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ABSTRACT

Background and Objective: Neonatal seizures are the most common clinical presentation of neurological
conditions and can have adverse effects on the neurodevelopment of the neonatal brain. Visual detection
of these events from continuous EEG recordings is a laborious and time-consuming task. We propose a
novel algorithm for the automated detection of neonatal seizures.
Methods: In this study, we propose a novel deep learning model based on Graph Convolutional Neural
Networks for the automated detection of neonatal seizures. Unlike other methods exploiting mainly the
temporal information contained in EEG signals, our method also considers long-range spatial information,
i.e., the interdependencies across EEG signals. The temporal information is embedded as graph signals in
the graph representation of the EEG recordings and includes EEG features extracted from the EEG sig-
nals in the time and frequency domains. The spatial information is represented as functional connections
among the EEG channels (calculated by the phase-locking value and the mean squared coherence) or
as maps of Euclidean distances. These different spatial representations were evaluated to assess their
efficiency in providing more discriminative features for an effective detection of neonatal seizures. The
model performance was assessed on a publicly available dataset of continuous EEG signals recorded from
39 neonates by means of the area under the curve (AUC) and the AUC for specificity values greater than
90% (AUC90).
Results: After applying post-processing, consisting in smoothing the output of the classifiers, the models
based on the mean squared coherence, the phase-locking value, and the Euclidean distance respectively
reached a median AUC of 99.1% (IQR: 96.8%-99.6%), 99% (IQR: 95.2%-99.7%), and 97.3% (IQR: 86.3%-99.6%),
and a median AUC90 of 96%, 95.7%, and 94.9%. These values are superior or comparable to those reached
by methods considered as state-of-the-art in this field.
Conclusions: Our results show that the EEG graph representations drawn from functional connectivity
measures can effectively leverage interdependencies among EEG signals and lead to reliable detection of
neonatal seizures. Furthermore, our model has the advantage of requiring only temporal annotations on
seizures for the training phase, making it more appealing for clinical applications.
© 2022 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

and behavioral disabilities or epileptic outcomes [1,2]. Reliable and
accurate detection of seizures in neonates is therefore essential to

Seizures are the most common clinical presentation of neuro-
logical conditions in neonates and could potentially have an ad-
verse effect on neurodevelopment, with the risk of future cognitive
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identify a dedicated therapy and prevent the risk of adverse con-
ditions in later life. So far, visual inspection and clinical interpreta-
tion of continuous electroencephalographic (EEG) recordings have
been considered the best approach to detect neonatal seizures [3].
However, this task is extremely laborious and time-consuming be-
cause it requires to be performed by highly trained experts who
must inspect the time course of very long EEG recordings. This
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process is also prone to subjective interpretation and inter-expert
variability. Consequently, the availability of an automated method
for the detection of neonatal seizures is a crucial requirement to
permit an effective use of EEG monitoring independently from the
presence of specifically trained clinicians.

To date, several algorithms for the automated detection of
neonatal seizures have been proposed. The earliest ones were
based on heuristic rules and thresholds: the basic concept was
to detect some clinical characteristics of neonatal seizures on
the EEG, such as periodicity, rhythmic discharges, or spikiness.
A temporal window of the EEG was then classified as “seizure”
or “non-seizure” by comparing these clinical characteristics with
pre-defined thresholds [4-7]. For instance, Liu et al. [6] devel-
oped a method based on the autocorrelation function, that was
able to differentiate seizures from normal EEG background ac-
tivity on EEG recordings by using specific features of the rhyth-
mic discharges. This method reached a sensitivity of 84% and a
specificity of 98%. Gotman et al. [5] proposed a method to detect
rhythmic discharges, repetitive spikes, and slow rhythmic patterns
occurring during seizures, which was able to detect 71% of the
seizures. Rhythmic discharges were identified using spectral anal-
ysis, whereas repetitive spikes were extracted by breaking down
the EEG into half-waves and assessing their duration, amplitude,
and sharpness. Furthermore, Deburchgraeve et al. [8] defined two
types of neonatal seizures and developed two detectors to mimic
neonatal EEG experts: the first algorithm was based on the corre-
lation between high-energetic segments of the EEG, whereas the
second algorithm used autocorrelation to detect increases in the
low-frequency EEG activity. The combined use of these two algo-
rithms reached a classification sensitivity of 88%. The main draw-
back of these methods was their poor classification performance,
indicating that they were not sufficiently reliable to be proposed
for a routine use in the NICUs.

More recently, automated neonatal seizure detectors based
on data-driven machine learning methods have been proposed
[9-12]. Their advantage with respect to heuristic classifiers is that
the extracted EEG features are fed to more advanced classifiers.
For instance, using a support vector machine (SVM), Temko et al.
[10] obtained an average detection rate of 89%, with one false
seizure detection per hour. Tapani et al. [12] developed a neona-
tal seizure detection algorithm based on a set of 21 features, de-
fined in the time, frequency, and time-frequency domains, which
were fed to an SVM that achieved a median area under the re-
ceiver operator characteristics curve (AUC) of 98.8%. Although the
overall performance of this type of seizure detectors is satisfying,
their main drawback is that in addition to the temporal annota-
tions on the instants when each seizure starts and ends, they also
require precise spatial annotations on the EEG channels containing
seizures to properly train the classifiers. This labeling scheme is
extremely demanding for the clinicians who inspect the EEG. Con-
sequently, automated algorithms that rely only on temporal anno-
tations should be preferred for seizure detection.

In the past decade, deep learning has been employed as a
promising alternative to traditional machine learning approaches
in several research fields and practical applications [13-15], includ-
ing the classification of neonatal seizures [16-21]. Ansari et al.,
[16] developed a hybrid architecture in which features were ex-
tracted within a convolutional neural network (CNN) and then
seizures were classified with a decision tree to improve the classi-
fication performance. This hybrid method achieved an AUC of 88%.
O’Shea et al., [17] proposed two deep learning algorithms contain-
ing 1-dimensional convolution filters, which implied that the cor-
relations among the EEG signals recorded from different EEG chan-
nels were neglected. They reported an AUC of 98.5% for seizure
detection on the EEG recordings of the database of Cork Univer-
sity and of 95.5% for the Helsinki University database. The reason
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for using only 1-dimensional convolutional filters was to develop a
seizure detector that was independent of the baby-specific seizure
locations. Despite the good results obtained, these methods suffer
from the drawback that mainly the within-channel-based features
are considered, whereas the long-range interdependencies among
the EEG signals recorded at different EEG channels are ignored.

Given that seizures develop a synchronous neuronal activity
[22], spatial information on the EEG channels that record the same
seizure event would help to improve the performance of a seizure
detector. Hence, an ideal seizure classifier should be based on the
combination of within-channel-based (time mode) and between-
channel-based (channel mode) features. This can be achieved by
employing a graph representation of the multi-channel EEG data
[23], as it includes both spatial information (the nodes, i.e., the EEG
channels) and temporal information (the graph signals, i.e., fea-
tures extracted from the EEG signals), and complements them with
information on the interdependencies among the EEG signals (the
edges, i.e., the connections between EEG channels). The edges are a
unique feature of a graph representation of multi-channel EEG data
and can be quantified in different ways. A simple spatial represen-
tation of the edges can be obtained with the pair-wise physical
distance among nodes [24], whereas the pair-wise functional con-
nectivity among nodes provides a more advanced quantification of
the edges, and can be very useful for a neonatal seizure detector
because it provides information on the functional interdependen-
cies among EEG channels [25].

To fully exploit the information contained in a graph represen-
tation of multi-channel EEG data, graph convolutional neural net-
works (GCNNs) would be an appropriate alternative to CNN mod-
els [26]. GCNNs can leverage the graph structure and aggregate
node information from the neighborhoods in a convolutional man-
ner. GCNN and its variants have a great power to learn the graph
representations and have achieved superior performance in a wide
range of EEG applications including EEG-based emotion recognition
[25,27-30], person identification [31], driver state monitoring [32],
automated seizure detection in adults [24,33,34], sleep stage classi-
fication [35], autism disorder [36,37], and Alzheimer’s disease [38].
Moreover, differently from CNNs that mainly work on image data
with regular structures, GCNNs work on irregular non-Euclidean
structured data with different graph structures [39]. This character-
istic makes GCNNs insensitive to the ordering of the nodes in the
graph representations (i.e., to the ordering of the EEG channels)
and - consequently - to the location of the seizures. This would
be an advantage in the case of neonatal seizure detection because
one distinctive feature of neonatal seizures is that they are focal
and their location changes from one neonate to another.

Given the aforementioned properties of GCNNs, in the present
study, we propose a novel learning model for neonatal seizure de-
tection that is based on GCNN. The structure of the graph rep-
resentation of the multi-channel EEG data, i.e., the connections
(edges) among the EEG channels, is made using two functional
connectivity metrics: Phase Locking Value (PLV) [40] and Magni-
tude Squared Coherence (MSC) [41]. The PLV method can sepa-
rate the phase component from the amplitude component in EEG
recordings, and consequently is a suitable choice for exploring syn-
chronous neuronal activities independently of amplitude changes.
On the other hand, MSC quantifies both phase and amplitude
coupling in pairs of EEG signals. To compare the effectiveness of
these two functional connectivity measures in detecting neonatal
seizures using GCNNs, we also used maps of Euclidean distances
(spatial distance). Finally, to complete the graph representation of
EEG epochs, a set of EEG features previously introduced by Tapani
et al. [12] for seizure classification are used as graph signals.

This paper contributes to the literature on neonatal seizure
detection in several aspects. To the best of our knowledge, our
proposed method is the first GCNN method developed to detect
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seizures on neonatal EEG recordings. It has the advantage of re-
lying only on temporal annotations and has shown to be able
to leverage information from functional connectivity graphs along
with regular temporal information, leading to higher classification
performance than existing methods. According to the promising re-
sults obtained, our method could be generalized to other tasks in
the field of neonatal EEG classification.

2. Materials and methods
2.1. Neonatal EEG dataset

The proposed method was applied to the publicly available
neonatal EEG dataset recorded at the University of Helsinki (Chil-
dren’s Hospital, University of Helsinki Central Hospital, Finland)
from 79 neonates [42]. EEG recordings from 39 full-term neonates
that had seizures by consensus of three clinical experts were in-
cluded in the present study (for a total of 342 seizures). The
neonatal EEG was recorded using a 19-channel EEG system with
the international 10-20 system layout and 256 Hz sampling fre-
quency. To be consistent with the previously published papers on
the same dataset, a standard longitudinal bipolar montage was em-
ployed for further analysis (Fp2-F4, F4-C4, C4-P4, P4-02, Fp1-F3,
F3-C3, C3-P3, P3-01, Fp2-F8, F8-T4, T4-T6, T6-02, Fp1-F7, F7-T3,
T3-T5, T5-01, Fz-Cz, and Cz-Pz).

2.2. Filtering and segmentation

The neonatal EEG recordings were filtered between 0.5-30 Hz
using a combination of seventh-order low-pass and high-pass non-
causal Butterworth filters in both forward and backward direc-
tions. To decrease the computational load, the filtered signals were
down-sampled to 64 Hz. According to Tapani and colleagues [12],
who showed that the use of relatively long epochs slightly im-
proves the ability of features to discriminate between seizure and
non-seizure epochs, the filtered and down-sampled EEG signals
were segmented into epochs of 32s. To obtain a higher number
of training data, subsequent windows were overlapped by 31s.

2.3. Proposed method

The proposed learning model for neonatal seizure detection is
based on GCNNs [26,43] that are a generalization of CNNs and are
able to extract features from unstructured data like graph repre-
sentations by performing convolutions for the graph signals de-
fined on graphs. The overall pipeline of the proposed method for
classifying the EEG epochs that contain seizure events is outlined
in Fig. 1. The method consists of two parts: (1) a graph genera-
tor that converts the raw EEG epochs into graph representations
(Fig. 1a), and (2) a GCNN-based classifier that extracts and learns
discriminative patterns from the EEG-based graph representations
(Fig. 1b). A third part of the method, aiming to improve the clas-
sification performance, consists in post-processing the outcome of
the models.

Part 1: Graph generator. To prepare the information necessary
for the GCNN-based classifier to discriminate seizure events, the
EEG epochs must be converted into graph representations. Each
graph representation is composed of 3 elements: the nodes (i.e.,
the EEG channels), the edges (i.e., the connections among the
nodes), and the graph signals (i.e., the sets of features extracted
from the EEG signals recorded at the nodes). To calculate the
edges, we alternatively used three different approaches: two mea-
sures of functional connectivity and the information on the spatial
distance between nodes, calculated as Euclidean distance. Func-
tional connectivity maps were chosen as they capture the func-
tional interactions between EEG channels that can be ascribed to
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the synchronized firing of neurons from different brain regions
that occurs during neonatal seizures [22,44]. On the other hand,
the spatial distance between nodes provides simple information on
the spatial distribution of the nodes in the graph representation
(i.e., on the neonatal head surface).

To calculate functional connectivity maps, we used two mea-
sures: PLV MSC. PLV quantifies the strength of the phase synchro-
nization between pairs of EEG signals recorded at different chan-
nels. To calculate the PLV for a pair of EEG signals, the Hilbert
transform of the EEG signals is first computed. Then, the instan-
taneous phase of each signal and the relative phase between the
two signals are calculated. The PLV is then defined as:

1 N-1
PLVy = |5 > elenlian (1)
j=0

where ¢yy[t] is the relative phase between the EEG signals from
channels x and y, 1/Atrepresents the sampling frequency of the
EEG signals, and N is the number of samples in one EEG epoch. PLV
can vary between 0 (no phase synchronization) and 1 (complete
phase synchronization).

On the other hand, MSC quantifies the linear time-invariant re-
lationship between two time series x and y (here, the EEG signals)
at a given frequency A, and is defined as:

2
Cohy(X) = [Ry(M)|* = N M)I” o)

fo(R) fry ()
where Ryy(1) is the complex-valued coherence of x and y, fxy(A) is
the cross-spectrum of x and y, and fix(A) and fyy(A) are the power
spectrum of x and vy, respectively [45]. MSC is a positive function,
symmetric to x and y (i.e., Cohxy(A) = Cohyx(A)), and can vary be-
tween 0 and 1, which respectively indicate no coherence and a
strong coherence between x and y at frequency A.

The functional connectivity maps obtained from either PLV or
MSC were then converted into adjacency matrices because only the
information on the structure of the brain networks is important for
the proposed model, which does not consider the strength of the
connections between nodes. To calculate an adjacency matrix A, we
applied the following rule:

{1, if PLVy, > R OR Cohy(X) >R,
Ay =1,

otherwise.
where R is a threshold that is equal to the median plus one stan-
dard deviation of all PLV or MSC values [46]. Sample adjacency ma-
trices based on PLV and MSC are shown in Fig. 2b (middle and left
panel). The adjacency matrices were then used to train two dis-
tinct GCNN classifiers (see Part 2: GCNN-based classifier below).

The spatial distances between pairs of EEG channels (nodes)
were used as the third estimate of the edges in a graph repre-
sentation of the EEG epochs. In this case, based on the distance
between pairs of channels in the bipolar montage (Fig. 2a), only
the neighboring nodes were connected, and the elements of the
adjacency matrix were equal to 1 or 0 if two nodes were con-
nected or not, respectively (Fig. 2b, right panel). The distance be-
tween two bipolar derivations was calculated as the distance be-
tween the centers of the bipolar derivations. A third GCNN classi-
fier was trained using this estimate of the edges, and its perfor-
mance was compared with that of the classifiers based on PLV and
MSC to verify whether incorporating information on the functional
connectivity among nodes in the GCNN classifier improved its ef-
ficiency with respect to a GCNN classifier where only the spatial
distances among the nodes were provided.

Finally, the graph signals were calculated to complete the graph
representation of the EEG epochs. To this aim, a set of 18 time-
, frequency-, and time-frequency-based features, previously intro-
duced by Tapani et al. [12], was calculated for each node from the

3)
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Fig. 1. The architecture of the proposed method for neonatal seizure detection. (a) The graph representation of EEG signals is the first part of this method. It is composed
of nodes, edges (the estimated connections between EEG channels), and graph signals (which correspond to the feature vectors extracted from the EEG channels). (b) The
GCNN is the second part of the proposed model. It consists of spectral-based convolution layers, the ReLU activation layers, the graph readout, and fully connected layers.

Fig. 2. (a) The bipolar EEG montage and (b) sample adjacency matrices derived from MSC (left), PLV (middle) and spatial distance (right).

EEG signal of that node. In particular, we calculated the following the maximum value of the short-time Fourier transform (STFT).
quantities: mean, standard deviation, skewness, and regularity of Details on these features can be found in Appendix A and in [12].
the smoothed nonlinear energy operator (SNLEO); number, dura- Part 2: GCNN-based classifier. The graph representations were
tion, spike-interval, and maximum value of peaks of spikes; mean used to train three distinct GCNN classifiers. As described above,
and standard deviation of spike correlation (SC); power in the first we obtained three graph representations of the EEG epochs that
three harmonics, relative power in different frequency bands, and shared the same information on the nodes and the same graph
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Fig. 3. Visualization of an aggregation of information through a two-layer GCNN model. On the left-hand side, the Input Graph for this example is given. The Computation
Graph for updating the features (i.e., graph signal) of a sample node A uses the aggregation of the graph signals of node A and its local neighborhood (i.e, B and F). The
graph signals coming from these neighbors (red arrows in the Input Graph) are also based on the aggregated signals of their local neighborhoods (blue arrows in the Input

Graph).

signals, but differed for the edges, which were estimated by the
adjacency matrices derived from either the PLV or the MSC con-
nectivity maps or the spatial distances between the nodes.

A GCNN extracts features from graph representations by per-
forming convolutions for the graph signals. To define graph convo-
lutions, filters based on spectral graph theory [47] were used. The
detailed mathematical description of the spectral-based GCNN is
given in Appendix B. First, two layers of graph convolution were
stacked. At each step, through the trained convolutional filters, the
signal at each node in the adjacency matrix was updated by ag-
gregating its own values with the values of the nodes connected
to it by edges. The output of each layer was a graph that had the
same structure as the input graph (i.e., the same connected nodes
of the adjacency matrix) but updated graph signals. Thus, the con-
volutional filter of each layer was used to combine the informa-
tion contained in the structure of the graph (i.e., in the adjacency
matrix) with the information provided by the graph signals: this
helped generating more informative graph signals. Fig. 3 shows
an example of a computation graph for a sample node A through
which the aggregation from second-order neighbors is facilitated
by stacking two convolutional layers.

The output of these convolutional layers was a graph read-
out layer (Fig. 1b). Here, the updated graph signals were averaged
across nodes to obtain a single and salient feature vector repre-
senting the whole graph. Finally, a sigmoid followed three fully
connected layers to obtain the classification result: a scalar that
indicates the probability of each input being a seizure event. For
computing the classification error, the model was trained using the
cross-entropy loss function, defined as:

loss = ) " (p(x)logq(x) + (1 - p(x)) log(1 — q(x))) (4)

where p(x) and q(x) represent the true and predicted label of a
sample training set x. p(x) equals 1 when a training set is a seizure
event, and ¢(x) is the probability that the training set is predicted
as a seizure.

The optimization routine used mini-batch gradient descent with
Adam optimization [48] and a learning rate of 0.001. The two con-
volutional and fully connected layers used dropout [49] with a
probability of 0.3. A weight decay of 0.0001 was also considered
to avoid overfitting of the network to the training data [50], and
we used the rectified linear unit (ReLU) to increase the nonlinear-
ity and power of the network [51]. Each GCNN was trained for 50
epochs. The structure and hyper-parameters for training the model
were chosen by trial and error. Algorithm 1 of Appendix B summa-
rizes the training steps for the proposed GCNN classifier and the
configuration of the proposed GCNN is detailed in Table 1.

Table 1
Configuration of the proposed GCNN.
Layer Output Size
Input (18 x 18)*
Block1 Graph Convolution (18 x 64)
ReLU
Graph Convolution (18 x 32)
ReLU
average pooling along the spatial dimension (1 x 32)
Block2 Fully Connected (1 x 32)
ReLU
Fully Connected (1 x 16)
ReLU
Fully Connected 1 x1)
prediction  Softmax 1 x1)

* The input graph representation including 18 graph nodes and 18 EEG features.

Part 3: Post-processing. To maximize the performance of our
models, a post-processing scheme was applied to the output of
the trained models [10,12,17]. This phase includes smoothing the
output of the classifiers using a moving average filter of length
32s. This filter reduced the number of false fast switching between
seizure and non-seizure states and increased the temporal preci-
sion.

2.5. Performance analysis

To assess the performance of the three GCNN models on unseen
data (patient-independent), training and testing were performed
within a leave-one-subject-out cross-validation (LOSO) approach,
where all subjects except one were used for training the classi-
fier and then the left-out subject was used for testing. This process
was repeated until every subject had been tested, for a total of 39
GCNNs for each type of connection estimate between nodes in the
graph representation (i.e., PLV, MCS, spatial distance).

We characterized the performance of the proposed GCNN clas-
sifiers using AUC, which is a standard in the seizure detection lit-
erature [12,17]. The receiver operating characteristic (ROC) curve is
a plot of sensitivity versus (1-specificity) and illustrates the per-
formance of a binary classifier as its decision threshold is var-
ied. For seizure detectors, sensitivity and specificity are defined as
the proportion of real seizure and non-seizure segments that were
correctly labeled by the classifier, respectively. An ideal classifier
will have an AUC equal to one. Another collected metric is AUC90,
which is defined as the AUC for specificity values greater than 90%
(AUC90). This metric is more relevant when a classifier is meant to
be used in a clinical setting as a low false detection rate is critically
important for clinical applications of seizure classifiers.
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Table 2
Performance of the proposed GCNN classifiers using the different representations of the spatial information among EEG channels (IQR: Interquartile Range).
AUCMedian (IQR) AUCMean =+ std AUC90Median (IQR) GDR
Method (%) (%) (%) Kappa (%) PPV(%) NPV(%)
MSC + GCNN 0.978 0.940 + 0.102 0.942 0.8 96.71 90 96
(0,932, 1) (0.82, 0.98)
PLV + GCNN 0.985 0.925 + 0.110 0.954 0.79 95.3 88 95
(0.90, 0.99) (0.81, 0.99)
Spatial Dis. + GCNN 0.974 0.898 + 0.150 0.940 0.71 96.68 88 96
(0.88, 0.99) (0.79, 0.97)

Moreover, because the neonatal seizure detection is an imbal-
anced classification problem, the following measures are also re-
ported:

o Cohen’s Kappa: A statistical measure of the agreement between
machine labels and true annotations and it corrects for the
agreement expected by chance. Cohen’s kappa takes into ac-
count the class-imbalance problem and therefore is a suitable
metric for evaluating the performance of seizure detection sys-
tems.

e Good Detection Rate (GDR): The percentage of the seizure

events which are correctly detected by the machine. A seizure

event is correctly detected if the machine identifies at least one
seizure epoch during the event

Positive Predictive Value (PPV): The probability that epochs

with positive machine label are truly seizure epochs.

Negative predictive value (NPV): The probability that epochs

with negative machine label are truly non-seizure epochs.

To assess the overall statistical significance of the differences
between the AUCs obtained for the three trained GCNN classifiers,
the non-parametric Friedman test [52] was performed. The Fried-
man test indicates whether there are overall differences among the
classifiers but does not highlight the specific differences between
pairs of classifiers. To make pair-wise comparisons between the
three GCNN classifiers, a post-hoc test was performed by means of
the non-parametric Wilcoxon signed-rank test [53], which evalu-
ates whether the paired difference of two distributions comes from
a distribution with zero median or not, i.e., whether the two com-
pared distributions are significantly different or not.

3. Results

Table 2 reports the overall performance of the proposed GCNN
classifiers. These values were calculated across 39 neonates. The
ROC curves for the three GCNN classifiers, from which the AUC
and AUC90 were measured, are plotted in Fig. 4. In particular, the
median ROC curve (in blue), and the mean ROC curve (in red)
are shown for each GCNN classifier. The median ROC curve of the
GCNN classifiers using graph representations with the edges esti-
mated from MSC, PLV, and spatial distance has an AUC of 97.8%,
98.5%, and 97.4%, and an AUC90 of 94.2%, 95.4%, and 94%, respec-
tively. The GCNN classifiers based on functional connectivity esti-
mates of the edges achieved more stable results than the GCNN
classifier based on spatial distance also in terms of the standard
deviation, which, respectively for MSC, PLV, and spatial distance,
was equal to 10.2%, 11%, and 15% for AUC and equal to 9.1%, 8%
and 8.5% for AUC90. Overall, the GCNN classifiers based on PLV and
MSC outperformed the GCNN classifier based on spatial distance.

Table 3 illustrates the performance of the three GCNN classi-
fiers after applying post-processing. As shown in the table, post-
processing slightly improved the median and mean AUC and
AUC90 for all classifiers except for the mean AUC90 of the GCNN
based on spatial distance. When applying post-processing, the
GCNN classifier based on graph representations derived from the
MSC estimates of the edges had the best performance compared

to the other two GCNN classifiers (median AUC = 99.1%, and me-
dian AUC90 = 96%).

The Friedman’s test comparing the AUCs obtained from
the three GCNN classifiers was significant after applying post-
processing [x%(2) = 8.536, p-value = 0.014] and close to signifi-
cance before [ x%(2) = 5.485, p-value = 0.064]. Table 4 provides the
results of the Wilcoxon signed-rank test for post-hoc comparisons
on each pair of GCNN classifiers. The only statistically significant
differences (p-value < 0.05) were observed when comparing the
performance of the GCNN classifier based on MSC estimates of the
edges with the GCNN classifier based on spatial distance, with the
MSC-based classifier having a higher performance for both before
and after post-processing conditions. The comparison between the
GCNN classifiers based on PLV and spatial distance did not high-
light any significant difference, although the AUC showed higher
values for PLV (p-value = 0.179 before and p-value = 0.065 after
post-processing). No significant differences were observed when
comparing the performance of the GCNN classifiers based on the
two different functional connectivity measures (p-value = 0.064
before and p-value = 0.117 after post-processing).

Finally, for a better comparison of our developed models and
the previously published papers on the Helsinki dataset, the re-
ported AUCs are summarized in Table 5.

4. Discussion

In this study, we propose a novel model for the automated
detection of neonatal seizures that is based on GCNN applied to
graph representations of multi-channel EEG recordings. One ma-
jor drawback of neonatal seizure detectors based on deep learn-
ing, and more specifically on CNN, is that they are based on 1-
dimensional filters, meaning that they mainly consider the tem-
poral information extracted from the EEG signals while ignoring
the long- and short-range functional interdependencies among the
EEG channels. However, the occurrence of seizure events is gener-
ally recorded by more than one EEG channel. Therefore, the in-
terdependencies among EEG channels - expressed through esti-
mates of the functional connections among EEG channels - are
worth exploring [22]. Some authors claimed that pairs of neigh-
boring EEG channels (typically defined as an EEG montage) are
sufficient to represent the spatial information on the EEG signals
and to characterize functional connections [16]. However, the EEG
montage can represent the interdependencies among EEG channels
(i.e., among the underlying brain areas) imperfectly, because the
functional connections between distant brain areas are completely
ignored. Moreover, CNNs based on 2-dimensional filters, which an-
alyze local areas using fixed convolutional filters, cannot capture
long-range functional interactions among brain areas. Conversely,
the GCNN-based model that we propose not only explores the fea-
tures extracted from individual EEG channels in the time domain,
but also captures both short- and long-range spatial connections
among EEG channels: these connections are expressed by the el-
ements of the adjacency matrix included in the graph representa-
tion of the multi-channel EEG signals.
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Fig. 4. ROC curves of the proposed models. Mean (red line), standard deviation (blue shaded area), and median (blue line) ROCs are
curves of each EEG recording for models based on MSC (left), PLV (middle), and spatial distance (right).

calculated using the obtained ROC

Table 3
The performance of proposed models after applying post-processing.
AUCMedian (IQR) AUCMean =+ std AUC90Median(IQR)
Method (%) (%) (%) GDR (%) Kappa PPV(%) NPV(%)
MSC + GCNN 99.1 94.7 £ 10.9 96.0 100 0.82 91 98
(96.8, 99.6) (87.5,98.2)
PLV + GCNN 99 .0 94.1 + 10.5 95.7 (86.9,98.6) 100 0.8 88 99
(95.2, 99.7)
Spatial Dis. + GCNN 97.3 909 + 13.5 94.9 (84.6,98.4) 100 0.73 89 98
(86.3,99.6)

Table 4

The p-value of statistical comparison between each possible network pair before
and after applying post-processing. Asterisks denote statistically significant differ-
ences at the p < 0.05 level.

Network Pairs P-Value Z-Value
Before MSC - PLV 0.064 -1.850
post-processing MSC - Spatial Distance 0.015* -2.431

Spatial Distance- PLV 0.179 -1.342
After MSC - PLV 0.117 -1.564
post-processing MSC - Spatial Distance 0.004* -2.824

Spatial Distance- PLV 0.065 -1.846

Table 5

The Overall Comparison of different methods’ performance on the Helsinki dataset.
Author Method Validation AUC (%)
Deburchgraeve Heuristic Rules LOSO 68.3
et al.? [8]
Temko et al.? [10] SVM LOSO 96.1
Tapani et al. [12] SVM LOSO 98.8
O’Shea et al. [17] 2D CNN LOSO 95.6
Caliskan et al. [19] Transfer Learning Training (50%) and 99.1

(densenet) test (50%)
Tanveer et al. [54] Ensembled 2D CNN  10-fold 99.3
cross-validation

MSC + GCNN GCNN LOSO 99.1
PLV + GCNN GCNN LOSO 99.0
Spatial GCNN LOSO 97.3
Dis. + GCNN

@ As reported in [12].

In our model, the best performance was obtained when the

GCNN model was associated with a spatial representation drawn
from functional connectivity maps (MSC and PLV). These mod-
els had superior performance than the model based on the spa-
tial distance, demonstrating that pair-wise functional connectivity
can more effectively leverage the signal interdependencies con-

tained in multi-channel EEG recordings. This result may be as-
cribed to the ability of graph representations based on functional
connectivity to represent both short- and long-range interdepen-
dencies between pairs of EEG signals (hence short- and long-range
functional connections among brain areas). In contrast, a spatial
distance matrix ignores the long-range relationships across EEG
channels. Therefore, using functional connectivity measures to con-
struct a graph representation of multi-channel EEG data seems to
be useful for better discriminating seizure and non-seizure events
in neonatal brain activity. Furthermore, the results obtained after
post-processing the outcome of the GCNN models demonstrated
that the GCNN model based on MSC had a superior performance
in detecting neonatal seizures than the model based on PLV. This
finding indicates that functional connectivity measures like MSC,
by quantifying both phase and amplitude coupling in pairs of EEG
signals, provide more helpful information for detecting neonatal
seizures than measures that only quantify phase synchrony, such
as PLV.

Like other classification problems, models for neonatal seizure
classification aim to achieve a high performance utilizing opti-
mized feature extractors and classifiers. In recent years, few studies
have focused on leveraging the potential of deep learning for the
automated detection of neonatal seizures [16-18]. Our results con-
firmed that deep learning models based on a graph representation
of the neonatal multi-channel EEG data can achieve high perfor-
mance in the automated detection of neonatal seizures. In partic-
ular, our proposed GCNN model based on MSC functional connec-
tivity maps and reinforced by the application of post-processing
to the output of the trained model clearly outperformed conven-
tional machine learning methods and the ones based on heuristic
rules. It also achieved a performance superior or comparable to the
previously published methods on Helsinki dataset (Table 5). As we
can see in Table 5, the validation methods employed by Caliskan
et al. and Tanveer et al. are based on splitting training and test
data. This evaluation method is not patient-independent and there-
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fore usually shows higher performances than completely patient-
independent methods (LOSO).

A specific advantage of our GCNN model is that only tempo-
ral annotations on the neonatal EEG recordings are required for
the training phase, unlike some best performing models and al-
gorithms previously proposed that generally require also spatial
information on the EEG channels where seizures were observed.
This is a positive aspect of our GCNN model because the annota-
tion of seizure events on long neonatal EEG recordings is a time-
consuming process that can only be performed by highly trained
experts, and it would become even more labor-intensive if also
spatial information should be annotated. Therefore, the availability
of a method that has high performance but requires only tempo-
ral annotations for the training phase is a big step ahead towards
the clinical use of automated neonatal seizure detectors. Further-
more, the need for only temporal annotations is the premise for
our proposed method to be more generalizable and able to detect
neonatal seizures originating from different brain areas.

It should also be noted that our model is affected by some lim-
itations. The first limitation is the small sample size which reduces
the applicability of our best GCNN classifier. This is a common
problem in deep learning models that generally require a large
number of training data to guarantee a high accuracy but face
the issue of limited availability of online databases [55-57]. An-
other drawback associated with our GCNN model is the relatively
long computational time, mainly due to the extraction of the fea-
tures needed to construct the EEG graph representations (0.936 s
for each 32 s EEG epoch). Computational time is a crucial issue
for models intended for neonatal EEG applications because EEG
recordings usually have a duration of many hours. A reduction of
the computational time could be achieved by using CNNs for fea-
ture extraction, hence increasing the overall performance of the
model. In future versions of our GCNN model, we will consider
the inclusion of other layers as temporal feature extractors that
are stacked by graph convolutional layers. Finally, another draw-
back of our classifier is that it uses spectral-based GCNNs that are
generally constructed using the Laplacian of the adjacency matrix,
implying that the method is not robust with respect to variations
of the number of EEG channels. This issue could be addressed by
utilizing spatial-based GCNNs.

5. Conclusion

The seizure detection model proposed in this study is the first
GCNN model for the classification of neonatal EEG. It achieved
high performance and had the advantage of relying only on tem-
poral annotations of seizures for the training phase. In contrast
to seizure detectors based on CNNs, the proposed model com-
bines temporal features extracted from individual EEG signals with
short- and long-range spatial interdependencies among EEG chan-
nels, which are embedded in the graph representation of the
multi-channel EEG data. Both functional and spatial connections
among the EEG channels were explored, facilitating the evalua-
tion of the efficiency of functional connectivity measures in provid-
ing more discriminative information for the detection of neonatal
seizures in comparison to a representation simply based on spatial
distances among the EEG channels.
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Appendix A

The features used to build the graph signals are calculated
in time, frequency, and time-frequency domains. Time-domain
features are based on the smoothed nonlinear energy operator
(SNLEO) which is defined as follow:

SNLEO{S(n)} =S(n—HS(n—p) — S(n—q)S(n —5s) (A1)

where S(n) indicates the EEG signal at sample n, and I, p, q and
s represent time shifts. In this study, these free parameters were
set to 1, 2, 0, and 3 respectively. A moving average filter with a
length of 7 samples was used to smooth this operator. To calculate
spike correlation, EEG signals are first segmented into epochs (for
more details see Tapani et al., 2018), and then spike correlation is
computed as follows:

SGj = m;ﬁ)(R"f"f(m)

. E[x;(n)x;(n+m)
Rx,x, (m;i, j)= [#Xj]

(A.2)
where x; and x; are the EEG epochs (i =[2, ..., W —6], j=[i + 1,
..., 1+ 5]), W represents the number of spikes in each epoch, and
o is the standard deviation of the EEG epochs.

To extract frequency domain features the power spectral den-
sity (PSD) of the EEG signals are estimated using Welch’s method.
Short-time Fourier transform (STFT) is used to extract time-
frequency domain features. Table A.1 gives a short description of
the features used in this study.

Table A1
Short descriptions of features in the proposed algorithm.
Feature Description
Mean SNLEO Mean of the SNLEO
STD SNLEO Standard deviation of the SNLEO
Skewness Skewness of the SNLEO
Regularity Standard deviation of skewness of 2s

Spike Number
Spike Width
Spike Gap
Spikiness
Mean of Spike
Correlation
STD of Spike
Correlation
TDH1

TDH2

TDH3
Relative Delta Power

Relative Theta Power
Relative Alpha Power
Relative Beta Power

THD

sub-windows of the SNLEO

Number of spikes in an epoch
Median of width of spikes

Median of inter-spike intervals

Mean of spike peaks over background
Mean of correlation between spikes

Standard deviation of correlation between spikes

Power in the first three harmonics divided by
sum of the PSD

Power in the fundamental divided by the sum of
the PSD

Logarithm of the power in the fundamental

The ratio of the power in 0.5-4 Hz and the total
power

The ratio of the power in 4-8 Hz and the total
power

The ratio of the power in 8-12 Hz and the total
power

The ratio of the power in 12-30 Hz and the total
power

Sum of max STFT of each slice divided by sum of
the STFT
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Appendix B

Spectral-based GCNNs [26,43] rely on the Fourier transform and
the normalized Laplacian matrix of the graph. The Normalized
Laplacian matrix L of a graph G is defined as:

L= Iy— DV2AD 12 (B.1)

where Iy is the identity matrix, D € RN * N is the diagonal degree
matrix, and A € RN * N js the adjacency matrix of graph G. Each
element of the matrix D is the sum of each corresponding row in
the adjacency matrix.

Now, letx ¢ RN denote a graph signal defined at the nodes of
graph G, in a way that x; corresponds to the value of the features
of node i. The Graph Fourier transform of x would be defined as:

R= UTx (B.2)

where U = [ug,..., uM¥ 1] € RN *N is the Fourier basis or eigen-
vectors of the Laplacian matrix L, in a way thatL = UAUT. The
eigenvalues A = diag([Ag,..., An_1]) € RN*N are also regarded
as the graph frequencies. Assuming gy as a filter with learnable
parameter 6, the filtered signal y can be defined as:

y=go(L)x =gy (UAUT)x = Ugy (A)U"x (B3)

where gy(A) = diag([gg(Ag),---» 8g(An _ 1)]) represents the graph

filter. Then, the k-order localized polynomial filter is defined as:
K-1

8o (A) = Z 9I<Tk ([N\)a

k=0

(B.4)

where A = 2A/Amax — Iy, is the scaled eigenvalues, and Apgy is the
maximum eigenvalue of L, and 6 e RX represents the coefficient
vector of the Chebyshev polynomials. The Chebyshev polynomial
Ti(x) of order k can be recursively computed according to the fol-
lowing recurrence relation:

Te(x) = 2XT_1 (X) — T2 (%),
Tox) =1, T (x) =x. (B.5)
By introducing Chebyshev polynomials, the calculation of the
eigenvectors of the Laplacian matrix is avoided, with a notable re-

duction in the computational cost. The graph convolution formu-
lated in (B.4) can thus be rewritten as:

K-1 K-1
y=Ugy(MU'x=>"QUT(A)UTx = ) 6T (L)x (B.6)
k=0 k=0

By limiting the layer-wise convolution operation to 1, we can
still recover a rich class of convolutional filter functions by stack-
ing multiple similar layers without being limited to the ex-
plicit parameterization given by the Chebyshev polynomials. By

Algorithm B.1
Training steps of the proposed GCNN classifier for neonatal seizure detection.

Input: EEG feature matrix, input graph representation, the true labels
corresponding to each EEG segment, the learning rate and the number of
epochs (N);

Output: The optimized model;

1: Initialization of model parameters;

2: Calculating the adjacency matrix;

for n < Ndo:

: Sample a mini-batch from the training dataset;

: Calculating the normalized Laplacian matrix (equation B.1);

: Calculating the output of graph convolutional layers (equation B.7);
: Regularizing layer outputs using the ReLU operation;

: Calculating the graph readout;

: Calculating the output of the fully connected and sigmoid layers;

: Calculating the cross-entropy loss function (equation 4);

10: Updating model parameters and Adam optimization;

end

O oo~ U AW
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approximating Amgx = 2, and 8 = 6y = —60; (to minimize the
number of operations per layer) equation (B.6) is changed to:

y=0(y+D > AD?) x
y=D"12AD"Y2 x 6 (Normalized) (B.7)

with a single learnable parameter® where A=A+ Iy and D;; =
Y Ajj . 6 eRF s the matrix of convolutional filter parameters
J

and y € RN*F s the convolved feature matrix. The convolutional
filter parameters can then be shared over the whole graph. The
stacking of filters of this form effectively convolves the k-order
neighborhood of a node, where k is the number of convolutional
layers in the GCNN model [26] (Algorithm B.1).
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