRISMA Preferred Reported Items for Systematic Reviews and Meta- 

Analyses 
PSD Power Spectrum Density 
PSI Phase-Slope Index 
SL Synchronization Likelihood 
sLORETA standardized Low-Resolution Electromagnetic Tomography 

Algorithm 
SCD Subjective Cognitive Decline 
SPECT Single-Photon Emission Computerized Tomograph 
SVM Support Vector Machine 
tDCS transcranial Direct Current Stimulation 
WPLI Weighted Phase Lag Index 
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[89] Ruiz-Gómez SJ, Hornero R, Poza J, Maturana-Candelas A, Pinto N, Gómez C. 
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