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Abstract—Automatic epilepsy seizure detection based on elec-
troencephalography (EEG) signals has been a hot topic in
the bioinformatics community. Recently, graph representations
named complex networks have been increasingly utilized to char-
acterize EEG signals. However, existing time-domain complex
networks often suffer from undesired intra-class variance due to
phase shift. Addressing this problem, we propose to obtain com-
plex network representations in frequency domain where perfect
data alignment can be achieved. The transformation to frequency
domain highlights the urgency to retain sequential information
in the signals. To this end, we propose to further extract features
from the complex network representation using a novel deep
model called Sequential Graph Convolutional Network (SGCN).
Specifically, we incorporate state-of-the-art graph neural network
(GNN) architecture with a novel sequential convolution operation
which is key to preserving sequential information. Extensive
experiments demonstrate the effectiveness and interpretability
of our method. Our source code is available at https://github.
com/JL-Wang-source-code/SGCN-for-epilepsy-detection.

Index Terms—Epilepsy detection, EEG, Graph representation,
Complex network, Graph neural network.

I. INTRODUCTION

PILEPSY is a chronic neurological disease that affects

65 million people worldwide [1]. Accurate detection of
epilepsy seizure has been subjected to extensive research.
Clinically, neurologists rely on electroencephalography (EEG)
signals (Fig. 1) to detect epileptic seizures. However, manual
analysis of long-term EEG data is highly costly, which calls
for automatic detection methods.
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Fig. 1. An illustration of non-seizure (normal) and seizure EEG signals.

Automatic epilepsy detection is often formulated as a binary
classification problem that labels a given EEG signal as
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epileptic or non-epileptic. Like other classification tasks, this
requires an effective representation of the raw data. Tradition-
ally, EEG signals are represented by handcrafted features [2],
[3]. The feature selection process heavily relies on domain
knowledge, and is often sensitive to the number of channels
(electrodes) and the electrode placement. Lately, end-to-end
deep learning methods have been increasingly applied to EEG
mining [4], [5], which can automatically learn features from
raw signals. However, the information that can be learned
from raw data tends to be limited, and deep learning models
often lack interpretability due to their black-box nature. All in
all, the effective representation of EEG signals (especially 1D
signals) remains a serious challenge.

Recently, graph representations called complex networks [6]
have gained much interest from researchers. Specifically, a
complex network transforms the original 1D signal into a
graph, in which each data point corresponds to a node and
each edge is created by some connection rule and connects
two data points (Fig. 2). To the best of our knowledge, the first
published complex network for signal processing is Visibility
Graph (VG) [7], which has spawned numerous variants [8]—
[10]. Capable of characterizing pairwise relationships between
any two data points in the original signal, complex networks
have been applied to various EEG mining tasks [6].

10 signal Complex network
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£, Connection rule
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Fig. 2. An illustration of a complex network [6] which represents a 1D signal
with some connection rule.

Despite their success, existing complex network-based
methods are not without their drawbacks. Notably, these
methods directly convert the original time-domain EEG signals
to their graph representations. This makes them sensitive to
phase shifts (i.e. misalignment) among different signals. As we
will show later, this can lead to undesired intra-class variance.
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Fig. 3. Workflow of our epilepsy detection framework, with frequency-domain complex network and Sequential Graph Convolutional Network (SGCN) as

its key design features.

To handle this problem, in this paper, we propose to first
transform the time-domain signal using Fast Fourier Transform
(FFT). The result is an ordered sequence of frequency-domain
features that are perfectly aligned among all EEG signals with
the same length and sampling rate. The complex networks
generated from these frequency-domain signals' are no longer
affected by the phase shift issue in the time domain. Moreover,
since there is much domain knowledge on the relationship
between epilepsy and EEG components on certain frequen-
cies [1 1], [12], these frequency-domain complex networks can
generate highly interpretable results.

However, the transformation from time to frequency domain
can aggravate another potential problem. Specifically, in view
of its excellent performance on graph learning [13], [14], we
apply a graph neural network (GNN) [15] to further learn
features from the graph representations and accomplish the
classification task. However, many existing GNNs for graph
classification mainly focus on characterizing the topology of
the graph representation, yet for both time- and frequency-
domain signals, the topologies of the complex networks alone
cannot retain the sequential characteristics of the signals.
Specifically, an existing GNN is likely to treat all nodes
as being homogeneous without taking into account the fact
that they represent data points in an ordered sequence. This
problem can be more serious in the frequency domain. In this
case, the signals are perfectly aligned, which makes it more
crucial to retain the sequential information.

To fix this issue, in this paper, we propose a Sequential
Graph Convolutional Network (SGCN), a novel GNN model
that can preserve the sequential characteristics of 1D signals.
Concretely, SGCN leverages a novel sequential convolution
operation to learn sequential features from the input complex
network. This can yield better classification performance than
existing GNNSs, especially in the frequency-domain setting.
Also, SGCN exploits a learnable weight vector to assess the
contribution of each node in the graphs to classification. As we
will show later, when coupled with frequency-domain complex
networks, this can lead to good interpretability. Combining
the frequency-domain complex network with SGCN, we have
our epilepsy detection framework shown in Fig. 3. Note that
this framework is generic as it allows for different complex
networks with varying connection rules [7]-[10].

Our main contributions in this paper are as follows:

o We extend the complex network representation of 1D EEG
signal to the frequency domain, which can enhance data
alignment and reduce intra-class variance.

e We propose Sequential Graph Convolutional Network
(SGCN), a novel GNN-based model that further learns fea-
tures from the complex network representation. Exploiting

"Here we use the word signal to refer to the frequency-domain sequence
for consistency with time-domain signals.
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a novel sequential convolutional operation, the proposed
model can preserve the sequential features of the 1D signals
effectively, thereby improving classification performance,
especially for the frequency-domain representation.

o Combining the aforementioned two design elements, we
propose our novel epilepsy detection framework which
can yield excellent classification performance and generate
interpretable results. We conduct extensive experiments to
demonstrate the effectiveness of our framework.

For the rest of this paper, Section II reviews the related
works. Section III provides the preliminaries. Section IV
presents our frequency-domain complex networks for 1D
EEG signals. Section V introduces our SGCN classification
model. Section VI reports the experimental results. Section VII
concludes this paper.

II. RELATED WORKS

EEG-based epilepsy detection has been a hot research
topic, in which the representation of EEG signals is of great
importance to classification performance. Traditional epilepsy
detection methods rely on handcrafted features (e.g. spectral
and spatial features [16], waveform [2], wavelet [17], etc.)
to represent the original signal. A classification model (e.g.
SVM [2], decision tree [18]) is then applied to classify the
data in the feature space. These methods require much domain
knowledge and are less adaptive to varying datasets. In recent
years, end-to-end deep learning techniques (e.g., CNN [4],
LSTM [5]) have been increasingly applied to EEG analysis,
which can learn representations from the raw signals. How-
ever, end-to-end learning with no explicit data transformation
can have limited gain in detection performance, and the black-
box nature of deep learning can lead to poor interpretability.

Recently, graph representations called complex networks [6]
have been applied to EEG signal mining. For a given 1D
signal, a complex network converts it into a graph in which
each node corresponds to a data point in the original signal.
Edges are created following some connection rule. Existing
complex networks for EEG signals include Visibility Graph
(VG) [7] and its variants, such as HVG [9], LPVG [8] and
LPHVG [10]. Some of these methods have been deployed in
EEG analysis. For instance, Wang et al. [19] transformed EEG
signals with HVG. Zhu et al. [20] proposed a fast weighted
HVG construction algorithm for epilepsy detection. Despite
achieving some success, these methods simply convert the
original time-domain signals to their graph representations,
which are sensitive to phase shifts. In view of this, in this
paper, we propose to apply complex networks in the frequency
domain where strict data alignment can be guaranteed.

Based on the complex network representation, many exist-
ing methods again rely on handcrafted features (e.g. average
degree of the graph representation [2 1], entropy of the complex
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network [22]) extracted from the graphs for classification.
Recently, the advent of graph neural networks (GNN) [15]
has shed new light on graph learning, which can learn both
the graph structure and node features using its hidden layers. In
EEG analysis, GNN is usually used to analyze multi-channel
signals with each channel treated as a node in a graph [23],
[24]. As far as we know, before this work, there was no attempt
to incorporate GNN with complex networks. Outside the EEG
mining community, existing general-purpose GNN models
such as GraphSAGE [13] and GIN [14] cannot preserve the
sequential information in the original EEG signals, which has
motivated us to develop our SGCN model.

III. PRELIMINARIES

Before introducing the proposed method, we define the
concepts used in this paper.

Definition 1: EEG. EEG is a type of physiological signal
which records electric activities of the brain. Formally, a 1D
EEG signal can be written as T = {1y, fa,..., t,,}, where each
t; is the data point at the ith timestamp.

Definition 2: Complex network. Given an EEG signal T
= {n, ta,..., t,}, a complex network G = (V| E) is a graph
representation of 7. Here V = {v1, va,..., v,,} is the set of
nodes (vertices) where each node v; corresponds to data point
t;. E is the set of edges, which are created by some connection
rule. Let e; ; € E denote the edge connecting v; and v;. Let
A={a;li =1,2,...,n,j = 1,2,...,n} be the adjacency
matrix of (G, where

|1 if ey exists;
Wirj = { 0 otherwise M

To the best of our knowledge, there are currently no directed
complex networks. Therefore, in this paper we restrict our
discussion to undirected graphs. Hence, if a; ;=1, then a; ;=1.

IV. FREQUENCY-DOMAIN COMPLEX NETWORK

In this section, we introduce our frequency-domain complex
network. Here the main motivation for frequency domain
transformation is to mitigate the impact of phase shift. This
is shown in Fig. 4, in which the two raw time-domain signals
belong to the same class and Signal 2 is a phase-shifted version
of Signal 1. Clearly, the two signals have very different mor-
phology which leads to different complex networks. However,
when transformed to frequency domain (we will elaborate on
this transformation later), the two signals are now semantically
aligned and the corresponding graph representations are much
more similar, which helps reduce intra-class variance.

The way we convert a time-domain signal into its frequency-
domain complex network representation is shown in Fig. 5.
To begin with, we transform the original time-domain signal
T = {n, ta,..., t,} into frequency domain using Fast Fourier
Transform (FFT). We write the resulting signal as |F| = {|fi

lfQ"'"s lfnl} where
fr = Ztie_j%k (k=1,2,...
1=1

s

,n) @)
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Fig. 4. A comparison of time- and frequency-domain complex networks.
The two time-domain signals are from the same class with Signal 2 being a
phase-shifted version of Signal 1. Directly converting them into their graph
representations (here we use the VG [7] complex network for conversion)
leads to very different results. By contrast, in the frequency domain, the results
are much similar to each other.

This way, each fj corresponds to the same frequency for
all input time-domain signals as long as they have the same
sampling rate and length, thus achieving data alignment.
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Fig. 5. The workflow of converting a 1D time-domain signal into its
frequency-domain complex network representation.

Next, we construct the complex network representation for
the frequency-domain signal. Specifically, we create a node
for each data point in the signal, and create edges based on
some connection rule. Here we use the connection rule of
the aforementioned VG [7] complex network as an example.
However, we note again that our method is compatible to other
complex networks. The connection rule of VG is as follows:
For two data points |f;| and |f;|, if it suffices that for any point
fi:| between them,

el = 1A _ 15l =1

k—i j—i
then we create an edge connecting the nodes for |f;| and |f;|. In
the resulting graph representation which can be written as an

n x n adjacency matrix AT, each edge indicates the pairwise
relationship between two frequencies.

(1 <k <j) 3)

V. SEQUENTIAL GRAPH CONVOLUTIONAL NETWORK

With our frequency-domain complex network representa-
tion, we can now apply a classification model to accomplish-
ing the epilepsy detection task. However, before predicting
the labels, we would like to learn latent features from the
graph representation with the advanced graph neural network
(GNN) [15]. This brings about another challenge. Specifically,
a complex network differs from a conventional graph in that
each node in it corresponds to a data point in a signal, namely
an ordered sequence. This sequential information cannot be
naturally preserved by the topology of the graph. For example,
in Fig. 6, Signal 2 is produced by swapping the second and
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fourth data points in Signal 1. When converted to complex
networks, the two have different adjacency matrices. However,
the topology of the two graphs is the same.

Signal 1 Complex network 1
3 ODEM 000
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Signal 2
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i,
1
! T 3 4 5
Frequency dosmsin

Fig. 6. An illustration of how sequential information can be lost in the
topology of complex network. The two signals have the same topology under
VG, yet their adjacency matrices are different.

Many existing GNNs consist of two steps: i) multi-hop
aggregation of node neighbors, and ii) graph-level READOUT.
Multi-hop aggregation updates the feature of each node by it-
eratively adding the feature of its neighbors, while READOUT
uses the sum or pooling of the node feature vectors to learn
graph-level representation. The use of READOUT results in
the loss of node-level sequential information, making existing
GNNs unsuitable for learning from complex networks. This
problem can be made worse by our transformation into the
frequency domain, as the perfect alignment of data makes
preserving sequential information more important.

In view of this, we present a novel Sequential Graph
Convolution Network (SGCN) which aims to retain sequential
information within the GNN framework. The architecture of
SGCN is shown in Fig. 7.

To be specific, for the input complex network G = (V, E)
with n nodes (namely it represents a length-n frequency-
domain signal) in Fig. 7 (a), we follow the common practice
for GNNs and feed it into a node aggregation module, shown
in Fig. 7 (b). This module performs K-hop aggregation for all
nodes in the graph, which is a process involving K iterations.
Concretely, for any node v;, let N; be the set of its neighboring
nodes and hffl be the feature value of v; in the kth iteration.
At the beginning, we initialize h(v)i =1 for all v; € V. Then,
in each iteration k£ (1 < k < K), we perform the following
summation [14] for each v;:

where u; € N; U {v;}. Repeating this operation K times, we
have the feature values for all nodes. These form a feature
vector HX = {hﬁ,hf}g, e hﬁi} with the same order as the
data points in the original frequency-domain EEG signal.

After aggregation, we move on to the node sequential
convolution module, which is the most important and original
design feature of SGCN. The idea is to preserve sequential
information and enhance model interpretability. As is shown
in Fig. 7 (c), we first introduce a learnable vector W =
{w1,wa,...,wy} to weight each element in the aforemen-
tioned feature vector. Concretely, for each i, the weighted
feature value is

0; = w; - hy, 5)
Note that in the frequency domain, each weight w; corresponds
to a specific frequency and can be interpreted as the impor-
tance of this frequency to epilepsy detection. This introduces
interpretability into our model. After weighting all features,
we have a weighted feature vector O = {01,09,...,0,}.

Next, We pad O and feed it to a series of P sequential
convolutional layers to extract the sequential information of
the graph. Each of these layers performs a 1D convolution
operation that maps O to the output feature map y¢ € R”"
with the following:

yi =0 (Z Wy * Ojfut1 + b) (6)

u=1

where w, € R™ is the weight parameter with m being the
kernel size, b is the bias parameter, and o is the ReLU
activation function. The stride of the convolution kernel is
1. The size-m convolution kernel extracts features for m
consecutive nodes in the graph. In other words, it preserves
the sequential information for m consecutive frequencies in
the original frequency-domain signal.

After convolution, we perform max pooling to y¢ that maps
it to yPo°! € RL"/2], The filter size of max pooling is 2. Next,
we move on to Fig. 7 (d) where we flatten y?°° to a 1D
vector and feed it to @ consecutive fully connected layers.
This replaces the READOUT function in existing GNNS.
As was mentioned earlier, using the latter would lose all

Bk = Rl Z pk—1 4) sequential information. Finally, Softmax is used to obtain the
v v — classification result.
Input data Node aggregation Node sequential convolution Output
Agpregate nede | Agzregate sade Convolutional kayer Fully connected layer
Learnable Padding Convolution
Camplex netwark weight
vector
- — ‘E 1 ki—
s i = L | 1]
> - £ i;. — 0]
i - ‘ll 1
Frequency domain Agzregaie sade § == E 1 i — |
/_\\ — (5] K
V! ; ; } 0

(2) (b)

(e) ()

Fig. 7. The architecture of SGCN. Note that the sequential information (indicated by five different colors) is preserved throughout the process.
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In summary, our SGCN uses two design elements to pre-
serve sequential information. First, the sequential convolution
operation learns features from consecutive nodes (i.e. consec-
utive frequencies) in an order-preserving fashion. Second, the
use of fully connected layers (instead of READOUT) further
retains the sequential information. In addition, our model has
good interpretability in that the learnable weight vectors in
Fig. 7 (c) can be seen as contributions of each frequency to
epilepsy detection. As will be shown later, this can be fused
with medical domain knowledge.

VI. EXPERIMENTS

We now present our experiments. We begin by stating that
all our source code is publicly available at https://github.
com/JL-Wang-source-code/SGCN-for-epilepsy-detection for
reproducibility.

A. Experimental Settings

We use two data sources for our experiments. First, we
consider the well-known Bonn dataset [25], which includes
five subsets named Sets A to E. Among them, Sets A to D
are non-seizure EEG signals collected in various conditions,
while Set E contains seizure signals. Each subset consists of
100 EEG signals. Each signal has a sampling rate of 173.61Hz
and contains 4097 data points. In our experiments, unless
otherwise noted, we use the first 4096 data points in each
recording and split them into 16 non-overlapping length-256
segments, as using less data for prediction is more desirable
in real-world applications. Also, we divide our experiments on
the Bonn dataset into four binary classification tasks, namely A
vs. E, B vs. E, C vs. E, and D vs. E. This division is consistent
with practices in various previous works [4], [5], [17], [20],
[21], [26]. In each task we consider the performance of four-
fold cross-validation.

The second data source is a private EEG dataset called SSW.
Unlike the Bonn dataset which is intended for conventional
seizure detection, SSW is intended for detection of a special
type of epilepsy called absence epilepsy [2], [4], which is
more difficult to uncover than conventional ones. This dataset
is collected from 10 patients at a local hospital. The sampling
rate is 200Hz. By domain knowledge [27], we split the original
recordings into segments of 1 second (i.e. with 200 data
points). The dataset contains 10473 positive segments and
10473 negative ones. We use 16,000 segments for training,
and 4,946 segments for testing.

As with parameter settings, K, P, @ in Fig. 7 are set to
5, 2, 2, and the detailed structural parameters of SGCN are
shown in Table I. We use cross-entropy as the loss function
and Adam as the optimizer, with the number of epochs set to
100 and the learning rate set to 0.001. We implemented our
method with Pytorch. All experiments were run on a server
with an Intel i7-6850k CPU @3.6GHz and four NVIDIA Titan
XP GPUs.

B. Results and Discussion

We now present and discuss the experimental results.
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TABLE I
STRUCTURAL PARAMETERS OF SGCN

Layers Model Output size
Input - Ixnxn!
Aggregate Ix1xn Ix1xn
Convolution 1 8x1x9 8x1xn
Max pooling 1 8x1x2 8x1x(n/2)
Convolution 2 16X 1x9 16x1x(n/2)
Max pooling 2 16x1x2 16x1x(n/4)
Fully connected 1 1x4xn 1x50
Fully connected 2 1x50 1x2
Softmax 1x2 1x2

' is the length of the EEG signals.

1) Determining the Best Practice: We begin by determining
the best approach for complex network-based epilepsy detec-
tion. Concretely, we consider three design elements. The first
concerns the choice of the complex network. Here we consider
VG [7], LPVG [8], HVG [9] and LPHVG [10]. Relevant
parameters are set as those used in the original papers [8],
[10]. The second concerns the choice between time (T) and
frequency (F) domain. The third concerns the choice of the
classifier, where we consider the following.

e SVM [21]: A non-deep learning method that relies on
handcrafted features extracted from the complex network.
Here we inherit the features used in [21] except that we
replace modularity with the variance of node degrees, as
we found that the latter can yield better results. Also, we
use RBF kernel as it performs better than linear kernel.

¢ GNN: a GNN network which is our SGCN without node
sequential convolution.

o« CNN: a 2D-CNN network modified from our SGCN by
eliminating node aggregation and replacing node sequential
convolution with 2D convolution on the adjacency matrix.

o GIN [14]: a recently proposed GNN network, which can be
seen as a modification from our SGCN by eliminating node
sequential convolution and replacing our fully connected
layers with READOUT.

o SGCN: our method.

As with parameter settings, for SVM, the variance parameter
for the RBF kernel is set to 0.5. As to the deep learning
methods, for the modules they share with SGCN, we set the
relevant parameters to the same as those in SGCN (see Table
I) for comparable results. For CNN, the two convolutions and
two max poolings in Table I are extended to 2D. For example,
for Convolution 1, the output size is now 8 x n x n and the
model parameters are now 8 x 9 x 9. Similar rules apply for
Convolution 2 and the max poolings. For GIN, the READOUT
function is parameter-free.

The combination of the aforementioned three design ele-
ments leads to numerous epilepsy detection approaches, whose
classification accuracies are shown in Fig. 8, from which we
draw the following conclusions.

o As expected, complex networks in the frequency domain
have better overall accuracy than those in the time domain.
o Our SGCN, along with CNN, is generally better than SVM,
GNN, and GIN. This is likely because the former two
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Fig. 8. Classification accuracies for all combinations of complex network, time/frequency domain (T/F) and classifier.

can take into account the sequential information. SGCN
does so with its sequential convolution operation and fully
connected layers, while CNN directly learns from the format
of the adjacency matrices which in itself encodes the original
order. In the frequency domain, our SGCN has slightly better
performance than CNN. Besides, SGCN is more space-
efficient than CNN thanks to its 1D convolutions.
¢ When transformed from time to frequency domain, SVM
and GNN enjoy the greatest enhancement among all five
classifiers. Since SVM and GNN are the weakest models
in the time domain, this huge improvement showcases
the superiority of the frequency-domain feature space. As
with the other three models, CNN and SGCN enjoy more
enhancement while GIN suffers from a decrease in perfor-
mance on some occasions. This validates our claim that the
need for preserving sequential information is more urgent
in the frequency domain.
o When paired with SGCN in the frequency domain, VG and
LPVG yield better results than HVG and LPHVG.
In conclusion, in terms of accuracy, the best practice for com-
plex network-based epilepsy detection is to use the combina-
tion of VG/LPVG in the frequency domain (F) and SGCN. In
particular, we recommend using VG for its relative simplicity.
2) Comparison with Rival Methods: We now compare
our recommended method VG-F-SGCN with some existing
methods. The results are shown in Table II, which includes
three metrics: accuracy (Acc), specificity (Spe), and sensitivity
(Sen). For the Bonn datasets, we use the results reported in
the original papers for comparison, and the signal lengths are
set to those in the original papers for comparability. For SSW,
we selected two existing works on absence epilepsy detection
(which SSW is intended for), re-implemented them and ap-
plied them to our own data. As is shown, our method can
yield highly competitive results on all datasets. In particular,
it achieves perfect performances in many cases, and generally
outperforms its rivals on the four Bonn datasets.
3) Comparison Between Time and Frequency Domain:
We further investigate the reason why our transformation into
the frequency domain can yield better results. Concretely,
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TABLE II
COMPARISON WITH RIVAL METHODS

Signal

Datesets Methods L Acc Spe Sen
ength

CT-LS-SVM [26] 4097 1.000 1.000 1.000

PSO-SVM [17] 4097 0.994  0.995 0.993

LSTM [5] 4097 0.970  0.980 0.960

A vs. E VG-F-SGCN 4097 1.000 1.000 1.000

FWHVA [20] 1024 0.990 0.990 1.000

VG-SVMKNN [21] 1024 1.000 1.000 1.000

VG-F-SGCN 1024 1.000 1.000 1.000

CT-LS-SVM [26] 4097 0.995 0.992 0.998

LSTM [5] 4097 0.925 0.940 0910

Bvs. E VG-F-SGCN 4097 1.000 1.000 1.000

: FWHVA [20] 1024 0.970 0.960 0.990

VG-SVMKNN [21] 1024 0.973 0952  0.995

VG-F-SGCN 1024 0988 1.000 0.975

CT-LS-SVM [26] 4097 0.964  0.948  0.980

LSTM [5] 4097 0.920 0.950 0.890

Cvs. E VG-F-SGCN 4097 1.000 1.000 1.000

o FWHVA [20] 1024 0.980 0.990 0.980

VG-SVMKNN [21] 1024 0983 0.980 0.985

VG-F-SGCN 1024 1.000 1.000 1.000

CT-LS-SVM [26] 4097 0.940 0.820  0.940

fApEn-SVMRBF [28] 4097 0.958 0.956 0.961

D vs E LSTM [5] 4097 0910 0.870 0.950

’ VG-F-SGCN 4097 1.000 1.000 1.000

FWHVA [20] 1024 0.930 0.970 0.890

VG-SVMKNN [21] 1024 0.933  0.963 0.906

VG-F-SGCN 1024 0.969 0.975 0.962

AdaBoost [2] 200 0.587 0.942 0.548

SSwW SeizNet [4] 200 0.886  1.000 0.772

VG-F-SGCN 200 0.893 0911 0.874

we compare the average degree distributions of time- and
frequency-domain complex networks. Average degree distri-
bution is a widely-used [6], [10], [21] evaluation metric for
complex network-based methods. To be specific, for a given
graph representation, its average degree is the average value
of the degrees of all its nodes. Combining the average degrees
for all complex networks from a certain class, we have the
average degree distribution for that class.

The average degree distributions on the Bonn and SSW
datasets are shown in Fig. 9. As is indicated, the distributions
of the seizure classes (E and SSW) are generally more dissim-
ilar to the non-seizure ones in the frequency domain, which
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Fig. 9. Average degree distributions of complex networks. The distributions in frequency domain are more discriminative than those in time domain.
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Fig. 10. Training curves of the four deep models in time/frequency (T/F) domain. The complex network used here is VG.

again verifies that the frequency domain is a better feature
space.

4) Comparison of Deep Models: We now take a closer look
at the four deep models we have previously considered, which
are GNN, CNN, GIN, and SGCN. Concretely, we consider the
training curves in Fig. 10, which shows their accuracies after
each epoch. From it, we draw the following conclusions:

o For GNN, its training curves are generally stable in both
time and frequency domain. In the former, it consistently
yields poor results. However, its performance is greatly
enhanced in the more discriminative frequency domain,
albeit it is still generally inferior to our SGCN.

o For GIN, its training curves are significantly less stable than
the other models. This is likely due to its inability to handle
the sequential nature of the complex networks.

e For CNN and our SGCN, due to their superior design
features (in particular, the ability to retain sequential infor-
mation), their training curves are highly stable and can yield
highly accurate results, especially in the frequency domain.
Also, in the frequency domain, SGCN is generally superior
to CNN, especially on the C vs. E, D vs. E, and SSW

datasets.

5) Interpretability: Finally, we look into the interpretability
of our method. As was previously explained, our interpretabil-
ity comes from the learnable weight vector in Fig. 7 (c).
Concretely, each weight corresponds to a specific frequency
and can be seen as the importance of that frequency to epilepsy
detection. This echos studies in the medical domain [11], [12]
which suggests that certain frequencies in EEG signals are
related to epilepsy.

AwsE
Bys. E
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Dy E

i) " = » = L L] ™ =0 w0 100

Fig. 11. Learnable weight vectors of SGCN on all datasets, which can be
interpreted as the importance of each frequency to epilepsy detection.

To be specific, we visualize the weight vectors on all
datasets in Fig. 11. On the Bonn data, the weights are generally
higher on the frequency bands of 30-100Hz, which correspond
to gamma rhythm in EEG. This is consistent with [11],
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which says ...increased gamma EEG is probably a marker
of the underlying ion channel or neurotransmitter receptor
dysfunction in primary generalized epilepsies.... On the SSW
dataset which focuses on absence epilepsy, the weights are
higher on 12-60Hz, which correspond to beta and gamma
rhythm. According to [12], absence epilepsy exhibits spike-
wave discharges (SWDs) which were characterized with an
abrupt increase of oscillatory activity of 3-4 and 13-60Hz,
peaking at 3-4 and 30-60Hz, and with a simultaneous decrease
in the 8-12Hz frequency band. This is generally consistent with
our finding.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we have approached the problem of EEG-
based epilepsy seizure detection based on the complex net-
work [60] representation. In the face of undesired intra-class
variance introduced by the phase shift in the time domain, we
have proposed to apply the complex network in the frequency
domain to achieve perfect data alignment. In view of the
urgency to preserve sequential information in the frequency
domain, we have proposed Sequential Graph Convolutional
Network (SGCN), which incorporates state-of-the-art GNN
architecture with a novel sequential convolution operation to
retain the original order in frequency-domain signals. Ex-
tensive experiments have demonstrated the effectiveness and
interpretability of the proposed method.

In the future, we plan to expand our work to multi-channel
EEG signals. We note that this is not a trivial task as existing
complex networks can only characterize 1D EEG data. Despite
the challenge, we believe this future direction has the potential
of greatly enhancing the generality of our method.
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