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Abstract:  Epilepsy is a common neurological condition, typically diagnosed using
Electroencephalogram (EEG). Large scale EEG datasets have recently been made publicly
available, allowing the use of advanced Machine Learning (ML) algorithms to analyze EEG patterns
associated with epilepsy. While most existing studies focus on identifying seizures in the EEG, few
have tried to identify preictal EEG segments. Identifying preictal EEG segments are not only useful
in developing early warning systems but also helps inform the course of treatment for the patient. In
this study, we propose to represent EEG segments as images, instead of time-series data, and identify
preictal EEG segments using a preexisting ML algorithm (YOLOvVS8) designed for image processing.
Multiplexed images (containing the original EEG signal represented on a 2D grid, kurtosis, and
spectral entropy) achieve the best accuracy of 95.75% on the dataset while images just containing the
EEG signal result in an accuracy of 91.25%. Using only spectrograms, generated from the original
EEG signal, results in an accuracy of 90.15%.
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1. Introduction

Epilepsy is a common neurological condition, characterized by spontaneous seizures, and affecting
about 1% of the global population [1]. This results in a direct medical cost of $24.4 billion in the U.S.
annually [2]. Despite the best efforts by healthcare providers towards early diagnosis and treatment of
the symptoms of epilepsy, around 50% of patients continue to experience seizures, leading to a lower
quality of life [3]. Electroencephalography (EEG) is commonly used for diagnosing seizures in humans
and for studying seizures in animal models. The low cost and easy collection of EEG allows its use in
wearable devices for continuous monitoring. This allows the prediction of seizures, hence reducing
its adverse effects [4]. Better seizure prediction techniques increase the effectiveness of intervention
devices that prevent the occurrence of a seizure by electrical stimulation or by administering acute
medication. Electrical brain activity observed through EEG can vary depending on the subject’s
condition and state, and is typically categorized into four main distinct phases. These include the
interictal phase, which consists of normal brain activity and is also present in healthy individuals;
the preictal phase, which precedes a seizure; the ictal phase, which starts with the seizure onset and
concludes with the seizure’s end; and the postictal phase, which follows the ictal phase and lasts until
the next interictal phase begins.

Animal models are often used for studying seizures and developing better models for seizure
prediction in a research setting. This is because it is legal, ethical, and more affordable to induce
neurological conditions in other animals and obtain continuous recordings spanning several hours.
While traditionally, EEG is analyzed by human experts, it is infeasible and increases inter-observer
variability for multi-hour recordings [5-7].

Most studies focus on the automatic detection of seizures, however, few try to identify patterns
in an EEG preceding a seizure. This is probably because there is no clear definition of how long
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before the occurrence of a seizure the preictal phase starts and there are several interpretations of this
interval [8-10]. The application of mathematical theories of non-linear dynamics initially allowed
the beginning of preictal interval to be identified as the point beyond which brain activity develops
deterministically, leading up to a seizure [11,12]. In other words, it is a point of no return, which once
passed, a seizure will occur. However, the interval between that point and the occurrence of a seizure
varies across patients [11,13].

Among automatic preictal phase-detection methods, statistical approaches compare the
distribution of preictal and interictal EEG segments while some algorithmic approaches perform
a grid search on preictal segments [14]. Machine learning (ML) algorithms have widely been used for
EEG analysis collected both from humans, mostly in clinical settings, and other animals, mostly in
research settings [15-17]. Advanced ML algorithms have proven effective in detecting seizure in both
humans, usually scalp EEG [18-22] and rodents [23].

Very little work has been done on the detection of preictal phase in EEG. Among relevant
literature, [24] describes various feature extraction techniques before classifying ictal, preictal, and
interictal phases of EEG using simple ML algorithms like a Support Vector Machine (SVM). Features
like sharpness of the waves, expressed as kurtosis and spectral entropy, expressing the amount of
information contained in the waves. On the other hand, [25] uses a simple Convolutional Neural
Network (CNN) to perform the same classification using frequency spectrogram. [26] was the first to
used unsupervised learning to identify preictal phase in EEG. They used clustering to group together
interictal patterns. Later, [27-29] to study a relationship between the patterns observed in the preictal
phase and the type of seizure.

CNNs have been widely applied to image classification due to their ability to localize important
features from data. Though not easily accessible, such features can still be investigated by methods
such as Grad-CAM [30]. Their widespread application allows easy access to large models, pre-trained
on large datasets. Transfer learning allows these models to perform better on relatively smaller datasets,
which is very relevant for medical data analysis. YOLOVS is the latest version of the You Only Look
Once (YOLO) architecture [31]. It uses 50 layers of CNNs with cross-stage partial connections for
better information flow. In this work, we propose to classify raw EEG data into preictal and interictal
segments using a deep convolutional neural network (DCNN). While DCNNSs have previously been
applied to EEG data, to the best of our knowledge, our work is the first to use a DCNN to analyze raw
EEG data. This allows explanation techniques to be applied to identify regions of interest in the raw
EEG data.

2. Materials and Methods

2.1. Dataset

We used an EEG dataset, publicly available on Kaggle [32]. It was a part of a competition
organized by the National Institutes of Health (NINDS), the Epilepsy Foundation, and the American
Epilepsy Society. Data was collected, using implantable leads, from 3 dogs with naturally occurring
epilepsy. The voltages were recorded from 16 channels, at a sampling rate of 400Hz, and referenced
to the group average. Recordings spanned from several months, up to a year. Preictal intervals were
considered to be one hour long, ending 5 minutes before the beginning of a seizure. This was done
to avoid contamination from any seizure activity before the start of the seizure, annotated by an
epileptologist. Interictal intervals, of one hour duration, were considered as far apart, from seizures, as
possible. Overall, there were 2744 interictal segments and 211 preictal segments.

2.2. Preprocessing

EEG is downsampled from 400Hz to 100Hz. Since the number of interictal segments is an order of
magnitude greater than the number of preictal segments, we consider the 4 segments produced from
each segment, during downsampling, for preictal segments but consider only the first one out of the 4
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for interictal segments. This results in 844 preictal segments and 2744 interictal segments, out of which
1000 are considered for a better class balance. Raw EEG is expressed as time series data while CNN5s
accept image data. A common approach to representing EEG as image data is in the form of frequency
spectrograms. However, such a representation does not allow the mapping of explanations, generated
by methods such as Grad-CAM, back to the raw EEG data. Hence, instead of representing the raw
EEG in an alternate form, we represent the voltage values as pixels in an image, in a row-major way, as
shown in Figure 1. The channels of a segment are concatenated before laying the voltage values on a
2D grid.

Most pre-trained CNNs use RGB images with 3 channels. The raw EEG laid out on a 2D grid is
one channel, so we include kurtosis and spectral entropy as the two other channels. Both are calculated
with a sliding window of size 100, without overlap. The consecutive values are padded by zeroes.
This is then laid out on a 2D grid, as described above. This results in a sparse matrix, with 99 zeroes
between 2 values as shown in Figure 2. Due to the pooling layers in the CNN, the non-zero values,
get focused on in the deeper layers because any trainable weight, multiplied by the zeroes, results in
zeroes. Since the number of voltage values is not a perfect square, we append zeroes to the end, to
obtain a square of dimensions 980x980. Thus, the resultant images have a dimension of 980x980x3.

2.3. Supervised Learning

Supervised learning algorithms depend on large annotated datasets to train well. However,
given the cost of collecting and annotating medical data, it is often infeasible to train large supervised
learning algorithms, from scratch, for medical applications. Thankfully, due to the popularity of
DCNN models, several pre-trained DCNNSs are publicly available. These were trained on real-life RGB
images, from large-scale datasets like Imagenet [33] and COCO datasets [34]. For this work, we use a
pre-trained YOLOVS, from Ultralytics [35]. Due to memory restrictions, we use the medium version of
the YOLOv8 model, with 50 CNN layers and 78.9 million trainable parameters. It was pre-trained on
the COCO dataset [34]. The model is trained for 100 epochs with the default hyperparameters. 80%
of the data is used for training and 20% is used for testing. It is ensured that the copies of preictal
segments, obtained during downsampling do not become part of two different sets. Weights are saved
every 5 epochs and the weights corresponding to the best performance are used for the next step.

Due to memory restrictions during training, we added a padding of 10 on each side of a 980x980x3
image for all 3 channels, resulting in an image of dimensions 1000x1000x3. This was divided into 4
images of dimensions 250x250x3. The 4 images were provided as a batch to the model, with each
image having the label of its parent image.

For comparison, the same model was trained and tested on a dataset containing only the raw EEG
laid on a 2D grid (without the kurtosis and spectral entropy channels). To have 3 channels in these
images, the single channel was copied twice and added to the image. This resulted in a 980x980x3
image, with each 980x980 slice being copies of one another. These were used for training in the same
way as the images with raw eeg, kurtosis and spectral entropy (described in the previous paragraph).
For comparison with the traditional approach, frequency spectrograms were generated for the EEG
segments and used to train and test the model as well.

We also test the performance of the model by training it on data from one animal and testing it on
20% of the data from another animal.

2.4. Generating Explanation

Once the model is trained, we use Grad-CAM [30] to generate heatmaps. The heatmaps indicate
how important each region in the image is to the model. Grad-CAM heatmaps are widely used to
explain the performance of DCNNs on real-life RGB images, for example, if an image is classified as a
cat, the heatmap, desirably, indicates the region of the image containing a cat is the most important.
For our application, the heatmap tells us which regions of the image made the model "think" that it is a
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preictal segment. The most important regions in the raw EEG are then highlighted to observe relevant
patterns in the preictal EEG. This is summarized in Figure 3.

3. Results

As shown in Table 1, the model performs best when trained on the images containing the raw
EEG, kurtosis, and spectral entropy, with an accuracy of 95.75%, precision of 0.93, recall of 0.98, and
F1 score of 0.95. The performances are close when the model is trained on only EEG and frequency
spectrogram generated from EEG data, with a better performance for the EEG data.

As shown in Table 2, the model performs better, when it is trained and tested on data from the
same animal, than when it is trained on data from one animal and tested on data from another animal.

Table 1. Performance metrics for the model trained and tested on different types of images.

Data Accuracy (%) | Precision | Recall | F1 score
EEG+Kurtosis+Spectral Entropy | 95.75 0.932 0.976 | 0.953
EEG 91.25 0.875 0.933 | 0.903
Frequency Spectrogram 90.15 0.842 0.942 | 0.889
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Figure 1. A representation of the voltage values in the time series EEG data (represented as natural

numbers) being laid out on a 2D grid.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 February 2024 do0i:10.20944/preprints202402.1441.v1

50f9

Raw EEG in the form of a 2D Kurtosis and Spectral Entropy
image values in the form of 2D
: | 99 zeros image
1 1]----]100].... |980 110.0.01]...19
2 2
081 e | oo 9
919 920 980
980 | 980 ] 9

Figure 2. A representation of the voltage values in the 2D image being used to generate 2D images
with Kurtosis and Spectral Entropy values, using a window size of 100.

Table 2. Accuracy (%) of the model trained on EEG+Kurtosis+Spectral Entropy images of the animal in
the row name and tested on images of the animal in the column name.

Dog1 | Dog2 | Dog3
Dog1 | 93.97 | 8941 | 90.77
Dog2 | 96.12 | 97.21 | 95.54
Dog3 | 9415 | 91.49 | 95.32

4. Discussion

In this study, we demonstrated that a pre-existing powerful DCNN can be repurposed to analyze
EEG data in its original form. We observe that including additional features, namely kurtosis and
spectral entropy improves the performance of the model. Kurtosis, broadly speaking, represents
the sharpness of the waves. Seizures are known to contain more sharp spikes, suggesting their
possible relevance for preictal phase identification as well. Spectral entropy represents the amount of
information contained in a wave. It is known to be lower during a seizure. Hence, we hypothesized
that this might be an important feature for identifying the preictal phase as well. Though we considered
these two features, there are a lot of other features that remain unexplored. The same idea also applies
to the DCNN model used. We used YOLOvVS8 because it is the state of the art, at the moment, for real-life
object detection. However, it is not specialized for EEG analysis. A comprehensive study comparing
the performance of various models trained on different features would be crucial to determine the best
combination for preictal phase detection.

The use of raw EEG to train the model allows us to generate explanations, in the form of
Grad-CAM heatmap, on the raw EEG. This allows us to localize patterns in the EEG that the model
considers relevant to detecting the preictal phase. Such patterns might help experts look for consistency
in the highlighted patterns and potentially discover biomarkers of specific conditions.

We observe that the model performs better when it is trained and tested on data obtained from
the same animal. This might be explained by subtle differences in brain activity among individual
animals with the same underlying condition. There are also minute differences in the position of the
electrodes for different animals. The model seems to be able to pick up on these subtle differences. The
wide disparity in performance, when the model is trained on data from different animals, can also be
attributed to the difference in the number of segments from each animal. The original dataset had 42,
72, and 97 preictal and 500, 1440, and 804 interictal segments from dogs 1, 2, and 3 respectively. We
obtained 4 segments from each preictal segment by downsampling, as described in the preprocessing
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section above. We also considered a proportional number of interictal segments such that the total
number of interictal segments was equal to 1000. Thus, our final dataset contained 168, 288, and 388
preictal and 182, 525, and 293 interictal segments from dogs 1, 2, and 3 respectively.

Raw EEG + Kurtosis + Spectral Entropy as a 2D
Raw EEG as Time Series Data Image with dimensions 980x980x3

» =>

a0

o 100 200 300 00 500

Grad-CAM heatmap superimposed on the
Raw EEG + Kurtosis + Spectral Entropy
image

Grad-CAM heatmap mapped back to raw EEG
expressed as time-series data

Figure 3. A representation of the time series representation of raw EEG being converted to a 2D image
with Raw EEG + Kurtosis + Spectral Entropy. A grad-CAM heatmap is then generated from the trained
model and superimposed on the 2D image. The priority values, from the heatmap, are then mapped
back to the time series representation of the raw EEG to observe important patterns in the preictal
phase. In the last figure, the complete signal is shown on the bottom, the corresponding heatmap is
shown in the middle and the parts of the signal with the highest importance are shown on top.

5. Conclusions

In this work we demonstrated that (1) A pre-existing DCNN model i.e. YOLOVS8 can be used for
EEG analysis, (2) The model performs better when features such as Kurtosis and Spectral entropy are
provided along with raw EEG, (3) The model performs better when it is trained and tested on data
from the same animal, and (4) Grad-CAM heatmaps can be mapped to the raw EEG signal to localize
regions of interest and potentially recognize important patterns. A comprehensive study comparing
more features used to train more neural networks might help obtain better results.
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