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ARTICLE INFO ABSTRACT

There have been different efforts to predict epileptic seizures and most of them are based on the analysis of
electroencephalography (EEG) signals; however, recent publications have suggested that functional Near-
Infrared Spectroscopy (fNIRS), a relatively new technique, could be used to predict seizures. The objectives of
this research are to show that the application of fNIRS to epileptic seizure detection yields results that are
superior to those based on EEG and to demonstrate that the application of deep learning to this problem is
suitable given the nature of fNIRS recordings. A Convolutional Neural Network (CNN) is applied to the pre-
diction of epileptic seizures from fNIRS signals, an optical modality for recording brain waves. The im-
plementation of the proposed method is presented in this work. Application of CNN to fNIRS recordings showed
an accuracy ranging between 96.9% and 100%, sensitivity between 95.24% and 100%, specificity between
98.57% and 100%, a positive predictive value between 98.52% and 100%, and a negative predictive value
between 95.39% and 100%. The most important aspect of this research is the combination of fNIRS signals with
the particular CNN algorithm. The fNIRS modality has not been used in epileptic seizure prediction. A CNN is
suitable for this application because fNIRS recordings are high dimensional data and they can be modeled as
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three-dimensional tensors for classification.

1. Introduction

Prediction of epileptic seizures refers to the analysis of brain signals,
extracted from an epileptic patient, to detect the future occurrence of a
seizure. There are four states within a brain signal, which is extracted
from an epileptic patient. The ictal state is the signal fragment where an
epileptic seizure occurs; the pre-ictal state is the segment that happens
before the onset of a seizure; post-ictal is the state that follows a seizure,
and inter-ictal is the fragment between the end of post-ictal and the start
of pre-ictal. In this work, we merge post-ictal and inter-ictal states into
one state, inter-ictal. Furthermore, we discard the ictal state since de-
tecting an epileptic seizure, when it is happening, is of no interest for
seizure prediction. Thus, we only consider two states, inter-ictal and
pre-ictal. Epileptic seizure prediction is achieved when the system de-
tects the pre-ictal state [1].Real-time epileptic seizure prediction mainly
consists of two stages: (1) extraction of a tensor from the signal of
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interest, at any time position; and (2) classification of the tensor as
inter-ictal or pre-ictal. Epileptic seizures are predicted when pre-ictal
segments are correctly detected. Detection of the ictal state is of no
interest since the goal is detecting a seizure before it happens by
identifying the occurrence of the pre-ictal state. Thus, ictal fragments
are of no use. There have been different efforts to predict seizures and
most of them are based on the analysis of electroencephalography (EEG)
signals [2]; however, recent publications have suggested that fNIRS
signals, a relatively new modality, could be used to predict seizures
[3,4]. INIRS (functional near-infrared spectroscopy) is an optical tech-
nique, which conveys monitoring information about brain activity [5];
specifically, two physiological parameters or measurements, the re-
lative level of oxygenated hemoglobin (HbO) and the relative level of
deoxygenated hemoglobin (HbR). fNIRS signals are generated by injecting
infrared lights of different wavelengths (650 nm-1000 nm) into the
scalp, followed by registration of reflected light through optodes. Blood
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hemoglobin has different levels of light absorption and reflection de-
pending on the level of blood oxygen due to brain activity [5,6]. fNIRS
recordings arise from multiple channels. At each channel, two values
are registered, HbO and HbR.fNIRS is a non-invasive neuroimaging
technique that is effective for the monitoring of cortical hemodynamic
changes. Studies have shown that fNIRS can be used to assess cortical
hemodynamic changes associated with seizures, helping in the detec-
tion of seizures and the assessment of their impact on brain oxygenation
[4]. Optical sensors (such as ratiometric nano quantum dot fluorescence
resonance energy transfer sensors) were used to quantitatively measure
oxygen dynamics from single-cell microdomains during oxygen-depri-
vation episodes (hypoxic episodes) and during induced seizure-like
events in rats. A substantial decrease in the oxygenation of pyramidal
cells was found through the concomitant measurement of blood oxy-
genation and electrical neural activity. This decrease in oxygen levels
took place up to a few seconds before ictal activity could be revealed in
electrophysiological recordings. Hence, an internally generated defi-
ciency in oxygen is a crucial and decisive factor for hemodynamics
related to epileptiform patterns [7]. The use of fNIRS in seizure pre-
diction is based on scientific evidence that BOLD (Blood oxygen-level
dependent) activity may result from neuronal changes occurring several
seconds before a surface EEG event [8], and that vasoconstriction of
blood vessels occurs a few seconds before the electrical onset [9]. A
suitable format for fNIRS data consists of a two- or three-dimensional
grid, which is the result of recording signals from multiple channels
(rows), at multiple time positions (columns), by using two different
measured values (feature maps or planes), HbO and HbR. Motivations
for applying Convolutional Neural Networks (CNNs) to the problem of
predicting epileptic seizures are (1) a large number of fNIRS channels,
(2) the three-dimensional grid topology of fNIRS data, and (3) the
straight application of raw fNIRS data to a CNN, where appropriate
features are progressively extracted at convolutional layers for further
classification. The use of fNIRS recordings for automated epileptic sei-
zure detection requires more explorative studies. There are not public
datasets related to fNIRS recordings on epileptic patients. This work is
one of the firsts where fNIRS and deep learning are used to tackle the
problem of seizure prediction. Detection of epileptic seizures in advance
would allow epileptic patients or their caretakers to take precautions
before the occurrence of an epileptic seizure, therefore mitigating risks
and potential harm associated with the event, for instance in the in-
tensive care unit, where electroencephalography (EEG) is typically not
monitored. This document is organized as follows: Section 2 presents
previous work. Section 3 provides the Convolutional Neural Network
framework for the classification of fNIRS tensors, which includes a
description of the architecture parameters and the implementation of
the learning algorithm. Section 4 gives details of the methodology
followed in this research. The results of this work are presented in
Section 5 and discussed in Section 6. Finally, conclusions are given in
Section 7.

2. Related work

Predicting epileptic seizures is the core of monitoring and warning
systems so that precautions are taken before a seizure occurs [2]. One of
the main problems for patients with epilepsy is the unpredictability of
seizures [10]. Seizure detection and prediction have been mostly based
on EEG recordings [1,2,11-15] given its capability to monitor electrical
activity from the brain at a high temporal resolution [16]. EEG is the
fastest and cheapest non-invasive method for monitoring of brain
electrical activity. Nonetheless, EEG modality presents some dis-
advantages such as low spatial resolution [17], registration of changes
when neurons in a large area of cortex synchronize [18], propagation of
electrical currents along with the extracellular spaces [18], background
noise and motion artifacts such as eye movement and muscle activity
[12]. Feature extraction techniques, which have been applied to EEG
signals, are frequency analysis, time analysis, wavelet analysis, entropy
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measurements, principal component analysis, and empirical mode de-
composition. Some techniques, used to classify EEG signals, are Artifi-
cial Neural Networks, Support Vector Machines, Decision Trees and
Gaussian Mixture Models. In this work, fNIRS is applied to predict
seizures. One motivation for the selection of this modality is that it has
been successfully used in the long-duration monitoring of epileptic
patients [5,16], the analysis of hemodynamics in epilepsy [6], identi-
fication of ictal onset for pre-surgical evaluation [19], and the study of
neurological diseases [5]. fNIRS signals present advantages [16], they
reflect changes in local blood volume; recording of these signals does
not require immobilization, and they present high temporal resolution.
Nonetheless, this modality has its disadvantages [16], such as low
spatial resolution; sensitivity to certain movements, which might in-
troduce artifacts; and hair represents a problem for its implementation.
In general, fNIRS and EEG technologies are robust against motion ar-
tifacts, do not require subject immobilization as other modalities, the
cost for their hardware implementation is lower than that of other
modalities, and do not involve exposure to high radiations. Synchro-
nous extraction of fNIRS and EEG is also getting increased interest
because of the absence of electro-optical interference, and the simple
integration of both noninvasive recordings. There have been efforts
where fNIRS and EEG are combined during acquisition without major
discomforts in patients [20]. Within clinical applications, different
areas have used fNIRS-EEG integration [21]: newborn (37%), epilepsy
(27%), surgery (16%), rehabilitation (8%), child development (6%),
and psychiatry (6%). Integrated synchronous measurements of EEG and
fNIRS have been performed on epileptic patients [16,22] to assess the
usefulness of fNIRS in epileptic patients focused on the hemodynamic
mechanisms before, during, and after seizures at different time scales
and brain locations [23]. There is an analysis to improve the detection
of epileptic activity using fNIRS, which gives a comparison of time-
domain with time-frequency domain (wavelet) methods based on the
general linear model approach to detect hemodynamic responses
during epileptic activity [24]. Other studies involving EEG and fNIRS
measurements were directed towards epileptogenic focus localization
[19,25]. We have applied the fNIRS-EEG integration to the prediction of
refractory epilepsy, which provides an enhanced performance when
compared with a prediction based on EEG recordings alone [26];
however, seizure prediction based on fNIRS alone showed the same
performance as a prediction based on the fNIRS-EEG integration [26].
Thus, we are focusing on using fNIRS alone with the advantage of a
reduced number of total channels without compromising the perfor-
mance of the classifier. Even though fNIRS recordings have been used to
study different aspects of epilepsy [15], fNIRS recordings have not yet
been completely studied as a tool for seizure prediction [26].

3. Implementation of a convolutional neural network

This section provides the framework for the complete implementa-
tion of a convolutional neural network (CNN) along with the corre-
sponding learning algorithm. This section introduces the notation that
is used to describe the selection of the most appropriate CNN model for
seizure prediction. This notation is later used in the Results section,
which shows the outcome of a set of experiments aimed at selecting the
CNN model parameter values.

3.1. Architecture

A convolutional neural network (CNN) is a learning machine, which
broadly consists of two stages, a feature extraction stage based on
convolutional layers, and a subsequent classification stage based on
classification layers. The format of {NIRS data fed to a CNN is a three-
dimensional tensor x € RV*H*DP_ At a convolutional layer, neural nodes
are arranged in a three-dimensional grid. A neural node, within a
convolutional layer, is connected to a subset of nodes from a previous
convolutional layer (local connectivity) through kernel coefficients. At a
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convolutional layer, each node processes information through three
operations: convolution, followed by an activation function, followed by a
pooling operation. All neural nodes, in a convolutional layer, share the
same set of kernel coefficients for the incoming signals to the node
(parameter sharing).

3.2. Feedforward propagation

A convolutional layer ¢ is fed with a 3-D data tensor

WAZ%MJ<1<Wlugjg%*ngkswl,mmmMm

output data tensor from the previous adjacent layer ¢ — 1. Indexes i, j,
and k specify tensor column, row, and plane, respectively. Parameters
w51, H5™1, DS! are tensor dimensions, width (columns), height (rows),
and depth (number of tensor planes), respectively. Fig. 1 shows the
tensor flow over the three operations in a convolutional layer (con-
volution, activation, and pooling) along with the tensor dimensions
after each operation.

At convolutional layer ¢, a 3-D input tensor y’~! is convolved with
each 3-D kernel in a bank of kernels {w®!, cu“,m,coeng} to generate
the 3-D tensor v :{v,-‘:)-,k; 1<i<WiL1<j<HF'L1<k<D} 1<
¢ < L}, where v = y"%@’P; 1 < p < Df,. The convolution of tensor
y?~! and kernel w®P generates a feature map or (plane) vi. The number
of planes in tensor v* is the same as the number of kernels in the bank.
Kernel dimensions are width W, height HZ, and depth D£. Each kernel

is identified by a super-index Ds whP =
£ 4 £ €
ep . Wig—1 Wi -1 Hg -1 Hi -1 e
{a)m,n,k’_ ,  =Sm<-——,———<ns-— , 1 <k < Dg, where
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width W and height HY are odd numbers and the kernel depth Df, is the
same as the depth of the input data tensor D5~!. An entry vf]-,k in tensor
v? is given by

Wfé—l HE-1 .
e T DE 6P
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where blf is the bias for kernel p at convolutional layer ¢, and L is the
number of convolutional layers. According to Fig. 1, the tensor v? is
transformed into z’ in a one-to-one correspondence through an opera-

tion, known as activation z, = f (v,). The activation function is the
e +e v

hyperbolic tangent function, f(v) = . The dimensionality of the
output data tensor y’ is lower than that of the input data tensor y*~!,
and this dimensionality reduction is achieved through an operation,
called pooling. Pooling replaces and combines multiple entries in tensor

Layer £ —1

output tensor convolution

D 5;1/(

-1 @ ?
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=

y Y/
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z’ into one single element in tensor y’. There are different pooling
operations and the average operation is chosen since it is differentiable,

1
yii‘,k = 2 Z:n:1 22:1 Z(?—l)rer,(i—l)rJrn,k;
1<i<Wi1<j<Hj)1<k<D51<¢<IL, )

where the output tensor dimensions W}, x H}, are the result of reducing
the input tensor dimensions W51 x H5 ! by a factor r x r, according to

bemr_%

3.3. Backpropagation algorithm

A tensor propagates forward over the neural network and, after it
reaches the output, the network weights are adjusted recursively and
working backwards from the output convolutional layer to the input
layer. The adjustment of weights is accomplished through the compu-
tation of their gradients, according to the rule

,X,k(t'f'l)—wwk(t)_’? €p’
uk
1<i<WiL1<j<HE{1<k<D{,1<p<Di1<€<L, 3)

where cuii-’f,’{ (t+1)isa kemel weight at iteration t + 1, J(w?) is the cost

function to be minimized, is the gradient for adjustment of kernel

l k
weights, 7 is the learning rate, and L is the number of convolutional

layers. The cost function J is the sum of all square errors Zi (yiLZ - d,-)z,
between the final network outputs and the corresponding targets. The
computation of the kernel weight w? P « requires previous computation

of intermediate variables, called local gradients
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The computation of the local gradient &, is given by
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where r is the width and height of the pooling window. The
Layer £ Layer £ +1
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Fig. 1. Tensor flow over a convolutional layer ¢. The input tensor is the output tensor from the previous layer ¢ - 1. Tensor dimensions are specified in detail.
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computation of kernels starts at the final layer and ends with the ker-
nels at the first convolutional layer.

4. Methods
4.1. Dataset

There are not public datasets with fNIRS recordings from patients
with epileptic seizures. The dataset for this work was the result of re-
cording fNIRS signals from patients with focal refractory epilepsy.
These recordings were performed and analyzed by epileptologists from
Hopital Notre-Dame du Centre Hospitalier de 1'Université de Montréal.
Forty-nine patients were subjects for the generation of the dataset;
however, only five patients presented epileptic seizures while recording
their brain signals since an epileptic seizure is a rare event. Seizure
onset, ictus and offset were determined by the epileptologist, based on
clinical and electrophysiological data. This dataset has been already
used for the study of inter-ictal epileptiform discharges [6,27,28]. The
recording time, number of sessions and the number of channels
(number of optodes) are different for each patient. Table 1 shows the
information of the five patients, who showed epileptic seizures during
recording sessions.

A detailed description of the EEG-fNIRS recording process can be
found in Peng et al. (2014) and Nguyen et al. (2012) [27,28]. Custom
helmets were designed for different head sizes and 64 light sources, up
to 16 detectors, and 19 carbon EEG electrodes were mounted onto
patient heads. EEG data were recorded at 500 Hz with a Neuroscan
Synamps 2TM system (Compumedics, U. S. A.). The fNIRS data were
recorded simultaneously using an optical multi-channel Imagent Tissue
Oximeter (ISS Inc., Champaign, IL, U.S.A.). Multiple optical channels
(115 + 39 channels per subject) were used in each patient. An optical
channel consisted of one source and one detector that could receive
several sources. Optical channels were located 3-5cm apart to ensure
sensitivity to cortical tissue. Two wavelengths were used, one at
690 nm, which is more sensitive to HbR; and the other at 830 nm,
which is more sensitive to HbO. The channel positions were arranged in
an area that included the whole lobe covering the most probable epi-
leptic focus, the contralateral lobe, and the highest possible extension of
other lobes. fNIRS channels were sampled at a frequency of 19.5312 Hz.
Two to twelve consecutive 15-min sessions were recorded for each
patient. During the recordings, the patient was asked to sit comfortably
and relax. Seizure events were marked offline, on the EEG trace of an
Analyzer 2.0 (Brain Products GmbH, Germany), by a certified neuro-
physiologist and reviewed by an epileptologist. HbR and HbO con-
centration changes were computed from light intensity using the
modified Beer-Lambert Law [29].Fig. 2 shows a plot of one brain signal
(HbO measurement), extracted from an epileptic patient, which in-
cludes three states: ictal (green segment), pre-ictal (red segment), and
inter-ictal (blue segment). The amplitude of the signal is specified as the
hemoglobin variation percentage, assuming a typical baseline of 75 uM
for HbO signal and 25 uM for HbR [30]. Epileptic seizure prediction is
achieved when red fragments, which correspond to pre-ictal states, are
detected.

To suppress noise, coming from different sources (mainly motion

Table 1
Information regarding patient population whose recordings integrate the da-
taset.

Patient  fNIRS Recording Epileptic Recording Time in
Channels Sessions Seizures min.

16 146 12 1 170.49

22 133 6 4 83.88

26 104 1 1 11.28

38 138 2 5 30.76

47 135 4 11 61.28
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Fig. 2. Three states (ictal, inter-ictal and pre-ictal) within an HbO signal, ex-
tracted from an epileptic patient.

artifacts), sample values greater than the mean value by three standard
deviations were removed. Also, temporal filtering was applied based on
a low-pass filter with an SPM8 canonical hemodynamic response
function with a 4s full width at half maximum, which corresponds to
0.6 Hz cutoff frequency [31], and a fourth-order IIR high-pass filter
with maximally flat response and cutoff frequency at 0.01 Hz [32] was
applied.

4.2. Synchronization and normalization of electrical and optical signals

EEG and fNIRS signals are simultaneously acquired to compare
seizure prediction based on fNIRS vs. prediction based on EEG; how-
ever, they were sampled at different sampling rates. EEG signals were
extracted from 19 channels at 500 Hz whereas fNIRS signals were
sampled at 19.5312 Hz. This EEG-fNIRS acquisition system has been
described in previous work [28]. Marks, to indicate the beginning and
end of an ictal state within the ground truth for EEG channels, were
established by the epileptologist. For each patient, labeling the ictal
state within fNIRS channels is possible by linearly interpolating fNIRS
samples so that the number of these samples matches the number of
EEG samples. Interpolation of fNIRS not only allows the synchroniza-
tion of fNIRS with EEG and labeling of fNIRS data but also the synthesis
of fNIRS data for better evaluation of the algorithm. The signal out of
each channel is normalized so that values, from different channels, lie
within the same range. This normalization prevents poor classification.
Each channel value, x;(t), is normalized by assigning to it a new value,
xf(t) = %, where i is the channel index, u; is the mean value of
channel i, and g; is the standard deviation. During real-time processing,
each incoming channel value x;(t) is normalized by using these two pre-
computed parameters.

4.3. Tensor extraction from fNIRS signals

At each time position t, a three-dimensional tensor, x, € RFXWxD g
extracted from fNIRS channels, where dimensions H, W are D are
height, width and depth, respectively. Fig. 3 shows the extraction of a
tensor from fNIRS channels, where W is the number of sampled time
positions, H is the number of channels, and D is the number of planes or
signal modalities (HbO and HbR). A two-dimensional format is ex-
tracted from fNIRS channels when one single measurement, HbO or
HDR, is used.

fNIRS values within a tensor correspond to samples taken at W time
positions {t,t — 1,t— 2, ..., t — W+ 1}. The tensor elapsed time de-
pends on the sampling rate for fNIRS signals and it is given by WSZ?)'EZ'“.
According to Table 1, the number of channels H is different for each
patient and H depends on the number of optodes on the patient scalp.
Since the number of channels (tensor height) depends on each patient, a
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Fig. 3. Extraction of a three-dimensional tensor from a multi-channel signal at t. Tensor height H is the number of channels, widthW is the number of sampled time

positions, depthD is the number of measurements (HbO and HbR).

different CNN architecture is built for each patient. Therefore, a CNN is
only tested on the same patient, whose recordings were used for the
training of that CNN; and it is not tested in other patients. For the case
of three-dimensional tensors, depth D is two and each feature map
corresponds to one reading, one for HbO and another for HbR. Two
signal readings take place at each optode (one for HbO and another for
HbR), and both values are assigned tensor positions with the same row
and column, but at different planes. These two values are spatially
correlated since they are extracted in the same position from the same
optode. The tensor format is appropriate for fNIRS data since the spatial
correlation of the two readings (HbO and HbR) is maintained within the
tensor structure.

4.4. Labeling of tensors

A tensor is assigned one of two classes, pre-ictal or inter-ictal.
Epileptologists analyzed each brain signal to mark the beginning and
end of an ictal state (ground truth). In this work, it is assumed that the
pre-ictal state takes place within a 5-min or 2-min window before the
ictal onset. The number of pre-ictal samples within a 5-min window is
500 %pﬁs X 60 % X 5min = 150,000 samples; while the number of
pre-ictal samples within a 2-min window is 60,000 samples. The be-
ginning of a pre-ictal state is determined by subtracting the number of
samples within the pre-ictal window from the beginning of the ictal
state. Red signal segments, in Fig. 1, correspond to pre-ictal windows.
The size of the pre-ictal window is chosen arbitrarily since there is no
convention on the total length of a pre-ictal state [33]. In this work, the
size of the pre-ictal window depends on the recording time, the number
of seizures per patient, and the proximity between consecutive seizures.
For patients 38 and 47, the time length of the pre-ictal window is 2 min
while patients 16, 22 and 26 are characterized by a 5-min window
during pre-ictal states. A 2-min window is chosen when the ratio of
recording time over the number of seizures is less than or close to 5 min.
The recording time and the number of seizures in patients 38 and 48 do
not allow 5-min pre-ictal segments and the corresponding 5 min of
inter-ictal activity for each seizure.

4.5. Classification of tensors

The theoretical framework for convolutional neural networks is
discussed in Section 3. This section provides details for CNN im-
plementation such as the description of the parameters of a CNN ar-
chitecture, tensor flowing over different convolutional and classifica-
tion layers, and the CNN learning algorithm.For each patient, three
different CNNs are implemented. Each CNN architecture corresponds to
one possible combination of HbO and HbR measurements: HbO alone,
HbR alone, and HbO + HbR. The structure of the input data tensor
depends on the corresponding combination. A two-dimensional struc-
ture is required for tensors, extracted from HbO or HbR measurements;
while a three-dimensional format is used for tensors arising from si-
multaneous readings of HbO and HbR values. For each patient and each
combination of measurements (HbO, HbR), a CNN architecture is se-
lected after training and testing separate architectures for each possible
combination of parameters (model selection). The parameters to be
combined are the number of kernels (1, 2 and 3) at each convolutional
layer and the kernel receptive fields (3 X 3, 5 x 5 and 7 x 7). For each
patient, the input tensor height (number of rows) is different since this
parameter is the same as the number of channels, which were used to
extract fNIRS signals during recording sessions. The second column of
Table 1 shows the number of channels for each patient. For each pa-
tient, tensor dimensions are reduced at subsequent convolutional layers
because of pooling.

4.6. Training and testing datasets

Tensors, extracted from a patient recording, are stored into two sets:
C; with inter-ictal tensors, C, with pre-ictal tensors. Ictal tensors are not
generated, since the detection of seizures while they are happening is of
no interest. Some tensors, from the largest set, are discarded since C;
and C, are required to have the same size so that there is no bias while
the CNN learns to discriminate between both classes due to a balanced
training set. Each set, C; and C,, is separated into five fragments,
Cr={c11, €12, €13 €14, €15} and Cy = {ca1, €22, €23, €24, €25} Then, a
fragment c;; (from C;) and a corresponding fragment c,; (from C,) are
randomly combined into ¢;. The result of these random mixings is five
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fragments or folds {cj, ¢, c3, ¢4, cs}, where each fragment contains pre-
ictal and inter-ictal tensors. Thus, the dataset is divided into five folds.
One fold is picked for testing of the CNN and the other four folds are left
for training. This process, of choosing one fold for testing and the rest
for training, is repeated five times (five-fold cross-validation). This
process results in five estimates of a performance metric, metricy, ...,
metrics. The total estimate is computed by averaging these values.
Before ictal tensors were discarded, the trained CNN was good at
classifying ictal tensors and bad to identify pre-ictal ones. The percen-
tage of ictal observations was much larger than the percentage of pre-
ictal ones. This was the motivation for the generation of a balanced
training set by discarding ictal observations.

4.7. Performance assessment metrics

During testing of the seizure predicting system, if a pre-ictal tensor
is correctly identified then this case is a TRUE POSITIVE (TP); other-
wise, if it is misclassified this case corresponds to a FALSE NEGATIVE
(FN). Inter-ictal tensors, correctly classified, correspond to TRUE
NEGATIVES (TN), while misclassified inter-ictal tensors correspond to
FALSE POSITIVES (FP). To evaluate the performance of the proposed
method, sensitivity, specificity, positive predictive value, negative predictive
value, accuracy, Matthew Correlation Coefficient, and F, score are used as
figures of merit. Sensitivity (also known as recall) or True Positive Rate
(TPR) is the probability that the outcome of predicting epileptic sei-
zures is positive given that the patient is going to present epileptic
seizures, TPR = TPZPFN. Specificity (also known as selectivity) or True
Negative Rate (TNR) is defined as the probability that the outcome of
seizure prediction is negative given that the patient is not going to
present seizures according to TNR = ™N__ Precision or Positive

TN + FP
Predictive Value (PPV) is the percentage of correctly detected seizures,

PPV = TPTJrippp. Negative Predictive Value (NPV) is the percentage of cor-
. L _ N
rectly detected normal (non-seizure) activity, NPV = = Accuracy

is the percentage of detected events that are real according to Accuracy
= _ TP+™N ___ The Matthews Correlation Coefficient (MCC) is a cor-

TP+ FP+ TN + EN ; ’ )
relation coefficient between the observed and predicted binary classi-
fications. It returns a value between —1 and +1,

MCC = TPXTN - FP X FN . The F, score is the harmonic
(TP + FP)(TP + EN)(TN + FP)(TN + FN)

mean of precision and recall, F; = 2%. The Receiver Operating
Characteristic (ROC) curve is the plot of the true positive rate (TPR)
against the false positive rate (FPR) in a binary classifier when its

threshold is varied.

5. Results

Fig. 4 shows the ictal, inter-ictal and pre-ictal states within the re-
cordings of (1) a single channel of EEG (specified in micro-volts [uV]);
(2) three states within HbO and HbR recordings (specified in changes in
hemoglobin concentration [C]). Finally, parts B), C), D), E) and F) show
the specific placement of hundreds of optodes on five different patients,
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where blue lines represent sources and red lines represent detectors at
different optode positions.

For each patient, experiments were conducted over three different
combinations of HbO and HbR values: (1) two-dimensional tensors
extracted from HbO measurements, (2) two-dimensional tensors ex-
tracted from HbR measurements, and (3) three-dimensional tensors
extracted from fNIRS (HbO and HbR measurements). Table 2 shows
epileptic prediction performance for each patient with three different
combinations per patient (HbO, HbR, fNIRS). Seizure prediction rates
apply within a two- or five-minute pre-ictal interval before ictal.

Table 2
Performance metrics of the seizure predictor for patients 16, 22 and 26 for three
different combinations: HbO, HbR, and fNIRS (HbO + HDbR).

Patient Performance Metric HbO HbR fNIRS
16 TPR 100 100 100
TNR 100 100 100
PPV 100 100 100
NPV 100 100 100
ACC 100 100 100
MCC 99.99 99.99 100
F1 100 100 100
22 TPR 100 98.25 100
TNR 99.99 99.74 100
PPV 99.99 99.73 100
NPV 100 98.28 100
ACC 99.99 98.99 100
MCC 100 98.00 99.99
R 99.99 98.99 100
26 TPR 100 100 100
TNR 100 100 100
PPV 99.99 100 100
NPV 100 100 100
ACC 99.99 100 100
MCC 99.98 99.98 100
R 99.99 100 100
Patient Performance Metric HbO HbR fNIRS
38 TPR 95.24 97.04 97.14
TNR 98.57 99.33 99.52
PPV 98.52 99.32 99.51
NPV 95.39 97.11 97.21
ACC 96.90 98.18 98.33
MCC 93.39 96.41 97.00
F 96.85 98.17 98.31
47 TPR 100 100 100
TNR 100 99.99 100
PPV 100 100 100
NPV 100 99.99 100
ACC 100 100 100
MCC 99.99 99.98 100
I 99.99 99.99 100

LAWY ’

Fig. 4. Illustration of different states (Panel A) in one EEG channel (black curve), one HbO channel (blue curve), and one HbR channel (red curve), along with the
position of optodes for the recording of fNIRS signals from five different patients (Panels B, C, D, E, F).
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Fig. 5. Average ROC curve for five patients (HbO measurements).

Table 3
Accuracy of a seizure predicting system considering EEG signals and two
classical classifiers.

Patient MLP SVM

16 0.8152 0.955

22 0.7843 0.952

26 0.5830 0.900

38 0.8275 0.971

47 0.7881 0.960
Table 4

Parameters at each layer of a convolutional neural network.
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Plot, of the average ROC curve for five classifiers (patients) and HbO
measurements, is shown in Fig. 5.

For each patient, EEG and fNIRS recordings were acquired si-
multaneously to compare seizure prediction based on fNIRS with that
based on EEG. Because of the small number of EEG channels, these
channel values were stored in feature vectors (not in tensors) and two
standard classifiers were applied for each patient, a Multi-Layer
Perceptron (MLP) and a Support Vector Machine (SVM). Table 3 shows
the accuracy of epileptic prediction based on EEG signals and two
classifiers. The MLP consists of one hidden layer with ten neurons and
the number of input nodes is equal to the number of EEG channels. The
SVM uses a Gaussian kernel function and the number of input nodes
equals the number of EEG channels.

For each patient and each combination of measurements (HbO,
HbR), a selection of a CNN architecture is made after training and
testing separate architectures for each possible combination of para-
meters (model selection): number of kernels (1, 2 and 3) at each con-
volutional layer and different kernel receptive fields (3 x 3,5 x 5 and 7
X 7). Final parameter values (kernel dimensions and number of kernels
at each convolutional layer) are presented in Table 4. The total number
of kernel coefficients is computed according to number of kernel coeffi-
cients = ), Z=1 (number of kernels at layer ¢ X kernel dimensions), which is
90 for classification of three-dimensional tensors and 72 for the case of
two-dimensional tensors.

For each patient, the input tensor height (number of rows) is dif-
ferent since this parameter corresponds to the number of channels,
which were used to extract fNIRS signals. The second column of Table 1
shows the number of channels for each patient. Fig. 6 shows the im-
plementation of the CNN architecture for patient 22, where the input
tensor contains both measurements, HbO and HbR (three-dimensional
format). By using the notation, introduced in Section 3, the input data
tensor dimensions for patient 22 are Hy = 133 (channels), W3 = 125
(time positions) and D) = 2 (measurements per channel), where a
super-index value of zero refers to the fact that this tensor is fed to layer
1. Tensor dimensions are reduced at subsequent convolutional layers

Number of kernels

kernel dimensions

Pooling window dimensions

first conv. layer 2 3 X 3 X 2 for 3-D tensors or 3 X 3 X 1 for 2-D tensors 3% 3
second conv. layer 2 3X3x2 3x3
third conv. layer 1 3x3x2 3x3
_ InputData
\\Tensor Output
AN Output Tensor Hidden
N Tensor from A
Roel \ 15 Conv layer i Output Classification
o . < IR Tensor from  Laver
oM ~. & r
™ I b NS \ = N 3rd Conv %
i = I N N
I = v, Output
g9 I *, Neuron
%J i AN \ \‘\
N i b 3 k|
o \Lb- b ¥ .
" ‘ ¥
4 !’. 'l
g vz
\ ‘rjé ¢ g 7
4] T s
Y s
\‘\,\\ I - ol g
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Fig. 6. CNN architecture for tensors with HbO and

HbR measurements extracted from patient 22.
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Table 5
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Data dimensions at the CNN input and at the output of each convolutional and classification layer.

Patient Input Tensor 1 layer output tensor 27d Jayer output tensor 34 layer output tensor Input Vector to Classifier
16 HY =146 W) =125D3 =1or2 Hy =48W) =41D) =2 Hp =16 W =13D} =2 H) =5W} =4Dj =1 20 features
22 H) =133W) =125D) =1or2 H) =44W), =41D} =2 H =14W) =13D} =2 Hy=4Wp =4Dp =1 16 features
26 HY =104W) =125D) =1or2 Hbh =34W) =41D} =2 H3 =11W3 =13D} =2 H =3Wj =4Dp =1 12 features
38 HY =138W9 =125D3 =1or2 H) =46 W), =41 D) =2 Hp =15Wh =13D} =2 H) =5W} =4Dj =1 20 features
47 H) =135W) =125D) =1or2 H) =45W), =41 D} =2 H =15W3 =13D} =2 Hp =5Wp =4D} =1 20 features

because of pooling. At the first convolutional layer, the output data
tensor dimensions are Hj, = 44, W), =41 and D} = 2, where di-
mensionality reduction is achieved through the use of a 3 x 3 pooling
window, according to W) X H}, = W?g X HTg. At each layer ¢, the kernel
receptive field is W5 x Hy = 3 x 3 as it is shown in Table 4. The di-
mensions for the output data tensor at the third layer are Hf = 4, Wj
=4 and D} =1; and this tensor is stretched out into a 16-feature
vector, which is fed to a 50-neuron hidden classification layer. The
output classification layer consists of one neuron, which assigns one of
two classes (pre-ictal or inter-ictal) to the input data tensor.

Table 5 shows the dimensions of a tensor flowing over three con-
volutional layers for each patient. At each convolutional layer, output
tensor dimensions are reduced through pooling. According to Section 3,
three operations are sequentially executed at each convolutional layer,
convolution, activation, pooling. Zero padding is used at tensor borders
during convolution. Activation normalizes tensor values so that they lie
in the range (—1, 1) by using the hyperbolic tangent function. Pooling
does not affect previous normalized values since the pooling operation
performs an average on normalized values.

Besides the number of kernels and kernel dimensions, there are
additional CNN architecture parameters such as number of convolutional
layers, number of classification layers, number of neurons per classification
layer. The CNN architecture parameters, for each patient, are shown in
Table 6. The number of convolutional layers was defined according to
the input tensor dimensions and pooling window dimensions. At each
layer, the optimal kernel size is 3 X 3, which allows an architecture with
three convolutional layers. The number of synaptic weights at the
classification layers is computed according to number of
weights = number of entries in input feature vector X 50 hidden neurons +
50 wt at the output neuron + 51 bias.

The size of the set of observations, which is used for training and
testing a CNN, depends on the number of seizures during recording
sessions, pre-ictal window elapsed time, and sampling rate. For the case
of patients 16 and 26, who presented one single seizure during re-
cording sessions, the number of ictal samples is seizures X pre-ictal window
X sampling rate = 1 seizure X 300 s X 500 samples per second = 150,000
pre-ictal samples. Since the number of pre-ictal observations should
match the number of inter-ictal samples to have a two-class balanced
set, the final set contains 300,000 observations. This set size is suitable
for training and validating a CNN. To avoid overfitting of a CNN, two
steps were followed during training. (1) Instead of using 10-fold cross-
validation, we used 5-fold cross-validation, where 80% of the ob-
servations (240,000 for patients with only one seizure) are used for

Table 6
Parameters of convolutional neural networks for five patients.

Patient Input Input number of number of neurons at neurons at
tensor tensor conv. class. hidden output
width height layers layers class. layer class. layer

16 146

22 133

26 125 104 3 2 50 1

37 138

48 135

training and 20% for testing (60,000 observations). (2) During CNN
learning, half of the testing set (10%) is used for monitoring of the mean
square error (MSE) while the other half (10%) was used for the com-
putation of performance metrics. The training MSE and testing MSE
decreased monotonically without a U-shape in the testing MSE before
all the epochs were completed.

6. Discussion

According to Table 2, epileptic seizure prediction, based on the
application of CNN to fNIRS recordings, is effective since performance
metrics reach values above 95%. The performance of seizure prediction,
when HbO and HbR are jointly used, is higher than that obtained by
using only single reading, HbO or HbR. The HbO-HbR (fNIRS) in-
tegration allows higher prediction rates since this combination allows
convolutional layers to extract more relevant features, which provides
spatial and temporal interaction. Both measurements are extracted at
the same scalp position. According to Tables 2 and 3, the seizure pre-
dicting system, based on fNIRS and CNN, yields results that are superior
to those of methods based on EEG and classical classifiers. Thus, fNIRS,
a relatively new technique, might be used to predict seizures. Seizure
prediction is effectively achieved within a five- or two-minute window
(pre-ictal segment), which occurs right before seizure onset. Thus, there
is enough time to take precautions before a seizure occurs. The number
of kernel coefficients at convolutional layers (72 or 90) and the number
of coefficient weights are very high. The implication of having a large
number of parameters and high-dimensional input tensors is a high
computational time while training a CNN. Training sets contain more
than 300,000 observations, a size that is suitable for the training and
validation of a CNN. The computational time during real-time tensor
classification is low since the number of CNN layers is low (three
layers). Given that the data tensor width was chosen as W = 125, the
elapsed time of a tensor is %ﬁﬁmm = 0.25s. Although a direct
comparison of our method with current approaches is difficult, due to
the use of different datasets, some results on the detection and pre-
diction of epileptic seizures are shown in Table 7. The purpose of
Table 7 is to show different methodologies and corresponding results,
proposed by the scientific community, working on epileptic seizure
prediction with datasets, which do not use the fNIRS modality.

The proposed method solves a binary classification problem that
involves separating inter-ictal activity from pre-ictal activity. The
identification of pre-ictal observations allows the prediction of epileptic
seizures. Different methodologies, in Table 7, solve the problem
through a binary classification of an observation, which is identified as
inter-ictal (also labeled as normal or non-seizure activity) or ictal (also
labeled as a seizure) [34-39,41]. Seizures are detected when they are
occurring so that precautions cannot be taken before the occurrence of
an epileptic seizure. One method identifies four different classes inter-
ictal, pre-ictal, ictal and post-ictal [40]. The proposed method detects
seizure activity within time segments of 0.25s. Published works, in the
literature, consider the detection of seizures by using signal segments of
duration longer than 2's with 1-s overlap between segments [34], 2.5
with an overlap of 0.5s [41], 4-12s [37], 4s [38], 55 [40], 8 s with 4-s
overlap [35], 16 s [39], 23.6 s [36,39]. Some of these works incorporate
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Table 7
Some methods for seizure detection.

Computers in Biology and Medicine 111 (2019) 103355

Author, Year Detection Algorithm

Results

Petersen et al., 2011 [34]
Temko et al., 2011 [35]
Acharya et al., 2011 [36]
Kharbouch et al., 2011 [37]
Liu et al., 2012 [38]

Xie et al., 2012 [39]
Direito et al., 2012 [40]
Rabbi et al., 2012 [41]
Beniczky et al., 2013 [42]

Markov modeling classification from EEG

Wavelet transform, SVM classification, one single EEG channel

Fast Fourier Transform for feature extraction, SVM to detect neonatal seizures from EEG
Spectra-based feature extraction, SVM classifiers from EEG

Multistep feature extraction, SVM classifiers from EEG

Wavelet decomposition feature extraction, SVM classification from EEG

Feature extraction by wavelet sparse fuctional linear model, 1-NN classification from 6 EEG channels

Fuzzy algorithms for feature extraction, classification from EEG/GTCS, SPS, CPS
Time-domain and frequency-domain algorithms with a 3-D accelerometer worn on the wrist

Sensitivity of 99.1%
Sensitivity of 89%

Accuracy of 98.5%

97% of the seizures detected
Sensitivity of 94.5%
Accuracy from 99% to 100%
Accuracy of 89.3%
Sensitivity of 95.8%
Sensitivity of 91%

a temporal constraint where at least some consecutive time intervals
must be classified as containing seizure activity before a seizure is de-
tected (not predicted) [34,37]. One method was based on segments of
different time lengths since different datasets were employed [39]. We
are using fNIRS-EEG recordings with a total duration of 58 h from 49
epileptic patients where 357.69 min (6 h) correspond to patients who
showed seizures. This dataset contains a total of 22 detectable seizures
from five epileptic patients, where five classifiers are trained. One ad-
vantage of the proposed method is that the observation segment is of
very short duration (when compared with other methods), which al-
lows for a very large number of observations. In the set of experiments,
the smallest set to train and test a classifier contains 300,000 pre-ictal
and ictal observations. To the best of our knowledge, there are not
public fNIRS datasets, obtained from epileptic patients; however, pub-
lished works are based on public EEG datasets with different total re-
cording times: 708 min (111 detectable seizures from children) [34],
267.9h from 17 newborns [35], 875h (67 seizures) from 10 patients
[371, 4808 min from 21 patients [38], 9 h from 5 patients [39], 497.3 h
(30 seizures) from 10 patients [40], 112.45h (56 seizures) from 21
patients [41]. Although some public EEG datasets are characterized by
a larger recording time than that of the fNIRS dataset that we used, the
number of training observations is smaller: 705 8-s ictal segments [35],
2359 4-s ictal segments and 69,753 4-s inter-ictal segments [38], 5400
inter-ictal 16-s segments and 240 ictal segments [39], 100 ictal seg-
ments and 100 inter-ictal 23.6-s segments [36,39]. Other seizure pre-
dictive methods usually use two-layer classical classifiers, such as those
in Table 7; however, these methods require previous processing time for
feature extraction from signals at multiple time positions.

7. Conclusions

The problem of predicting epileptic seizures, using deep learning and
fNIRS recordings, was studied. It is shown that the application of CNN to
fNIRS data is suitable given the nature of fNIRS, which can be modeled as
two- or three-dimensional tensors of high dimensionality. Evidence of the
effectiveness of the proposed method is obtained through assessment of
different performance metrics such as accuracy ranging between 96.9%
and 100%, sensitivity between 95.24% and 100%, and specificity between
98.57% and 100%. Moreover, it is demonstrated that fNIRS recordings
outperform EEG recordings when they are used for epileptic seizure
prediction. An aspect to consider in the implementation of the proposed
method is that a learning machine is trained for each patient since the
number of channels per patient was different. The motivation, of applying
convolution to fNIRS data, is that the spatial correlation between HbO
and HbR (both values are measured at the same scalp position) is main-
tained within a three-dimensional tensor. A disadvantage of the applica-
tion of CNNs to fNIRS recordings is the high computational time during
thirty epochs of CNN training in a MATLAB implementation. The most
important aspect of obtaining these results is the combination of fNIRS
signals with the particular CNN algorithm. This project is one of the first
investigations based on the fNIRS modality and deep learning to address
the problem of epileptic seizure prediction.
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