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A B S T R A C T   

This study presents a new methodology for obtaining functional brain networks (FBNs) using multichannel scalp 
EEG recordings. The developed methodology extracts pair-wise phase synchrony between EEG electrodes to 
obtain FBNs at δ, θ, and α -bands and investigates their network properties in presence of seizure to detect 
multiple facets of functional integration and segregation in brain networks. Statistical analysis of the frequency- 
specific graph measures during seizure and non-seizure intervals reveals their highly discriminative ability be-
tween the two EEG states. It is also verified by performing the receiver operating characteristic (ROC) analysis. 
The results suggest that, for the majority of subjects, the FBNs during seizure intervals exhibit higher modularity 
and lower global efficiency compared to the FBNs during non-seizure intervals; meaning that during seizure 
activities the networks become more segregated and less aggregated. Some differences in the results obtained for 
different subjects can be attributed to the subject-specific nature of seizure networks and the type of epileptic 
seizure the subject has experienced. The results demonstrate the capacity of the proposed framework for studying 
different abnormal patterns in multichannel EEG signals.   

1. Introduction 

Brain connectivity analysis aims at describing how different regions 
of the brain are connected. There are three types of connectivity: (i) 
structural connectivity which refers to the existence of anatomical links 
between different brain areas, (ii) functional connectivity, and (iii) 
effective connectivity which are estimated by measuring statistical de-
pendencies and causal interaction between time-series of different brain 
regions, respectively [1]. Brain connectivity has been well studied using 
different neuroimaging techniques such as electroencephalography 
(EEG), magnetoencephalography (MEG), computed tomography (CT), 
functional magnetic resonance imaging (fMRI), functional near-infrared 
spectroscopy (fNIRS), and positron emission tomography (PET) [2–7]. 
Such neuroimaging techniques have been used to study brain function in 
health as well as neurological disorders including epilepsy, autism, and 
schizophrenia [3,8]. The recent trend has been towards using multi-
modal measurements to obtain complementary data on neural 
communication, with the aim to get a more comprehensive under-
standing of functional brain dynamics [9,10]. Several neuroimaging 
studies have used connectivity analysis methods to extract clinical 

information about the topology and dynamics of abnormal functional 
brain networks (FBNs) [5,11–16]. For example, in [17], simultaneously 
acquired EEG and fMRI data were used to make informed inferences 
about observed functional network connectivity dynamics and demon-
strated that estimated dynamic functional network connectivity states 
correspond to distinct electrophysiological mental states. However, the 
results may still be significantly influenced by the way that FBNs are 
constructed from the neuroimaging datasets and the choice of graph 
metrics which are extracted from the networks [18–20]. 

Amongst different neuroimaging tools, EEG is widely used for 
studying the dynamics of brain function due to its high temporal reso-
lution which makes it useful for tracking and analysis of cortical elec-
trical activity [21]. In particular, scalp-level EEG is a non-invasive 
recording and relatively low cost modality which is widely used for 
characterization of dynamical behavior in FBNs for classification of 
different EEG states, analysis of variance [22], logistic regression, sup-
port vector machine and Naïve Bayesian [23], graph convolutional 
neural network (GCNN) [24]. Most commonly used signal connectivity 
measures for multichannel EEG analysis include: phase synchrony (PS) 
[25,26], magnitude squared coherence [27], phase lag index (PLI) [28, 
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29], and amplitude envelope correlation [30]. In [29], the PLI is used to 
construct the static network of each EEG sliding window and, by sorting 
the static network according to the time series, to construct the temporal 
brain networks. The study uses the temporal brain networks to investi-
gate the dynamic functional connectivity of the human brain in different 
emotional EEG states, taking into account the time-varying regional 
brain activity. The main drawback of such techniques, however, is the 
effect of volume conduction on multichannel EEG scalp-level signals, 
which may produce spurious and distorted connectivity results from 
focal brain activity [31–33]. In order to overcome the volume conduc-
tion problem, some studies, e.g. [6], have applied source localization 
techniques to scalp EEG signals for studying FBNs when subject is per-
forming a task. The influence of the volume conduction on various 
functional connectivity metrics is studied in [32] by integrating a 
surface-based computational model of the human head and a model of 
coupled oscillators simulating the electrical activity of brain sources. 

In this paper, a new methodology for studying functional brain 
connectivity is presented and applied to multichannel newborn EEG 
signals to reveal cortical networks during seizure and non-seizure EEG 
periods. The proposed methodology is based on measuring statistical 
coupling between different EEG channels through the degree of phase 
synchrony between them using the circular omega complexity (COC) 
measure [34]. We have already shown that the COC measure is rela-
tively insensitive to volume conduction in the analysis of scalp multi-
channel EEG signals. The resulted connectivity matrices are then used to 
generate a graph-based representation of FBNs. The FBNs are analyzed 
using selected graph features with the aim of identifying differences in 
brain networks during seizure and non-seizure states. In this study, we 
examine three hypotheses associated with newborn EEG signals in the 
presence of abnormality: (i) connectivity patterns of newborn 
EEG-based FBNs are significantly affected by seizure, (ii) these changes 
in functional brain connectivity can be detected by measuring phase 
synchrony between scalp EEG electrodes, and (iii) FBNs become more 
modular and less efficient during seizure intervals. In this context, 
modularity is defined as the degree to which the network can be sub-
divided into non-overlapping groups or modules of nodes and global 
efficiency is described as the average inverse shortest path length in the 
network [35]. To evaluate the three hypotheses, we design an analysis 
framework based on our previously developed measure of signal con-
nectivity, i.e., COC measure, and apply it on a database of 14 newborn 
EEG datasets with seizure and non-seizure states [36]. 

The rest of the paper is organized as follows: Section 2 describes the 
multichannel newborn EEG database used in this study and introduces 
the proposed methodology for estimating brain networks using multi-
channel scalp EEG signals. In Section 3, the experimental results of 
applying the proposed methodology to the newborn EEG database are 
presented and discussed. The paper is concluded in Section 4. 

2. Materials and methods 

2.1. The EEG database 

This study uses a recently released database composed of multi-
channel EEG signals collected at the Helsinki University Hospital from 
79 infants (either before 35 or after 45 weeks post-menstrual age) 
admitted to the neonatal intensive care unit. The signals were recorded 
at the sampling rate of 256 Hz using the NicOne EEG amplifier with 19 
electrodes positioned and referenced to the right or left earlobes ac-
cording to the 10–20 international system of electrode placement. 
Among the 79 EEG datasets in the database, 39 datasets composed of 
both seizure and non-seizure intervals. Seizure and non-seizure epochs 
in all the multichannel datasets were labeled by 3 experts. More details 
about this neonatal EEG database can be found in [36]. 

2.2. Extraction of FBNs from multichannel newborn EEG 

The adapted methodology for the estimation of FBN using multi-
channel EEG signals consists of four main steps as shown in Fig. 1. The 
steps are described in the following sections. 

2.2.1. Pre-processing 
EEG signals are usually contaminated by various physiological and 

non-physiological sources of activity. Removing these artifacts is a 
crucial step for producing noise-free signals suitable for brain connec-
tivity analysis. This study used stationary wavelet transform to enhance 
the EEG datasets under-analysis. The signals were then visually 
inspected and remaining artifacts were removed manually. After this 
pre-processing, EEG datasets with seizure activities of more than 5 min 
length were selected; resulted in 14 datasets with details given in 
Table 1. 

In this study, 150 seizure and 150 non-seizure epochs of length 3 s 
with 1 s overlaps were extracted from EEG signals of each subject. The 
length of EEG epochs was chosen based on previous studies in this field, 
e.g. [36]. Finally, 3 band-pass filters were deployed to decompose EEG 
epochs into 3 commonly-used EEG frequency bands, i.e. δ -band 
(0.5− 4 Hz), θ -band (4− 8 Hz), and α -bnad (8− 13 Hz). This is based on 
the reports by previous studies suggesting that seizures have spectral 
activities mostly below 12 Hz [37,38]. 

2.2.2. Estimation of FBNs 
This study, we applied the multivariate PS measure introduced in 

[34], i.e. the COC measure, to the pre-processed multichannel EEG 
signals for construction of the connectivity matrices (CMs). This mea-
sure is briefly introduced in the following section. We chose the COC 
measure because: (i) it is relatively insensitive to volume conduction and 
(ii) it has been shown to have better performance in identifying PS in 
multivariate signals such as multichannel EEG in contrast to other PS 
measures [34]. 

2.2.2.1. The circular omega complexity (COC) measure. In order to 
measure the PS between two signals, their instantaneous phases (IPs) 
need to be estimated first. For mono-component signals with a single 
ridge in the time-frequency domain, this can be achieved by using the 
Hilbert transform. In this approach, the IP of a real discrete signal x[n], i. 
e. φx[n], is estimated as: 

φx[n] = tan− 1
(

x̂[n]
x[n]

)

(1)  

where x̂[n] is the Hilbert transform of the signal x[n]. Using the COC 
measure, the PS between 2 mono-component signals xk[n] and xl[n] with 
corresponding IPs, ϕk[n] and ϕl[n], n = 0, 1,…,N − 1, is estimated as: 

ηk,l =

∑N− 1

n=0
sin(ϕk[n] − ϕk)sin(ϕl[n] − ϕl)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N− 1

n=0
sin2ϕk[n] − ϕk)sin2(ϕl[n] − ϕl)

√ (2)  

where ϕk is the circular mean of ϕk[n] given by: 

ϕk = arg

(
∑N− 1

n=0
ejϕk [n]

)

(3) 

The COC measure ηk,l takes values between 0 and 1; where the value 
of 0 indicates no PS between the two signals. Using the pair-wise PS 
values found using (2) for all EEG electrodes, a matrix is formed as: 

η =
[
ηk,l

]

C×C (4)  

where C is the number of EEG electrodes. As mentioned earlier in Sec-
tion 2.2.1, the multichannel EEG epoch under-analysis is decomposed in 
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to 3 frequency bands, δ, θ, and α -bands, at the pre-processing stage. This 
is to satisfy the Bedrosian requirement for the instantaneous phase sig-
nals, namely the narrow-band condition for the input signals. The COC 
matrix corresponding to each frequency band is found using (2)–(4). 
These 3 matrices η(δ), η(θ) and η(α) are used as CMs to construct undi-
rected weighted graphs characterizing the FBNs during seizure and non- 
seizure activities as explained in the next section. 

2.2.2.2. Graph properties of FBNs. Functional brain networks can be 
modelled as graphs whose edges are associated with the connectivity 
strength between brain nodes [35]. In the current study, the graph nodes 
represent locations of the EEG electrodes and edges are associated with 
the COC values between EEG electrodes. 

2.2.3. Graph analysis 
In order to quantitatively compare the resulted FBNs for seizure and 

non-seizure epochs, graph measures can be extracted from the visualized 
FBNs obtained in Section 2.2.2.2. In this study, six graph measures were 
chosen to detect multiple facets of functional integration and segrega-
tion in brain networks and characterize one or more aspects of global 
and local brain connectivity. The measures are briefly introduced below; 
more details about them and their formulas can be found in [35,39–42].  

1 The Global efficiency (GE) of a given network is defined as the 
average inverse shortest path length in the network and is inversely 
related to the characteristic path length, i.e. the average shortest 
path length for all pairs of nodes. In networks with high global ef-
ficiency the information is exchanged across the whole network 
more efficiently. 

Fig. 1. Block diagram of the adapted methodology for the estimation of FBNs from newborn seizure signals. Abbreviations: PS: phase synchrony, CM: connectivity 
matrix, ROC: receiver operating characteristic and AUC: area under the ROC curve. 
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2 The modularity (M) quantifies the degree to which the network can 
be subdivided into non-overlapping groups or modules of nodes. 
Networks with dense connections between the nodes within groups 
but sparse connections between nodes in different modules exhibit 
high modularity.  

3 The mean weighted clustering coefficient (MWCC) over all the nodes 
in a graph measures the degree to which the nodes in the network 
tend to cluster together. Networks having more nodes completely 
associated with each node exhibit high mean weighted clustering 
coefficient.  

4 The mean closeness centrality (MCC) of a network indicates how the 
nodes are close to each other and therefore depends on the length of 
the routes from one node to other nodes. In networks with high mean 
closeness centrality, the nodes are closer to each other.  

5 Clustering coefficient entropy (CCE) measures the distribution of the 
clustering coefficient of the nodes in a network using Shannon’s 
entropy of nodes’ clustering coefficients. It characterizes the 
inherent structure of the network in a way that its value for networks 
with only few nodes with complete neighborhood is low.  

6 The average degree (AD) shows the average number of edges per 
node in a network. In networks with more connections, the average 
degree is higher. 

2.2.4. Statistical and ROC analyses 
In order to validate the proposed approach for visualizing the FBNs 

using multichannel EEG signals, the obtained networks during seizure 
and non-seizure states are compared statistically and quantitatively. 
This is achieved by first extracting the six graph measures introduced in 
Section 2.2.3 from the graphs representing the FBNs during seizure and 
non-seizure states. Then the t-test is performed on the values of each 
feature for all the seizure and non-seizure epochs and the p-values are 
used to check the statistical difference between the values of that mea-
sure for seizure and non-seizure states. The ability of each network 
measure in discriminating between the two classes is also quantitatively 
measured by performing the receiver operating characteristics (ROC) 
analysis [43]. For a given network measure, the ROC curve plots the 
sensitivity of a binary classifier which uses that measure to classify the 
two groups, as a function of 1-(its specificity), as its discrimination 
threshold is varied. The area under the resulting ROC, i.e. AUC, for each 
measure is calculated and used as an explanation of the ROC curve. The 
AUC values range from 0.5 to 1 where 1 represents the optimal classifier 
and the value of 0.5 refers to a random guessing classifier. 

3. Results 

The results of applying the proposed method to the multichannel 
EEG datasets detailed in Table 1 are presented in this section. The main 

algorithm was implemented in MATLAB and the functional brain graphs 
were visualized using the BrainNet Viewer toolbox [44] based on the 
computed CMs. The graph measures presented in Section 2.2.3 were 
extracted using the Brain-connectivity toolbox [35]. 

3.1. FBNs during seizure and non-seizure states 

For each subject, the adapted methodology explained in Section 2.2 
was applied to 150 seizure and 150 non-seizure 19-channel EEG epochs 
of length 3 s with 1 s overlaps. Once the CMs were calculated in δ, θ, and 
α -bands using the COC measure, the FBNs in each frequency band were 
visualized using graphs with nodes located at the position of EEG elec-
trodes. In this way, the existence of operating functional sub-networks in 
the brain is expressed by the color-coded links of a graph. The graphs 
identify different brain regions that are generally synchronized and 
indicate the presence and strength of functional connectivity between 
each two cortical regions, as represented by the two corresponding 
electrodes, in the current brain state. 

Fig. 2 illustrates the resulted graphs visualizing the FBNs during non- 
seizure states for Subject 9, as an exemplary subject, with color-coded 
links showing the strength of the connection between each two elec-
trodes. A threshold value of 0.3 was used to show links with significant 
strength, i.e. only links are shown for which the strength is more than 30 
% of the maximum strength in the graph. Similar procedures were used 
to obtain FBNs during seizure states for Subject 9 which are depicted in 
Fig. 3. The corresponding CMs for Subject 9 are shown in Figs. 4 and 5. 

3.2. Statistical and ROC analyses of FBNs 

The networks obtained during seizure and non-seizure states were 
statistically and quantitatively compared based on the extracted graph 
measures. First the 6 graph measures introduced in Section 2.2.5 were 
extracted from the CMs used to build the FBNs. Then the t-test was 
performed on the values of each network measure for all the seizure and 
non-seizure epochs in the 3 bands for each subject and the p-values were 
found. The results are reported in Table 2. 

The ROC analysis was also performed and the AUC for each network 
measure was calculated. Table 2 shows the AUC values for each network 
measure in each of the three frequency bands for each subject. And for 
illustration, box plots of all the features for Subject 9 are depicted in 
Fig. 6, showing how their values are spread out for seizure and non- 
seizure epochs in the 3 bands. 

4. Discussion 

The findings of this study are three-fold: (i) the results suggest that 
the topological structure and connectivity patterns across FBNs extrac-
ted from newborn EEG significantly change in the presence of seizure, 
(ii) the COC measure can highlight these changes of functional con-
nectivity in brain networks over different EEG frequency bands and (iii) 
COC-based FBNs present higher modularity and lower global efficiency 
during ictal states in contrast to interictal states. However, some varia-
tions were observed in the results over subjects which can be related to 
differences in the location of the epileptogenic zones and seizure type 
across patients. An advantage of PS measures such as COC for EEG-based 
functional connectivity studies is that they are insensitive to amplitude 
changes, an important factor which can be easily affected by different 
types of artifacts. We showed that the adapted framework of this study 
can be effectively used to discriminate between seizure and non-seizure 
EEG states with high accuracy. It reinforces that the definition of func-
tional brain connectivity based on the level of global phase synchrony 
across EEG electrodes could be an efficient way for the development of 
discriminative features between seizure and non-seizure intervals in 
multichannel newborn EEG recordings. These findings add to the results 
of previous neuroimaging studies reporting functional connectivity 
changes in the presence of neonatal seizure and may be used for the 

Table 1 
Details about the EEG seizure and non-seizure epochs used in this study. Subject 
IDs are according to the indexing of [36].  

Subject 
ID 

Length of the pre-processed 
recording (in sec) 

seizure length 
(in sec) 

non-seizure 
length (in sec) 

4 3426 850 2127 
5 3842 3136 492 
9 3551 862 2507 
13 15,417 1235 13,980 
14 3727 2084 1221 
19 9007 2089 6311 
38 6096 2681 1576 
39 4630 2177 2065 
44 3361 315 2961 
52 3921 86 3790 
66 11,351 1548 9470 
67 4901 1342 3097 
75 3956 918 3030 
78 4972 1915 2341  
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development of newborn seizure detection/prediction systems. 
As illustrated in Figs. 2 and 3, the proposed approach provides FBNs 

during different brain states from multichannel scalp EEG signals. 
Characterization of phase-based FBNs in the presence of seizure is 
challenging due to the difference in the location of seizure onset zones 
over subjects. In other words, seizure foci could be localized in space or 
generalized over multiple electrodes. This and also the type of the 
seizure the subject has experienced lead to significant difference in the 
temporal and spectral features of seizure and non-seizure periods in 
subjects. Generalized phase synchrony measures such as COC are well 
suited to this purpose, because they can consider a comprehensive pic-
ture of the global disruption across multiple EEG electrodes regardless of 
the source of the seizure event in time and space. Given the subject- 
specific nature of seizure networks in the newborn EEG datasets of 
this study, we chose to report the results in a case-by-case basis. The 
methodology used in this research has the capacity to be used to identify 
neural networks involved in normal and pathological brain function and 
can therefore aid clinicians in the diagnosis and estimation of 

neurodevelopmental disorders. 
As shown in the exemplary Figs. 2 and 3 as an example, the spatial 

topology of FBNs suggest that the majority of strong connections in non- 
seizure states tend to be between neighboring electrodes, in particular, 
across prefrontal areas (Fp1 and Fp2). It extends towards the left 
hemisphere locations as shown in the graphs associated with the δ and θ 
frequency bands in Fig. 2. While the strong connections between near 
sources were depicted in α. On the other hand, connections also reach 
faraway regions in seizure states. 30 % of connections are between 
frontal and occipital lobes. Some differences during seizure sates can 
also be observed in 3 bands of visualizing brain networks. Subject 9 
graphs show strong connectivity compacted between nearby sources (as 
shown in Fig. 3), whereas frontal pole electrodes reach both posterior 
and occipital electrodes (as shown in Fig. 2). 

Most of the p-values reported in Table 2 are significant (less than 
0.05) in almost all EEG frequency bands. It suggests that frequency- 
specific graph features of the COC-based connectivity matrices extrac-
ted from multichannel newborn EEG signals are highly discriminative 

Fig. 2. Weighted functional brain connectivity networks for Subject 9 during non-seizure states for δ, θ, and α -bands with threshold value of 0.3.  
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Fig. 3. Weighted functional brain connectivity networks for Subject 9 during seizure states for δ, θ, and α -bands with threshold value of 0.3.  

Fig. 4. Connectivity matrices representing FBNs in δ, θ, and α -bands for Subject 9 during non-seizure states.  
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between the seizure and non-seizure states. Box plots of Fig. 6 indicate 
significantly higher modularity and decreased global efficiency in the 
COC-based graphs of newborn EEG signals in presence of seizure in 
contrast to the non-seizure periods. This is in line with the graph 
properties of fMRI-based FBNs in epilepsy subjects where increased 

segregation and decreased aggregation over networks has been reported 
[45]. This observation is robust over all frequency bands and implies the 
importance of topological changes during the ictal and interictal states 
of newborn EEG. This has also been reflected in the AUC values reported 
in Table 2. However, one has to be cautious about drawing a rigorous 

Fig. 5. Connectivity matrices representing FBNs in δ, θ, and α -bands for Subject 9 during seizure states.  

Table 2 
Results of statistical and ROC analyses of the 6 selected graph measures in different frequency bands for each subject. The p-values (*: p < 0.05;**: p < 0.001) and AUC 
values (in parentheses) are reported. Acronyms are as follows: GE: Global Efficiency, M: Modularity, MWCC: Mean Weighted Clustering Coefficient, MCC: Mean 
Clustering Coefficient, CCE: Closedness Centrality Entropy, AD: Average Degree.  

Subject ID Frequency 
band 

Graph measures   

GE M MWCC MCC CCE AD 

04 
Delta (0.5200) (0.5531) (0.5071) (0.5300) * (0.6010) (0.5272) 
Theta ** (0.7811) ** (0.6311) ** (0.7613) ** (0.6628) * (0.6074) ** (0.7879) 
Alpha ** (0.9461) ** (0.6832) ** (0.8621) ** (0.8431) ** (0.6286) ** (0.9406) 

05 
Delta ** (0.6460) ** (0.6333) ** (0.6534) ** (0.6265) (0.5021) ** (0.6428) 
Theta * (0.5670) ** (0.7442) ** (0.6549) (0.6052) * (0.5868) * (0.5926) 
Alpha (0.5404) ** (0.7847) ** (0.6772) (0.5850) * (0.6057) (0.5041) 

09 
Delta ** (0.7393) ** (0.6924) ** (0.7361) ** (0.6719) (0.5425) ** (0.7430) 
Theta ** (0.7510) ** (0.7752) ** (0.7626) ** (0.7356) * (0.6115) ** (0.7608) 
Alpha ** (0.6666) * (0.5634) ** (0.6622) (0.6084) ** (0.6086) ** (0.6684) 

13 
Delta * (0.5638) (0.5652) * (0.5813) * (0.6305) * (0.5787) * (0.5649) 
Theta * (0.5710) ** (0.6133) ** (0.6576) ** (0.6412) (0.5620) * (0.5890) 
Alpha ** (0.7967) ** (0.7501) ** (0.8169) ** (0.7724) (0.5472) ** (0.8058) 

14 
Delta ** (0.6704) ** (0.7506) ** (0.7351) ** (0.6997) (0.5025) ** (0.6931) 
Theta ** (0.6963) ** (0.7627) ** (0.7760) ** (0.7216) * (0.5728) ** (0.7216) 
Alpha ** (0.7178) (0.5116) ** (0.7033) ** (0.6802) ** (0.7291) ** (0.7151) 

19 
Delta (0.5365) * (0.5618) (0.5092) (0.5002) (0.5262) (0.5298) 
Theta * (0.5708) * (0.5770) (0.5032) (0.5520) (0.5490) * (0.5592) 
Alpha * (0.6198) * (0.5802) * (0.6233) (0.5333) * (0.5946) * (0.6180) 

38 
Delta ** (0.5974) (0.5491) (0.5667) * (0.6181) (0.5449) * (0.5901) 
Theta ** (0.6340) ** (0.6553) ** (0.6653) (0.5692) * (0.5754) ** (0.6415) 
Alpha ** (0.7841) ** (0.7624) ** (0.7935) ** (0.7342) (0.5772) ** (0.7854) 

39 
Delta (0.5692) (0.5117) (0.5783) ** (0.6305) ** (0.6172) (0.5719) 
Theta (0.5719) * (0.5752) * (0.6382) ** (0.6734) ** (0.6986) (0.5866) 
Alpha * (0.5400) * (0.5981) (0.5266) (0.5444) (0.5030) (0.5417) 

44 
Delta ** (0.6786) (0.5197) ** (0.6125) (0.5594) ** (0.6993) ** (0.6787) 
Theta ** (0.7288) * (0.6003) ** (0.6634) (0.5935) (0.5734) ** (0.7180) 
Alpha (0.5528) (0.5434) (0.5021) (0.5272) (0.5091) (0.5450) 

52 
Delta * (0.6830) (0.6617) (0.6714) * (0.6839) (0.6410) * (0.6843) 
Theta * (0.8125) (0.6305) (0.6796) (0.6532) * (0.7282) * (0.8060) 
Alpha (0.5795) * (0.6762) * (0.7041) * (0.6178) (0.5177) (0.5778) 

66 
Delta ** (0.6208) (0.5642) * (0.6042) (0.5480) (0.5409) * (0.6132) 
Theta ** (0.6787) * (0.6008) ** (0.6643) * (0.5649) (0.5176) ** (0.6713) 
Alpha ** (0.7964) (0.5557) ** (0.6121) * (0.6081) * (0.6247) ** (0.7812) 

67 
Delta ** (0.6220) (0.5218) ** (0.6026) * (0.6035) (0.5157) ** (0.6215) 
Theta ** (0.6452) (0.5191) * (0.5705) (0.5087) (0.5329) ** (0.6332) 
Alpha (0.5356) ** (0.6181) ** (0.6243) * (0.5849) * (0.5823) (0.5053) 

75 
Delta ** (0.6404) * (0.5772) ** (0.6455) * (0.6109) (0.5149) ** (0.6332) 
Theta ** (0.6888) * (0.5910) ** (0.7039) ** (0.7307) ** (0.7052) ** (0.6892) 
Alpha ** (0.9948) ** (0.7034) ** (0.9922) ** (0.9989) ** (0.9085) ** (0.9932) 

78 
Delta ** (0.6521) ** (0.6568) ** (0.6425) * (0.5910) * (0.5721) ** (0.6489) 
Theta ** (0.6580) ** (0.7029) ** (0.6960) ** (0.6316) (0.5078) ** (0.6623) 
Alpha (0.5231) (0.5439) * (0.5935) (0.5701) ** (0.6256) (0.5013)  
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conclusion at this stage due to the small group size and relatively small 
number of the seizure/non-seizure EEG segments in our study. A large 
variety of graph measures have been proposed for investigating network 
features of functional brain interactions [35]. Our choice of graph 
measures in this study, however, was mainly based on the importance of 
modularity and efficiency in the functional graphs associated with 
seizure and non-seizure data. For example, it has been suggested that the 

nodes in epileptic FBNs extracted from fMRI datasets of focal epilepsy 
patients become more segregated and less aggregated [45]. In summary, 
the results of both statistical and ROC analyses for all the subjects follow 
similar trends and the differences observed in the results can be attrib-
uted to the subject-specific nature of seizure networks and the type of 
epileptic seizure the subject has experienced. 

A limitation of this study is associated with its small sample size 

Fig. 6. Box plots of the six selected graph measures in the three frequency bands for Subject 9.  
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which makes it difficult to generalize the findings to large populations. It 
also remains for future research to repeat it at the EEG source level and 
investigate the potential differences between the graph measures of 
scalp phase-based scalp EEG signals with their corresponding source 
level activity during seizure and non-seizure states. 

5. Conclusion 

Combined information of newborn EEG-based FBNs in the time, 
frequency and space (i.e., electrode location) is useful for discrimination 
of seizure and non-seizure states. The adapted methodology of this study 
has the capacity to reveal subtle changes in the graph properties of FBNs 
in the presence of newborn seizures at different EEG frequency bands. It 
supports the hypothesis that newborn seizure can significantly affect the 
functional brain connectivity patterns in newborns and change the 
phase relationships across scalp EEG channels. From this perspective, 
graph measures of phase-based FBNs can be effectively used for EEG 
signal classification and newborn seizure detection. 
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