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The brain generates bioelectromagnetic fields due to the
intra- and extracellular currents associated with the interac-
tion between neurons. Brain activity is also associated with
changes in the cellular metabolism and blood flow. Such
bioelectromagnetic and metabolic activities can be detected
through proper neurophysiological measurements. The
spatio-temporal dynamics of the recorded neurophysiologi-
cal signals are closely related to the age of a subject, to her/
his state of consciousness, to cognitive activities, to the
execution of active or passive task (e.g., hyperventilation
or external stimulation), to the presence of neurological
disorders, to the possible use of medical treatment, and
so on. Among the possible neurophysiological acquisition
systems, Electroencephalography (EEG), Electrocorticogra-
phy (ECoG), Magnetoencephalography (MEG), Local Field
Potentials (LFP), Event-Related Potential (ERP), Computed
Tomography (CT), and functional Magnetic Resonance
Imaging (fMRI) are more popular. The data recorded by
the abovementioned techniques deeply differ from each
other; however, they all are a representation of the output
of the complex system that generated them: the brain. The
brain is a complex system at least from two perspectives:
globally, since it consists of several components dynamically
interacting with each other, and locally, as the temporal
complexity analysis of univariate time series resulting from
a single channel recording can provide information about
the local dynamics. Intuitively, complexity in signals or
images is associated with meaningful structural richness.
In the complexity literature, it is hypothesized that healthy

individuals or systems correspond to more complex states
due to their ability to adapt to adverse conditions, exhibiting
long range correlations, and rich variability at multiple scales,
whereas aged and diseased subjects or systems may present
complexity alterations, depending on the disease. To quantify
the complexity of signals, a number of univariate and multi-
variate multiscale entropy methods, nonlinear synchroniza-
tion measures, complex network models, and many others
were introduced. This special issue aimed at attracting rele-
vant contributions, both methodological and applications,
in the field of complexity analysis of neurophysiological data.
It collected valuable contributions in the most varied fields of
research ranging from deep brain stimulation (DBS) to brain
computer interface (BCI).

In the paper “A Wavelet-Based Correlation Analysis
Framework to Study Cerebromuscular Activity in Essential
Tremor,” the issue of DBS in patients with severe essential
tremor (ET) was addressed. Y. Zhao et al. proposed a
novel framework to improve the reliability of correlation
between LPF signals recorded from the brain and the
tremulous electrical activity recorded through Electromy-
ography (EMG). Polygraphic recordings, EEG/LFP/EMG,
from two patients that underwent DBS surgery for medi-
cally refractory ET were analysed. The authors found a
relationship between the thalamic local field potential
recordings and the contralateral tremorogenic EMG oscilla-
tions at the frequency of the tremor and its first harmonic.
Preliminary results endorse the hypothesis that the proposed
methodology can identify the thalamic contacts to be selected
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for high-frequency DBS stimulation, with the aim of achiev-
ing a better clinical outcome in comparison to the empirical
DBS device programming.

In “Automated Epileptic Seizure Detection in Scalp EEG
Based on Spatial-temporal Complexity,” a novel method is
introduced to define a patient-specific detector based on
spatial-temporal complexity analysis. The authors evaluated
both permutation entropy (PE) and sample entropy (SE).
The detectors were tested over a publicly available dataset
achieving a 99% sensitivity by the use of PE. The pro-
posed method also meets the requirements for real-time
seizure detection.

In the paper “Automatic Lateralization of Temporal Lobe
Epilepsy Based on MEG Network Features Using Support
Vector Machines,” T. Wu et al., proposed a framework for
the lateralization of temporal lobe epilepsy (TLE) using
support vector machine (SVM) and weighted network
metrics obtained from source-space MEG. It was illustrated
that showed that MEG is an appropriate monitoring method
for the lateralization of TLE. Additionally, it was found that
MEG source space brain-network features can be effectively
employed for determining the lateralization.

“Effect of EOG Signal Filtering on the Removal of Ocular
Artifacts and EEG-Based Brain-Computer Interface: A
Comprehensive Study” is a paper that addresses the issue of
ocular artifacts contaminating EEG signals acquired for BCI
applications. An optimized low-pass filtering may reduce
the effects of electrooculographic (EOG) signals and improve
the performance of BCI. The authors found that low-pass
filtering at 6–8Hz seems to be the optimal filtering range.
Furthermore, motor imagery (MI) datasets were used to
validate the results. Classification accuracy improved when
EOG filtering was applied.

In the article “Using Graph Theory to Assess the Interac-
tion between Cerebral Function, Brain Hemodynamics, and
Systemic Variables in Premature Infants,” D. Hendrikx
et al. showed the ability of graph theory in describing interac-
tions between cerebral function, brain hemodynamics, and
systemic variables using some data from a propofol dose
finding and pharmacodynamics study in the vulnerable
population of preterm infants. The results illustrated that
propofol induces a decrease in the signal interaction up to
90 minutes after propofol administration. The clinical
recovery phase was mainly determined by the EEG dynamics.
Finally, a more pronounced loss in cerebral-systemic
interactions with increasing propofol dose was found.
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Graphs can be used to describe a great variety of real-world situations and have therefore been used extensively in different fields. In
the present analysis, we use graphs to study the interaction between cerebral function, brain hemodynamics, and systemic variables
in premature neonates. We used data from a propofol dose-finding and pharmacodynamics study as a model in order to evaluate
the performance of the graph measures to monitor signal interactions. Concomitant measurements of heart rate, mean arterial
blood pressure, arterial oxygen saturation, regional cerebral oxygen saturation—measured by means of near-infrared
spectroscopy—and electroencephalography were performed in 22 neonates undergoing INSURE (intubation, surfactant
administration, and extubation). The graphs used to study the interaction between these signal modalities were constructed
using the RBF kernel. Results indicate that propofol induces a decrease in the signal interaction up to 90 minutes after propofol
administration, which is consistent with clinical observations published previously. The clinical recovery phase is mainly
determined by the EEG dynamics, which were observed to recover much slower compared to the other modalities. In addition,
we found a more pronounced loss in cerebral-systemic interactions with increasing propofol dose.

1. Introduction

A graph is a structure that can be used to represent the rela-
tion between different objects. In this context, a graph can be
thought of as a diagram which consists of a set of points,
where some or all of them are joined by lines. Formally, the
points of the graph are referred to as vertices or nodes,
whereas the lines between them are called edges or links. In
general, graphs can be used to describe a great variety of
real-world situations [1]. Think, for example, of a social

network, where people are represented by nodes and the
edges between the nodes are used to indicate friendship.
Another example is a geographic network of cities, with an
edge between two cities indicating a direct connection
through a highway. In addition to the presence (or lack) of
an edge connecting two nodes, extra measurements can be
associated with the edges. These measurements are formally
referred to as edge weights. In a social network, edge weights
could be used to denote the strength of the friendship
(acquaintances, close friends, …). In a geographic network,
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the weights can indicate the physical distance or the amount
of traffic typically encountered on each road. Mathematically,
this type of diagram corresponds to a weighted graph.

In the present analysis, weighted graphs are used to study
the interaction of cerebral function, brain hemodynamics,
and systemic variables in premature neonates. Multiple stud-
ies are available in the literature that studied the pairwise
interactions between some of these variables. Caicedo et al.
analysed the relation between mean arterial blood pressure
(MABP) and regional cerebral oxygen saturation (rScO2),
measured by means of near-infrared spectroscopy (NIRS)
[2]. The coupling between these two variables, defined using
a transfer function approach, was found to be a measure to
assess cerebral autoregulation. Semenova et al. examined
the relation between MABP and electroencephalography
(EEG) [3]. The authors documented that preterm infants
with a high clinical risk index for babies (CRIB) score were
found to be associated with a higher nonlinear coupling
between EEG activity and MABP, quantified by means of
mutual information. Tataranno et al. examined the relation
between rScO2 and EEG and found that increased oxygen
extraction was related to spontaneous activity transients
observed in the EEG [4]. In contrast to the studies mentioned
above, we aim to analyse the interaction between cerebral
and systemic variables using an extended multimodal
approach, integrating three systemic variables: heart rate
(HR), MABP and arterial oxygen saturation (SaO2), rScO2,
and EEG.

This study is situated within the interdisciplinary field of
network physiology, which analyses how diverse physiologic
systems dynamically interact and collectively behave to pro-
duce distinct physiologic states and functions [5]. Moreover,
the use of graphs enables a graphical representation of the
interaction between the different physiological systems in
time. This study shows for the first time a comprehensive
model of different physiological processes comprising auto-
regulation, neurovascular coupling, or baroreflex, working
at the same moment in time. In literature, most studies focus
on these processes individually without taking into account
the influence of the other processes. With the graph approach
outlined in this paper, we try to show the different processes,
their interaction, and the importance of the individual pro-
cesses at each moment in time. To the best of our knowledge,
this is a totally new mindset and way of showing the physio-
logical interaction between cerebral function, brain hemody-
namics, and systemic variables in newborn neonates.

The interaction between the different variables is stud-
ied using premedication by means of propofol as a model.
Propofol (2,6 diisopropylphenol) is a short-acting anesthetic:
it has a rapid onset of action and is generally short in
duration. In neonates, however, it is documented that clinical
recovery takes time [6]. In clinical practice, propofol is
administered to the neonates as a single intravenous (IV)
bolus. Propofol administration is frequently associated with
a decrease in MABP in neonates [6–11], children [12], and
adults [13–15]. Propofol distributes into the central ner-
vous system and fat tissue immediately after intravenous
dosing, which explains the rapid onset of this anesthetic
drug. In a secondary phase, propofol is redistributed into

the circulation, which leads to vasodilation. Combined with
the blunted reflex tachycardia, this can result in hypotension
[10]. Therefore, a decrease in MABP is observed up to one
hour after administration of propofol in neonates [8]. Preme-
dicating neonates with propofol generally causes a modest
and short-lasting decrease in HR, SaO2, and rScO2, as
opposed to the longer-lasting and more pronounced decrease
in MABP [8], [11, 16, 17]. In addition, the discontinuity pat-
tern of the EEG is also influenced by propofol, which induces
a reversible state of diminished responsiveness behaviorally
similar to quiet (nonrapid eye movement (NREM)) sleep
[18]. During quiet sleep, the EEG of premature neonates
shows a spontaneous, physiological discontinuity of electrical
activity, characterized by higher amplitude, lower-frequency
EEG rhythms (tracé alternant (TA)) [19, 20]. This phenom-
enon is generally referred to as burst suppression, which
corresponds to an increase in interburst interval (IBI) dura-
tion [21, 22]. Moreover, a larger IBI duration is associated
with smaller FTOE values, which indicate lower brain energy
consumption [23].

This paper is structured as follows. Section 2 describes the
dataset used in the present analysis. Section 3 discusses the
methods, which include EEG processing, the construction
of the graph models, and the definition of features computed
from the graph models to quantify the strength of the effect
of propofol on these interactions. Section 4 presents the
results of the paper, which are extensively discussed in
Section 5. Finally, Section 6 summarizes the conclusions.

2. Dataset

The dataset used in the present analysis was collected as
part of a study on propofol dose selection by Smits et al.
[6]. In the study, 50 neonates were sedated using propofol
as part of an endotracheal intubation procedure. All subjects
in the group of study were recruited at the NICU of the
University Hospitals Leuven, Gasthuisberg. The trial was
registered on ClinicalTrials.gov NCT01621373, and ethical
approval was provided by the ethical committee at the
University Hospitals Leuven.

Due to incomplete data and overly noisy channels found
in 28 neonates, only 22 of the 50 neonates are included in this
study. These neonates were all sedated using propofol as part
of an INSURE (intubation, surfactant, and extubation)
procedure. The neonates are characterized by median (range)
postmenstrual ages (PMA) of 30 (26–35) weeks and a median
(range) dose of propofol (Diprivan 1%; AstraZeneca,
Brussels, Belgium) of 1.0 (0.5–4.5) mg·kg−1. In the present
analysis, the neonates are stratified into three groups,
based on PMA, since this is a major covariate of propofol
clearance in the absence of variability in postnatal age
(PNA) [24]. These groups are generally referred to as
extremely preterm (group 1: <28 weeks PMA), very pre-
term (group 2: 28–31 6/7 weeks PMA), and moderate to
late preterm (group 3: 32–36 6/7 weeks PMA) [25]. Most
of the neonates have a PNA of 1 day. For details regarding
the composition of the patient groups, the PNA of the
patients, and the doses of propofol administered to the
subjects of each group, see Table 1. More information
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about the clinical characteristics of the subjects can be
found in the original paper by Smits et al. [6].

Practices on propofol dosing, particularly in highly vul-
nerable premature neonates, are not standardized and vary
between different NICUs. Multiple studies, however, indicate
that propofol dose values of 2.0 to 2.5mg·kg−1 should be used
as preintubation medication in premature neonates [9–11,
16]. The dataset used in the present analysis was collected
with the aim to find the median effective dose (ED50) of
propofol for sedation. Therefore, lower values of starting pro-
pofol dose were used, as indicated in Table 1. More specifi-
cally, administered dose ranges from 0.5 to 4.5mg·kg−1 [6].
In general, the oldest neonates were sedated using higher
propofol doses compared to the youngest neonates, as can
be observed from Table 1.

The multimodal dataset used in this study consists of
concomitant measurements of five signal modalities, com-
prising HR, MABP, SaO2, rScO2, and EEG, recorded from
5 minutes before propofol administration up to 10 hours
after. For each neonate, a 6-hour long segment of multi-
modal data was considered in the analysis, where t=0
was aligned with the moment of propofol administration.
This length was defined based on the shortest recording
found in the dataset. Thus, all signals were shortened to
six hours for all patients in order to provide uniformity.
Moreover, the use of a long time window of 6 hours
allows focusing on the regime of interest, since we can
study the effect of propofol together with the recovery of
the neonates from the drug. Propofol is a three-
compartment drug, characterized by a short α and β
(median estimates of 1 and 13 minutes, resp.) and a long
γ half-life (median estimate of 350 minutes) [26, 27]. The
pharmacodynamic effects are primarily associated with the
first (α) and second (β) exponential half-life, which indicates
that the effect of propofol at the end of the analysis window is
minimal. This is confirmed by Smits et al., Vanderhaegen
et al., and Ghanta et al., who all observed a clinical recupera-
tion from single intravenous bolus propofol administration
within the first hour in neonates [6, 8, 16]. Therefore,
the analysis window is divided in two parts: the first 3-hour
long time window is used to study the response of the neo-
nates to propofol and the intubation procedure, while the last
3 hours are used as reference. Figure 1 presents an example of

a 6-hour long segment of multimodal data for one neonate
from the group of study.

The systemic variables (HR (beats/min), MABP
(mmHg), and SaO2 (%)) were measured with IntelliVue
MP70 (Philips, Eindhoven, The Netherlands) with a Nellcor
pulse oximeter. These variables were recorded continuously
with a sampling frequency of 1Hz (Rugloop; Demed, Temse,
Belgium). All 22 neonates incorporated in the present analy-
sis had an arterial line, which enabled an invasive measure-
ment of MABP. NIRS was used to measure rScO2 (%)
noninvasively with INVOS 5100 using a cerebral neonatal
OxyAlert NIRS sensor (Covidien, Mansfield, Massachusetts).
As for the systemic variables, the sampling frequency for
rScO2 is equal to 1Hz. Cerebral functioning was assessed
using a one-channel EEG (μV). The EEG was measured
between the C3 and C4 electrodes according to the interna-
tional 10–20 system with a sampling frequency of 100Hz
(Olympic Cerebral Function Monitor 6000, Natus). EEG
segments with impedance values exceeding 10 kΩ were
removed from the raw EEG signal [28]. In addition, move-
ment artifacts identified as rapid changes in the impedance
measurement were detected and also removed from the raw
EEG signal.

3. Methods

3.1. Running Interburst Interval Duration. In general, EEG
signals of premature neonates alternate between periods of
activity, called bursts or burst intervals (BIs), and periods of
suppressed activity, referred to as IBIs. Thus, the morphology
of neonatal EEG is discontinuous, as indicated by the IBIs.
However, this discontinuous pattern evolves towards a more
continuous trace with increasing PMA. Therefore, some
studies have investigated the use of the length of the IBIs as
a marker for maturation [29, 30].

Due to the different temporal characteristics between
the EEG and all other signal modalities, the EEG signals
are processed in order to obtain surrogates for brain activ-
ity in a similar time frame as the other measured signals.
The EEG signal is segmented in burst and IBI segments
using an in-house algorithm based on the line length
[31]. The root mean squared (RMS) value and the dura-
tion in time for burst and IBIs in overlapping windows

Table 1: Stratification of the neonates into three age groups, based on postmenstrual age (PMA) in weeks. For each group, the number of
patients, postnatal age (PNA) of the patients, and propofol dose values administered to the subjects in the group are presented.

Group 1 Group 2 Group 3
Extremely preterm Very preterm Moderate to late preterm

<28 weeks 28–31 6/7 weeks 32–36 6/7 weeks

Number of patients 5 13 4

PNA (days)

Median 1 1 1

Range 1-2 1-2 1–3

Dose (mg·kg−1)
Median 1.0 1.0 2.75

Range 0.5–1.5 0.5–2.5 1.0–4.5
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of two minutes are used as a surrogate for EEG. The run-
ning window is shifted in one second, producing a new
score every second. In this way, the sampling frequency
of the surrogate measures for EEG has the same sampling
frequency as the other signal modalities.

In total, five features are computed from the discontinu-
ous neonatal EEG: running RMS values of the original EEG,
BIs, and IBIs and running duration values of the BIs and IBIs.
In this paper, we only report the results using the running IBI
duration, since this is a very robust measure for EEG activity,
and thus cerebral metabolism, as validated by our group in a
previous study [31]. In addition, this measure is highly inter-
pretable. It is important to note, however, that the other EEG
features indicate similar results, since the different feature
values are highly related. An example of the five EEG features
is presented in Figure 2.

3.2. Graph Model Developed for This Study. In order to quan-
tify the common dynamics of the different signal modalities,
and changes thereof due to propofol, the interaction between
the variables is modeled using a graph, as illustrated in
Figure 3. In general, a graph is defined by a nonzero number
of vertices (nodes) and a number of edges (links, connec-
tions) between these nodes. The model for the neonates is
constructed using a complete graph. A complete graph is
characterized by the presence of an edge between all the

vertices. The vertex set V of the graph consists of n = 5 verti-
ces, corresponding to the 5 signal modalities measured in the
present analysis, that is,

V = vHR, vMABP, vSaO2
, vrScO2

, vEEG 1

A complete graph with n vertices has m = n n − 1 /2
edges. Therefore, the edge set E of the graph considered
here consists of 10 edges. The vertices of the graph model
defined in (1) are connected by edges. These edges are
defined by the corresponding edge weight values, which
are generally used to assess the strength of the connection
between a pair of vertices.

The topology of the complete graph described in (1) is
assumed to be fixed in time. The edge weights, however,
change in time, which we hypothesize to reflect the changes
in the interaction between the different signals. In order to
compute the graph models, the signals are first normalized
to N(0,1), since we are interested in the assessment of com-
mon dynamics (signal trends in time) and not absolute values
of the signals. Next, the edge weights are computed using a
15-minute long running window of multimodal data, which
is shifted by 1 minute (14minutes overlap). Thus, new edge
weight values are computed every minute. Finally, two types
of interaction curves are extracted from the graph models:
the pairwise interaction between two signal modalities,
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Figure 1: Illustration of the 5 signal modalities used to construct graph models for the neonates. A 6-hour long segment of multimodal data is
presented for one neonate in the group of study (PMA 27 weeks, 0.5mg·kg−1).
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represented by the time course of the corresponding edge
weight, and the overall signal interaction, represented by
the graph average degree (see Section 3.4).

In the present analysis, weight values are used to denote
the interaction between two vertices, that is, two signal
modalities. If two modalities are characterized by common
nonlinear interactions, they follow the same trends in time.
We compute the pairwise similarity using two different sim-
ilarity measures. Consequently, we generate two graph
models for each neonate. Both similarity measures use the
radial basis function (RBF) kernel, which is a nonlinear sim-
ilarity measure. As such, the similarity of the different signals
is assessed in a possibly infinitely dimensional feature space,
defined by the nonlinear map ϕ. However, the similarity in
this feature space is computed implicitly using the RBF ker-
nel function. The first similarity measure kT xi, xj uses the
raw signals in the RBF kernel and is thus defined as

kT xi, xj = ϕ xi
⊤ϕ xj = exp −

∥xi − xj∥
2
2

σ2 , 2

where xi and xj represent two segments of multimodal data
[32] (subscript T indicates that time domain signals are used
for the Euclidean distance in the exponent of the RBF kernel).
In the present analysis, xi and xj are segments with a length of
15 minutes, as mentioned before. The similarity kT xi, xj is
bounded by 0 (absence of common interactions) and 1 (exact
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Figure 2: Illustration of the features computed from the EEG signal. (a) illustrates a 6-hour long EEG segment for one neonate in the group of
study (PMA 27 weeks, 0.5mg·kg−1). (b) illustrates the running RMS value. (c) and (d) illustrate the running RMS and running duration values
for BIs (black) and IBIs (gray), respectively.
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Figure 3: Physiological network representing the interaction
between 5 signal modalities recorded on a neonate after propofol
administration. The graph consists of 5 vertices, corresponding to
the signal modalities. In addition, an edge is present between every
pair of nodes (complete graph). Each edge is defined by a weight
value that represents the interaction between the corresponding
signal modalities.
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common interactions). The signal similarity computed by (2)
is a function of the Euclidean distance between input signals.
Consequently, it highly depends on signal amplitudes and
can be affected by delays between the signals. A graph model
computed using the similarity measure kT xi, xj is denoted
as GT .

The second similarity measure uses the power spectral
density (PSD) of the signals in the RBF kernel. Thus, the time
input data is transformed to the frequency domain, before
computing the RBF kernel function. Mathematically, this
similarity measure kF xi, xj is defined as

kF xi, xj = exp −
Sxi − Sxj

2

2
σ2 , 3

where Sxi and Sxj represent the PSD of input signals xi and xj
(length of 15 minutes), respectively (subscript F indicates
that frequency domain signals are used for the Euclidean
distance in the exponent of the RBF kernel). The PSD is com-
puted using Welch’s method using overlapping subwindows
of 5 minutes in order to reduce the noise in the PSD estimate
(with use of Hamming window, overlap of 4 minutes and 59
seconds). Note that the kernel presented in (3) is a valid pos-
itive definite kernel, since the input data is transformed
before application of the kernel function. As before, the
similarity defined by kF xi, xj is bounded by 0 and 1. The
transformation to the frequency domain allows to include
time-delayed signal interactions and interactions of oppo-
site sign, in contrast to kT xi, xj which only takes into
account instantaneous amplitude interactions. In physiolog-
ical systems, it is possible that if one signal increases
(decreases), another signal decreases (increases) to maintain
homeostasis and that this interaction is not instantaneous
but delayed. A graph model computed using the similarity
measure kF xi, xj is denoted as GF .

3.3. Kernel Tuning. In order to compute the similarity mea-
sure, the bandwidth σ of the RBF kernel should to be tuned,
that is, optimized to avoid kernel overfitting and underfitting.
In the present analysis, the similarity measures kT xi, xj and
kF xi, xj both depend on this parameter σ. The optimization
procedure is the same for both similarity measures. There-
fore, it is outlined in terms of k xi, xj , which represents the
two similarity measures. The strategy used to select the kernel
bandwidth for the present analysis considers kernel matrix
Ω, which is defined as

Ωij = k xi, xj , i, j = 1,… , n 4

Note that the kernel matrix Ω is defined by the kernel
bandwidth σ through the definitions presented in (2) and
(3). The kernel bandwidth σ is tuned by maximizing the
Shannon entropy of kernel matrix Ω. The Shannon entropy
H Ω is defined as

H Ω = −〠
k

pk log2pk, 5

where pk is equal to the probability of seeing the kth pos-
sible element of matrix Ω. The entropy is thus deter-
mined by estimation of the probability density function
(PDF) of matrix Ω. By maximizing the Shannon entropy,
we try to obtain a uniform distribution of the values in
the kernel matrix, and therefore, we avoid overfitting as
well as underfitting.

The kernel bandwidth is tuned for each neonate individ-
ually. The tuned bandwidth is denoted as σopt. The following
optimization problem is defined to estimate σopt:

σopt = max
σ

H ΩC , 6

with

ΩC = Ω1 Ω2 … ΩN , 7

where ΩC is a collection of kernel matrices, computed from
all the signal segments recorded per neonate. Thus, a collec-
tion of kernel matrices is computed from the 6-hour long
data segment instead of only one kernel matrix in the optimi-
zation procedure. If we would consider only one kernel
matrix per neonate, it would only contain 25 entries, since
the kernel matrix is a 5× 5 matrix. Clearly, this is not enough
data to estimate a robust PDF. Therefore, to solve this prob-
lem, we assume that the graph model does not change and
that it is situated in the same nonlinear subspace throughout
the 6-hour long analysis window. This assumption indicates
that σopt should be uniform throughout the analysis window
and that σopt can be computed using a concatenation of
kernel matrices ΩC, as defined in the optimization problem
in (6) and (7).

Figure 4 illustrates the optimization procedure in a sche-
matic way. The original data segment of 6 hours was seg-
mented into nonoverlapping segments of 15 minutes. Thus,
N = 24 signal segments of 15 minutes were defined. For each
of these segments l, kernel matrix Ωl was computed and all
these kernel matrices Ωl were concatenated as indicated in
(7). The use of a collection of kernel matrices allows to esti-
mate the probability density function, and consequently,
the Shannon entropy. Therefore, H ΩC is characterized by
one global maximum. For the group of study, median (range)
values of σopt are 27 (26–29) and 94 (86–113) for kT xi, xj
and kF xi, xj , respectively.

3.4. Graph Measures. In order to assess the overall interac-
tion of the multimodal dataset, the average degree of the
graph is used. This section introduces the adjacency matrix
A of a graph, the degree di of a vertex, and the average degree
δ G of a graph G.

3.4.1. Adjacency Matrix. A weighted graph G consists of a
nonempty finite set V of elements called vertices vi (or nodes)
and a finite set E of distinct unordered pairs of distinct ele-
ments ofV called edges wij (or links) [33]. Note that the edges
of the graph are represented by their weights wij. The adja-
cency matrix A is a matrix commonly used to define the
graph G. The adjacency matrix A denotes the presence of
edges between the vertices vi of V and their corresponding
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weights. More precisely, the adjacency matrix A is con-
structed as

Aij =
wij, if there is an edge between υi and υj,
0, otherwise

8

3.4.2. Vertex Degree. The degree dj associated with a vertex vj
of an undirected weighted graph G, with adjacency matrix A,
is defined as the sum of all edges incident to vj:

dj = 〠
n

i=1
wij = 〠

n

i=1
Aij, 9

where n is the number of vertices. Therefore, the degree dj
characterizes the connection strength of the vertex vj with
respect to the other vertices of the graph. In practice, the
weights of the edges of a graph are often restricted to a
predefined range, which is often normalized to wij ∈ 0, 1 .
Considering normalized weights, the degree is bounded by
0 and n − 1, where n is the number of vertices of the graph,
that is,

0 ≤ dj ≤ n − 1 if ∀i, j wij ∈ 0, 1 10

If dj=0, vertex vj is called an isolated vertex, since it is not
connected to any other vertex of the graph. A vertex degree

dj=n− 1 indicates a dominating vertex vj, connected to all
other vertices of the graph with edge weight equal to 1.

3.4.3. Average Degree. The average degree δ G of a graph G
is defined as the mean value of all vertex degrees dj

δ G = 1
n
〠
n

j=i
d j 11

and is a measure associated with the overall connectivity
of the graph. Evidently, the bounds of δ G are equal to
those of the individual vertex degree dj defined in (10).
Small values (close to 0) imply a weak connectivity,
whereas high values (close to n− 1) indicate a very strong
connectivity of the graph.

3.5. Features to Quantify Interaction Strength. In order to
quantify the strength of the changes in signal interaction,
two features are computed from the interaction curves: the
normalized area S between the interaction curve and refer-
ence level and the maximal deviation Δ from the reference
level. Both feature values are computed in a time frame from
0 to 90 minutes after propofol administration. Reference
levels are defined as the median value of an interaction curve
in a time frame from 180 to 360 minutes after propofol
administration, as mentioned before. Normalization of S is
done by dividing the area by the length of the time interval.

�휎opt �휎gs
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�훀N�훀1

24 × 5

5

24 × 15 min

5

Define �휎gs

�휎

0

8

H
 (K

C
)

4000
Kernel bandwidth 

Figure 4: Method used to tune the kernel bandwidth σ. In (a), the data is segmented in nonoverlapping signal segments of 15 minutes. For all
of these segments, a kernel matrix Ωl is computed using a predefined σgs (4). All the individual kernel matrices Ωl are concatenated in ΩC,
which is depicted in (b). Next, the Shannon entropy of ΩC is computed. This procedure is repeated for a range of σ values. The σ value
associated with maximal H ΩC is selected as the bandwidth for the kernel function.
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Note that S and Δ are bounded by 0 (no deviation from the
reference level) and 1 (very strong deviation from the refer-
ence level). Figure 5 presents a graphical example of S
(Figure 5(a)) and Δ (Figure 5(b)). The features are computed
from the interaction curves in order to assess the effect of
propofol on the dynamical interactions among the different
signal modalities. In addition, we investigated how these fea-
tures change with PMA and propofol dose.

In the present analysis, the relation between the feature
values S and Δ (dependent variables) and PMA and propofol
dose (predictor variables) is studied using linear regression
models. The coefficient of determination Ri

2 is used to indi-
cate the goodness of fit of the linearmodel (subscript i denotes
the predictor variable i). In addition, the coefficient of partial
determination was computed to account for the effect of
both predictor variables at the same time. The significance
of the coefficient of (partial) determination was assessed
using the Monte Carlo permutation test with 105 repetitions.
A p < 0 05 was defined to be statistically significant. A single
asterisk, double asterisks, and triple asterisks denote a p value
smaller than 0.05, 0.01, and 0.001, respectively.

3.6. Implementation. The analysis, the corresponding com-
putations, and figures presented throughout this study are
implemented using MATLAB Release 2016b (The Math-
Works, Natick, Massachusetts). Graph theory analysis is per-
formed using the MATLAB toolbox for network analysis,
provided by MIT Strategic Engineering [34].

4. Results

4.1. MABP-EEG Pairwise Interaction. The interaction curves
of MABP with respect to EEG after administration of pro-
pofol at t=0 minutes are illustrated in Figure 6. These

curves are computed using kT xi, xj , defined in (2). The
EEG signal is represented by the running IBI duration,
as outlined in Section 3. From top to bottom, the interaction
pattern is shown for the entire group of study (N = 22) and
the individual age groups presented in Table 1. First, a pro-
nounced loss in interaction is observed, followed by a gradual
increase to a reference level, which is in general reached at
t=90 minutes. Note that this loss in interaction is present
among all of the signal modalities of the multimodal dataset,
as indicated by the graphs in Figure 7. Figure 8 presents the
relation between the features used to quantify interaction
strength (S and Δ) and PMA and propofol dose. In addition
to the data points, the least squares linear fit is defined
(straight lines), together with the 0.95 percentiles of the linear
fit (shaded area). The goodness of the linear fit is assessed
using the coefficient of determination R2

i , which is equal
to R2

A = 0 09 and R2
D = 0 53 for feature S and R2

A = 0 17 and
R2
D = 0 30 for feature Δ (subscripts A and D are used to

denote PMA and dose, resp.). Since PMA and dose are corre-
lated (Pearson correlation coefficient rAD = 0 45), we also
define the coefficient of partial determination in order to
account for the effect of both predictor variables on features
S and Δ. Numerical values are equal to R2

A∣D = 0 002 and
R2
D∣A = 0 49 for feature S and R2

A∣D = 0 05 and R2
D∣A = 0 20

for feature Δ. The statistical significance of the coefficients
of (partial) determination is denoted in Figure 8. Finally, it
is important to note that PMA and dose are not collinear
using a linear model. This can be assessed by computing
the variance inflatable factor (VIF) [35], which is equal to V
IF = 1 2572. A VIF close to 1 indicates the lack of collinearity.

4.2. Overall Interactions. Figure 9(a) presents a comparison
of the vertex degree di (in red is the interaction of modality
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Figure 5: Features used to quantify the reduction in signal interaction strength: S (gray shaded area) (a) and Δ (gray arrow) (b). The feature
values are illustrated for one neonate in the group of study (PMA 30 weeks, 2.5mg·kg−1), where the pairwise interaction was computed using
kT xi, xj (2). Feature values S and Δ are computed from 0 to 90 minutes, while the reference level is defined as the median value of the
interaction curve from 180 to 360 minutes.
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iwith respect to the other modalities) with the average degree
δ GT (in black is the average interaction of all signal modal-
ities) for all of the signal modalities after administration of
propofol at t=0minutes. The curves are computed from
graph models constructed using the similarity measure
kT xi, xj (2). The results are presented for the whole
group of study (N = 22). Propofol-induced loss of interac-
tion among the signals is associated with a drop in δ GT .
The drop in average graph degree can also be observed in
Figure 7, which illustrates the graph model for one neonate
in the group of study at different time instances. As shown
in Figure 9(a), the δ GT value is highly determined by dMABP
during the first 30 minutes. Indeed, the MABP vertex degree
is considerably lower compared to the degree of the other

modalities in this time frame. From 30 minutes onwards,
the increase of δ GT to the reference level is highly influ-
enced by dEEG, which is associated with the slowest recovery
in signal dynamics.

Figure 9(b) shows the vertex degree di (red) with the
graph average degree δ GF (black) after propofol adminis-
tration at t=0 for the graph models constructed using the
second similarity measure, that is, kF xi, xj (3). As before,
the results are presented for the whole group of study
(N = 22). A reduction in interaction can be observed after
propofol administration, which is in agreement with the
results of Figure 9(a). Again, MABP is observed to be the con-
tributing factor in the propofol-induced loss of interaction
during the first 30 minutes after propofol administration.
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Figure 6: Signal interaction between MABP and EEG after administration of propofol at t= 0 minutes. The signal interaction was computed
using kT xi, xj . A reduction in interaction is observed among the different signal modalities after the administration of propofol, with a slow
recovery to the reference level. The black line and gray shaded area present the median and interquartile range (IQR), respectively.
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Indeed, this vertex is associated with the lowest degree values
during this time frame. From 30 minutes onwards, the
increase of δ GF is again influenced by EEG dynamics. This
effect is however less pronounced compared to the observa-
tion of Figure 9(a). In general, the results from kT xi, xj
and kF xi, xj are similar, which might indicate that time
delayed and/or interaction of opposite signs are not present
in our dataset or that the influence of those interactions is
not relevant, probably due to the length of the analysis win-
dow (15minutes) that we used in the analysis.

5. Discussion

In the present analysis, we study how different physiologic
systems dynamically interact and collectively behave after a
propofol bolus administration in preterm neonates. These
physiologic systems are presented by the different signal
modalities under study. Note that we focus on the interaction
between the brain and the cardiovascular system. This study
can therefore be situated in the interdisciplinary field of net-
work physiology [5].

Results indicate that propofol causes a change in the
dynamical interactions between the different signals up to
90 minutes after propofol administration. The strength of
this effect was observed to be mainly determined by propofol
dose. In addition, the recovery phase was observed to be
mainly determined by EEG dynamics, due to a much
slower recovery to the reference level compared to the
other signal modalities.

5.1. MABP-EEG Pairwise Interaction. Sedation of neonates
using propofol induces a reduction in the interaction

between MABP and EEG (Figure 6), with only a slow, grad-
ual increase back to the reference level. The most pronounced
decrease in interaction pattern is associated with the oldest
neonates in the group of study (moderate to late preterm):
a strong loss of interaction is observed during the first 60
minutes after propofol administration, followed by a brisk
increase back to baseline (Figure 6(d)). This pattern clearly
differs from that of the younger neonates (extremely to very
preterm), which are characterized by a less-pronounced
reduction in interaction and a more gradual increase back
to reference levels (Figures 6(b) and 6(c)).

Two possible indicators for the observed difference in
signal interaction patterns are proposed. Both indicators are
based on signal amplitude changes, since the signal interac-
tion measure kT xi, xj highly depends on signal amplitudes.
Firstly, the discontinuity pattern of neonatal EEG changes
with age. Especially, the oldest neonates (moderate to late
preterm) are characterized by a much more continuous
EEG pattern (tracé continue) compared to the younger neo-
nates (extremely to very preterm; tracé discontinue) [30]. A
more continuous EEG can result in a more pronounced
increase in IBI duration after propofol, potentially explaining
the more pronounced loss in signal interaction observed
among the oldest neonates in the group of study. Secondly,
Simons et al. observed a higher incidence of hypotension
with increasing dose of propofol [10]. In this study, higher
doses were administered to older neonates, as demonstrated
by Table 1. Evidently, a more pronounced impact on MABP
can be responsible for a stronger loss in signal interaction.

Since PMA and propofol dose (predictor variables) are
correlated (rAD = 0 45), the influence of each factor on the
resulting signal interaction pattern is assessed using features
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Figure 7: Changes in the physiological network, assessed using a graph model GT , for one neonate in the group of study (PMA 30 weeks,
1.0mg·kg−1) at three different time instances: plots (a), (b), and (c) illustrate the edge weights for t= 10, 30, and 180 minutes after
propofol administration, respectively. The graph model was constructed using kT xi, xj defined in (2). Under each graph, the average
graph degree δ GT is presented in a time frame starting right after propofol administration (t= 0) up to 6 hours after. The average graph
degree measures the average connection strength of the graph edges. From (a) to (c), the edge weights increase, which translates in an
increased δ GT .
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S and Δ (independent variables). Figure 8 presents the
relation between these features and PMA and propofol
dose. From Figure 8, it is clear that the influence of
PMA on the independent variables is minimal, especially
when taking into account the influence of the dose. Indeed,
the coefficients of partial determination are very small for
PMA. (R2

A∣D = 0 002 and R2
A∣D = 0 05 for S and Δ, resp.).

This observation is confirmed by the fact that the coefficient
of partial determination is only slightly smaller compared to
the coefficient of determination for propofol dose, especially
for feature S. Therefore, it is clear that the interaction

between MABP and EEG is mainly influenced by propofol
dose. The difference in interaction pattern observed in
Figure 6 is thus mainly caused by the difference in propofol
dose administered to the neonates in the different age groups,
and not by the difference in PMA.

5.2. Overall Interactions. The phase of sedation using propo-
fol is characterized by a markedly different network structure
compared to the reference phase, indicating a clear associa-
tion between network topology and physiologic function.
This is illustrated in Figure 7: after 10 minutes, the graph is
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Figure 8: The relation between features S and Δ, computed from the MABP-EEG interaction curves presented in Figure 6, and PMA
and propofol. The data points and the linear least squares fit are depicted in black and gray, respectively. The shaded area indicates the
95-percentage confidence bounds on the least squares fit. The coefficient of (partial) determination is indicated in each plot (subscripts
A and D denote PMA and propofol dose, resp.). A single asterisk, double asterisks, and triple asterisks denote a p value smaller than
0.05, 0.01, and 0.001, respectively.
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weakly connected indicating a highly reduced overall signal
interaction as opposed to the strongly connected graph
observed at 3 hours after propofol administration.

MABP is observed to be the main contributor to the
reduction in signal interaction during the first 30 minutes
after propofol administration, as indicated in Figure 9. Dur-
ing this time frame, MABP strongly influences the strength
of the overall interaction pattern, since the vertex degree is
lower compared to the average graph degree. This effect can
partly be explained as an amplitude effect. Indeed, propofol
administration is associated with a pronounced decrease in
MABP, which can last up to one hour after propofol admin-
istration, as described by many authors [6–8, 10]. The phys-
iologic response of the other signal modalities is less affected
by propofol compared to MABP. This pronounced change in

signal amplitude could explain why MABP highly influences
the overall interactions, especially during the first 30 minutes
after propofol administration. It is important to note, how-
ever, that the explained loss in signal interaction can not be
entirely explained by only taking into account the signal
amplitude and change thereof in time. Indeed, the
propofol-induced loss in signal interaction is also observed
in Figure 9(b), which presents the results using similarity
measure kF xi, xj . This measure assesses the interaction of
the signals in the frequency domain.

For 30 minutes up to 90 minutes after propofol adminis-
tration, the degree of the EEG signal is considerably lower
than the degree values of the other modalities. As before, this
finding can be observed in Figure 9. The EEG signal is the
only signal associated with degree values below the average
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Figure 9: Comparing the vertex degree values (red) with the graph average degree (black) after administration of propofol at t= 0minutes.
The graph models were constructed using kT xi, xj (a) and kF xi, xj (b). The results are presented for the whole group of study (N = 22).
From top to bottom, the vertex degree di is compared to the graph average degree δ G for HR, MABP, SaO2, rScO2, and EEG,
respectively. dMABP highly determines the signal interaction pattern during the first 30 minutes after propofol administration, while dEEG
highly influences the signal interaction pattern from 30 minutes to 90 minutes after propofol administration. After 90 minutes, the
neonates are recovered from propofol, as indicated by the steady reference levels observed after 90 minutes.
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degree, indicating the slow recovery of EEG dynamics with
respect to the other modalities. Thus, MABP dynamics
recover faster (generally recovered 30 minutes after propo-
fol administration) compared to EEG dynamics (recovery
takes up to 90 minutes after propofol administration).
From a signal processing point of view, this might indicate
the safety of propofol, since MABP can adapt to the needs
of brain metabolism, once the EEG signal is recovered. It
is important to note, however, that the neonates included
in the present analysis were all sedated using propofol as
part of an INSURE procedure. Surfactant causes a signifi-
cant decrease in EEG activity, which can last up to 24
hours after surfactant administration, as described by van
den Berg et al. [36]. Therefore, surfactant could also influ-
ence the decreased EEG interactions observed in Figure 9.
The extent of this effect is however not clear at this point,
since no control group without surfactant was available to
compare with.

From 90 minutes after propofol administration onwards,
the vertex degree and average degree curves presented in
Figure 9 are characterized by stable reference levels. This
indicates that the signal interaction pattern is restored after
propofol administration.

6. Conclusions

In this study, we have shown that graph theory can be used to
assess changes in signal interaction and that the resulting
graph models can be used to study the difference between
distinct physiologic states.

Moreover, for our propofol case study, we derived that
the overall signal interaction pattern after propofol adminis-
tration is highly influenced by both MABP and EEG. The
MABP signal is the main contributor to the loss in signal
interactions during the first 30 minutes after propofol, due
to the strong decoupling of MABP dynamics with respect
to the other signal modalities, while the EEG signal highly
influences the interaction pattern thereafter. This finding
indicates that MABP dynamics recover first, followed by
a much slower recovery of the EEG signal, meaning that
MABP dynamics are recovered while EEG metabolism is
still down. Thus, when EEG dynamics recover, MABP
can adapt to supply new needs of the brain in order to
sustain its function.

Propofol affects signal dynamics with an overall recov-
ery time of around 90 minutes, as assessed by the graph
average degree. After 90 minutes, these curves are charac-
terized by steady reference levels, indicating that, at least
from a biosignal processing point of view, the overall sig-
nal dynamics are recovered from propofol and that the
physiological system is associated with a high degree of
signal interaction.

The signal interaction pattern observed after propofol
administration is influenced only by propofol dose, and
thus not by PMA. This relation was observed for the pair-
wise interaction curves and the system interaction measure
(average graph degree) derived from the graph model of
the neonate.
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It is a fact that contamination of EEG by ocular artifacts reduces the classification accuracy of a brain-computer interface (BCI) and
diagnosis of brain diseases in clinical research. Therefore, for BCI and clinical applications, it is very important to remove/reduce
these artifacts before EEG signal analysis. Although, EOG-based methods are simple and fast for removing artifacts but their
performance, meanwhile, is highly affected by the bidirectional contamination process. Some studies emphasized that the
solution to this problem is low-pass filtering EOG signals before using them in artifact removal algorithm but there is still no
evidence on the optimal low-pass frequency limits of EOG signals. In this study, we investigated the optimal EOG signal
filtering limits using state-of-the-art artifact removal techniques with fifteen artificially contaminated EEG and EOG datasets. In
this comprehensive analysis, unfiltered and twelve different low-pass filtering of EOG signals were used with five different
algorithms, namely, simple regression, least mean squares, recursive least squares, REGICA, and AIR. Results from statistical
testing of time and frequency domain metrics suggested that a low-pass frequency between 6 and 8Hz could be used as the
most optimal filtering frequency of EOG signals, both to maximally overcome/minimize the effect of bidirectional
contamination and to achieve good results from artifact removal algorithms. Furthermore, we also used BCI competition IV
datasets to show the efficacy of the proposed framework on real EEG signals. The motor-imagery-based BCI achieved
statistically significant high-classification accuracies when artifacts from EEG were removed by using 7Hz low-pass filtering as
compared to all other filterings of EOG signals. These results also validated our hypothesis that low-pass filtering should be
applied to EOG signals for enhancing the performance of each algorithm before using them for artifact removal process.
Moreover, the comparison results indicated that the hybrid algorithms outperformed the performance of single algorithms for
both simulated and experimental EEG datasets.

1. Introduction

The functional dynamics of the brain have been thoroughly
investigated over the course of many years using noninvasive
brain imaging techniques [1–5]. Electroencephalography
(EEG), for example, is a portable neuroimaging system that
can be used to assess different functional brain states [6–9].
However, a recorded EEG signal is highly contaminated with
nonneuronal activities from different sources including eye

blinking, eye movements, muscle movements, and electro-
cardiography (ECG) [10–15]. Eye movements and blinking
generate high-magnitude artifacts as compared with the pure
neuronal activity present in EEG data [16–18]. Such interfer-
ences are commonly known as ocular artifacts [19, 20].

It is widely accepted within the BCI research community
that in any BCI system, neurological phenomena are the only
source of control [21, 22]. Artifacts, unwanted electrical
signals that arise from sources other than the brain, can
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interfere with neurological phenomena. Such artifacts might
alter the characteristics of neurological phenomena or even
be mistakenly used as the source(s) of control in BCI systems
[23]. Among the different artifacts, eye movement and blinks
are the most important and major sources of physiological
artifacts in BCI systems [24–26]. If not removed, these arti-
facts could, as indicated above, be mistakenly used to control
the BCI system, which is the most significant artifact-related
problem [27]. As failing to deal with artifacts can result in
deterioration of BCI system performance during practical
applications, it is necessary to develop automatic methods
to handle artifacts or to design BCI systems robust to them.
Bashashati et al. showed that dealing with eye artifacts in
EEG data can enhance the performance of a self-paced BCI
system [24]. Erfanian and Mahmoudi used recurrent neural
networks to automatically suppress ocular artifacts for
improved EEG-based BCI performance [25]. Recently,
Yong et al. combined stationary wavelet analysis with adap-
tive thresholding to automatically remove ocular artifacts
from EEG data in an EEG- and eye tracker-based self-
paced BCI system [26]. They showed that their system
can achieve higher BCI performance than can BCIs in
which artifacts are not removed. Furthermore, artifacts
can also affect diagnosis and analysis in clinical research
such as on sleep disorders, Alzheimer disease, and schizo-
phrenia [28–32]. It is therefore mandatory, in either clinical
or practical research, to deal with these artifacts prior to the
analysis of EEG signals.

Several manual and automated methods have been devel-
oped to deal with this challenging task. One straightforward
approach to the reduction of ocular artifacts is to prevent
eye movements as much as possible, though requiring this
and achieving it are two very different things. Also, the spe-
cific request of avoiding blinks could affect the investigated
states and cognitive process of the subject [33]. Another com-
monly employed solution is to discard those epochs of EEG
data that contain ocular artifacts, though this can incur the
loss of neuronal activity-related EEG data. Alternatively, sev-
eral automated methods for detection and removal/reduction
of ocular artifacts have been proposed such as blind source
separation-based methods, wavelet transforms, regression-
based analysis, and empirical mode decomposition. Among
these, the most commonly employed, which are known as
regression-based algorithms, are based on the removal of
electrooculography (EOG) contamination from EEG data.
The simplest and most common procedure for removal of
ocular artifacts from EEG data entails the subtraction, from
each EEG channel, of reference channel signals containing
proper artifactual interference. Techniques of this kind
were widely applied until the mid-1990s, due to their low
computational costs and simplicity [20, 33]. Subsequently,
researchers used EOG channels to record eye movement
and blinking to efficiently remove ocular artifacts from EEG
data. EOG-based methodologies assume that the true neuro-
nal activity and ocular artifacts are present in a linear combi-
nation in acquired EEG signals. These methods employ
regression-based analysis [10, 18, 34–46], by which, in the
time domain, the contamination coefficients of EOG signals
are estimated and subtracted from each EEG channel to

obtain clean EEG signals. Since being very low computation
demanding, they are a great tool for real-time/online BCI
applications. Although these methods have been proved
to be more efficient than simple reference channel regression,
their performance is highly affected by many factors. For
example, neuronal activity from the frontal brain area, which
EOG additionally measures, might be eliminated during
the subtraction process, resulting in loss of true EEG sig-
nals [47]. Furthermore, these techniques are based on the
assumption that EOG signals and neuronal activity recorded
in EEG signals have no correlation, which has been found
to be totally invalid [48, 49]. In order to overcome these
issues, recently, regression-based algorithms have been
combined with blind source separation techniques in the
development of automated methodologies for removal of
ocular artifacts [47, 50]. These methodologies have been
shown to be more effective than either only regression- or
blind source separation-based techniques, but they still lack
the best results. The reason might be due to the fact that the
outcomes are still affected by bidirectional contamination.

The main problem with regression-based techniques is
that they are always affected by bidirectional contamination;
for example, EEG recordings are contaminated as the results
of eye movement and blinking, while EOG recordings are
contaminated by neuronal activities (originating mostly from
the frontal and lateral frontal areas) [18, 47, 50, 51]. There-
fore, removal of ocular artifacts using EOG signals would also
remove common neuronal activity present in both EEG and
EOG data. In a modified version of the regression method,
called filtered regression, the effects of bidirectional contami-
nation are reduced by low-pass filtering of EOG signals prior
to regression analysis [39, 43, 44, 52]. This idea is based on
studies that have shown that high-frequency components in
EOG channels are generated from brain activity [43, 52]. In
Table 1 list of the different low-pass frequencies used by
researchers, it can be seen that there is no consensus on any
particular frequency of EOG signal, though there is agreement
on the fact that the most of the low-frequency components in
EOG signals belongs to the ocular artifacts [43, 44, 47, 51, 52].
Determining the optimal low-pass frequency for EOG sig-
nals is very important, as the outcomes for regression-
based correction methods can be affected by the selected fil-
tering frequency. To the best of our knowledge, no study has
investigated the optimal low-pass EOG signal filtering limits
for use with regression-based algorithms. Our hypothesis is
that EOG signal filtering will enhance the process of artifact
removal to reduce bidirectional contamination and if so,
then what are the optimal low-pass frequency limits which
will give better results from all other low-pass filtering.

In this study, we used simulated contaminated EEG
and EOG datasets and motor-imagery-based experimental
BCI datasets to investigate the effect of different EOG fil-
tering on the removal of ocular artifacts from EEG data.
We used 12 different low-pass EOG signal filtering and
unfiltered EOG data along with five different methods from
the literature, namely, simple regression [44], least mean
square-based regression [53], recursive least squares based
regression [45], REGICA [47], and the method developed
in [51] (we reference it hereafter as automatic independent
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component analysis and regression (AIR)) to determine the
effect of different EOG signal filtering on artifact removal
from EEG data. Since the underlying artifact-free EEG
(true EEG) in artificially contaminated EEG data is known;
therefore, it is possible to evaluate the effect of each EOG
filtering using different performance metrics. The perfor-
mance evaluation indexes employed were the mean square
error and the mean absolute error in the time and fre-
quency domains, respectively. Additionally, mutual infor-
mation was utilized to estimate the common information
between the reconstructed EEG signal and the artifact-
free EEG signal. The improvements in reconstructed EEG
is also evaluated using signal-to-artifact ratio before and
after the artifact removal process for all algorithms. For
real EEG datasets, we evaluated the classification accuracies
of each subject and each method after the artifact removal
using different low-pass EOG filtering. Finally, paired t-test
was employed to the results of simulated and experimental
datasets to find out the optimal EOG filtering with highest

statistical significance. The results of this statistical testing
revealed that best results from EOG-based algorithms could
be achieved if low-pass frequency is used from 6–8Hz.
Furthermore, the results of both simulated and real EEG
signals indicate that hybrid algorithms performed better
than simple regression and adaptive filtering. A schematic
diagram of the study is shown in Figure 1.

2. Materials and Methods

2.1. Materials. This section describes the detailed procedure
used to simulate contaminated EEG and EOG datasets and
real EEG datasets used from BCI competition IV.

2.1.1. Simulated Datasets

(1) Participants. Fifteen (15) healthy subjects (all male) par-
ticipated in this study. All had normal or corrected-to-
normal vision. The experimental protocol was approved by
the Institutional Review Board of Pusan National University.
Experiment was conducted in accordance with the ethical
guidelines established by the Institutional Review Board of
Pusan National University and the Declaration of Helsinki.
Each participant was asked to sign an informed consent form
after being thoroughly informed about the nature and pur-
pose of the study. The experiments were performed in a
quiet room with dim lighting to prevent environmental
disturbances. Each participant was seated in an armchair
at a distance of about 1m from a 24″ LCD monitor
(ASUS; resolution: 1366× 768).

(2) Experiment 1. In this experiment, the participants were
asked to sit relaxed and calm while keeping their eyes closed
for 30 s. Each also was instructed to avoid moving their eyes
during the experiment so as to avoid or at least minimize arti-
facts. After the experiment, the subjects’ data were carefully
inspected for any presence of major artifacts; none was
found. These datasets were then used as “clean EEG” signals
for the purposes of further analysis. The data from this exper-
iment will be referred as the “neuronal group” throughout in
this paper.

(3) Experiment 2. The experimental protocol was as follows.
At the start of the experiment, the subject was instructed to
sit relaxed and calm for 3 s. Three different word cues (blink,
move horizontally, and move vertically) were used. The sub-
jects were asked to blink their eyes or move them vertically or
horizontally according to any of six visual cues (2 cues for
each word) that appeared for 2 s each at the center of the
screen. The interval between the cues was 2 s. At the end of
the experiment, each subject was again asked to relax for
3 s. The total duration of the experiment was 30 s. The data
from this experiment will be referred as “artifactual group”
throughout in this paper.

(4) EEG Recordings. The EEG data were acquired using
an ActiCap 32-channel active electrode system with a
BrainAmp DC amplifier (Brain Products GmbH, Gilching,
Germany). The data sampling rate was 250Hz. Nineteen

Table 1: Different low-pass EOG signal filtering frequencies used in
literature.

Study
Low-pass

filtering (Hz)
Journal

Maddirala and
Shaik [67]

~5 IEEE Sensors Journal

Yang et al. [68] ~100 Neurocomputing

Kanoga et al. [69] ~60 Neurocomputing

Mannan et al. [51] ~5 Front. Hum. Neuro.

Wang et al. [70] ~8 Biomed. Signal Process.
Control

Zeng et al. [71] ~15 The Sci. World J.

Sameni and
Gouy-Pailler [72]

~100 J. Neurosci. Methods

Murthy and Khan [73] ~30 Research J. Biotech.

Klados et al. [47] ~5 Biomed. Signal Process.
Control

Pham et al. [42] ~200 Int. J. Psychophysiology

Ghandeharion and
Erfanian [61]

~45 Medical Eng. Phy.

Chan et al. [74] ~30 Annals of Biomed. Eng.

Romero et al. [43] ~7.5 Annals of Biomed. Eng.

Romero et al. [44] ~7.5 Computer in Bio. Med.

Schlogl et al. [55] ~100 Clin. Neurophy.

Puthusserypady and
Ratnarajah [75]

~11.5 Signal Process.

Erfanian and
Mahmoudi [25]

~40 Med. Biol. Eng.
Comput.

Croft et al. [38] ~100 Phychophy.

He et al. [45] ~30 Med. Bio. Eng. Comput.

Wallstrom et al. [18] ~100 Int. J. Psych.

Moretti et al. [76] ~100 Int. J. Psych.

Croft and Barry [66] ~100 Int. J. Psych.

Croft and Barry [35] ~35 Electroen. Clin. Neuro.

Sadasivan and Dutt [65] ~10 Signal Process.
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(19) electrodes positioned according to the international
10–20 system (Fp1, Fp2, F3, F4, F7, F8, Fz, C3, C4, Cz, T7,
T8, P7, P8, Pz, P3, P4, O1, and O2) were used for acquisition
of EEG signals. AFz and FCz were used as the ground and
reference electrodes, respectively. The impedance of all of
the electrodes was reduced to below 5 kΩ. The data were
high-pass filtered at 0.5Hz.

(5) EOG Recordings. The EOG data were acquired using the
BrainAmp ExG system (Brain Products GmbH, Gilching,
Germany). Four electrodes were placed around the left and
right eye to record ocular activities. All of the data were sam-
pled at a rate of 250Hz. Table 2 lists the class-wise low-pass
frequencies used in this study.

(6) Simulated Datasets. In the present study, in order to
investigate the optimal frequency limits, we simulated 15
artificially contaminated EEG and EOG datasets. As the
underlying true EEG signal in artificially contaminated EEG
data is known, such data can be used as a primary tool to
determine the optimal filtering for EOG signals. We utilized
EEG data recorded in an eyes-closed session to simulate
contaminated EEG. Whereas such data might contain low-
frequency eye movement contamination, they are notwith-
standing preferred, as they tend to contain minimal overall
artifacts. The alternative to this is eyes-open data acquisition.
Note though that human eyes produce much-higher-

amplitude signals in light than in darkness [54]. In this
sense, recording of EEG signals in an eyes-closed session
is preferred. However, EOG signals were acquired in an
eyes-open session with different eye movements. Simple
linear models were estimated to calculate the parameters
of contamination for both EEG and EOG. By doing so,
we can simulate signals which are bidirectionally contami-
nated, that is, EEG data is contaminated with EOG signals
and EOG data is contaminated with EEG signals. In this
sense, we can obtain simulated signals as close as possible
to real signals [43].

(6.1) Simulated EEG Signals. It is known that the
recorded EEG signal contains pure activity from neurons,
ocular artifacts, and measurement noise (artifacts from all
other sources), as shown in Figure 2. In this paper, neuronal
sources (EEG signals from the neuronal group) were artifi-
cially contaminated with ocular sources (EOG signals from
the artifactual group) to simulate contaminated EEG signals
[43]. These interferences were calculated by estimation of
simple linear models between EEG and EOG recordings
[44]. The detailed procedure is explained below.

Four 2 s epochs with high EOG actives were selected from
each one of the fifteen subjects from the artifactual group. A
simple linear model was estimated for each 2 s epoch and for
each channel. These models have two inputs corresponding
to VEOGA and HEOGA signals (where XA refers to signals

Raw EEG (exp. 1)

Optimal EOG filtering

High-pass filtering

Model in Figure 2

Simulated
contaminated EEG

data

Raw EOG (exp. 2)

EOG data 
(Exp. 2)

H
i
 = {4, 5, 6, 7, 8, 9, 10, 12, 15, 20, 25, 35, unfiltered}

i = 1, 2, 3, …, 13

LMS RLS REGICA AIR

MSE MI MAE

Artifact removal methods

Performance metrics
SAR

Different low-pass filtering of
simulated contaminated EOG

Simulated contaminated EOG

Regression

Statistical testing

EEG (exp. 1)

MAPE

Figure 1: Schematic plan of the study.

Table 2: Class-wise list of frequencies for low-pass EOG signal
filtering used in this study.

Class Low-pass frequency (Hz)

I 4

II 5 6 7 8

III 9 10 12 15

IV 20 25 35 Unfiltered

Ocular
artifacts 

Neuronal
signals 

Measurement
noise 

EEG signals

Figure 2: General approach for generation of EEG data.
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from the artifactual group) and one output that was each one
of the 19 EEGA channels. For a better estimation of models,
neuronal activity in EOG due to bidirectional contamination
is reduced in order to calculate accurate parameters of con-
tamination. For this purpose, in each model, EEGA and EO
GA channels, corresponding to outputs and inputs, respec-
tively, were low-pass filtered with the cutoff frequency corre-
sponding to the highest value of the 99% (f 99) of the total
energy of these VEOGA and HEOGA signals [43]. Thus, the
remainder 1% of signal energy was not considered as ocular
activity (neural activity, power line interference, electrode
noise, etc.) in the EOGA recordings [43]. The 99% cutoff fre-
quencies obtained were 6.44± 2.43 and 7.61± 3.82Hz for VE
OGA andHEOGA, respectively, as mean and standard devia-
tion for all epochs and subjects. This idea was based on and
supported by the consideration that most components in the
EOG signals related to the high frequencies are of neuronal
source [52].

A linear model used to estimate parameters of EOG
interferences for each EEG channel i (i = 1, 2, 3,… , 19) and
each epoch p (p = 1, 2, 3, 4) is evaluated as follows.

EEGAip = αipVEOGAp + βipHEOGAp + e, 1

where α and β are the unknown model parameters, and e is
unknown error mapping. By this procedure, we got four α
and four β parameters corresponding to all four epochs for
each channel. These parameters were averaged (∑4

p=1αip/4
and ∑4

p=1βip/4) to obtain ocular contamination coefficients
αi and βi for each channel. Finally, simulated EEG signals
were generated according to Elbert’s contamination model
[54] as

cEEGNi = pEEGNi + αiVEOGA + βiHEOGA + v, 2

where cEEG and pEEG are the artificially contaminated and
pure EEG signals, subindex N refers to the neuronal group,
and v is modeled as white Gaussian noise compensating for
other noise sources. An example of simulated contaminated
EEG data for electrode Fp1 is shown in Figure 3(a).

(6.2) Simulated EOG Signals. Ocular sources (EOG sig-
nals from the artifactual group) were artificially contaminated
with neuronal sources (EEG signals from the neuronal group)
to simulate contaminated EEG signals. Similar to simu-
lated EEG signals, these interferences were calculated by

approximation of simple linear models between EOG and
EEG recordings. The detailed procedure is described below.

Four 2 s epochs with no apparent EOG actives were
selected from all of the fifteen subjects from the neuronal
group. Neuronal contamination of EOG channels was
obtained from the frontal electrodes (Fp1, Fp2, F7, and F8),
which are the nearest ones to the eyes [44]. A linear model
for both VHOGN and HEOGN was estimated for each 2 s
epoch. These models have four inputs corresponding to EE
GN signals from Fp1, Fp2, F7, and F8 and one output that
was each one of the VHOGN and HEOGN.

Two linear models used to estimate parameters of
EEG interferences for VEOG and HEOG, and each epoch
p p = 1, 2, 3, 4 is evaluated as follows:

VEOGNip = a1pEEGNp Fp1 + a2pEEGNp Fp2

+ a3pEEGNp F7 + a4pEEGNp F8 + e,
3

HEOGNip = b1pEEGNp Fp1 + b2pEEGNp Fp2

+ b3pEEGNp F7 + b4pEEGNp F8 + e,
4

where aj and bj j = 1, 2, 3, 4 are the unknown model
parameters.

By this procedure, we got four aj and four bj parameters
corresponding to all four epochs for VEOGN and HEOGN,
respectively. These parameters were averaged (∑4

p=1ajp/4
and∑4

p=1βjp/4) to obtain neuronal contamination coefficients
aj and bj for each VEOGN andHEOGN, respectively. Finally,
simulated EOG signals were generated as follows:

cVEOGA = VEOGA + a1EEGN Fp1 + a2EEGN Fp2

+ a3EEGN F7 + a4EEGN F8,

cHEOGA =HEOGA + b1EEGN Fp1 + b2EEGN Fp2

+ b3EEGN F7 + b4EEGN F8,

5

where cVEOG and cHEOG are the artificially contaminated
VEOG and HEOG, respectively. An example of simulated
contaminated EOG data can be visualized in Figure 3(b).

2.1.2. Experimental Datasets. In this study, the datasets from
nine healthy subjects were sampled from publically available
MI-based BCI signals of BCI competition IV (datasets 2a).
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Figure 3: Example of simulated signals. (a) Simulated contaminated EEG signal. (b) Simulated contaminated EOG signal.
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Four different MI classes including left hand, right hand,
both feet, and tongue were performed by all subjects. The
experiment consisted of training sessions and evaluation ses-
sions. For all subjects, each session consisted of six runs with
short breaks. For each subject, two classes from evaluation
sessions corresponding to left- and right-hand MI were
selected. One run consisted of twelve trails of each class,
resulting in 144 trails for each subject. Twenty-two EEG
and three EOG channels [55] were used to record the data
with a sampling frequency of 250Hz and 50Hz notch filter.
All EEG channels were recorded monopolarly with the left
mastoid serving as reference and the right mastoid as ground.
The signals were band-pass filtered between 0.5 and 100Hz.
More details can be found in [56]. The datasets were highly
contaminated with ocular artifacts which is a challenging
problem in practical BCI systems [57].

2.2. Methods. In literature, different artifact removal algo-
rithms have been developed to deal with the ocular contam-
ination present in EEG signals. Broadly speaking, these
algorithms can be divided into three main categories, namely,
EOG-based, non-EOG-based, and hybrid algorithms. The
most commonly employed among those are EOG-based
regression algorithms [18, 33]. Although these algorithms
are simple and perform well as compared with manual rejec-
tion, they nonetheless cause EEG data distortion due to bidi-
rectional contamination [47]. To improve the performance
of simple regression-based algorithms, researchers developed
adaptive filter-based regression algorithms. Most commonly
used adaptive filters are least mean squares and recursive
least square-based filters, and these methods proved to be
more effective as compared to simple regression. On the
other hand, non-EOG-based algorithms, for example, the
ICA-based algorithms, do not require any EOG signals,
though their removal of artifactual ICs might cause the loss
of substantial neuronal data, which is their major drawback
[58, 59]. Urigüen and Garcia-Zapirain [10] suggested that
multiple-combination artifact removal methods can be devel-
oped to efficiently remove artifacts from recorded EEG sig-
nals. Recently, EOG-based algorithms have been combined
with non-EOG-based algorithms (ICA) to more effectively
deal with ocular artifacts present in EEG data [47, 50, 51].
These algorithms were shown to outperform all of the algo-
rithms with which they were compared in terms of artifact
removal and maintenance of neuronal activity present in
EEG data; however, their performance can be further
improved if optimal low-pass EOG filtering is used. In this
study, we used all three kinds of EOG-based algorithms
(simple regression, adaptive regression, and hybrid methods)
to investigate the effect of different low-pass filtering on the
removal of ocular artifacts from EEG data. One may argue
that there are other methods like ICA that can be used to
remove ocular artifacts from EEG data without the need of
EOG signals, but irrespective of their other disadvantages
these methods cannot be used for real-time/online BCI
applications whereas regression-based methods (simple and
adaptive) are simple and fast; therefore, it can be used as an
optimal option for BCI applications if their performance is
enhanced [60].

Next, we will briefly describe the implementation steps of
the methods used in this study.

2.2.1. Simple Regression Method. The simple regression
method is implemented as follows [44]:

(1) Equation (3) in [44] was used to estimate the param-
eters of EOG signals.

(2) Artifact-free EEG was reconstructed by subtracting
estimated VEOG and HEOG from contaminated
EEG.

2.2.2. LMS RegressionMethod. The LMS regression method is
implemented as follows [53]:

(1) Least mean square estimation was used to estimate
the parameters of EOG signals.

(2) Artifact-free EEG was reconstructed by subtracting
estimated VEOG and HEOG from contaminated
EEG.

2.2.3. RLS Regression Method. RLS regression method is
applied as follows [45]:

(1) Recursive least square estimation was used to esti-
mate the parameters of EOG signals.

(2) Artifact-free EEG was reconstructed by subtracting
estimated VEOG and HEOG from contaminated
EEG.

2.2.4. REGICA. REGICA is implemented as follows [47]:

(1) EEG signals are independent component analysis
(ICA) decomposed.

(2) Independent components (ICs) are filtered using
recursive least square estimation with reference
EOG signal.

(3) ICs are backprojected to reconstruct EEG signal.

2.2.5. AIR. AIR is implemented as follows [51]:

(1) Contaminated EEG data are decomposed using ICA
to obtain ICs.

(2) Composite multiscale entropy and kurtosis are calcu-
lated to identify ocular-artifact-related ICs.

(3) ICs are filtered using the linear regression model and
extended recursive least mean squares.

(4) Median absolute deviation is applied to remove any
high-magnitude ocular artifacts left.

(5) Artifact-free EEG data are obtained by backproject-
ing all ICs using inverse ICA.

2.3. Evaluation Indexes

2.3.1. Mean Square Error. In this study, the performance of
each algorithm for each of the EOG signal filtering ranges
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was evaluated using the mean square error. It was defined
as [41].

MSE = 〠
N

n=1

EEGout − EEGin
2

N
, 6

where EEGout is the reconstructed EEG and EEGin is the
artifact-free EEG (EEG from the neuronal group).

2.3.2. Mutual Information. The amount of mutual informa-
tion between the reconstructed EEG signal and the artifact-
free EEG was calculated in order to analyze the utility of each
method for recovery of neuronal activity-related EEG signals.
Mathematically, the calculation proceeds are as follows [61]:

MI =
∞

−∞

∞

−∞

f a, b log f a, b
f a f b

dadb, 7

where f a, b represents the joint pdf and f a and f b rep-
resent the marginal pdfs. The artifact-free EEG and recon-
structed EEG were deemed to be closely related if and only
if the mutual information values between them were large.

2.3.3. Signal-to-Artifact Ratio. Signal-to-artifact ratio is the
metric commonly used to evaluate the improvements in the
corrected EEG signal as compared to the contaminated
EEG signal. We calculated signal-to-artifact ratio for contam-
inated EEG signals as follows [62].

SARB =
1/N〠N

n=1 EEGin
2

1/N〠N
n=1 EEGcn − EEGin

2 , 8

where SARB is signal-to-artifact ratio before artifact removal,
and EEGcn is the contaminated EEG signal. We also calcu-
lated signal-to-artifact ratio for corrected EEG as follows.

SARA = 1/N〠N
n=1 EEGin

2

1/N〠N
n=1 EEGcr − EEGin

2 , 9

where SARA is signal-to-artifact ratio after artifact removal
and EEGcr is the corrected EEG signal. An effective artifact
removal algorithm will remove all the artifacts and will
have higher SARA values and consequently SARA > SARB.
The gain in signal-to-artifact ratio γ can be calculated
as follows.

γ = 10 log SARA
SARB

10

The γ value is positive if signal-to-artifact ratio is
improved, negative if signal-to-artifact ratio is decreased
and zero if there is no improvement.

2.3.4. Mean Absolute Error. In order to measure the per-
centage distortion across the different frequency bands
delta (0.5–4Hz), theta (4–8Hz), alpha (8–12Hz), beta
(12–30Hz), and gamma (30–100Hz), mean absolute error
was defined as [51]

MAE = PinEEG − PoutEEG , 11

where P denotes the power spectrum density (PSD). PSD was
estimated using the Welch method according to the follow-
ing parameters: 200 sample points as the window length
and 5 sample points as the overlap. The average PSD for each
frequency band was calculated for all subjects.

Also, mean absolute percentage error to estimate the
percentage distortion in each frequency band was defined
as [43].

MAPE = 100 × PinEEG − PoutEEG
PinEEG

12

3. Results

This study investigated the effect of low-pass filtering on the
removal of ocular artifacts from EEG data. According to the
literature, different studies used different low-pass filtering
for EOG signals ranging from 4 to 100Hz. In this study, we
used unfiltered and twelve different low-pass EOG filtering
with simulated EEG datasets in an effort to find the optimal
one from which best results could be achieved. For this pur-
pose, we used five different methods from the literature with
five performance evaluation metrics. Table 3 lists the average
mean square errors of all of the simulated datasets and for all
of the electrodes with each method. It can be seen that the
mean square error was lowest when the low-pass filter from
6 to 8Hz was used. Furthermore, the mutual information
scores also were calculated in a time domain analysis; the
results of which are shown in Table 4. Similar to the mean
square error results, the average mutual information for all
of the datasets and all of the electrodes was the maximum
when one of the 6 to 8Hz low-pass filter was used with a dif-
ferent method. Table 5 shows the average improvement
gained in reconstructing artifact-free EEG by calculating
signal-to-artifact ratio before and after the artifact removal.
It can be seen that corrected EEG with every EOG faltering
showed improved signal-to-artifact ratio but results of this
analysis also indicate similar outcomes as in the case of mean
square error and mutual information. Moreover, the investi-
gation of the optimal filtering range was carried out also in
the frequency domain, by calculating the mean absolute error
and mean absolute percentage values for the different fre-
quency bands. The effect of bidirectional contamination can
be best observed and analyzed in frequency domain by eval-
uating the distortion produce in different frequency bands
using different filtering. Results of frequency domain analysis
are shown in Tables 6–10. Except delta band, mean absolute
error for all bands was lowest when 6 or 7Hz low-pass EOG
filtering was used. In case of delta band, least mean squares
and recursive least squares showed lowest errors with 6Hz
of low-pass filter; but in case of REGICA and AIR unfiltered
EOG, data showed lowest errors. Moreover, Figure 4 depicts
and compare the pure EEG and output EEG with different
EOG filtering to analyze the effect of bidirectional contami-
nation for time and frequency domain. It can be seen in
Figure 4(a) through highlighted regions that different levels
of distortions were introduced to EEG signal with different
low-pass filtering of EOG signals. Specifically, when using
high value low-pass filter (e.g., 35Hz or unfiltered, magenta,
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and green line), the distortion in the neuronal signal is much
more as compared to other low-pass filtering’s (e.g., 7Hz,
blue line). It can be seen that the reconstructed EEG from
7Hz low-pass filtering (blue line) follows the true EEG
(black line) very closely as compared to all other outputs.
Furthermore, Figure 4(b) illustrates the effect of bidirec-
tional contamination in frequency domain. It can be seen
through the highlighted box that artifact-free EEG with
7Hz successfully recovered the frequencies similar to true
EEG signal whereas all other produced distortion in the
frequencies. This advocate our hypothesis that bidirec-
tional contamination could be reduced by using optimal
low-pass filtered EOG signals.

We used paired t-test to statistically compare results from
all the metrics to find out if there are any differences in the
outputs with different low-pass filtering. Before applying

paired t-test, as listed in Table 2, all EOG filtering frequencies
used in this study were split into four classes which are 4Hz
(belongs to delta band), 5–8Hz (belongs to theta band),
9–15Hz (belongs to alpha and low-beta band), and 20Hz–
unfiltered (belongs to high-beta and gamma band). We
divided this statistical testing into two steps. In the first step,
we analyzed results of paired t-test to select an optimal low-
pass filtering class which showed minimum errors with
significantly increased results from all four classes as listed in
Figure 5. Mean square errors obtained in the range of 5–8Hz
were lowest with 6.81± 11.21 (averaged for all methods)
when compared to 4Hz (8.83± 15.06, p < 0 027), 9–15Hz
(7.14± 11.60, nonsignificant difference), 20Hz–unfiltered
(7.65± 12.32, p < 0 1 except for the LMS method). In case
of frequency domain analysis in delta band, 5–8Hz (MAE:
0.326± 0.14; MAPE: 3.89± 2.30%; p < 0 026), 9–15Hz

Table 4: Mutual information scores (mean of all EEG channels and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression
(mean± SD)

LMS
(mean± SD)

RLS
(mean± SD)

REGICA
(mean± SD)

AIR
(mean± SD)

4 1.49 0.24 1.49 0.17 1.60 0.20 1.68 0.17 1.68 0.17

5 1.52 0.26 1.53 0.18 1.65 0.22 1.74 0.19 1.75 0.18

6 1.54 0.28 1.55 0.19 1.68 0.23 1.78 0.20 1.78 0.19

7 1.54 0.28 1.56 0.19 1.69 0.24 1.79 0.21 1.80 0.20

8 1.54 0.28 1.55 0.20 1.69 0.24 1.79 0.21 1.80 0.20

9 1.53 0.27 1.54 0.20 1.68 0.23 1.79 0.21 1.79 0.20

10 1.52 0.27 1.53 0.19 1.67 0.23 1.78 0.20 1.78 0.19

12 1.52 0.26 1.52 0.19 1.66 0.22 1.76 0.20 1.77 0.19

15 1.51 0.26 1.51 0.19 1.64 0.22 1.75 0.19 1.76 0.18

20 1.51 0.26 1.50 0.19 1.64 0.22 1.74 0.19 1.75 0.18

25 1.50 0.26 1.50 0.18 1.63 0.22 1.74 0.19 1.75 0.18

35 1.50 0.26 1.50 0.18 1.63 0.22 1.73 0.19 1.74 0.18

Unfiltered 1.49 0.25 1.49 0.18 1.62 0.21 1.73 0.18 1.73 0.18

Table 3: Mean square error values (mean of all EEG channels and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression
(mean± SD)

LMS
(mean± SD)

RLS
(mean± SD)

REGICA
(mean± SD)

AIR
(mean± SD)

4 16.42 26.35 10.90 13.03 6.73 16.49 5.45 12.90 4.64 6.55

5 14.80 23.74 9.42 11.43 5.22 12.39 3.88 8.19 3.07 4.21

6 14.19 22.74 8.94 11.09 4.68 11.22 3.27 6.59 2.46 3.37

7 14.02 22.45 8.97 11.21 4.59 11.23 3.09 6.22 2.28 3.15

8 14.06 22.46 9.24 11.48 4.72 11.67 3.11 6.22 2.30 3.16

9 14.18 22.61 9.59 11.75 4.93 12.19 3.20 6.31 2.39 3.27

10 14.31 22.79 9.89 11.97 5.13 12.62 3.30 6.43 2.49 3.41

12 14.51 23.06 10.25 12.23 5.39 13.15 3.47 6.67 2.66 3.63

15 14.66 23.28 10.49 12.40 5.58 13.53 3.61 6.93 2.80 3.81

20 14.78 23.45 10.64 12.52 5.71 13.85 3.71 7.17 2.90 3.95

25 14.83 23.52 10.71 12.57 5.77 14.00 3.76 7.29 2.95 4.01

35 14.88 23.59 10.77 12.60 5.83 14.09 3.80 7.37 3.00 4.07

Unfiltered 15.00 23.78 10.91 12.71 5.95 14.18 3.92 7.48 3.12 4.24
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(MAE: 0.329± 0.14; MAPE: 3.86± 2.16%; p < 0 10), and
20Hz–unfiltered (MAE: 0.330± 0.14; MAPE: 3.88± 2.12%;
p < 0 159) showed low errors when compared to 4Hz
(MAE: 0.398± 0.17; MAPE: 7.45± 8.73%). There was a non-
significant statistical difference observed when all other
ranges were compared (5–8Hz versus 9–15Hz, p < 0 589;
5–8Hz versus 20Hz–unfiltered, p < 0 518; and 9–15Hz ver-
sus 20Hz-unfiltered, p < 0 965) for delta band. Five to eight
Hz class (theta: MAE: 0.105± 0.03; MAPE: 3.44± 5.27%;
alpha: MAE: 0.023+ 0.007; MAPE: 0.60+ 0.39%; beta: MAE:
0.004+ 0.001; MAPE: 0.73+ 0.57%) showed highly signifi-
cantly increased results for theta, alpha, and beta frequency
bands when compared with 4Hz (theta: MAE: 0.279± 0.14;
MAPE: 10.35± 13.66%; p < 0 013; alpha: MAE: 0.020±

0.007; MAPE: 0.70± 0.60%; p < 0 160; beta: MAE: 0.006±
0.001; MAPE: 0.86± 0.57%; p < 0 053), 9–15Hz (theta:
MAE: 0.134± 0.04; MAPE: 3.86± 6.74%; p < 0 031; alpha:
MAE: 0.11± 0.03; MAPE: 3.51± 2.23%; p < 0 001; beta:
MAE: 0.015± 0.004; MAPE: 2.23± 1.84%; p < 0 001), and
20Hz–unfiltered (theta: MAE: 0.143± 0.04; MAPE: 4.14±
7.31%; p < 0 016; alpha: MAE: 0.171± 0.05; MAPE: 6.39±
4.91%; p < 0 001; beta: MAE: 0.100± 0.03; MAPE: 15.93±
11.40%; p < 0 001). In case of gamma band, 4Hz (MAE:
0.028± 0.008; MAPE: 0.19± 0.03%) showed significantly
improved performance when compared with 20Hz–unfil-
tered (MAE: 0.097± 0.03; MAPE: 0.99± 1.06%; p < 0 001)
and nonsignificant difference when compared with 9–15Hz
(MAE: 0.025± 0.01; MAPE: 0.11± 0.04%; p < 0 885), but the

Table 5: Signal-to-artifact ratio for contaminated EEG, corrected EEG, and gain (mean of all EEG channels and mean of all simulated
subjects).

Low-pass EOG filter (Hz) SAR before artifact removal

Simple Adaptive filtering Hybrid methods
Regression
(mean± SD)

LMS
(mean± SD)

RLS
(mean± SD)

REGICA
(mean± SD)

AIR
(mean± SD)

After Gain After Gain After Gain After Gain After Gain

4

78.54

112.7 1.44 116.3 1.49 120.7 1.54 123.2 1.57 124.0 1.58

5 114.5 1.46 118.3 1.51 123.9 1.58 127.3 1.63 128.3 1.64

6 115.4 1.47 119.2 1.52 125.7 1.60 129.8 1.66 130.8 1.67

7 115.7 1.47 119.2 1.52 126.2 1.61 130.7 1.67 131.8 1.68

8 115.6 1.47 118.9 1.52 125.9 1.61 130.7 1.67 131.7 1.68

9 115.4 1.47 118.5 1.51 125.4 1.60 130.2 1.66 131.2 1.68

10 115.2 1.47 118.2 1.51 124.9 1.60 129.7 1.66 130.7 1.67

12 114.9 1.46 117.7 1.50 124.2 1.59 128.9 1.65 129.9 1.66

15 114.7 1.46 117.5 1.50 123.7 1.58 128.4 1.64 129.3 1.65

20 114.5 1.46 117.3 1.50 123.4 1.58 128.0 1.63 128.9 1.65

25 114.5 1.46 117.2 1.50 123.3 1.57 127.8 1.63 128.7 1.64

35 114.4 1.46 117.1 1.50 123.1 1.57 127.7 1.63 128.6 1.64

Unfiltered 114.2 1.46 116.9 1.49 122.8 1.57 127.2 1.62 128.1 1.64

Table 6: Mean absolute error (MAE) and mean absolute percentage error (MAPE) values in delta frequency band (mean of all EEG channels
and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR
MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

4 0.613 9.249 0.399 7.721 0.319 6.774 0.332 6.750 0.329 6.734

5 0.544 5.858 0.331 4.517 0.250 3.400 0.263 3.575 0.260 3.547

6 0.539 5.968 0.327 4.013 0.245 2.816 0.258 3.053 0.255 3.027

7 0.539 6.061 0.329 4.068 0.245 2.787 0.258 3.014 0.256 2.977

8 0.539 6.080 0.335 4.150 0.247 2.828 0.258 3.045 0.256 3.010

9 0.538 6.082 0.340 4.206 0.248 2.847 0.257 3.055 0.256 3.021

10 0.538 6.080 0.344 4.248 0.249 2.857 0.257 3.058 0.256 3.024

12 0.538 6.077 0.349 4.290 0.251 2.865 0.257 3.060 0.255 3.027

15 0.538 6.076 0.351 4.312 0.251 2.870 0.257 3.060 0.255 3.028

20 0.538 6.077 0.352 4.326 0.251 2.872 0.257 3.060 0.255 3.028

25 0.538 6.078 0.352 4.333 0.251 2.874 0.257 3.060 0.255 3.028

35 0.538 6.078 0.353 4.340 0.251 2.875 0.257 3.061 0.255 3.029

Unfiltered 0.538 6.083 0.353 4.392 0.251 2.889 0.257 3.059 0.255 3.027
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errors were low for 5–8Hz (MAE: 0.023± 0.009; MAPE:
0.10± 0.04%; p < 0 079). Both 5–8Hz and 9–15Hz have
nonsignificant differences for gamma band but showed
statistically increased results when compared with 20Hz–
unfiltered (p < 0 001). Overall, in summary, 5–8Hz outper-
formed 4Hz for all metrics except for alpha band (p < 0 079)
and when compared with 9–15Hz and 20Hz–unfiltered
showed highly significantly increased results for theta, alpha,
and beta bands (p < 0 05) and better results with nonsignif-
icant difference for all other metrics. From this analysis, it
can be concluded that 5–8Hz perform better as compared
to all other low-pass filtering classes. Next, we analyzed
results of each low-pass frequency in 5–8Hz range to check
whether there is any single optimal frequency which showed

lowest errors with high-level of statistical significance
(Figure 6). In this analysis, no significant differences were
observed between most of the metrics when they compared
statistically. However, outputs from 6Hz (MSE: 6.70±
11.00; theta: MAE: 0.086± 0.02, MAPE: 3.46± 6.03%; beta:
MAE: 0.004± 0.001, MAPE: 0.72± 0.56%; gamma: MAE:
0.023± 0.009, MAPE: 0.098± 0.03%) low-pass filter show
significantly increased results when compared with 5Hz
(MSE: 7.28± 12.01; theta: MAE: 0.140± 0.06, MAPE: 5.95±
10.15%; beta: MAE: 0.005± 0.001, MAPE: 0.77± 0.56%;
gamma: MAE: 0.024± 0.008, MAPE: 0.10± 0.03%) low-pass
filter results with p < 0 074 in mean square error, theta, beta,
and gamma bands (except for LMS in gamma band with
nonsignificant difference), while in delta and alpha bands

Table 7: Mean absolute error (MAE) and mean absolute percentage error (MAPE) values in theta frequency band (mean of all EEG channels
and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR
MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

4 0.281 10.048 0.280 10.386 0.278 10.401 0.279 10.449 0.278 10.446

5 0.145 5.536 0.141 6.120 0.138 6.030 0.137 6.042 0.137 6.040

6 0.093 3.590 0.088 3.605 0.085 3.409 0.081 3.359 0.081 3.354

7 0.094 2.020 0.092 1.879 0.087 1.589 0.082 1.484 0.083 1.468

8 0.113 3.292 0.111 2.590 0.106 2.531 0.099 2.435 0.100 2.448

9 0.130 4.134 0.128 3.395 0.122 3.317 0.114 3.205 0.116 3.231

10 0.140 4.511 0.138 3.764 0.132 3.677 0.124 3.565 0.125 3.593

12 0.149 4.753 0.147 4.009 0.140 3.910 0.131 3.794 0.133 3.824

15 0.151 4.816 0.150 4.084 0.142 3.979 0.133 3.853 0.135 3.884

20 0.152 4.827 0.150 4.108 0.142 3.999 0.134 3.863 0.135 3.894

25 0.152 4.829 0.150 4.113 0.143 4.003 0.134 3.864 0.135 3.895

35 0.152 4.829 0.150 4.116 0.143 4.006 0.134 3.864 0.135 3.895

Unfiltered 0.152 4.835 0.150 4.146 0.143 4.029 0.134 3.862 0.135 3.893

Table 8: Mean absolute error (MAE) and mean absolute percentage error (MAPE) values in alpha frequency band (mean of all EEG channels
and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR
MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

4 0.021 0.773 0.020 0.699 0.020 0.688 0.019 0.677 0.019 0.675

5 0.020 0.704 0.020 0.638 0.019 0.623 0.019 0.611 0.018 0.608

6 0.018 0.609 0.018 0.544 0.017 0.528 0.017 0.518 0.017 0.514

7 0.022 0.544 0.021 0.445 0.020 0.425 0.019 0.421 0.019 0.416

8 0.040 0.849 0.038 0.764 0.037 0.746 0.035 0.712 0.035 0.714

9 0.069 1.640 0.066 1.552 0.064 1.542 0.062 1.479 0.062 1.487

10 0.097 2.621 0.094 2.508 0.091 2.495 0.088 2.409 0.088 2.421

12 0.140 4.405 0.136 4.202 0.132 4.180 0.127 4.074 0.128 4.093

15 0.171 6.216 0.166 5.811 0.161 5.789 0.155 5.651 0.156 5.678

20 0.180 6.793 0.175 6.318 0.170 6.294 0.164 6.145 0.164 6.175

25 0.181 6.852 0.175 6.372 0.171 6.347 0.164 6.195 0.165 6.225

35 0.181 6.862 0.176 6.382 0.171 6.358 0.164 6.204 0.165 6.234

Unfiltered 0.181 6.865 0.176 6.387 0.171 6.360 0.164 6.204 0.165 6.235
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low significant differences were observed (p < 0 153). There
was no significant difference observed between 6, 7, and
8Hz except for theta and alpha band in 6Hz versus 8Hz
(p < 0 072) and theta, alpha, and beta bands in 7Hz versus
8Hz (p < 0 096). It can be concluded that results from
6–8Hz showed statistically increased results when compared
with outputs from all other low-pass filtering and unfiltered
EOG signals; but overall, there is no significant difference
observed in 6–8Hz except for few cases. Furthermore, these
results advocate our hypothesis that unfiltered EOG signals
cause high bidirectional contamination and low-pass filtering
should be applied to EOG signals before using them in
artifact removal algorithms.

In this study, we also used real EEG datasets to verify the
efficacy of the proposed framework. The five algorithms

described above were applied separately to each subject’s data
to remove ocular artifacts with four low-pass EOG filter-
ing. These EOG filtering (4Hz, 7Hz, 12Hz, and UF) were
chosen such that there is one low-pass filtering from each
class (Table 2). We compared the classification accuracies
obtained after the application of each method with each
EOG low-pass filtering. In BCI studies, common spatial pat-
tern (CSP) is the most commonly used filtering technique to
extract features from EEG signals [63]. Generally, the goal of
the CSP is to find spatial filters by maximizing the variance of
one class while minimizing the variance of the other to dis-
criminate the two populations of EEG signals [64]. Finally,
we used linear discernment analysis (LDA) for classification
of the extracted features of the two classes due to its simplic-
ity and low computational cost. For each subject and each

Table 9: Mean absolute error (MAE) and mean absolute percentage error (MAPE) values in beta frequency band (mean of all EEG channels
and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR
MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

4 0.007 1.018 0.007 1.122 0.005 0.794 0.005 0.679 0.005 0.676

5 0.007 0.959 0.006 1.039 0.005 0.703 0.004 0.573 0.004 0.573

6 0.007 0.938 0.006 0.982 0.004 0.646 0.003 0.510 0.003 0.506

7 0.007 0.944 0.006 0.961 0.004 0.637 0.003 0.491 0.003 0.486

8 0.007 1.003 0.006 0.987 0.004 0.678 0.003 0.519 0.003 0.512

9 0.007 1.128 0.007 1.074 0.005 0.768 0.004 0.595 0.004 0.588

10 0.009 1.367 0.008 1.228 0.007 0.930 0.006 0.790 0.006 0.784

12 0.016 2.410 0.016 2.336 0.014 2.057 0.013 1.917 0.013 1.916

15 0.034 5.027 0.034 5.208 0.033 4.925 0.031 4.719 0.031 4.725

20 0.066 10.752 0.067 11.173 0.065 10.705 0.062 10.381 0.062 10.405

25 0.094 15.951 0.095 16.437 0.092 15.767 0.089 15.289 0.089 15.324

35 0.122 18.770 0.124 19.315 0.121 18.521 0.117 17.945 0.117 17.996

Unfiltered 0.127 19.029 0.129 19.581 0.125 18.771 0.121 18.184 0.122 18.237

Table 10: Mean absolute error (MAE) and mean absolute percentage error (MAPE) values in gamma frequency band (mean of all EEG
channels and mean of all simulated subjects).

Low-pass EOG filter (Hz)
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR
MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

4 0.037 0.159 0.034 0.146 0.026 0.110 0.021 0.091 0.020 0.088

5 0.034 0.146 0.031 0.133 0.022 0.095 0.018 0.075 0.017 0.071

6 0.033 0.141 0.030 0.129 0.021 0.089 0.016 0.068 0.015 0.064

7 0.033 0.140 0.031 0.130 0.021 0.089 0.016 0.066 0.015 0.062

8 0.033 0.141 0.031 0.134 0.022 0.092 0.016 0.067 0.015 0.063

9 0.034 0.142 0.032 0.138 0.022 0.095 0.016 0.069 0.015 0.065

10 0.034 0.143 0.033 0.141 0.023 0.098 0.017 0.071 0.016 0.067

12 0.034 0.144 0.034 0.144 0.024 0.102 0.017 0.073 0.016 0.069

15 0.034 0.145 0.034 0.146 0.024 0.104 0.018 0.075 0.017 0.071

20 0.034 0.146 0.035 0.148 0.025 0.106 0.018 0.077 0.017 0.073

25 0.035 0.156 0.036 0.161 0.026 0.119 0.019 0.090 0.018 0.087

35 0.046 0.270 0.047 0.281 0.037 0.242 0.031 0.214 0.030 0.211

Unfiltered 0.300 3.581 0.308 3.593 0.296 3.502 0.287 3.375 0.287 3.395
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artifact-free EEG obtained after using different EOG filtering,
6 runs of 6-fold cross-validation were used to calculate the
classification accuracies. The 6-fold cross-validation ran-
domly divides the data into six equal partitions and use five
set of partitions for training and 1 set of partition for testing.
This process was repeated for six times, and the average accu-
racy for each subject was calculated. The average classifica-
tion accuracies of each subjects for all six sessions with
artifact-free EEG data using different low-pass EOG filtering,
and each method are listed in Table 11. Similar to the results
of simulated signals, it can be visualized from Table 11 that
results from the candidate of class II low-pass filtering
showed highest classification accuracies (REG: 69.52± 4.52;
LMS: 73.45± 2.04; RLS: 73.99± 2.75; REGICA: 77.46± 3.59;
AIR: 76.85± 3.27) for all subjects and all methods when com-
pared with the results from the candidates of all other classes

(class I: REG: 66.43± 4.11; LMS: 70.13± 2.45; RLS: 70.83±
2.59; REGICA: 73.37± 3.64; AIR: 73.53± 4.71; class III:
REG: 67.20± 6.09; LMS: 70.37± 2.84; RLS: 72.14± 4.65;
REGICA: 74.53± 3.00; AIR: 73.30± 3.65; class IV: REG:
67.12± 3.75; LMS: 69.90± 2.40; RLS: 69.67± 4.48; REGICA:
73.07± 2.21; AIR: 72.91± 3.06). We further validated these
results statistically using paired t-test. This analysis revealed
that classification accuracies obtained with 7Hz showed
highly significant results when compared with outputs from
4Hz (p < 0 028 for all methods), 12Hz (p < 0 01 for LMS,
REGICA, and AIR and p < 0 163 for REG and RLS), and
unfiltered EOG (p < 0 032 for all methods). Furthermore, it
could also be noted that hybrid methods demonstrated
high-classification accuracies as compared to simple regres-
sion and adaptive filtering methods. These results from
experimental EEG datasets verified the results from
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Figure 4: Analysis of bidirectional contamination by comparing reconstructed EEG obtained using different EOG low-pass filtering. (a) Time
domain. (b) Frequency domain.
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Figure 5: Statistical increases between different metrics for artifact corrections with different EOG filtering (paired t-tests were used between
class A versus class B). Bold and underline: p < 0 01; Bold: p < 0 05; Italic: p < 0 1; Color indicate better class.
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simulated EEG signals that a low-pass EOG filtering
from 6–8Hz could be used to remove artifacts efficiently.
As it can be seen from Table 11 that classification accuracies
obtained from all low-pass filtered EOG are higher than
those obtained when unfiltered EOG was used. From
Figure 7, the t-testing also revealed that results from each
low-pass filtering showed statistically increased classifica-
tion accuracies as compared to the results from artifact-
free EEG obtained after using unfiltered EOG signals.
Therefore, these results also validate our hypothesis that
low-pass filtering of EOG can be used to minimize the
effect of bidirectional contamination problem.

4. Discussions

Many studies have shown that the performance of BCI appli-
cations can be reduced due to the presence of ocular artifacts
in EEG data [23–27]. Among different methods, EOG-based
algorithms are simple and fast due to which could be used as
a good tool for real-time/online BCI applications if their
performance is enhanced, since it is highly affected by
bidirectional contamination [10, 44, 47, 51, 60]. The simplest
solution to this problem is low-pass filtering EOG signals
before using them in artifact removal algorithm [10, 39]. In
efforts to overcome the effect of bidirectional contamination,
a number of studies have applied different low-pass filtering
on EOG signals ranging from 5 to 100Hz, but there is
no consensus on which low-pass frequency should be used
for optimal results. The idea of low-pass filtering EOG is
based on studies that have demonstrated that high-
frequency components in EOG signals are generated from
brain activities [52], and this is supported by some studies
[10, 39, 43, 44, 47, 51]. It has been previously shown that per-
formance of simple regression-based algorithms can be
improved by using low-pass filtered EOG signals (7.5Hz) as
compared to unfiltered EOG signals [43]. Thus, the per-
formance of EOG-based algorithms could be highly
affected and dependent on the low-pass EOG signal

filtering. Various studies have utilized different low-pass
frequencies for removal of ocular artifacts from EEG data
[35, 43–45, 47, 51, 65, 66]. Table 1 lists the different
low-pass filtering used in those studies, note though that
in literature, there is still no evidence on the optimal
low-pass frequency of EOG signals. In this light, it is very
important to investigate the optimal low-pass filtering for
EOG signals before using them in artifact removal process,
not only for efficient removal/reduction of artifacts but also
for enhancement of the classification accuracies and commu-
nication rates of the current BCI systems.

In this study, we used unfiltered and twelve different
low-pass frequencies to filter simulated EOG signals before
using them in artifact removal algorithm. The frequencies
with their categorization used in this study are listed in
Table 2. EOG-based five algorithms from simple [44], adap-
tive [45, 53], and hybrid [47, 51] categories have been chosen
to investigate the task. The performance of each algorithm
was evaluated in both the time and frequency domains in
order to reach a conclusion for optimal low-pass filtering of
EOG signals. In the time domain, the mean square error,
mutual information scores, and gain in signal-to-artifact
ratio were used as evaluation metrics [41, 61, 62], whereas
in the frequency domain, the mean absolute error and mean
absolute percentage error were employed [43, 51]. The results
for each algorithm with each evaluation metric are shown in
Tables 3–10. Time and frequency results indicate that there is
a reduction of ocular artifacts by using low-pass filtering on
EOG signals as compared to unfiltered EOG outputs. How-
ever, for some low-pass filtering, corrected EEG signals spe-
cifically from the frontal area (e.g., Fp1) showed distortion
in the neuronal component of the EEG signals. Since we
argued throughout the paper that optimal filtering will
reduce the bidirectional contamination and hence will result
in efficient removal of artifacts from EEG data, therefore, we
tried to analyze the effect of bidirectional contamination in
Figure 4. It can be seen that by using filtered EOG, specifically
7Hz (blue line), the distortion in EEG for both time and
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Figure 6: Statistical increases between different metrics for artifact corrections with different EOG filtering of best class from Figure 5 (paired
t-tests were used between subclass A versus subclass B). Bold and underline: p < 0 01; Bold: p < 0 05; Italic: p < 0 1; Color indicate better class.
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frequency domain is very less as compared to that of when
using unfiltered or high values of low-pass filtering (e.g.,
35Hz, green line) of EOG signals. Moreover, the effect of
bidirectional contamination can also be analyzed by observ-
ing the errors obtained using different performance metrics,
that is, lower the errors means less effect of bidirectional con-
tamination. Furthermore, statistical testing is utilized by
means of paired t-test to check any differences and

improvements between all low-pass filtering results. From
time domain metrics, results of paired t-test were displayed
only for mean square errors (mutual information and
signal-to-artifact ratio also have similar results) and in the
frequency domain for mean absolute errors of all frequency
bands. In each low-pass filtering class, all the results were
averaged before applying statistical testing. From Figure 5,
the results of this statistical testing revealed that the

Table 11: Classification accuracies (mean of all six runs for each subject).

Low-pass EOG filter (Hz) Sub
Simple Adaptive filtering Hybrid methods

Regression LMS RLS REGICA AIR

4

1 65.28 70.83 71.53 77.08 77.08

2 61.11 73.61 66.67 78.47 80.56

3 67.36 65.97 71.53 70.14 72.92

4 64.58 66.67 69.44 69.44 71.53

5 63.89 70.14 72.22 70.83 65.97

6 63.19 70.14 70.83 70.83 69.44

7 72.92 70.14 73.61 72.92 76.39

8 66.67 72.22 67.36 72.22 70.14

9 72.92 71.53 74.31 78.47 77.78

Mean± SD 66.43± 4.11 70.13± 2.45 70.83± 2.59 73.37± 3.64 73.53± 4.71

7

1 69.44 72.92 79.17 81.25 81.25

2 63.19 75.69 72.22 80.56 79.17

3 73.61 72.92 72.92 75.69 75.00

4 69.44 70.14 71.53 73.61 74.31

5 64.58 72.22 75.69 73.61 71.53

6 65.28 71.53 74.31 74.31 75.00

7 73.61 76.39 76.39 76.39 79.86

8 70.14 74.31 70.14 78.47 75.69

9 76.39 75.00 73.61 83.33 79.86

Mean± SD 69.52± 4.52 73.45± 2.04 73.99± 2.75 77.46± 3.59 76.85± 3.27

12

1 76.39 71.53 76.39 77.78 77.08

2 57.64 71.53 70.14 72.22 75.69

3 68.75 70.83 66.67 74.31 70.83

4 66.67 68.75 65.28 72.92 68.06

5 61.81 65.97 74.31 72.92 67.36

6 61.81 69.44 75.00 72.92 73.61

7 71.53 76.39 77.78 77.08 75.00

8 66.67 68.75 68.06 70.83 75.69

9 73.61 70.14 75.69 79.86 76.39

Mean± SD 67.20± 6.09 70.37± 2.84 72.14± 4.65 74.53± 3.00 73.30± 3.65

UF

1 67.36 72.22 77.78 73.61 75.00

2 65.28 70.83 68.06 70.83 75.69

3 70.14 68.06 64.58 70.14 67.36

4 67.36 70.14 65.97 71.53 73.61

5 60.42 65.97 75.00 72.92 71.53

6 63.19 66.67 70.14 73.61 71.53

7 70.83 71.53 66.67 73.61 70.83

8 67.36 71.53 66.67 73.61 72.92

9 72.22 72.22 72.22 77.78 77.78

Mean± SD 67.12± 3.75 69.90± 2.40 69.67± 4.48 73.07± 2.21 72.91± 3.06
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frequency class 5–8Hz have low errors and statistically sig-
nificant results as compared to all other frequency ranges
with p < 0 05 in most of the cases (bold in purple color).
Finally, we applied paired t-test on results of each low-
pass frequency belonging to 5–8Hz class to see whether
there are any differences in the results with these low-
pass filtering of EOG signals. The results of this analysis
are listed in Figure 6. This testing revealed that, although
in most of the cases, there are no significant differences
in the results (p > 0 1), but 6–8Hz EOG filtering shows
statistically increased results as compared to 5Hz low-
pass filter (p < 0 1).

Although, simulated signals are the primary tool to ana-
lyze the performance of algorithms, but validation with real
EEG signals is the ultimate goal specifically for applications
like BCIs. We also used MI-based BCI signals to further
validate the results obtained through the comprehensive
analysis using simulated datasets. Four low-pass EOG filter-
ing, one from each group defined in Table 2 was selected to
analyze the effect of artifact removal on the classification
accuracies of the MI-based BCI. Classification accuracies
were used as an evaluation metric to verify the results, that
is, higher the classification accuracies means that the corre-
sponding low-pass EOG filtering could be used as an optimal
frequency class to remove artifacts from EEG signals and to
overcome the bidirectional contamination problem. It can
be seen that all methods show best results when 7Hz
low-pass EOG filtering was used to remove ocular arti-
facts. Furthermore, statistical testing is utilized by means
of paired t-test to check any differences and improvements
between the classification accuracies obtained with each
method and all low-pass filtering. The results of this analysis
are shown in Figure 7. The results of this statistical testing
revealed that the classification accuracies obtained after arti-
fact removal from each method by using 7Hz low-pass fil-
tered EOG signals show a significant statistical increase as
compared to 4Hz, 12Hz, and unfiltered EOG with p < 0 05
in most of the cases (bold in purple color). Furthermore,
results from all low-pass EOG filtering showed statistically
significant results when compared to the classification accu-
racies obtained after the application of unfiltered EOG sig-
nals. These results from experimental EEG data not only
validate the outcomes from simulated datasets but also sup-
port our hypothesis that low-pass filtering should be applied
to EOG signals before using them for artifact removal to
reduce the effect of bidirectional contamination.

The main focus of this study was to analyze the effect of
different low-pass filtering of EOG signals on the removal
of ocular artifacts from EEG data, but the classification

accuracies for real EEG signals could be improved by incor-
porating more features and by using enhanced classifier.
For instance, EEG signals can be divided into different sub-
frequency bands to calculate more CSP features for each
subband. Also, it has been shown previously that the per-
formance of many other classifiers like support vector
machine (SVM) is better than LDA but at the cost of more
computations. Although the present investigation can be
considered helpful in optimizing EOG signal filtering, the
comprehensive comparison of the performances of other
algorithms with no need of EOG signals for artifact removal
still remains to be determined. Furthermore, the perfor-
mances of BCI systems with EOG-based and non-EOG-
based methods also should be investigated to conclude the
optimal method for BCI applications. Therefore, in our
future studies, we will use simulated and experimental EEG
to evaluate artifact removal and BCI performance by includ-
ing more methods like independent component analysis,
canonical correlation analysis, empirical mode decomposi-
tion, and wavelet transform.

5. Conclusions

The optimal performance of a BCI depends on the effective
removal/reduction of ocular artifacts from EEG recordings.
Since the efficiency of an algorithm’s removal of ocular activ-
ities is highly affected by bidirectional contamination, it is
very important to use the optimal low-pass filtering for
EOG signals in order to overcome/minimize the effect of
bidirectional contamination. In the literature, there is still
no evidence on the optimal low-pass frequency of EOG sig-
nals. In this study, we investigated the optimal EOG signal fil-
tering for efficient removal of ocular artifacts from EEG data
using fifteen artificially contaminated EEG and EOG data-
sets. Results from statistical testing of this investigation sug-
gest that low-pass frequency from 6–8Hz could be used as
the optimal EOG signal filtering frequency for good results
in terms of artifact removal and retrieval of true EEG signals.
Furthermore, MI-based BCI datasets were utilized to validate
the results of simulated signals. Classification accuracies
obtained by class II showed statistically increased results as
compared to results from all other classes. Moreover, the
performance of each algorithm was enhanced by applying
low-pass filtering to EOG signals before using them for arti-
fact removal process. Overall, hybrid algorithms (REGICA
and AIR) showed better performances as compared to
regression and adaptive filtering methods for both simulated
and experimental signals.

Group 1
Group 2 

7 Hz 12 Hz UF

4 Hz
REG
0.016

LMS
0.015

RLS
0.028

REGICA
0.003

AIR
0.022

7 Hz

REG
0.624
0.153

LMS
0.859
0.024

RLS
0.352
0.162

REGICA
0.368
0.069

AIR
0.851
0.010 

12 Hz

REG
0.467
0.031
0.959

LMS
0.813
0.015
0.624

RLS
0.482
0.025
0.149

REGICA
0.800
0.024
0.157

AIR
0.681
0.031
0.759

Figure 7: Statistical increases between classification accuracies after artifact corrections with different EOG filtering (paired t-tests were used
between group 1 versus group 2). Bold and underline: p < 0 01; Bold: p < 0 05; Italic: p < 0 1; Color indicate better class.
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Objective. Deep brain stimulation (DBS) provides dramatic tremor relief in patients with severe essential tremor (ET). Typically, the
VIM nucleus is the most effective brain area to target for high-frequency electrical stimulation in these patients. Correlation analysis
between electrical local field potential (LFP) recordings from the thalamic DBS leads and electrical muscle activity from the
contralateral tremulous limb has become an attractive practical tool to interpret the LFPs and their association with the
tremulous clinical manifestations. Although functional connectivity analysis between brain electrical recordings and
electromyographic (EMG) signals from the tremor has been of interest to an increasing number of engineering researchers,
there is no well-accepted tailored framework to consistently characterise the association between thalamic electrical recordings
and the tremorogenic EMG activity. Methods. This paper proposes a novel framework to address this challenge, including an
estimation of the interaction strength using wavelet cross-spectrum and phase lag index while demonstrating the statistical
significance of the findings. Results. Consistent results were estimated for single and multiple trials of consecutive or partially
overlapping epochs of data. The latter approach reveals a substantial increase on the range of statistically significant dynamic
low-frequency interrelationships while decreasing the dynamic range of high-frequency interactions. Conclusion. Results from
both simulation and real data demonstrate the feasibility and robustness of the proposed framework. Significance. This study
offers the proof of principle required to implement this methodology to uncover VIM thalamic LFP-EMG interactions for (i)
better understanding of the pathophysiology of tremor; (ii) objective selection of the DBS electrode contacts with the highest
strength of association with the tremorogenic EMG, a particularly useful feature for the implementation of novel multicontact
directional leads in clinical practice; and (iii) future research on DBS closed-loop devices.

1. Introduction

Essential tremor (ET) is defined as a neurological disorder
that causes involuntary abnormal repetitive shaking. This
shaking can appear in different parts of the body such as
the hands, forearms, or head [1]. ET is a common movement
disorder affecting around four out of 100 adults over 40 years
of age. It is considered to be a centrally driven tremor, and the
constituents of the network comprise anatomical areas of the

physiological motor system [2]. Treatment of ET is mainly
based on pharmacotherapy and surgery for medically refrac-
tory cases [3]. The main surgical approach currently in use
consists of continuous deep brain stimulation (DBS) through
implantation of a depth electrode in the area of the ventral
intermediate (VIM) nucleus of the thalamus, a key area in
the neuronal loop generating the tremor [3, 4]. The depth
electrodes after DBS surgery emit continuous electrical
signals coming from the neurostimulator or pacemaker [5].
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To confirm electrode position within the VIM thalamic
nucleus, in addition to neuronavigation techniques to target
this specific anatomical area, some centres perform micro-
electrode recordings during surgery to detect tremor-related
electric neuronal bursts and find the ideal position for elec-
trode implantation [6]. Through the routinely used macro-
electrodes in DBS surgery, neuronal network electrical
activity can be recorded from the VIM thalamus in the form
of local field potentials (LFPs) a few days after surgery.

2. Material

In this study, we use recordings from two patients (aged 64
and 53, both female) who underwent DBS surgery for medi-
cally refractory ET. Ethics approval for use of patients’ EEGs
and LFPs for the development of new quantitative EEG
(qEEG) methods was obtained both from the University of
Sheffield and the NHS ethics committees (SMBRER207 and
11/YH/0414). The multichannel Natus Quantum Amplifier
(Optima Medical Ltd.) at a sampling rate of 16,384Hz was
used for all EEG/LFP/EMG polygraphy recordings (analogue
bandwidth 0.01–4000Hz).

In our institution (Royall Hallamshire Hospital, Sheffield
Teaching Hospitals, NHS Foundation Trust), every patient
undergoing DBS surgery for tremor is offered, five days after
implantation of the depth electrodes, a comprehensive elec-
trophysiological analysis to include LFPs from the VIM
thalamus, electroencephalography (EEG), and electromyo-
graphic (EMG) polygraphy recordings, measuring the elec-
trical activity from the muscles, to look at the correlation
between the tremor and the thalamic network oscillations.
The cortical scalp EEG recordings are not used in this work.
There are four electrode contacts on each macroelectrode
placed in the thalamus in close proximity to each other
(contacts 0, 1, 2, and 3) through which bipolar recordings
of LFPs can be obtained. Many centres use an empirical
approach in selecting the ideal electrode contact to stimulate
after DBS surgery to obtain the ideal tremor suppression.
This approach can be time-consuming, and it will become
more of a problem as new multicontact directional leads
make their way into clinical practice [7]. Additionally, it
seems that the LFPs offer very significant information
which in the future could be used to optimise clinical out-
comes in closed-loop systems [8]. However, before this
becomes possible, an objective measure of the strength of
association between the VIM thalamic network and the
tremor recorded on EMG, or the equivalent mechanical
oscillations through accelerometers, is required. One practi-
cal solution is based on the correlation analysis between
data coming from the DBS leads (LFP) and electrical mus-
cular activity (EMG) of the tremulous limb. Corticomuscu-
lar functional connectivity is defined as the interaction
between the electrical activity of the cortex in the brain or
the thalamus in this instance and the electrical activity
recorded from various muscles. During the last few years,
a few methods have been developed to understand this type
of functional connectivity [9–11].

From the engineering perspective, the approaches to
study connectivity between two signals can be classified as

time- and frequency-domain-based methods. One of the
classic linear measures to estimate similarity in time domain
is cross-correlation that has been used to study ET [12]. It
measures the degree of connectivity when a time series is
shifted from other reference series. This method is also useful
to measure the time lag between two signals. However, this
method usually assumes that the system is linear and station-
ary. Another branch to quantify the correlation or causality
between signals in time domain is by mutually predicting
selected observable measurements based on multivariate
modelling, where the best-established methods are based on
the Granger causality test [13] that has been used to study
the correlation between EEG signals [14]. They are based
on parametric modelling. A full and unbiased model is there-
fore required, which can be a challenge to achieve due to the
limited knowledge on the human brain. Other nonparamet-
ric methods include mutual information [15] and transfer
entropy [16, 17], which are model-free but usually require
larger datasets or averaging over many realisations to miti-
gate the effects of noise. In the scope of frequency-based
methods, cross-spectrum allows determining the connection
between two stationary signals in terms of frequency [18].
When computing complex cross-spectrum, results can be
divided in cospectrum (in-phase connectivity) and quad-
spectrum (out-of-phase connectivity). Coherence [19, 20]
uses a normalisation of cross-spectrum values that takes unit
value when total linear phase relationship is detected or zero
value for independent signals. Both methods are easy-to-use
and computationally inexpensive, but the investigated corre-
lation must be stationary and linear and there is no-coupling
information among various frequencies. Cross-bispectrum
[21] is used to detect the quadratic phase coupling (QPC)
between frequency components of two target signals. One
pitfall of this algorithm is that bispectrum is affected not only
by nonlinearity but also by non-Gaussian data. Thus, it
requires thedata topresentGaussiandistribution tomake sure
to detect nonlinearity. A suitable approach to overcome these
non-phase-coupling peaks is through cross-bicoherence [22].
However, this method only favours the strongly phase-
coupled signals, the ones that show QPC interactions.

In addition to the frequency- and time-based approaches,
efforts have beenmade with the wavelet domain to study con-
nectivity of brain networks. This approach aims to address
limitations of the above methods on tackling dynamic sys-
tems by providing time-resolving value with accurate locality.
Meanwhile, it is a model-free (nonparametric) measure,
which reduces the requirement of a priori knowledge of the
underlying model. Wavelet coherence has attracted increased
interest on studying brain-related disorders. Jeong et al. [23]
proposed to use wavelet energy and wavelet coherence as
EEG biomarkers to distinguish Parkinson’s disease and
Alzheimer’s disease. A wavelet coherence-based clustering
of EEG signals has been developed to estimate the brain con-
nectivity in absence epileptic patients [24]. It has also been
applied to studies on autism [25], traumatic brain injury
[26], schizophrenia [27], and poor sleep quality [28]. How-
ever, there is very limited research focusing on its application
on ET. Furthermore, for the approaches based on wavelet
coherence to understand brain connectivity, there are no
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well-accepted complete frameworks to understand cerebro-
muscular connectivity systematically.

Addressing these challenges, this paper develops a new
wavelet-based correlation analysis framework combined by
the estimation of connectivity strength, significance test,
and phase-delay characterisation. It aims to better under-
stand cerebromuscular interactions in a structured manner.
It should be noted that this framework has the prospect to
be applied on other applications of connectivity analysis,
such as EEG-EEG and EEG-EMG.

3. Methods

Model-free (nonparametric) measures are chosen in this
paper to study the correlation between LFPs and EMG
because this biological system is so complex that it would
require a substantial number of parameters and computation
time to build a satisfactory parametric model. Additionally,
there is no well-accepted analytical model to start with.
A common deficiency when applying biomedical signal-
processing tools is the assumption of stationarity. A typical
practice for the estimation of spectrum distribution is seg-
menting long records of data and averaging calculations over
segments. The main disadvantage of this practice is the
inability of having time-resolved values. There is therefore
no time resolution, and the dynamic behaviour of neuronal
interactions cannot be revealed. One solution to overcome
this issue is the use of wavelets.

Wavelet transformation makes a decomposition of a
time series into a frequency-time domain. It uses convolu-
tion of a mother wavelet and its scaled and shifted versions.
Among all the possible mother wavelets, the Morlet wavelet
provides a good balance between frequency and time reso-
lution and has been widely used in EEG and EMG research
[29]. This study is restricted to this wavelet. Equation (1)
corresponds with a normalised Morlet wavelet where the
dimensionless frequency w0 is set as 6 and dimensionless
time is denoted by η. Considering an observed time-serial
x k k = 1,… ,N , in continuous wavelet transform (CWT),
the mother wavelet is modified by varying the scale s, as
shown in (2), so that η = s · t with a discretised time domain
of time step δt.

Ψ0 η = π1/4eiw0ηe− 1/2 η2 , 1

Wx
k s = δt

s
〠
N

k′=1
xkΨ0

k − k′ δt

s
2

3.1. Wavelet Coherence. Coherence is one of the most widely
used methods for measuring linear interactions. It is based on
the Pearson correlation coefficient used in statistics but in
frequency and time domain. It measures the mean resultant
vector length (or consistency) of the cross-spectral density
between two signals. Its squared value varies from 0 to 1,
meaning low and high linear frequential correlation. During
this study, coherence is used as a reference standard for
comparison to other methods. The wavelet formulation of

coherence between two signals, x and y, and in the frequency
w and time t domain, can be formulated as

coh2xy w, t =
Sxy w, t 2

Sx w, t Sy w, t ,

Sxy w, t = E Wx w, t Wy w, t ,
3

where Sxy w, t is the wavelet cross-spectrum between x and
y and Sx w, t and Sy w, t are the corresponding autospec-
trums. Working with two single signals (single realisation)
usually requires using a smoothing operator (see f · opera-
tor in (4)), and ergodicity properties should be assumed [30].

coh2xy w, t =
f Sxy w, t 2

f Sx w, t · f Sy w, t 4

If multiple trials of both signals are available, square
coherence can be estimated using (5), which is used in
this study.

coh2xy w, t =
Sxy w, t

2

Sx w, t Sy w, t
, 5

where

Sxy w, t = 1
n
〠
n

m=1
Wxm

w, t Wym
w, t 6

The number of trails is denoted by n.
To assert significant values of wavelet coherence, the

statistical methodology stablished by Gallego et al. [31] is
employed. It estimates a threshold based on the null hypoth-
esis (H0) of independency by analytically calculating the
statistical distribution of coherence. Specifically, H0 assumes
that both signals are independent Gaussian variables. Under

H0, coh2xy w, t ≤ rα with a specified probability α, where rα is
calculated as

rα = 1 − α1/ n−1 , 0 ≤ α ≤ 1 7

In this paper, the parameter α is set as a fixed value of
0 05, equivalent to a 95% of confidence interval.

3.2. Wavelet Cross-Spectrum.Wavelet cross-spectrum (WCS)
also provides information about linear synchronisation, but
its values are not normalised as in wavelet coherence. Its
calculation is written in (6) for multiple trials. Its values
seem difficult to be interpreted by statisticians and comple-
mentary plots, such as coherence or coquadrature, that can
help understand the frequential relationships between sig-
nals [9]. That is why few neurological connectivity studies
have used this method. However, this paper proposes to
use an appropriate significant test that allows WCS results
to be judged with more clarity by including the variance
of each signal.

It has been proven by Bigot et al. [32] that including the
variance spectrum data (autospectrum) Sx w, t and Sy w, t
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benefits the interpretation of WCS in contrast to wavelet
coherence. Its performance is based, analogously to coher-
ence, on a threshold calculation under a null hypothesis.
However, this H0 makes the statistical procedure using a
combination of parametric and nonparametric estimations.
It has parametric characteristics since it stablishes the signals
as independent Gaussian vectors. But its distribution is con-
sidered to show a zero-mean value and a general covariance
matrix ∑x and ∑y estimated by the sampled data. Hence, it
does not make any parametric assumption on the covariance.
The statistical test stablishes, under H0 ∑x ,∑y and n ≥ 1,
that P Sxy w, t ≥ λα ≤ α. The threshold λα, for each time
t and frequency w point, is defined as

λα w, t =
ρxρy
n

· Ψw,t · −log α

2 + −2n log α

2 ,

8

where ρx and ρy are the largest eigenvalues of the empirical
covariance matrix of the time series x and y, respectively.
The symbol Ψw,t means the energy of the wavelet, but since
wavelet-normalised values are considered, this variable is
omitted. This paper considers a significant probability of
95% with α = 0 05.

3.3. Phase Lag Characterisation. Apart from the quantifica-
tion of the linear interaction strength and associated signifi-
cance, it is also important to measure the time or phase lag
between signals at a certain frequency. It is particularly
important for studying corticomuscular interactions as they
carry significant time delays.

The most straightforward approach would be calculating
the time lag from the phase information in the complex data
of the WCS results with a simple fraction

lag = ϕd
2πf 9

where ϕd is the phase difference between both signals at a
specific time and frequency and f is the sample rate. How-
ever, volume conduction can cause the coherence and the
phase-locking value to spuriously increase, and (9) is not
effective to deal with this kind of common noise sources.
To overcome this problem, a measure called the weighted
phase lag index (WPLI) algorithm [33] that describes the
consistency of the phase difference or time lag is used. This
value will inform if the phase lag existent between both sig-
nals is consistent. This method not only highlights frequency
bands where the phase difference is constant, indicating a
strong linear relationship, but also penalises those synchroni-
sations where time lag is close to zero, thus avoiding possible
artefacts coming from common noise sources. The weight
can be illustrated by Figure 1, which clearly shows the WPLI
weights cross-spectra according to the magnitude of the
imaginary component of the cross-spectrum. Cross-spectra
around the real axis contribute to a less extent than

cross-spectra around the imaginary axis. Their values are
calculated as

Ωw =
〠n

j=1〠k≠jIm Sxyj · Im Sxyk

〠n
j=1〠k≠j Im Sxyj · Im Sxyk

, 10

where Im · is the imaginary part of the argument and Sxyj is

the cross-spectrum value of the jth trial of the total number
of trials (n). The value is normalised from −1 to 1. As indi-
cated by Figure 1, a value of 1 suggests that the phase lag is
90° while a value of 0 corresponds to 0° or 180°. It should
be noted that this process should be applied before the signif-
icance test.

The proposed methodology can be illustrated by Figure 2.
Starting from the multiple trials’ data collection or extraction,
the WCS is applied on each trial to measure the correlation
strength. After the number of trails is sufficient, the results
of WCS of all trails are averaged. A significance test can
then be applied to produce the binary correlation map.
Meanwhile, the phase lag can be estimated based on the
averaged WCS.

4. Results on Simulation Examples

The simulation example aims to evaluate the performance of
the proposed analysis framework on frequential and time
resolution and robustness against noise. Considering a linear
single input single output (SISO) system, the input signal is
defined as

x ti = Z 〠
K

k=1
cos 2πf kti ·W t1,t2 k

+ ε1 11

The input signal constitutes an ensemble of K compo-
nents, with different frequencies in the cosine form. It is
defined within a temporal range t1, t2 through a window
functionW t1,t2 k

. The entire ensemble was sampled by a nor-
mal distribution Z~ 0, 1 . In other words, the amplitude of
the entire signal is modulated by a random Gaussian signal.

WPLI
Weight

Real axis

Figure 1: Illustration of the WPLI [22] (blue: phase lead; red: phase
lag), where the oval outer layer reflects the weights, so values around
real axes contribute less than values close to the imaginary axis.
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For the window function, a Tukey window was used with a
tapper parameter of 0.5. This type of window was selected
to avoid possible ringing artefacts coming from the temporal
sharp transitions of the frequency components. A white
Gaussian noise ε1was also added, emulating a more realistic
situation. The output signal is defined as

y ti = Z 〠
K

k=1
ak · cos 2πf kti + θk ·W t1,t2 k

+ ε2 12

One difference with the input is the change on the ampli-
tude of each frequential component by setting ak. In addition,
each component presents a specific phase θk. Therefore, the
linear system modulates the amplitude for each frequency
of the input and delays it with a specific value. It must be
noted that one can get several realisations of both measures,
having then multiple trials of this linear interaction.
Figure 3 illustrates the produced input and output signal of
a single trial, which includes two frequential components:
f1 = 10Hz within 0 1, 0 5 and f2 = 30Hz within 0 6, 0 9 .
The total data length is 1 sec with the sample rate of
1000Hz. Both amplitude gains are equal and unit valued
(a1 = a2 = 1), and delays θ1 and θ2 are set to 25ms and
14ms, respectively. Gaussian noise was added for both sig-
nals with the signal-to-noise ratio (SNR) of 40 dB. The
bottom graph of Figure 3 shows the result of standard coher-
ence based on Fourier transform. Although it successfully
reveals the strong coherence at the frequency around 10Hz
and 30Hz, it cannot localise when the coherence changes
occurred. Such an approach therefore misses the time-
resolved information, which is key to study a dynamical sys-
tem. Although such a limitation can be partly addressed
through using a sliding-window technique [34], the selection
of window size is usually challenging and depends on the fre-
quency of signals.

If there is no noise, the measured frequency-time interac-
tion after the significance test using WCS can be represented
by Figure 4. The yellow colours, indicating the significant

interactions, clearly correctly capture the two frequential
components and corresponding starting and ending times,
which cannot be revealed by the standard coherence. The
white dashed line marks the cone of influence (COI). When
computing CWT using convolution procedure, edge artefacts
cannot be ignored. That is why COI is introduced to describe
the area in which the power of the shifted wavelet drops to
e−2 of the value at the edge [35].

If there is noise involved, the number of trials is impor-
tant and should be considered. Figure 5 shows the result of
WC with the associated significance test where SNR=−5 dB
and n = 5. The linear synchronisation around frequencies of
10Hz and 30Hz is distinguishable. The temporal resolution
of the interaction is close to the ideal one since the ending
points of high coherent frequencies at 10Hz and 30Hz are
located close to [0.1 s, 0.5 s] and [0.6 s, 0.9 s]. However, high
coherence values can be observed in the high-frequency
band and very low-frequency band, which are determined
as significant, which are artefacts. This is caused by the
introduction of severe noise. Figure 6 shows the results using
WCS for the same parameter settings. It shows a clearer plot
with better contrast comparing to Figure 5. The simulated
synchronisation can be easily differentiated from the rest
of the noisy values based on the graph of significance test
(see Figure 6(b)). This is explained by the normalisation
process followed in the CWT process by Grinsted, where
the energy of the wavelet signals is normalised (L2 normal-
isation). One direct consequence of L2 normalisation is that
the values at higher frequencies are compressed more than
those at lower frequencies.

To quantitatively study the influence of SNR and the
number of trials on the results, the 2-D correlation coefficient
between the significance tests of the ideal case (see Figure 4)
and the testing case (see Figure 6(b)) is employed to measure
the accuracy of connectivity detection. The equation to calcu-
late the correlation coefficient of two images A and B can be
written as

r =
〠i〠j Aij − A Bij − B

〠i〠j Aij − A 2 〠i〠j Bij − B 2
, 13

whereA and B denote the means ofA and B, respectively, and
i and j denote the indexes of horizontal and vertical direc-
tions, respectively. A closer value of correlation coefficient
to 1 indicates a better performance of detection. In this test,
the SNR was varied from 30dB to −10dB with the step of
1 dB, and n was varied from 1 to 50 with the step of 1. The
result is illustrated by a coloured matrix of correlation values,
as shown in Figure 7. Drawing a horizontal line across the
SNR axis, it can be observed that the correlation value
increases with the number of trials. The increment rate is
faster at higher levels of noise (lower value of SNR) than
lower noise levels (higher value of SNR). A distinctive high
noise range exists from 5dB to −5 dB where limited trials
(less than 6) can produce good results. For SNR<−5 dB
and SNR> 10 dB, a significant number of trials are required
to achieve reliable results. The fact of getting better results

Wavelet cross-spectrum

Significance test Phase lag
characterisation

Multiple trial
collection/extraction 

Sufficient
trial? 

Yes

No

Average WCS

Figure 2: The flowchart of the proposed correlation analysis
framework.
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with high noise levels (from 5dB to −5 dB) with limited trials
than those with low noise levels (>10 dB) can be explained by
the influence of the Tukey window. When applied to short-
time segments of low-frequency components, such a window
function generates low-frequency artefacts. These artefacts
can pass the statistical test when the threshold is low, which
happens if the variance of both signals is low, or, in other
words, when low noise is applied to the signal. This means,
the noise level can influence the variance and thus the statis-
tical threshold and finds a balance where the threshold only
shows the sequential linear interactions without artefacts.

To complement the WCS results, Figure 8 shows the
estimated WPLI results with the noise level of −5 dB and 5
trials. Although the first interaction at 10Hz is still differen-
tiable, the second interaction at 30Hz is not so clear when

comparing with the rest of the noisy values. It should be
noted that WPLI values are not aiming at locating strong lin-
ear interactions but indicating the consistency of time lag,
which helps distinguish the true interaction and artefact.
Combining Figure 8 with Figure 6, it can be observed that
the synchrony at 10Hz shows higher phase lag consistency
than that at 30Hz. Considering the time delay of the two
components (f1 = 10Hz and f2 = 30Hz) were set to 25ms
and 14ms, respectively, the phase difference is θ1 = 90° and
θ2 = 135°. According to Figure 1, the weight of θ1 is higher
than the weight of θ2; hence, WPLI values around the inter-
action of f1 have higher contrast than those of f2.

5. Results on Essential Tremor Data

5.1. Data Collection. All electrophysiological recordings were
obtained with a multichannel Natus Quantum Amplifier
(Optima Medical Ltd.). Four types of data were available
for each recording: scalp electroencephalography (EEG),
intracranial thalamic (VIM) local field potentials (LFPs),
electromyography (EMG) with surface electrodes, andmono-
axial accelerometer recordings from the hands and head. All
data were sampled at 16.38 kHz and then downsampled to
2 kHz. This study focuses only on the interactions between
thalamic LFPs and contralateral EMG (as each right and left
half of the brain supplies the contralateral side of the body).
LFPs refer to the summated electrical neuronal activity
recorded with the DBS leads from the VIM thalamus. This
activity was recorded by a quadripolar DBS lead with three
possible input channels (0-1, 0–2, and 0–3) taking the pole
0 as a reference. Figure 9 shows an illustration of the lead lay-
out. EMG data was recorded by surface EMG electrodes
placed in different arm muscles. Given three LFP channels
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and five EMG channels, there are 15 possible pairs to be ana-
lysed in terms of interactions. However, based on previous
observations from our clinical work, the right triceps brachii

muscle (commonly showing well-formed tremorogenic oscil-
lations) and the left 0–3 LFPs were considered in this work.
Therefore, this pair is primarily studied below.
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Figure 5: Results of wavelet coherence associated with significance test for the simulation example where SNR=−5 dB and n = 5.
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Figure 6: Results of WCS associated with significance test for the simulation example where SNR=−5 dB and n = 5.

5040

0.5
0.55
0.6
0.65
0.7
0.75

0.85
0.8

0

−10

−5

5

10

15

20

25

30
0.9

3020
N trials

C
or

re
lat

io
n 

co
ef

.

10

SN
R 

(d
B)

Figure 7: The accuracy of connectivity detection using WCS,
represented by the 2-D correlation coefficient, for various levels of
noise and number of trials.

10.8

−0.8
−0.6
−0.4
−0.2
0
0.2

0.6
0.4

4

8

16

32

64

128

256 0.8

0.60.4
Time (sec)

PL
I m

ag
ni

tu
de

Weighted phase lag index

0.20

Fr
eq

ue
nc

y 
(H

z)

Figure 8: The estimated weighted phase lag index for the simulation
example.

7Complexity



5.2. Multiple-Trial Data Extraction. The simulation example
has demonstrated that the use of multiple trials or realisa-
tions of an event was important to better reveal significant
interactions. However, it is not possible to repeat the same
ET event in the same subject with the same conditions
such as timing within each tremorogenic oscillation. To
overcome this issue, the tremorogenic EMG signal trials were
substituted by time segments coming from a long single trial
signal. The necessary condition for extracting statistical
properties by analysing data over time instead of evaluating
several data samples is called ergodicity [36]. This is an
important assumption that the target signal is considered as
stationary instead of nonstationary and thus not assuming
dynamical changes along the entire signal. However, it does
not impede the detection of dynamic changes on frequential
interactions. If the dynamic changes occur periodically, the
true interactions will be enhanced by considering those
time segments, while noise will be attenuated. Additionally,
restricting time segments around a specific time interval,
with the right number of trials and overlap, will make possi-
ble to see how local stationarity properties change over time,
similar to a sliding-window technique, but the selection of
widow size is not required.

For correcting this issue of the timing offset, a reference
point, for each time segment extracted, is set as the closest
peak of the EMG signal. Through this manner, phase cancel-
lation artefacts can be avoided to some extent. To detect the
peaks on EMG, the procedure follows three steps. The first
step processes the data with a linear low-pass filter (passband
edge frequency 15Hz, stopband frequency 30Hz, passband
ripple 1 dB, and 60 dB of attenuation) since it is known that
the tremor appears at low frequencies and the filtered signal
is corrected with the corresponding delay of the filter. In the
second step, the frequency component with highest magni-
tude is analysed. In the third step, a peak neighbourhood
search is performed with a restriction based on the period of
the fundamental frequency. Figure 10 illustrates an example
of peak extraction from an epoch of EMG sample data com-
ing from the triceps brachii, where the top figure shows a time
series of raw EMG data and the bottom figure shows the fil-
tered data with the detected peaks marked by green lines.

5.3. Interaction Estimation Based on a Single Trial. Figure 11
shows the result of WCS of a 10 sec single trial between left
L0L3(LFP) and right triceps (EMG). As shown in the top
graph, there is a distinguishable linear interaction between
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Figure 9: Design of quadripolar DBS lead based on Medtronic DBS model 3387.
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LFP and EMG around 5Hz, which at the same time is the fre-
quency of the arm tremor (validated by the accelerometer
data). Moreover, the intensity of 5Hz interactions is inter-
mittent, showing peaks and troughs over time. In addition,
weaker synchronisation is present at lower and higher fre-
quencies. The significance test of a single trial is shown in
the bottom graph of Figure 11, where significant interactions
are observed from 1 to 128Hz when using a single trial that
as a result reduces the confidence level of estimation. Multi-
ple trials are required to improve the confidence level to
reveal the true significant interactions by reducing the influ-
ence of noise.

The colour scale establishes a range of values, in terms of
WCS module, of fourth order of magnitude. However, it is
not a reliable feature to compare with other combinations
of signals, since the scale depends on the amplitude of the

original signals that can differ depending on the impedance
and position of the reference electrode. Instead, comparing
different plots during a long period of time and checking
which one is more consistent and regular will lead to better
interpretation of the underlying interactions. Figure 12
shows theWCS results of a 15 sec single trial of five combina-
tions between LFPs and EMG recordings. In this figure, the
triceps brachii (a) presents a more stable and periodical
behaviour in terms of the linear spectral correlation with
L0L3. Figures 12(b), 12(c), and 12(e) show high spread values
over lower frequencies.

5.4. Interaction Estimation Based on Multitrial. Two param-
eters to be determined for multitrial analysis for real data
include the number of trials and the overlap rate. With sam-
pling starting from the 6th sec of the data of L0L3 and right
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Figure 11: Result of wavelet cross-spectrum of a 10 sec single trial between L0L3 LFPs and right triceps brachii EMG.
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triceps brachii with a window length of 1 sec epoch, the cor-
relation was estimated where the trial number was set as 10
and 20, and the overlap rate was set as 0%, 50%, and 75%.
For the trial number of 10 and the overlap rate of 0%, the
sampling windows are [6 s, 7 s], [7 s, 8 s],… , [15 s, 16 s]. It
should be noted that the overlap rates of 50% and 75% are
approximate values. The true overlap rates are determined
by the references points based on the closest peak of the
EMG signal. For example, the second window of the overlap
rate of 50% is not necessary to start exactly from 6.5 s. It starts
from the closest EMG peak around 6.5 s. Figures 13–14 show
the results of WCS with the trial number of 10 and 20 and
overlap rates of 0%, 50%, and 75%. In comparison with the
result of a single trial shown in Figure 15, results of the

multitrial highlight those interactions that keep repeating
over time and reduce the occasional high values that could
be artefactual. For example, the 5Hz tremor along with its
first harmonic at 10Hz shows a stable linear correlation.
Despite losing time resolution due to averaging, dynamic
changes in WCS values at higher frequencies are still observ-
able and could be genuine. A more regular temporal pattern
can be observed for the frequency band from 16Hz to 64Hz
following the increment of the overlap rate. The increased
number of trials makes the results smoother and more
consistent.

To evaluate the time lag of the significant interactions,
the WPLI approach was applied and the result is shown in
Figure 16. The higher contrast shows that components
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around the first harmonic of the tremor have the more prom-
inent phase lag.

6. Conclusions

This paper proposes a novel data analysis framework to study
thalamomuscular associations in essential tremor involving
three steps: correlation strength estimation, significance test,
and phase lag characterisation. This framework aims to
improve the robustness and reliability of correlation analysis
between the local field potential recordings from the brain
and the tremulous electrical activity recorded on EMG. It

has been shown in the simulation example that the proposed
approach can effectively evaluate the linear interaction
between two signals. The sensitivity analysis studies show
how the number of trials and noise level of measurement
affect the results. For data with noise level<−5 dB or
>10 dB, a significant number of trials produce much better
results. However, for data with noise level>−5 dB and
<5 dB, the number of trials has less influence on the findings.
The application of the method, on real data from two patients
with ET undergoing DBS surgery for tremor suppression,
demonstrates the validity of the proposed approach through
segmenting a long single epoch into a number of overlapped
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windows to produce the averaged strength of associations.
One limitation of this approach is that the result is difficult
to be quantified due to the complexity of WCS patterns if
the ground truth is unknown. Another potential limitation
is that the number of trials plays an important role in
improving the performance of this approach. With a single
trial, the significance test cannot be constructed. In the real
data application, it is not possible to repeat the same ET event
(i.e., tremorogenic oscillation) in the same subject with the
same conditions. Future work therefore will focus on quanti-
fication of the results and reduce the dependency from the
number of trials.

It should be noted that wavelet cross-spectrum and phase
lag characterisation used in this framework are not novel.
However, combining them together along with a significance
test is new. Furthermore, this is the first attempt to apply
wavelet-based correlation analysis on patients with medically
refractory essential tremor undergoing surgery. This paper
shows a clear association between the thalamic local field
potential recordings and the contralateral tremorogenic
EMG oscillations, at the frequency of the tremor and its first
harmonic (Figure 13). These interactions are beyond the
observational empirical interpretation of thalamic LFPs and
EMG recordings from patients with ET. This paper offers a

10 trials

0%
50

%
75

%
Significance test cross-spectrum

Si
gn

ifi
ca

nc
e c

ro
ss

-s
pe

ct
ru

m
Si

gn
ifi

ca
nc

e c
ro

ss
-s

pe
ct

ru
m

Si
gn

ifi
ca

nc
e c

ro
ss

-s
pe

ct
ru

m

Fr
eq

ue
nc

y 
(H

z)

256
512

1

0.8

0.6

0.4

0.2

0

1

0.8

0.6

0.4

0.2

0

Si
gn

ifi
ca

nc
e c

ro
ss

-s
pe

ct
ru

m

1

0.8

0.6

0.4

0.2

0

Si
gn

ifi
ca

nc
e c

ro
ss

-s
pe

ct
ru

m

1

0.8

0.6

0.4

0.2

0

Si
gn

ifi
ca

nc
e c

ro
ss

-s
pe

ct
ru

m

1

0.8

0.6

0.4

0.2

0

1

0.8

0.6

0.4

0.2

0

128
64
32
16

8
4

Fr
eq

ue
nc

y 
(H

z)

256

512

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(H

z)

256

512

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(H

z)

256

512

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(H

z)

256

512

128

64

32

16

8

4

Fr
eq

ue
nc

y 
(H

z)

256

512

128

64

32

16

8

4
6 6.2 6.4

Time (sec)
6.6 6.8 7

6 6.2 6.4
Time (sec)

6.6 6.8 7

6 6.2 6.4
Time (sec)

6.6 6.8 7 6 6.2 6.4
Time (sec)

6.6 6.8 7

6 6.2 6.4
Time (sec)

6.6 6.8 7

6 6.2 6.4
Time (sec)

6.6 6.8 7

Significance test cross-spectrum

Significance test cross-spectrumSignificance test cross-spectrum

Significance test cross-spectrumSignificance test cross-spectrum

20 trials

Figure 14: Significance test result of wavelet cross-spectrum for left L0L3 versus right triceps brachii based on multitrial analysis with
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framework that can be used to choose the thalamic contacts
that show the strongest association with the tremulous
EMG oscillations that if selected for high-frequency DBS
stimulation produce a better clinical outcome in comparison
to the empirical programming of the DBS device. Our clinical
experience so far confirms this hypothesis, but this will be
explored in a future study, on a significant number of
patients with ET, where the emphasis will be on the use of
such a framework to obtain best tremor suppression by
objective selection of the ideal contacts to stimulate. As more
complex multicontact directional DBS leads are already used
in various centres, evidence-based (both radiological and
neurophysiological) selection of the ideal contacts to stimu-
late will become increasingly important [7]. With this frame-
work, the electrophysiological LFP recordings and their
relationship to the tremor can be analysed to determine the
DBS lead contacts that show the strongest association with

the tremor and select them for stimulation. This work offers
the proof of principle required to assess the utility and the
limitations of this methodology. It has been demonstrated
that the proposed framework can reveal significant cerebro-
muscular interactions, in this instance thalamic (VIM) LFPs
versus the tremulous EMG activity, reaffirming in vivo that
this part of the thalamus is part of the central tremorogenic
network in ET. It could play an important role for future
research on developing a closed-loop DBS device. It also
has the potential to objectively determine in individual
patients which of the thalamic lead contacts shows objec-
tively the strongest association with the tremor, particularly
as multicontact leads make their way into clinical practice.
This thalamic lead contact could plausibly offer the best
tremor suppression for each patient. This hypothesis will
have to be confirmed in future electroclinical studies as our
clinical experience so far is pointing in this direction.
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Correct lateralization of temporal lobe epilepsy (TLE) is critical for improving surgical outcomes. As a relatively new noninvasive
clinical recording system, magnetoencephalography (MEG) has rarely been applied for determining lateralization of unilateral
TLE. Here we propose a framework for using resting-state brain-network features and support vector machine (SVM) for TLE
lateralization based onMEG.We recruited 15 patients with left TLE, 15 patients with right TLE, and 15 age- and sex-matched healthy
controls. The lateralization problem was then transferred into a series of binary classification problems, including left TLE versus
healthy control, right TLE versus healthy control, and left TLE versus right TLE. Brain-network features were extracted for each
participant using three network metrics (nodal degree, betweenness centrality, and nodal efficiency). A radial basis function kernel
SVM (RBF-SVM) was employed as the classifier. The leave-one-subject-out cross-validation strategy was used to test the ability
of this approach to overcome individual differences. The results revealed that the nodal degree performed best for left TLE versus
healthy control and right TLE versus healthy control, with accuracy of 80.76% and 75.00%, respectively. Betweenness centrality
performed best for left TLE versus right TLE with an accuracy of 88.10%.The proposed approach demonstrated thatMEG is a good
candidate for solving the lateralization problem in unilateral TLE using various brain-network features.

1. Introduction

Temporal lobe epilepsy (TLE) is the most common type of
drug-resistant focal epilepsy in adults [1]. TLE is traditionally
associated with mesial temporal sclerosis (MTS), cell loss,
and gliosis in the hippocampus, entorhinal cortex, and amyg-
dala [2]. Currently, surgical intervention is the main choice
of treatment for medically intractable TLE [3]. However,
surgery helps only 70% of patients become seizure free
[4]. Indeed, approximately one-third of TLE patients are
unable to control their seizures, even with the best available
medications and surgery. Correct clinical diagnosis for TLE is
critical for improving surgical outcomes and requires highly

trained professionals [5]. Manual diagnosis of unilateral TLE
using brain-neuroimaging methods is time-consuming, and
different experts may give contradictory diagnoses for the
same data [6]. Therefore, an objective and automated tool
that can accurately classify brain images is desirable for
presurgical evaluation of epileptogenic lateralization in TLE.

The support vector machine (SVM) method is a super-
vised machine learning technique for classification, and the
radial basis function (RBF) kernel is the most commonly
used kernel function for SVM [7]. As a classification tool,
the SVM technique is flexible, automated, and sufficiently
fast to operate in a clinical setting [8]. SVM algorithms have
been applied for measuring brain morphology [9], including
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cortical thickness, volume, curvature, and identification of
MTS in TLE patients. SVM approaches have been utilized to
determine lateralization of the TLE epileptogenic focus with
diffusion tensor imaging (DTI) structural connectomes [10].
Another study verified the use of SVM for voxel-based MRI
classification, and TLE with MTS can be distinguished from
TLE without MTS with over 88% accuracy [8].These investi-
gations have combined SVMwithMRI or DTI. However, one
of the newest neuroimaging tools, magnetoencephalography
(MEG), has rarely been applied for solving the classification
problem of unilateral TLE.

During the last decade, MEG has become increasingly
available as a noninvasive, reliable, fast, and patient-friendly
technique for recording brain activity [11–14]. MEG has been
widely applied for studying epilepsy disorders, particularly
the localization of pathological brain activity or lesions in
candidates for epilepsy surgery [15–17]. In addition, the
sensitivity of MEG has been investigated for spike detec-
tion that depends on two sensor types (magnetometer and
gradiometer) in patients with epileptic foci in the mesial
temporal lobe [18]. The results revealed that the magnetome-
ter was more sensitive in the mesial temporal area, whereas
the gradiometer performed better in the lateral temporal
area. In another study, the ability of MEG to determine the
localization and orientation of medial temporal spikes was
evaluated in patients with knownmedial TLE usingmagnetic
source imaging (MSI) with equivalent current dipoles (ECD)
[19]. The results revealed that MSI with ECD was able to
detect medial temporal spikes, providing important localiz-
ing information in patients with medial TLE. In our pre-
vious MEG study, we investigated the relationship between
endogenous neuromagnetic signals in patients with epilepsy
and epileptic foci determined by clinical data, analyzing the
performance of several existing methods for localizing the
epileptic focus, such as ECD, imaginary coherence (IC), and
synthetic aperture magnetometry (SAM) [20]. The results
suggested that the IC method performs better than ECD or
SAM for quantitatively identifying epileptic activity. Thus,
in the current study, we calculated connectivity matrices to
construct a brain-network for all participants, based on the
IC method.

Brain regions and the structural or functional associ-
ations between them constitute a brain-network. Complex
network analysis is useful for quantitatively characteriz-
ing the properties of brain-networks with a small number
of network measures [21, 22]. Recent studies have estab-
lished that TLE affects a distributed neural network, with
widespread extratemporal effects, rather than having a single
focal epileptogenic source [23–26]. Based on both structural
and functional connectivity (FC) analyses, accumulating
evidence suggests that brain-networks in TLE patients are
pathologically altered [27–30]. Hsiao et al. [31] investigated
FC alterations in the default mode network (DMN) in TLE,
using resting-state spike-free MEG recordings. Their results
revealed that TLE involved changes in FC within the DMN
and that the change was associated with the lateralization
of TLE. In right TLE, FC between the DMN and the
right medial temporal region is enhanced, while left TLE
involves enhanced FC between theDMNand bilateralmedial

temporal regions [31]. By analyzing resting-state MEG sig-
nals, Jin et al. [32] calculated betweenness centrality at the
source-level functional network in mesial TLE. The results
indicated that altered electrophysiological functional hubs
reflected pathophysiological brain-network reorganization
[32]. To test the hypothesis that FC and network characteris-
tics are useful for determining the lateralization of TLE, Yang
et al. extracted resting-state functional brain-network fea-
tures as inputs to an SVM [33]. Using a leave-one-out cross-
validation strategy, their SVM model achieved a prediction
accuracy of 83% with 12 TLE patients. However, there are
few studies using MEG data to construct functional brain-
networks for investigating the lateralization of unilateral TLE.

In the current study, we extracted brain-network features
of patients and healthy controls based on a resting-state
MEG scan, including nodal degree, betweenness centrality,
and nodal efficiency. The features were used as input to the
SVM to classify left TLE, right TLE, and healthy controls.
The results indicated that nodal degree exhibited the best
performance for left TLE versus healthy control and right
TLE versus healthy control, while betweenness centrality per-
formed best for left TLE versus right TLE. Thus, our findings
indicated that MEG is helpful for solving the lateralization
problem of unilateral TLE.

2. Materials and Methods

2.1. Patients and Healthy Control Participants. Thirty patients
with unilateral TLE (age range: 15–62 years, mean age: 38
years; 15 left TLE and 15 right TLE) were recruited at the
Nanjing Brain Hospital, NanjingMedical University. Seizure-
type classification was based on the International League
Against Epilepsy (ILAE) criteria [34] and the laterality of
the seizure origin was determined using clinical history,
a comprehensive neurological examination, interictal EEG
recordings, and neuroimaging. Fifteen healthy volunteers
(age range: 19–45 years, mean age: 27.9 years) were recruited
as controls who had no history of symptoms related to neu-
rological or psychiatric disorders. There were no significant
differences in age or sex between the groups.

2.2. Ethics Statement. A full explanation of this study was
provided to all patients and control participants before enroll-
ment. All participants provided voluntary and informed
written consent according to the standards set by the ethical
committee of Nanjing Brain Hospital of Nanjing Medical
University, who approved the study.

2.3. MEG Recordings. MEG recordings were performed
while participants were seated inside a magnetically shielded
room using a whole-head CTF 275-Channel MEG system
(VSM MedTech Systems Inc., Coquitlam, BC, Canada).
Before beginning data acquisition, three small coils were
attached to the nasion, left, and right preauricular points
on the head of each participant. The three coils were sub-
sequently activated at different frequencies for measuring
each individual’s head position relative to the MEG sensors.
The system allowed for head localization to an accuracy of
1mm. The sampling rate of MEG recordings was 1200Hz.
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All MEG data were recorded with noise cancellation of
third-order gradients. Each epoch took 120 seconds and
15 epochs were recorded from each participant. The head
position was measured before and after each epoch. The
limit for acceptable head movement during MEG recording
was 5mm. Spontaneous resting-state activity was recorded
while participants remained in a supine position with their
eyes closed. The resting-state in this study was defined as
spontaneous activity not evoked by cognitive tasks and in the
absence of seizure activity.

2.4. MRI Acquisition. MRI acquisition was similar to that in
our previous study [20]. MR images were acquired on a 3 T
scanner (Siemens Medical Solutions, Erlangen, Germany).
The protocol typically included the following sequences: (1)
A T1-weighted, 3D spoiled gradient-recalled echo in a steady-
state sequence with TR = 7.5ms, TE = min full, flip angle =
15∘, and field of view = 240mm × 240mm; (2) A T2-weighted
image, 2D fluid-attenuated inversion recovery (FLAIR) with
TR= 8000ms, TE = 120ms, TI = 2000ms,matrix = 192× 256,
field of view = 240mm × 240mm, and slice thickness = 5mm
in the coronal and axial planes, respectively. To allow for
accurate coregistration of the two data sets, the three fiducial
points were placed in locations identical to those of the three
coils used in the MEG recordings.

2.5. MEG Preprocessing. All MEG recordings were visually
examined off-line by two experienced epileptologists, and the
peaks of all epileptic spikes were marked manually based
on the MEG recordings. We extracted three quasi-stationary
segments (20 s per segment) from each participant. The seg-
ments were at least 10 s away from recent epileptic discharge
and free from eye- or muscle-related artifacts or epileptic
activities. Then, the data were band-pass filtered in the 1 to
4Hz range as a frequency band of interest for further analysis.
Preprocessing and analysis ofMEGdatawere performedwith
Brainstorm [35], a well-documented software package that is
freely available to download online under the GNU general
public license (http://neuroimage.usc.edu/brainstorm).

2.6. Network Construction. The Freesurfer open-source
software package was used to extract the cortical envelope
(http://surfer.nmr.mgh.harvard.edu/fswiki/DownloadAnd-
Install) of each subject based on their individual MRI
results. The cortical regions of interest (ROIs) in each
of the individual hemispheres were identified from the
reconstructed brain of each participant according to the
automatic anatomical labeling template, using Desikan-
Killiany atlases to define ROI [36]. The cortical surface
of each subject was downsampled to 15,000 vertices. The
standardized low resolution brain electromagnetic tomo-
graphy (sLORETA) was then used to extract time series
for each vertex [37] (See Brainstorm Tutorials for details,
http://neuroimage.usc.edu/brainstorm/Tutorials). sLORETA
was based on minimum-norm estimation (MNE) and the
cortical source activities (current density) were normalized
with an individual estimate of the source standard deviation
at each point. MNE can fit the MEG data through a forward
model with a solution of minimum energy. The method has

been identified as an efficient tool for functional mapping,
since it is consistent with physiology and capable of
correcting localization. Subsequently, the dynamic current
strengths of the source activity at grid points within each
ROI were averaged to represent the cortical source dynamics
of each ROI. Based on the time-varying source strengths, the
IC, which is insensitive to volume conduction effects [38],
was used to estimate the functional connectivity between
each pair of ROIs. The details of our IC calculations have
recently been published [20]. IC calculation resulted in
a full 68 × 68 adjacency matrix between ROIs for each
individual. The flowchart for the brain-network construction
is displayed in Figure 1.

In general, networks can be represented by graphs that
consist of sets of nodes and the corresponding sets of links
between the nodes [22, 39]. In this sense, ROIs are considered
to be the nodes of a network and the IC values are considered
to be the links between them. We calculated graph-theory
metrics from these weighted matrices using the GRETNA
toolbox [40] (https://www.nitrc.org/projects/gretna/) run-
ning in Matlab (version 8.1 (R2013a) Mathworks Inc.). The
sparsity threshold used for constructing weighted networks
was set from 5% (5% strongest connections (edges) were kept
along with their weights) to 40%, with step size of 1%, of
all the possible connections within networks, generating 36
thresholded weighted networks consequently.

2.7. Feature Extraction. Calculation of graph-theory mea-
sures provides three features to characterize the net-
work’s nodal properties in this work, including, nodal
degree (𝐷), nodal efficiency (𝐸), and betweenness centrality
(𝐵).

Measures of node centrality can effectively describe the
importance of individual nodes in the network. The nodal
degree is considered a basic and important measure of
centrality and represents how strongly one node is inter-
acting, structurally, and functionally, with other nodes in
the network. Besides node degree, measures of centrality
may be based on the length or number of shortest paths
between nodes [21]. The weighted degree of node 𝑖 is defined
as

𝐷𝑤𝑖 = ∑
𝑗∈𝑁

𝑤𝑖𝑗, (1)

where 𝑁 is the set of all nodes in the network and 𝑤𝑖𝑗 is the
connection weight of the link between nodes 𝑖 and 𝑗 (𝑖, 𝑗 ∈
𝑁).

Nodal efficiency is one of the most common measures
of integration and can be considered as the average inverse
shortest path length [41]. The weighted nodal efficiency is
defined as

𝐸𝑤𝑖 =
1
𝑛 − 1
∑
𝑗∈𝑁,𝑗 ̸=𝑖

(𝑑𝑤𝑖𝑗)
−1
, (2)

where 𝑛 is the number of nodes and 𝑑𝑤𝑖𝑗 is the shortest
weighted path length between nodes 𝑖 and 𝑗.

http://neuroimage.usc.edu/brainstorm
http://surfer.nmr.mgh.harvard.edu/fswiki/DownloadAndInstall
http://surfer.nmr.mgh.harvard.edu/fswiki/DownloadAndInstall
http://neuroimage.usc.edu/brainstorm/Tutorials
https://www.nitrc.org/projects/gretna/
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Figure 1: Flowchart showing the brain-network construction of spontaneous MEG based on the Desikan-Killiany Atlas. Numbers indicate the
five steps. Step (1): individual MRI slices were input into Freesurfer to create the brain-structure model. In this step, the skull and cortex
were recognized and their boundary surfaces were determined. The single sphere-based MEG forward model was employed to calculate
MEG lead fields. Step (2): the cortex was partitioned into regions based on the Desikan-Killiany Atlas in preparation. Step (3): filtered MEG
recordings were projected using the inverse problem algorithm (sLORETA) on the cortices of individual participants to obtain time series for
each voxel. Step (4): the time series were averaged over each atlas to produce 68 atlas-based time courses. Step (5): the connectivity matrix
was constructed using the 68 atlas time courses in preparation for network parameter calculation.

Betweenness centrality based on the number of shortest
paths between nodes is a relatively sensitive measure of cen-
trality [42].Theweighted betweenness centrality is defined as

𝐵𝑤𝑖 =
1

(𝑛 − 1) (𝑛 − 2)
∑
ℎ,𝑗∈𝑁
ℎ ̸=𝑗,ℎ ̸=𝑖,𝑗 ̸=𝑖

𝜌𝑤(𝑖)
ℎ𝑗

𝜌𝑤
ℎ𝑗

, (3)

where 𝜌𝑤ℎ𝑗 is the number of shortest weighted paths between
nodes ℎ and 𝑗 and 𝜌𝑤(𝑖)

ℎ𝑗
is the number of shortest weighted

paths between nodes ℎ and 𝑗 that pass through node 𝑖.
For each given threshold of network sparsity 68 node-

based metrics were extracted from the segmented ROIs of
each participant and the network metrics over 36 thresholds
were used to construct the feature vectors for each metric
and each subject. All the thresholds were gone through. The
optimal threshold that can provide the highest classification
accuracy was selected to construct the prediction model.

2.8. Support Vector Machine Classification. An SVM is a clas-
sifier that can automatically learn (supervised learning) and
produce a decision hyperplane to classify new examples [43,
44]. In this study, a radial basis function kernel SVM (RBF-
SVM) was used to distinguish between the groups (left TLE
versus healthy controls, right TLE versus healthy controls,
and left TLE versus right TLE). In contrast to linear SVM,
RBF-SVMcan provide a nonlinear boundary using the kernel
trick to transform a nonlinear space into a higher dimen-
sional space [45]. The RBF is commonly seen in 𝐾(𝑥𝑖, 𝑦𝑖) =
exp(−‖𝑥𝑖−𝑦𝑖‖2/2𝜎2), where 𝜎2 is the variance of the Gaussian

kernel [5, 46]. Principal component analysis (PCA) was
used to further reduce the resulting feature space [47].
SVM computing was performed using the LIBSVM toolbox,
available at https://www.csie.ntu.edu.tw/∼cjlin/libsvm [48].

We used the leave-one-subject-out cross-validation in
this study. In each step, one subject in class 1 and one subject
in class 2 construct a test set, and all the left data are treated
as a training set. For example, in case of left TLE versus right
TLE, the left and right TLE groups, respectively, contain 15
subjects. In the cross validation, one subject from left TLE
group forms the test set with anyone subject from right TLE
group, exhaustively obtaining 15 × 15 = 225 combinations
corresponding to a series of binary classifications. Mixing
one subject’s data in both training and test sets will give the
algorithm prior knowledge and cause fake high accuracy.
Hence, the leave-one-subject-out cross validation is a fair
evaluation scheme to truly reveal the robustness of the classi-
fier on overcoming individual differences. In otherwords, this
is an out-of-sample strategy to ensure the generalizability of
the established classifier for out-of-sample individual subjects
[49–51].

A confusionmatrix was used to evaluate the performance
of the algorithm. The lateralization problem was specified
into three binary classifications, including, right TLE versus
healthy control, left TLE versus healthy control, and, most
importantly, left TLE versus right TLE. For each task, samples
in the first class were considered “positive” while samples
in the second class were considered “negative.” Therefore,
for each test sample, a binary classifier has four possible
outcomes: True positive (TP); False positive (FP); True
negative (TN); False negative (FN).

https://www.csie.ntu.edu.tw/~cjlin/libsvm
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Figure 2: Flowchart showing the network parameter-based determination of TLE lateralization. First, based on the connectivity matrix shown
in Figure 1, node-related network parameters (node degree, node efficiency, and node betweenness) were calculated (step (1)). Node degree is
considered a basic and importantmeasure of centrality and represents how strongly one node is interacting, structurally and functionally, with
other nodes in the network. Node efficiency is one of the most commonmeasures of integration and can be considered as the average inverse
shortest path length. Node betweenness based on the number of shortest paths between nodes is a relatively sensitive measure of centrality.
The parameters were then incorporated into feature vectors. Here, we conducted dimension reduction using PCA (step (2)). The optimal
feature vectors were then input into an SVM for classification (step (3)). Finally, by training the SVM, unilateral TLE could be classified with
a high degree of accuracy.

Five values in the confusion matrix are employed to
evaluate the performance of the algorithm:

Accuracy = (TP + TN)/(TP + FP + TN + FN);
Sensitivity = TP/(TP + FN); Specificity = TN/(FP +
TN);
Positive Predictive Value, PPV = TP/(TP + FP);
Negative Predictive Value, NPV = TN/(FN + TN).

The flowchart of the RBF-SVM classification is shown in
Figure 2.

2.9. Principal Component Analysis (PCA). PCA is a statistical
procedure that uses an orthogonal transformation to convert
a set of observations of possibly correlated variables into a set
of values of linearly uncorrelated variables called principal
components. It is used here to reduce the dimensions of
feature vector in classification. A relatively smaller dimension
may improve the computational efficiency, especially in prob-
lems with a large number of samples and a high dimension
of feature vectors. Meanwhile, the PCA operation may drop
useless components in the feature vector, producing higher
confusion matrix values.

The algorithm traverses n (1–68) of the 68 PCA compo-
nents corresponding to the descending order of eigenvalues.
Only the optimal 𝑛 components are retained to construct the
prediction model.

3. Results

Although SVM is a powerful tool for classification, the
convolution-based algorithm operation is usually very time-
consuming. Before using SVM, it is still valuable to inspect
whether the network metrics can classify different groups
without the assistance of SVM. Group differences of 68
brain regions in the network metrics calculated based on
the optimal threshold were tested with two-tailed 𝑡-tests

for independent samples. The brain regions with between-
group differences (𝑃 < 0.05, uncorrected) are displayed in
Table 1. False discovery rate (FDR) correction [52] (𝑞 <
0.05) was used to control for multiple comparisons. None of
the significant differences survived the FDR correction. This
result suggests the need for mapping of the feature vectors
into the higher dimensional space, making it possible to
distinguish the MEG data by a powerful classifier, such as
RBF-SVM.

The RBF-SVM was utilized to build a nonlinear model
that predicted TLE laterality based on the brain-network fea-
tures using a leave-one-subject-out cross-validation strategy.
The performance of the RBF-SVM classification was esti-
mated by calculating the confusion matrix values as defined
above. The classification performance between groups was
shown in Table 2. For nodal degree (𝐷), the RBF-SVM
classifiers achieved the highest classification accuracy for left
TLE versus healthy controls (80.76%). For nodal efficiency
(𝐸), the resulting classifiers gained an appropriate level
of accuracy both for the left TLE versus healthy controls
(77.38%) and for right TLE versus healthy controls (73.81%).
The betweenness centrality (𝐵) provided the lowest accuracy
in left TLE versus healthy controls and right TLE versus
healthy controls. However, for left TLE versus right TLE, 𝐵
achieved the highest accuracy (88.10%), making it the best
feature for lateralization of TLE in patients’ groups.

4. Discussion

The feature vectors were constructed from the network
measures based on brain regions in the source space, rather
than the sensor nodes over the scalp. Each brain region with
an anatomical or functional label from a given atlas has its
own size and shape, whereas the sensor nodes are equal-
sized planes, which are approximately equidistributed over
the scalp [18]. Although TLE can result in pathophysiolog-
ical changes in some brain regions, changes might not be
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Table 1: Brain regions with significant differences (𝑃 < 0.05, two-tailed 𝑡-test, uncorrected) in nodal parameters between the groups.

Brain region Left TLE versus Right TLE Left TLE versus HC Right TLE versus HC
𝐷 𝐵 𝐸 𝐷 𝐵 𝐸 𝐷 𝐵 𝐸

bankssts L 0.0427
entorhinal L 0.0154
frontalpole L 0.0408
frontalpole R 0.0195 0.0398
inferiortemporal R 0.0289
lateraloccipital R 0.0189 0.0356 0.0323
medialorbitofrontal L 0.0238 0.0236 0.0282 0.0114
parahippocampal L 0.0475
parsorbitalis L 0.0198 0.0442 0.0181
parstriangularis R 0.0433 0.0370
postcentral L 0.0412
postcentral R 0.0422
precuneus R 0.0466
rostralmiddlefrontal L 0.0500
rostralmiddlefrontal R 0.0340 0.0412
superiorfrontal R 0.0149 0.0216
superiorparietal L 0.0199 0.0182
superiortemporal L 0.0137 0.0163 0.0219 0.0176
superiortemporal R 0.0168 0.0455
supramarginal R 0.0296 0.0361 0.0332
temporalpole L 0.0193 0.0455 0.0356
temporalpole R 0.0091 0.0189
transversetemporal R 0.0441 0.0075
None of the significant differences survived the FDR correction. TLE: temporal lobe epilepsy; HC: healthy control;𝐷: degree; 𝐵: betweenness; 𝐸: efficiency; L:
left; R: right.

Table 2: Classification performance between groups.

RBF-SVM classification 𝐷 𝐵 𝐸
Left TLE versus HC
Sensitivity 80.95% 76.19% 76.19%
Specificity 78.57% 71.43% 78.57%
PPV 82.82% 77.26% 78.21%
NPV 85.83% 72.62% 81.39%
Accuracy 80.76% 73.81% 77.38%
Right TLE versus HC
Sensitivity 80.95% 66.67% 78.57%
Specificity 69.05% 64.29% 69.05%
PPV 75.60% 75.64% 77.98%
NPV 75.60% 64.03% 75.12%
Accuracy 75.00% 65.48% 73.81%
Left TLE versus Right TLE
Sensitivity 73.81% 88.10% 73.81%
Specificity 73.81% 88.10% 76.19%
PPV 79.40% 90.60% 78.81%
NPV 79.40% 89.88% 78.10%
Accuracy 73.81% 88.10% 75.00%
HC: healthy control;𝐷: nodal degree; 𝐵: betweenness centrality; 𝐸: nodal efficiency.
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evenly spaced in the cerebral cortex. On the other hand,
network analysis in source space using MEG recordings has
been increasingly applied to neuroscience and neurological
disorders [53]. Therefore, we selected the brain regions as the
basic unit (network node) to calculate the network measures,
which were taken as feature vectors for the SVM.

The metrics used to measure the connectivity between
each pairs of nodes within networks also should be care-
fully selected. Compared with the other volume conduction
insensitive measures, such as the phase lag index (PLI) [54]
and the weighted phase lag index (WPLI) [55], IC is not the
newest and is thought to systematically underestimate the
true coupling strength because it normalizes the imaginary
component via signal amplitudes [54]. However, IC is still a
widely used technique for revealing altered FC and has been
applied in cases of brain tumors [56], brain lesions [57], and
other disorders. In addition, in source-level network analyses,
the IC has been suggested to effectively represent the true
coupling of two brain regionswith a nonzero time delay using
MEG data [31, 58]. Thus, we used the IC method to calculate
the FC matrix for each subject in the source space.

In the current study, we took advantage of the nodal prop-
erties of the brain-network to classify unilateral TLE patients
and healthy controls through RBF-SVMs that were trained
and tested using the leave-one-subject-out cross-validation
method. The classification accuracies were 73.81% to 80.76%
for left TLE versus healthy controls, 65.48% to 75.00% for
right TLE versus controls, and 73.81% to 88.10% for left
TLE versus right TLE, respectively. Among the different
classification tests, the best classification accuracy (88.10%)
was obtained using betweenness centrality in left TLE versus
right TLE. The current results reveal that not only nodal
degree, but also betweenness centrality and nodal efficiency
can achieve classification accuracies closely for unilateral TLE
versus healthy controls. Interestingly, betweenness centrality
performed better than nodal degree and nodal efficiency
in our study when classifying left TLE and right TLE. To
visually represent the results, we used a radar chart (Figure 3)
to compare the relative confusion matrix values for three
features. In the chart, a pentagon is used to represent the
performance of each feature on five performance measures
defined in the confusion matrix in the section above; for
each feature, its five performance measures are represented
by the five vertices of each pentagon in Figure 3. Better
features occupy a larger area in the radar chart. It is clear
that feature 𝐵 (betweenness centrality) performed better in
all confusion matrix values than 𝐷 (degree) and 𝐸 (nodal
efficiency). The maximum difference between 𝐵 and 𝐷 was
14.29% on sensitivity, specificity, and accuracy. Similarly, the
relative superior performance of betweenness centrality for
left TLE versus right TLE makes it more valuable for clinical
use, such as assisting epileptic foci localization.

Generally, a large dimension of feature vector may expo-
nentially increase the complexity of the SVM classifier. As
such, the value of feature vector dimension is desired as
small as possible without compromising the classification
accuracy. This is not a significant obstacle in the current
research because the dimension is limited to a maximum
value of 68 and the sample size of each class is only 45.
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Figure 3: Radar chart of the performance of three features for left
TLE versus right TLE. The output of each feature is represented by a
pentagon in specific color. The outermost grey line means the 100%
accuracy of the five values in the confusion matrix.
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Figure 4: Variations in classification accuracy with number of PCA
components. The 𝑥-axis represents the number of retained PCA
components. The left 𝑦-axis represents the classification accuracy.
The right 𝑦-axis represents the PCA percentile under different
number of PCA components.

However, to give some references for further study, the issue
was studied nevertheless. For space sake, we illustrated an
additional experiment on the best feature (𝐵, betweenness
centrality) in the left TLE versus right TLE classification
to demonstrate the effect of PCA in our study. Figure 4
indicates the relationship between classification accuracy and
the number of PCA components according to the descending
order of eigenvalues. The classification accuracy increases
with the number of PCA components and plateaus at 55 (95%
percentile) with the classification accuracy of 88.10%, achiev-
ing the dimensionality reduction at (68 − 55)/68 = 19.12%.
The relationship between the number of PCA components
and the classification accuracy maintained a similar pattern
in other classification cases.
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The current study has two advantages that should be con-
sidered. First, similar to a previous study [10], our study used
a graph-based approach in which the nodal properties of the
brain-network were input into the SVM. Evidence indicates
that unilateral TLE is a network disease rather than a disease
with a single focal region [23–26]. Additionally, graph-theory
metrics are able to summarize the network properties with
less computational cost than the voxel-based and skeleton-
based methods [8, 10, 59]. Additionally, for classification of
TLE lateralization, MEG has higher temporal resolution than
MRI [9, 45], fMRI [33], or DTI [8, 10, 59]. Thus, method that
can analyze the effects of different frequency bands, especially
the frequency band in which epileptiform discharges, was
generated. Studies have shown that asymmetric and slow
activity of the delta band (1–4Hz) can reliably lateralize to
the epileptogenic hemisphere [14, 60–62]. Indeed, significant
differences in delta band activity were found between TLE
patients and controls in network analyses [31, 63, 64]. Thus,
we only selected one frequency band, the delta band, as
our frequency band of interest. Although we propose that
delta band-based network metrics are optimal for selection
of lateralization, further investigation is warranted to identify
and confirm the bands with the best lateralization outcomes.

The large age range of the subjects in the current study
should be considered as a potential limitation. Because a
relatively small number of suitable patients were available,
it was difficult to recruit enough patients within a narrow
age range. To enhance the reliability of our results, we plan
to conduct future studies of TLE lateralization in a patient
sample with a smaller age range.

Clinically, it is more significant to improve the classifica-
tion accuracy in left TLE versus right TLE than to increase
the one in TLE patients versus healthy controls. Our results
indicate that the network feature of 𝐷 is better than 𝐵 and
𝐸 in classifying left and right TLE with healthy control, with
accuracies of 80.76% and 75.00%, respectively. However, in
the classification of left TLE and right TLE, the metric 𝐵 has
better classification accuracy (88.10%) than𝐷 and 𝐸, which is
significant for determining lateralization of unilateral TLE in
clinic. Our results can be compared with those from a recent
study [10] that also utilized an SVM approach to determine
lateralization of theTLE epileptogenic focus. In that study, the
input vectors were four graph-theory metrics that were based
on DTI signals. Interestingly, and in line with our findings,
their results indicated that for left TLE versus healthy control,
and right TLE versus healthy control, classifiers based on
nodal degree (𝐷) had the best classification performance
compared with the other three measures. For left TLE versus
right TLE, their results showed the metric 𝐵 had the highest
classification accuracy. Thus, we suggest that, in clinic, when
identifying TLE patients from controls, the metric 𝐷 is
an optimal choice, and when evaluating lateralization of
unilateral TLE, the metric 𝐵 will be a better one.

5. Conclusion

As a relatively new noninvasive clinical recording system,
MEG is a powerful tool for epilepsy diagnosis. However,
MEG is seldom applied for determining lateralization of

unilateral TLE. This study demonstrated that MEG is a good
candidate for solving the classification problem of unilateral
TLE and that MEG source space brain-network features
can be effectively used for determining lateralization. The
classification accuracy using the RBF-SVMmethod based on
betweenness centrality was able to achieve an accuracy of
88.10% for TLE lateralization.
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Epilepsy is a group of neurological disorders characterized by epileptic seizures, wherein electroencephalogram (EEG) is one of
the most common technologies used to diagnose, monitor, and manage patients with epilepsy. A large number of EEGs have
been recorded in clinical applications, which leads to visual inspection of huge volumes of EEG not routinely possible. Hence,
automated detection of epileptic seizure has become a goal of many researchers for a long time. A novel method is therefore
proposed to construct a patient-specific detector based on spatial-temporal complexity analysis, involving two commonly used
entropy-based complexity analysis methods, which are permutation entropy (PE) and sample entropy (SE). The performance of
spatial-temporal complexity method is evaluated on a shared dataset. Results suggest that the proposed epilepsy detectors achieve
promising performance: the average sensitivities of PE and SE in 23 patients are 99% and 96.6%, respectively. Moreover, both
methods can accurately recognize almost all the seizure-free EEG.The proposed method not only obtains a high accuracy rate but
also meets the real-time requirements for its application on seizure detection, which suggests that the proposed method has the
potential of detecting epileptic seizures in real time.

1. Introduction

Epilepsy affects more than 50 million individuals worldwide
[1] and is characterized by the spontaneous and unforeseeable
occurrence of seizures [2], which may result in a general
convulsion or a lack of attention. Frequent seizures bring
individual’s risk of continuing physical injuries andmay even
lead to death. Electroencephalography (EEG) is an effective
and noninvasive technique for directly recording the brain
electrical activity and diagnosing clinical brain diseases [3].
Abnormal epileptic waveforms appear in EEG signal during
the epileptic seizure phase. For epilepsy patients, long-term
EEG recording lasting several days is usually applied to
localizing the epileptogenic foci in clinic. As a result, a large
number of EEG data are recorded and then visually inspected
by physicians for identifying seizure information in epilepsy
patients. However, visual inspection of long EEG recordings
by neurologists is a very cumbersome, time-consuming,

costly work, especially considering a large number of epilepsy
patients. Furthermore, routine visual assessment of EEG is
not a very objective process. Therefore, there is a great need
for detection of epilepsy seizures automatically in order to
reduce diagnosis time drastically.

It is well known that brain is a chaotic dynamical system
and the brain data tend to exhibit complex fluctuations
that contain information about the underlying dynamics
[4, 5]. Therefore, nonlinear analysis could better facilitate
revealing the mechanisms and characteristics of EEG. It has
been found that the EEG from the location of epileptic foci
owes strong indications of nonlinear determinism, while
that from other zones exhibits linear stochastic dynamics
[6], suggesting that nonlinear analysis of EEG in epilepsy
may provide useful information for seizure detection. With
the rapid development of nonlinearity theory, information
entropy analysis is becoming a predominant field to study
nonlinear dynamics of EEG signal. One big advantage is that

Hindawi
Complexity
Volume 2017, Article ID 5674392, 8 pages
https://doi.org/10.1155/2017/5674392

https://doi.org/10.1155/2017/5674392


2 Complexity

it only needs hundreds of points to describe the entire system,
compared with other nonlinear algorithms such as Lyapunov
exponent which usually requiresmore than thousands of data
points to obtain correct results [7].

Entropy represents the predictability (irregularity) of sys-
tems in information theory. Lower values of entropy always
relate to less randomness and larger system order.Thus,many
complexity concepts are related to entropy. Recently, entropy-
based complexity methods have been used to analyze epilep-
tic EEG data. Approximate entropy (ApEn) was first used
to study normal and epileptic EEG data in [8]. A modified
algorithm of ApEn, called sample entropy (SampEn), was
then introduced for automatic epileptic seizure detection in
EEG recordings [9]. Generally, ApEn is inherently biased
because of incorrectly counting self-matches, while the cal-
culation of SampEn overcomes this limitation, resulting in
better performance in detecting seizures [10]. However, both
these two algorithms are based on the amplitude of EEG
data, which leads them to be vulnerable to the selection
of reference electrode and the artifacts in EEG data [11].
Li et al. used another order pattern based entropy method
(called permutation entropy, PE) as an indicator to predict
the epileptic seizures in genetic absence epilepsy rats, and
the results showed that PE can successfully detect preseizure
phase in 169 of 314 seizures (54%), which was higher than
SE (21%) in [12]. Permutation entropy was also applied
to analyzing EEG data in patients with epilepsy, which
demonstrated that the EEG during the seizure-free phase is
characterized by a higher value of permutation entropy than
the EEG during the seizure phase [13, 14].

Though the entropy-based complexity methods have
shown promising results on detection of epileptic seizures
[3, 12, 15, 16], it is still an open problem how to bring out
the full potential of complexity to enhance the reliability
and accuracy of EEG analysis. Meanwhile, some methods
only have promising results for selected patients with seizure
of single type (such as temporal lobe seizure); the repro-
ducibility and reliability of the results have been questioned
when being tested on other patients with numerous seizure
types [17]. Furthermore, the characteristics of EEG vary
significantly across patients. And this cross-patient variability
in seizure and nonseizure activity causes patient nonspecific
classifiers to exhibit poor accuracy or long delays in declaring
the onset of a seizure. To overcome these problems, in this
study, a generalized spatial-temporal complexity method is
proposed to develop a high-performance patient-specific
seizure detector. In our detector, the potential reason of high
accuracy is a completely automated process for constructing
a feature vector that unifies in a single feature space with
the spatial properties of the electrical activity and time
evolution of complexity in brain. Previous patient-specific
methods classified spatial and temporal features separately
and required a skilled individual in interpreting the brain
electrical activity to specify how such features should be
integrated [18, 19].

In his study, both PE and SE are adopted to implement
the proposed spatial-temporal complexity detector. To val-
idate the performance of the proposed method, a shared
dataset from CHB-MIT is used [20]. Results show that the

proposed epilepsy detectors achieve promising performance:
the average sensitivities of PE and SE in 23 patients are
99% and 96.6%, respectively. Moreover, both the PE and
SE-based detector can accurately recognize almost all the
seizure-free EEG. As the proposed seizure detection method
not only obtains high accuracy rate but also has a very
fast computational speed, this suggests its huge potential on
detecting epileptic seizures in real time.

2. Materials and Methods

2.1. EEG Datasets. In this paper, the performance of our
proposed method was tested on a shared dataset, which
has been widely used during the past few years. The EEG
dataset was recorded from pediatric subjects with intractable
seizures at Children’s Hospital Boston.This database contains
22 subjects (17 females, ages 1.5–19; 5 males, ages 3–22) and
can be downloaded from the PhysioNet website: http://www
.physionet.org/pn6/chbmit/. The International 10-20 system
of EEG electrode positions and nomenclature was used to
collect these EEG recordings. All signals were sampled at 256
samples per second with 16-bit resolution and filtered within
a frequency band from 0.5Hz to 25Hz. To characterize their
seizures, patients were monitored for up to several days after
the suspension of antiseizure medication. More details about
the dataset can be found from [20].

Generally, seizure detection can be translated into a
binary classification problem: ictal (the seizure phase) and
interictal EEG (the seizure-free phase), in spite of the fact
that the underlying physiological activity is multiclass. This
is because it is neither easy nor practical for an expert to
identify and label the subclasses of the seizure and seizure-
free phases. In addition, dividing an EEG recording into
two encompassing classes, seizure-free and seizure, is also
consistent with standard clinical practices. In this database,
EEG signal has been marked as “seizure” by experts in all
channels from seizure start to end; EEG recordings out of the
period of “seizure” were considered as “seizure-free.”

In this shared dataset, epilepsy patients were monitored
for up to several days, resulting in that each patient contains
between 9 and 42 continuous EDF files (also called records).
In most cases, the record contains exactly one hour of
digitized EEG data, except for a few records that contain
two- or four-hour EEG data. Only the records containing at
least a seizure (called seizure records) are used to train or
validate the performance of our seizure detector. For each
seizure record in a single subject, 300 interictal EEG epochs
(4 seconds) are randomly selected from the seizure-free phase
and 3 ictal EEG epochs (4 seconds) are randomly selected
from the seizure phase. Why much more interictal EEG
epochs are chosen is because seizure is a rare event relative
to seizure-free event. In addition, only the first 20-second
EEG of seizures are considered in this study, since this period
is more clinically meaningful. Previous work demonstrated
that artifact removal before seizure detection can improve
the classification accuracy [21], while this work would not
do any preprocessing to show the robustness of the proposed
detector.

http://www.physionet.org/pn6/chbmit/
http://www.physionet.org/pn6/chbmit/
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Figure 1: Six motifs for the embedding dimension𝑚 = 3, including “slopes,” “peaks,” and “troughs.”

2.2. Complexity Features. In all the entropy-based complexity
methods, permutation entropy (PE) and sample entropy (SE)
are two of the most common used methods for physiological
signal analysis. Hence, this work adopts permutation entropy
and sample entropy to construct detector, respectively.

2.2.1. Permutation Entropy. Permutation Entropy (PE), pro-
posed by Bandt and Pompe, is a nature complexity measure
for physiologic time series [22]. In this method, a time series
is first mapped to a sequence of order patterns based on
comparison of neighboring values, and then PE is calculated
based on the statistical measure of relative frequencies of
order patterns. Given a time series (𝑥𝑡, 𝑡 = 1, 2, . . . , 𝑁), delay
vectors 𝑋𝑡 = [𝑥𝑡, 𝑥𝑡+𝜏, . . . , 𝑥𝑡+(𝑚−1)𝜏] are constructed by an
embedding procedure with embedding dimension, 𝑚, and
time lag, 𝜏.The vector is then arranged in an ascending order:
[𝑥𝑡+(𝑗1−1)𝜏 ≤ 𝑥𝑡+(𝑗2−1)𝜏 ≤ ⋅ ⋅ ⋅ ≤ 𝑥𝑡+(𝑗𝑑−1)𝜏]. There will be
𝑚! possible order patterns 𝜋 (also known as motifs) for 𝑚
different numbers. As shown in Figure 1, there are 6 different
motifs for 𝑚 = 3, which include “slopes,” “peaks,” and
“troughs.” When 𝑓(𝜋𝑗) denotes the frequency of occurrence
for motif 𝜋𝑗 in the time series, the relative frequency is thus
𝑝(𝜋𝑗) = 𝑓(𝜋𝑗)/(𝑁 − (𝑚 − 1)𝜏). The permutation entropy is
defined as

PE = −
𝑚!

∑
𝜋𝑗=1

𝑝 (𝜋𝑗) log2𝑝 (𝜋𝑗) . (1)

In practical use, PE is often normalized by PE/log2(𝑚!).
The smallest value of PE is 0, which means that the time
series is absolutely regular; the largest value of PE is 1, which
means the time series is completely random. In other words,
the smaller the PE is, the more regular the time series is. In
the calculation of PE, only considering the ordinal patterns,
the PE value is thus irrelevant to the amplitude of time series,
meaning less sensitive to noise embedded in time series. In
the EEG application, PE should be extracted from a reason-
ably short time epoch as EEG is nonstationary.However, EEG
cannot be segmented into very short physiologically relevant
units. For the sake of compromise, two-second long epoch is
used in this study.

The calculation of PE depends on two parameters:
embedding dimension (𝑚) and time lag (𝜏). In general, a
too small 𝑚 will lead few possible motifs and thus a low
sensitivity. On the other hand, there will be a high biased
entropy when𝑚 is too high, since every motif will occur just

a few times. In all, it was shown that the choice of𝑚 depends
on the length of data (𝑁), with 𝑚! ≪ 𝑁. As the length of
each epoch is just 512 points (2 seconds),𝑚 = 3 is appropriate
for this study. As for the time lag 𝜏, the choice is critical for
the frequency behavior of the signal. As some high frequency
components will be discarded for 𝜏 > 2, 𝜏 = 1 is adopted in
this study.

Following the onset of most seizure, brain dynam-
ics develop rhythmic activity that is typically slow and
monotonous, which means that ictal EEG is more regular
than interictal EEG. As illustrated in Figure 2, the black curve
in Figure 2(c) represents the time evolution of the PE values of
FP1-F3 channel (Figure 2(b)), which was involved in a seizure
and selected from a multichannel EEG recording in Patient
I (Figure 2(a)). From Figure 2(b), it can be found that EEG
wave following a seizure (onset at 2589 s) is slow and regular
than the preceding EEG. And the corresponding PE values in
the seizure phase are lower than those in seizure-free phase.

2.2.2. Sample Entropy. Sample entropy (SE), a modification
of approximate entropy (AE), is usually used to assess
the complexity of physiological signals [10]. SE has two
advantages over AE: data length independence and a rel-
ative trouble-free implementation. For a given embedding
dimension 𝑚, time lag 𝜏, and tolerance 𝑟, SE is the negative
logarithm of the probability that if two sets of simultaneous
data points of length 𝑚 have distance < 𝑟 then two sets of
simultaneous data points of length 𝑚 + 1 also have distance
< 𝑟.

Given a time series (𝑥𝑡, 𝑡 = 1, 2, . . . , 𝑁), we can construct
delay vectors𝑋(𝑚, 𝑡) = [𝑥𝑡, 𝑥𝑡+𝜏, . . . , 𝑥𝑡+(𝑚−1)𝜏] at time 𝑡 with
embedding dimension, 𝑚, and time lag, 𝜏. If the distance
between two vectors is defined as 𝑑(𝑋(𝑚, 𝑡), 𝑋(𝑚, 𝑡)), the
number of vector pairs in delay vectors of length 𝑚, 𝑚 + 1
having 𝑑(𝑋(𝑚, 𝑡), 𝑋(𝑚, 𝑡)) < 𝑟 is counted and denoted by 𝐵
and 𝐴, respectively. The sample entropy can be defined as

SE = − log 𝐴
𝐵
. (2)

It should be noted that A always has a value smaller or
equal to B, meaning that SE is always either zero or a positive
value. A small value of SE also indicates more self-similarity
and regularity in the dataset. In general, 𝑟 = 0.2∗ std (𝑥) is
most commonused andoffers very goodperformances [9, 11].
To keep consistency with PE,𝑚 = 3 and 𝜏 = 1 are set for SE.
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Figure 2: (a) The continuous multichannel EEG recording (23 channels) with a seizure in Patient I. (b) The EEG channel FP1-F3 involved in
seizure activity. (c) Time evolution of the values of PE for FP1-F3 channel. The length of window is 1 s, and the step is 1/8 s. Almost all of the
PE values in seizure state are lower than those in seizure-free state.

2.3. Spatial Features. The identity of the EEG channels
involved in seizure can further differentiate seizure EEG
from seizure-free EEG. This is because seizure types in this
database belong to partial seizure or focal onset seizure (such
as temporal lobe seizure), which has a focal origin. Hence,
only a set of EEG channels develop rhythmic activity after
the seizure onset. Moreover, the identity of the EEG channel
involved and the structure of the rhythmic activity differ
across individuals. For example, Figures 2 and 3 illustrate
seizures fromdifferent patients. Patients I’s seizure in Figure 2
begins at the 2589th second and is characterized by the
appearance of rhythmic activity most prominent on the
channels FP1-F3. Patients II’s seizure in Figure 3 begins
at the 1015th second and rhythmic activity develops most

prominently on channels P8-O2 and FT9-FT10 with the
increase in amplitude and decrease in frequency.

In spite of the fact that seizures vary across individuals,
the seizures of any given individual exhibit considerable
consistency, provided that they emerge from the same brain
region. Figure 4 illustrates another seizure from Patient I.
It should be noted that the spatial and rhythm character
of this seizure is similar to the seizure shown in Figure 2.
To automatically capture the spatial complexity information
contained within each two-second EEG epoch at time 𝑡 = 𝑇,
permutation entropies were extracted from each 𝑁 = 23.
EEG channels are concatenated, forming a feature vector
𝐻𝑇 with 𝑁 elements as shown in the middle portion of
Figure 5.
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Figure 3:The continuous scalp EEG recordings with a seizure in Patient II. The EEG channels (P8-O2, FT9-FT10) involved in a seizure were
marked as red.
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Figure 4: The continuous scalp EEG recordings with another seizure in Patient I. The EEG channels (FP1-F3) involved in a seizure were
marked as red.

2.4. Time Evolution. Though the spatial complexity feature
𝐻𝑇 can capture the dynamics of multichannel EEG ade-
quately, it is still unable to explore how an epoch relates
to those in the recent past, as the extraction of 𝐻𝑇 is only
based on the current epoch. Hence,𝐻𝑇 cannot reflect how a
seizure emerges from background EEG nor how it evolves. In
order to extract such evolution information, a stacked feature
vectorH𝑇, called spatial-temporal complexity, is constructed
by concatenating the spatial features from𝑊 nonoverlapping

consecutive 2-second epochs, as shown on the right side of
Figure 5.

It should be noted that encoding the temporal evolution
of EEG as H𝑇 is not equal to forming a single feature
vector 𝐻𝑇 from a longer epoch. This is because the former
preserves the discrete events, while the latter smears the
complexity signatures of those events. In general, when an
EEG abnormality is considered as a seizure, it should persist
and evolve for at least 4–10 seconds. To incorporate this
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Figure 5: The extraction process of spatial-temporal permutation entropy.

domain knowledge, 𝑊 is set as 2 in this study so that the
classifier considers the evolution of feature vectors over 4
seconds.

2.5. Classification. To evaluate the detectability of the pro-
posed spatial-temporal complexity, discriminant analysis
(DA) [23] is used to classify a feature vector into the
representative of seizure or seizure-free activity. DA performs
classification by minimizing the within-class covariance and
simultaneously maximizing the between-class covariance.
There are two reasons why we choose DA in this work: (1)
DA has preferable performance than other classifiers (such
as decision tree and support vector machine) in seizure
detection [3, 15]; (2) DA is a nonparameter classification
method, which is very convenient for clinicians to build the
basis for patient-specific detection. In addition, quadratic
discriminant analysis (QDA) is used to distinguish between
seizure and seizure-free phases in thiswork, asQDAhasmore
predictability power than linear discriminant analysis (LDA).

To estimate the classification performance for a patient,
a leave-one-out cross-validation scheme is adopted; we con-
sidered to evaluate the performance based on leaving out
hour-long records rather than second-long epochs, as the
latter would cause misleadingly good results by including
the features of training data close to temporal proximity
to those in the test data. Let 𝑁𝑠 (median 𝑁𝑠 = 5) denote
the number of seizure records. We train the detector on
the epochs selected from 𝑁𝑠 − 1 seizure records, and then
the detector is tested in the remaining seizure record. This
process is repeated 𝑁𝑠 times so that each seizure record is
tested. The average values of performance measures (such
as sensitivity and specificity) over the 𝑁𝑠 folds are taken as
the final estimates of the classifier performance. In this study,
the sensitivity and specificity are defined as the proportion
of ictal EEG and interictal EEG that are correctly identified,
respectively.

3. Results

3.1. Characteristics of Seizure EEG. To investigate the char-
acteristics of EEG with seizure, we firstly compare the
complexity of seizure EEG and seizure-free EEG. As different
patients in this dataset may have different seizure types,
only the channel where the rhythmic activity develops most
prominently is considered for each patient in this part. The
distribution of PE and SE of seizure-free and seizure EEG
for all 23 patients is illustrated in Figure 6. It can be found
that the PE values of seizure EEG (0.57 ± 0.036) are much
lower than those of seizure-free EEG (0.62±0.03), and the SE
values of seizure EEG (0.35 ± 0.1) are also much lower than
those of seizure-free EEG (0.46±0.11). To investigate whether
their distributions are significantly different, the paired 𝑡-
test is then performed. And the result shows that both the
differences of PE (𝑡(22) = 9.66, 𝑝 < 0.001) and SE (𝑡(22) =
7.73, 𝑝 < 0.001) are significant, which means that the
complexity of seizure EEG is significantly lower than that of
seizure-free EEG. Epileptogenic processes are hypothesized
to result from an abnormal hypersynchronization of the
electrical activity of different zones in the brain. In the
underlying complex network, a “critical” node associated
with a “critical area” (i.e., the epileptogenic zone) starts a
recruitment procedure of other areas until the brain triggers
the seizure in order to reset this unbearable condition [24].
The neuronal hypersynchronization is expected to affect the
complexity of the EEG signal itself: indeed, an excess of syn-
chronization of the nodes of the underlying complex network
may also anticipate a substantial complexity’s reduction of the
EEG signal. Together with our findings, complexity of scalp
EEG can be used as an indicator to monitor the dynamics of
brain state.

3.2. Sensitivities of Detectors. Overall, our spatial-temporal
complexity detector can obtain very promising performance:
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Figure 6: Boxplot of permutation entropy (a) and sample entropy (b) for interictal and ictal EEG on all the 23 patients. On each box, the
central mark is the median, the edges of the box are the 25th and 75th percentiles, and the plus signs represent outliers which are more than
1.5 times the interquartile range.
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Figure 7: Sensitivity of our patient-specific detector.

the average sensitivities of PE and SE over 23 patients are 99%
and 96.6%, respectively. More specifically, the sensitivities of
PE and SE for each patient are illustrated in Figure 7. It can
be found that the lowest sensitivity of our detector is 88.9%,
and the PE detector even can precisely identify ictal EEG for
all the patients except for patients 12 and 23.

3.3. Specificities of Detectors. The proposed spatial-temporal
complexity detector can accurately recognize almost all the
interictal EEG, and both the specificities of PE and SE
approach to 100%. To in-depth demonstrate the advantages of
our proposed detector, Figure 8 gives the cumulative number
of false detection of interictal EEG for each patient. It can be
found that there is no false detection inmost patients for both
PE and SE detectors. The highest number of false detection
number is only 4 for the SE detector in patient 17, which is
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Figure 8: Specificity of our patient-specific detector.

very small as there are 900 interictal EEG (300 ∗ 3, 3 seizure
records in patient 17).

4. Discussion and Conclusion

Epileptic seizures involve most of the cerebral cortex, and the
dynamic mechanism of the transition from the seizure-free
phase to the seizure phase is highly complicated. Moreover,
for different patients and different seizure onset, the involved
cortical areas and the time course in the seizure transition are
different. Therefore, an efficient and robust seizure detection
method which is able to distinguish between seizure-free
EEGs and seizure EEGs in a fast and precise way is highly
desirable [9]. In this paper, a novel method for automatic
detection of epileptic seizure is proposed based on the spatial-
temporal complexity of scalp EEG. As the proposed feature
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can take full advantage of spatial information to represent
different seizures, it can be directly used to construct patients-
specific detectors. The results show that our proposed detec-
tor can accurately identify 88.9% seizure EEG at least for a
single patient and almost all the seizure-free EEG.

Although both the PE and SE-based spatial-temporal
complexity methods have exciting performance in seizure
detection, the detectability of PE still outperforms that of
SE. PE is associated with the order structure of vectors in
a phase space while SE is based on the similarity of vectors
in a phase space, which means that PE is less sensitive to
noise embedded in EEG recordings [25]. Furthermore, the
advantage of PE is that it can be applied to clinical real-
time online monitoring of epileptic seizures because of its
simple implementation and fast computation. Therefore, the
high identification performance and the low computational
cost make it possible to build a real-time detection system
of epileptic seizures on the basis of the spatial-temporal PE
method.
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