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Abstract: Epilepsy is a neurological disorder that affects millions of people worldwide and causes
severe suffering. By providing opportunities for early intervention and seizure management, early
detection of seizures can significantly enhance the quality of life for epileptic patients. Over the past
few decades, significant efforts have been made to explore non-invasive methodologies for predicting
seizures. Recent advancements have highlighted the potential of Electrocardiogram (ECG), particularly
Heart Rate Variability (HRV) analysis, as a valuable biomarker for seizure prediction. However, the
effectiveness of these approaches can vary, making it difficult to select the most appropriate strategy.
Unlike previous reviews that have mostly focused on methods related to HRV analysis from medical
perspectives, we aim to provide a comprehensive review of the machine learning techniques that
have been applied to ECG data for predicting epileptic seizure attacks. In this study, we explore the
relationship between the cardiovascular system and seizure activity, including the physiological effects
of epileptic seizures and their implications for predictive modeling. Additionally, we provide a detailed
comparison of available seizure prediction techniques, including a review of public datasets, common
methodologies, key components, and evaluation metrics. Finally, the study highlights the strengths
and limitations of various approaches while discussing existing challenges and future opportunities.
We believe our work lays a basis for developing more sophisticated methods on utilizing the ECG
signal for better seizure prediction.

Keywords: epilepsy; seizure prediction; electrocardiogram; Hear Rate Variability; classification;
anomaly detection

1. Introduction

Epilepsy is a chronic condition that affects the central nervous system, leading to a tendency
of the brain to produce sudden, excessive, and uncontrolled bursts of electrical activity, resulting in
seizures [1]. In spite of advances in medical treatment, there is still a substantial percentage of epileptic
patients who continue to experience seizures after receiving treatment. In spite of their best efforts,
many of these patients are not able to achieve complete control over their seizures, which negatively
affects their quality of life. Therefore, accurate seizure prediction models and algorithms are essential
in managing epileptic patients, as they allow for early intervention and better seizure management.

According to recently published literature reviews on this subject [2,3], Electroencephalogram
(EEG) data have been used as a primary source of information for seizure prediction for a long time.
Based on the distinctive brain electrical patterns preceding seizures, EEG-based approaches have
played a pivotal role in seizure prediction research. By analyzing EEG signals, the researchers are able
to estimate the pre-ictal markers that could signal an impending seizure. One such study, conducted
by Ghiasvand et al. [4], utilized a combination of spectral, temporal, and spatial features with deep
learning models to enhance seizure prediction. By effectively leveraging these advanced features
alongside deep learning, their approach demonstrates the potential for more accurate and timely
seizure prediction in clinical settings. However, the inherent variability of EEG signals, influenced by
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factors like patient-specific brain activity, medication, and environmental conditions poses significant
challenges. Furthermore, EEG signals are highly susceptible to noise and artifacts, such as muscle
movements or electrode placement issues, which can result in inaccurate measurements of the EEG
signals. Additionally, long-term EEG monitoring is impractical and challenging for patients. The
difficulty in consistently isolating patterns across different patients and seizure types limited the
accuracy and generalizability of EEG-based models. Due to these limitations, researchers began
exploring alternative data sources to develop and enhance seizure prediction models and increase their
clinical applicability. Among various methods, an emerging and highly promising approach that can
leverage the potential of wearable devices is the utilization of Electrocardiogram (ECG) signals [5]. The
incorporation of ECG signals for seizure prediction has shown to be effective in detecting autonomic
function changes minutes prior to seizure onset [6]. The ECG signal is less susceptible to artifacts
associated with physical activity than the EEG signal. It can also be monitored continuously, making it
an excellent choice in certain prediction scenarios. With the emergence of wearable devices equipped
with ECG sensors, there have been new possibilities for seamless and non-invasive data acquisition,
allowing for the development of more accurate and accessible frameworks [7]. As a result, ECG-based
approaches are increasingly being investigated as an alternative method for predicting seizure activity.

The relationship between epilepsy and cardiovascular function is complex and influenced by
both acute and chronic physiological changes caused by seizures. Seizures can disrupt the Autonomic
Nervous System (ANS), particularly through the Central Autonomic Network (CAN), which includes
cortical and subcortical brain regions responsible for regulating heart activity. This disruption can lead
to acute cardiac effects such as ictal tachycardia, bradycardia, or even asystole, as well as post-ictal
arrhythmias and ventricular repolarization changes. Over time, epileptic patients may experience
chronic cardiac changes, including reduced Heart Rate Variability (HRV) and prolonged ventricular
repolarization. These acute and chronic effects are considered significant contributors to the risk of
sudden unexpected death in epilepsy, highlighting the importance of understanding and monitoring
the cardiovascular implications of epilepsy [8,9]. The term HRV refers to fluctuations in the time
intervals between consecutive heartbeats, which is influenced by the ANS.

In the past, several studies have demonstrated a clear link between seizures and the cardiovascular
system, indicating their complex relationship. In particular, a comprehensive investigation conducted
by Costagliola et al. [10], provided further insight into this association and showed that seizures
have significant correlations with several cardiovascular parameters. These include HRV variations,
increased susceptibility to arrhythmias, and other transient cardiac effects. These findings emphasize
the profound impact of seizures on cardiac function, affecting both HRV and the potential for sudden
arrhythmic events. Furthermore, several studies including those conducted by Ufongene et al. [11],
Myers et al. [12], and Sevcencu et al. [13], have further explored HRV variations regarding seizure
activity. These investigations have highlighted the potential of HRV as a promising biomarker for
detecting autonomic function alterations during different seizure stages in epileptic patients. Addi-
tionally, Hashimoto et al. [14] demonstrated that analyzing the fluctuations in the RR interval (RRI) of
heart rate can be used to predict epileptic seizures. Monitoring HRV parameters, such as RRI, makes it
possible to identify changes in autonomic function and predict the occurrence of seizures, which can
be valuable in effective seizure detection and prediction.

In recent years, several review papers have explored the application of machine learning tech-
niques for seizure prediction and detection, with particular emphasis on the analysis of HRV param-
eters [15,16]. Furthermore, a more in-depth review by Seth et al. [17] examined cardiac parameters,
such as heart rate, to investigate the development of reliable seizure detection and prediction methods
using non-invasive wearable devices. Accordingly, to the authors” knowledge, no previous review
has provided a comparative analysis of these approaches from a machine learning perspective, which
motivates the need for this study.

This review paper aims to provide a comprehensive analysis of current machine learning method-
ologies for predicting epileptic seizures. Specifically, we focus on two primary approaches:
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e  C(Classification: Studies that develop models to classify seizure states by leveraging heart rate
features to discriminate initial seizure states.

*  Anomaly Detection: Studies that explore anomalies in heart rate linked to pre-ictal ANS activity
as early indicators of impending seizures.

For a thorough and comprehensive search of the relevant literature, we have carefully developed
a search strategy. This strategy involves utilizing a combination of highly relevant keywords, including
"seizure prediction”, "heart rate variability", "pre-ictal identification", and "electrocardiogram". By
incorporating these specific terms, we aim to optimize the efficiency and effectiveness of our search,
ensuring that we capture all appropriate information in the field.

By exploiting the existing body of research, our aim is to lay a solid foundation for future
investigations and identify promising avenues for further research in the field. Additionally, this
study emphasizes the importance of pursuing additional research endeavors in order to maximize
the efficiency and utility of ECG signals in clinical practice. By fostering a deeper understanding
of the potential and limitations of utilizing heart rate data, better strategies and approaches may be
developed for epileptic seizure detection, prediction, and management.

As a general outline, the paper is structured as follows. A review of the basic concepts of seizures
and heart rate is presented in Section 2, along with a discussion of the different seizure prediction
approaches as well as the effect of seizure type on seizure prediction. Next, in Section 3, we take a
deep look at the required steps of a seizure prediction process. These steps include data acquisition,
preprocessing, feature extraction and selection, and modeling, as well as metrics for evaluating and
comparing results. In Section 4, we discuss the challenges and limitations associated with ECG-based
seizure prediction as well as future prospects and potential research directions. Finally, in Section 5,
we summarize the key findings of the paper that can lead to accurate and timely seizure prediction in
the future.

2. Epileptic Seizure and Cardiovascular System
2.1. Physiological Impacts of Epileptic Seizures

Epileptic seizures can significantly impact the cardiovascular system due to complex interactions
between the brain and the heart. Understanding the physiological mechanisms behind this interaction
is critical for comprehending why ECG signals are useful for seizure prediction. Here’s an overview of
the main reasons for this connection:

2.1.1. Autonomic Nervous System Dysfunction

The ANS plays a crucial role in regulating cardiovascular function, and seizures can disturb this
regulatory mechanism. The ANS consists of the sympathetic (fight-or-flight response) and parasympa-
thetic (rest-and-digest response) systems, which control heart rate, blood pressure, and heart rhythm.
Epileptic activity in certain brain regions, particularly the insula, amygdala, and hypothalamus, which
have strong links to autonomic control centers, can cause abnormal autonomic outputs during seizure
stages. This dysregulation manifests itself as tachycardia, bradycardia, or even cardiac arrhythmias,
which can be identified during ECG analysis [9].

During seizures, particularly generalized tonic-clonic seizures, the activation of the Sympathetic
Nervous System (SNS) can cause tachycardia, increased blood pressure, and elevated HRV and
potentially prolonged QT intervals, which can increase the risk of cardiac arrhythmias [18]. On the
other hand, seizure activity can also provoke excessive parasympathetic (vagal) activation, leading to
bradycardia and in severe cases, asystole (complete cessation of heart activity for several seconds),
particularly in focal seizures. This imbalance in autonomic control highlights why seizures might
manifest as cardiovascular abnormalities visible on ECG [19]. The imbalance between the sympathetic
and parasympathetic responses during and after seizures underscores the critical role of the ANS in
cardiovascular instability, making ECG monitoring particularly useful for predicting seizures and
preventing severe outcomes like sudden unexpected death in epilepsy [20].
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2.1.2. Catecholamine Surge During Seizures

Seizures trigger the release of stress hormones like catecholamines (epinephrine and nore-
pinephrine) from the adrenal glands, which are part of the body’s response to stress. This release
stimulates beta-adrenergic receptors in the heart, leading to an increased heart rate and myocardial
contractility. This surge in catecholamines can be seen on ECG as prolonged QT intervals and can
predispose patients to life-threatening arrhythmias [20]. These changes are particularly evident in
generalized tonic-clonic seizures, which can result in excessive catecholamine release, increasing the
likelihood of ventricular arrhythmias and sudden cardiac death. Consequently, due to the possibility
that these ECG changes could be a sign of an impending seizure, ECG signals would be a valuable
source for seizure prediction.

2.1.3. Direct Cortical and Subcortical Effects on Cardiovascular Regulation

Epileptic discharges originating from or spreading to brain regions involved in cardiovascular
regulation can directly affect heart function. For example, the insular cortex plays a critical role in
autonomic and cardiovascular regulation. Seizures that involve the insula can cause severe autonomic
disturbances, leading to arrhythmias such as sinus tachycardia, bradycardia, or atrioventricular
block [21]. As another example, the amygdala and hypothalamus, key regions involved in emotional
and autonomic responses, are often implicated in seizure-related cardiovascular changes. Seizures in
these areas can lead to abnormal heart rhythms and significant blood pressure fluctuations, highlighting
their role in seizure-related cardiac risks [13].

2.1.4. Respiratory Compromise and Acidosis

Seizures, particularly generalized tonic-clonic types, often lead to respiratory dysfunction, which
can cause hypoxemia (decreased oxygen levels in the blood) and hypercapnia (increased carbon
dioxide levels). This respiratory distress can cause acidosis, a condition that further stresses the
cardiovascular system. In response to hypoxemia, the heart may compensate by increasing heart rate
(tachycardia) and other compensatory cardiovascular responses. In severe cases, hypoxemia may also
predispose patients to arrhythmias due to increased autonomic instability and myocardial oxygen
demand, which are observable on ECG [19].

2.2. Seizures Activities and Heart Rate

In seizure prediction, the primary objective is to identify patterns that can assist in predicting the
likelihood of an upcoming seizure. This can greatly benefit epileptic patients as it allows them to take
precautionary measures or receive prompt medical attention in order to prevent injury or minimize
the effects of seizure onset. For many years, seizure prediction studies have been based on the EEG
signals. Even though EEG recording devices have been substantially improved, certain limitations and
disadvantages of EEG-based methods have encouraged researchers to explore alternative approaches.
One such alternative method is the utilization of ECG signals, which measure the electrical activity of
the heart. In recent years, researchers have discovered that ECG can also be used to provide valuable
insight into seizure disorders, as specific physiological changes occur during different stages of a
seizure. Indeed, studies have shown that seizures can affect the autonomic system. As a result,
parasympathetic and sympathetic responses are invoked, leading to alterations in cardiac parameters
such as heart rate and blood pressure [22]. Heart Rate (HR) and Heart Rate Variability (HRV) are
interrelated physiological measures that offer several advantages for seizure identification compared to
other biomarkers. These biomarkers can be easily measured or estimated, making them accessible and
practical in clinical settings. HR represents the number of heartbeats per minute and is a fundamental
indicator of cardiovascular function, whereas HRV captures variations in the intervals between
consecutive heartbeats. The fluctuations in these measures can provide valuable insights into the
physiological dynamics associated with seizures in the cardiovascular system. Therefore, they may
serve well as indicators of impending seizure onset [23].
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2.3. Seizure Stages and Heart Rate

There has been growing interest in the relationship between seizure stages and heart rate variation,
as changes in autonomic function are closely associated with different stages of seizure activity [11].
Each stage of a seizure (as illustrated in Figure 1) is marked by specific physiological responses,
particularly involving heart rate changes. These autonomic changes can provide valuable insights into
seizure detection, prediction, and management procedures. Here is a brief overview of how seizures

affect the heart rate.
Inter-Ictal Pre-Ictal Post-Ictal Inter-Ictal
Unspecified 1-30min ~ 1-3min . 15 min - 2hr Unspecified 'I"ime

Figure 1. Epileptic seizures are typically divided into four stages. Note that the depicted time intervals are
estimates and may vary across individual patients and their health conditions.

2.3.1. Pre-Ictal Phase

Occurring before the onset of a seizure, pre-ictal is often accompanied by autonomic changes
that could signal the approach of a seizure. One of the most common changes observed in this stage
is an increase in heart rate, known as tachycardia. According to the study conducted by Sevcencu
et al. [13], the heart rate of patients may be elevated minutes or even hours in advance of experiencing a
seizure. This pre-ictal tachycardia is believed to be caused by the abnormal activity of the sympathetic
nervous system in anticipation of the upcoming seizure. Detecting these heart rate variations early
may provide an opportunity to develop predictive models which alert caregivers and patients to
impending seizures, allowing early intervention and prevention.

2.3.2. Ictal Phase

During the ictal phase, when the seizure is actively occurring, heart rate changes become more
pronounced and variable. Tachycardia is the most frequently observed autonomic response during
this phase, with the heart rate often increasing significantly as a result of the seizure’s direct impact on
the ANS. Studies, such as those conducted by Jansen et al. [24] and Sevcencu et al. [13], have shown
that patients experience ictal tachycardia during seizures. This increase in heart rate can serve as
a key marker for the ictal period, providing crucial information during continuous monitoring. In
contrast, some seizure onsets, particularly those affecting the brain stem or vagus nerve, may lead to
bradycardia (a significant slowing of the heart rate), which is relevant in cases of focal seizures or those
that affect specific autonomic areas in the brain.

2.3.3. Post-Ictal Phase

The post-ictal stage follows the cessation of seizure activity and is often characterized by an initial
drop-in heart rate after the heightened levels during the ictal phase. The autonomic system begins to
restore balance, leading to normalization of heart rate, although fluctuations can persist depending on
the severity and duration of the seizure [24].

2.3.4. Inter-Ictal Phase

The inter-ictal phase, which refers to the period between seizures, typically shows more stable
heart rates. However, subtle variations in autonomic function and heart rate can still be present in
some epileptic patients. These variations are often not as pronounced as during the other stages but
may provide valuable data for long-term monitoring. In particular, inter-ictal HRV has been studied as
a marker of autonomic dysfunction in epileptic patients [25]. The abnormal HRV patterns observed
during the inter-ictal period may indicate underlying autonomic disorders, which are associated with
a greater risk for epilepsy or may indicate chronic autonomic dysfunction.
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2.4. Impact of Seizure Types on Prediction

In terms of the characteristics and the region of the brain they affect, seizures can be classified
into various types. In general, seizures can be categorized into two main categories: focal seizures
and generalized seizures [26]. Focal seizures, also known as partial seizures, originate in a specific
region of the brain and have the potential to spread to other parts. On the other hand, generalized
seizures are characterized by widespread neuronal activity throughout the brain from the moment
the seizure begins. These two types can further be sub-classified into various seizure sub-types, each
having unique attributes and underlying mechanisms [27].

Several studies have examined the effects of seizure type on heart rate dynamics. The effects of
seizures on the heart rate patterns and the activity of the ANS are dependent on the type of seizure. In
a review conducted by Eggleston et al. [28], focal seizures were found to be associated with specific
cardiac alterations preceding seizure onset, including increased heart rate complexity and sympathetic
activity. Similarly, generalized seizures, although less studied, have also been linked with a significant
increase in heart rate. By incorporating the patterns in heart rate associated with different seizure
types, researchers can propose effective approaches for early seizure detection with enhanced precision
and effectiveness.

3. Epileptic Seizure Prediction

In previous studies, it has been shown that seizure prediction can be achieved using ECG signals
in two main ways: discriminating between inter-ictal and pre-ictal intervals, and identifying the pre-
ictal stage of the seizure. The first approach focuses on recognizing the difference between inter-ictal
and pre-ictal intervals. This process involves selecting a pre-ictal interval, extracting HRV features, and
applying classification methods to identify patterns indicative of an impending seizure. This approach
requires careful consideration of several factors, such as choosing the appropriate pre-ictal interval and
selecting relevant HRV features to optimize prediction accuracy. As an alternative approach, we can
apply anomaly detection methods to identify the pre-ictal interval to discover abnormal patterns that
may signal impending seizure onsets. This involves training on a dataset of normal data to establish
baseline patterns. These baseline patterns are then used to detect deviations in real-time, which may
indicate the onset of an upcoming seizure.

In this section, we cover the main components and steps of developing a seizure prediction
procedure. As shown in Figure 2, we begin by discussing the techniques used to prepare the input
signal for analysis. Next, we analyze the process of extracting and selecting features from ECG signals.
Afterward, we examine the different approaches and algorithms used for seizure prediction and
highlight their strengths and weaknesses through introducing different evaluation metrics.

‘ Data ‘
. Preprocessing
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Figure 2. A General Methodology of Seizure Prediction Process.
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3.1. Data Acquisition

In order to ensure the accuracy of seizure prediction models, quality and diversity of the datasets
used for training as well as validation are important factors. To establish an ideal scenario, it is
essential to acquire datasets that contain a rich collection of EEG or ECG signal recordings, accurately
synchronized with seizure events. These datasets should encompass a wide range of modalities and
be sourced from a diverse and sizable population of patients. Additionally, it is crucial to include
comprehensive information about the specific types of seizures experienced by each individual.
Including these elements will enhance seizure prediction and analysis accuracy by providing a more
comprehensive and representative dataset. However, it should be noted that although many of the
presented datasets may be of high quality and representative, there can still be considerable variation
in their final quality. Factors such as the number and duration of recordings, sampling frequency, and
methods used for identifying and categorizing seizure events can significantly impact dataset quality.
Therefore, to ensure the validity and generalizability of seizure prediction models, careful selection
and thorough analysis of datasets are imperative.

A number of relevant datasets are currently used by researchers in the field. Some of them are
publicly available, e.g., the University of Siena dataset [29-31] and the Post-Ictal Heart Rate Oscillations
in Partial Epilepsy (PIHROPE) dataset [31,32]. These datasets provide valuable data for studying
seizure dynamics and developing predictive models. On the other hand some datasets are not publicly
available, such as those from the European Database on Epilepsy (EPILEPSIA) [33,34], Tokyo Medical
and Dental University (TMDU) [35], and University Hospital of Heraklion [36]. These restricted
datasets often contain detailed clinical information and are used in more controlled research settings.
Detailed information regarding the size and specifications of these databases is summarized in Table 1.

Table 1. Seizure Prediction Datasets.

Datasets Year Recording Number of Number of Seizure Sampling Total Ref
Types Patients Seizures Types Frequency (Hz) Duration (H)
. EEG
Siena 2020 ECG 14 47 Focal 512 128 [29-31]
PIHROPE 2000 ECG 7 10 Partial 200 >16 [31,32]
EEG Focal
EPILEPSIA 2010 ECG 275 > 2400 Generalized 250 - 2500 > 40000 [33,34]
Heraklion 2019 ECG 9 42 Focal 256 > 1900 [36]

3.2. Data Preprocessing

The ECG signal is a non-invasive and periodic measurement that captures time-varying trends,
providing crucial diagnostic information about the heart’s function [37]. As illustrated in Figure 3, the
ECG signal is consists of a complex called PQRST, which includes several distinct peaks and valleys,
representing the electrical activity of different parts of the heart. However, these signals are often
contaminated by various types of noise and artifacts. As a result, preprocessing is essential to remove
these unwanted components and improve signal quality for more accurate analysis and diagnosis. In
the following sections, we will explore the key steps involved in preprocessing ECG signals.
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Figure 3. A Normal PQRST Complex of ECG.

3.2.1. Denoising and Filtering

ECG signals are susceptible to various types of noise, which can severely impact diagnosis
accuracy and abnormality detection. The most common sources of noise in ECG signals include
powerline interference, Electromyographic (EMG) noise, baseline wander, and electrode motion
artefacts [38].

A variety of signal processing techniques have been employed to mitigate noise effects in ECG
signals. These techniques include the use of digital filters, Empirical Mode Decomposition (EMD), and
Wavelet Transforms [39]. Generally, filters are used to remove noise based on frequency characteristics,
whereas EMD is effective for denoising non-stationary signals. Additionally, Wavelet Transforms
have shown to be effective in reducing noise and enhancing the identification of features within ECG
signals [40]. Recent advances in machine learning and deep learning algorithms have opened up a
number of new avenues for denoising ECG signals. These algorithms have demonstrated remarkable
outcomes, resulting in substantial enhancements in improving diagnosis and detection accuracy. For
instance, Romero et al. [41], employed Fully Convolutional Networks (FCN) within their study to
effectively eliminate baseline wander noise. Similarly, Nurmaini et al. [42], applied Stacked Denoising
Autoencoders as a noise reduction phase for ECG heartbeat classification.

Table 2 presents a comprehensive summary of the prevalent types of noise in ECG signals,
including their sources, frequency ranges, and common approaches for mitigating them.

Table 2. Noise types with sources, frequency ranges, and filters to denoise.

Noise Type Noise Source Frequency Range (Hz) Common Solution
Powerline Interference Electrical appliances 50/60 and harmonics ~ Notch filter

Baseline Wander Body movement and Respiration <0.5 High-Pass Filter
Electromyographic Muscle activity > 100 Low-Pass or Band-Stop Filter
Electrode Motion Electrode displacement <200 Electrode Placement

3.2.2. Data Segmentation

Identifying meaningful features from time series is the key to analyzing ECG signals. In addition
to reducing artifacts and noise in ECG analysis, segmentation allows shorter time intervals to detect
changes in the ANS associated with specific physiological conditions.

In the field of signal segmentation, sliding window techniques are typically used, in which a
window moves along the time series and ECG related features (such as HRV) are extracted from
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each window. Choosing the right window size affects the trade-off between temporal resolution
and accuracy [43]. In ECG analysis, researchers often test different window sizes and assess their
performance using trial-and-error [14]. Typical window sizes for analysis are anything between three
and five minutes. This is because ECG signals can capture short-term changes in the ANS [44,45].

3.2.3. Pre-Ictal Interval Selection

Seizure prediction using classification methods requires identification of the pre-ictal interval.
The pre-ictal interval refers to the time between the onset of certain symptoms and the occurrence of a
seizure. In general, pre-ictal intervals differ from patient to patient, and it is not possible to establish a
standard pre-ictal interval that can be applied to all patients. As a result, it is essential to determine
the pre-ictal interval for each patient in order to improve the accuracy of seizure prediction. Most
studies such as the one conducted by Bandarabadi et al. [46] on seizure prediction have focused on
using EEG data to estimate the pre-ictal interval. However, in recent studies such as [47,48], the use
of ECG data for identifying the pre-ictal intervals have been explored. Even though these methods
appear promising, they still require further investigation and testing to evaluate their effectiveness
and reliability.

3.3. Feature Extraction

Feature extraction involves detecting the interval between successive R-peaks in the ECG signal.
In some cases, some abnormal or ectopic beats might be incorrectly identified as R-peaks, so the output
of this stage may require to be corrected. Finally, features can be extracted from the detected heartbeats.

3.3.1. RR Interval Detection

Heart rate is a physiological parameter that indicates the activity of the ANS and can be calculated
from the interval between successive heartbeats, as shown by the RR interval or the normal form of
it, called Normal-to-Normal Interval (NNI). An important measure of ANS activity is HRV which
measures the variation between successive heartbeats. From the HRV signal, features including time
domain, frequency domain, time-frequency domain, and non-linear domain measurements can be
extracted [49,50]. These features can be used to diagnose abnormal heart rhythms and other cardiac
conditions that are useful in seizure prediction.

Over the years, as the field is constantly evolving, several methods have been proposed for
RRI detection. Review papers like those published by Maghfiroh et al. [51] and Amani et al. [52]
provide an overview of traditional and modern methods for detecting RRIs. The traditional methods
of peak detection include template matching [53], peak detection algorithms such as the Pan-Tompkins
algorithm [54], adaptive thresholding [55], and wavelet transform [56], whereas the newer methods of
peak detection include the use of machine learning and deep learning algorithms, such as convolutional
neural networks [57] and autoencoders [58]. Despite the fact that machine learning methods have
shown promising results in RRI detection, peak detection and thresholding algorithms, such as the
Pan-Tompkins algorithm and its variations [59,60], remain a common approach to this task due to
their simplicity and computational efficiency.

Moreover, it should be noted that traditional methods are sensitive to noise and may not perform
well in certain situations [61]. Therefore, researchers continue to study and refine both traditional and
modern RRI detection methods. When assessing these methods, factors such as the application type
and the quality of the ECG signal should be taken into account.

3.3.2. RR Interval Correction

Analyzing HRV is a difficult task due to the presence of noise and artifacts, such as ectopic
beats. This may result in error in R-peak detection. Consequently, these errors must be corrected
in order to be able to carry out an accurate analysis of the RR interval series. Previous reviews by
Nabil et al. [62] and Peltola et al. [63] have emphasized the importance of RR interval correction and
outlined various effective methods. These methods include the deletion of incorrect data [64], the use
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of interpolation algorithms [65] such as linear, cubic spline, and non-linear predictive interpolation, as
well as outlier detection [66] and adaptive filtering [67]. The use of these comprehensive techniques
provides researchers with reliable HRV data that can be used for a wide range of clinical and research
purposes.

3.3.3. HRV Features

As illustrated in Figure 4, HRV features are categorized into four primary groups: time domain,
frequency domain, time-frequency domain, and non-linear features. Each of these groups captures
different aspects of heart rate fluctuations and provides valuable insights into ANS function [49].
These types of features can find numerous applications across diverse fields in healthcare and medical
research. In particular, they have been extensively employed for seizure detection and prediction [50]
to estimate the outcomes in patients with various conditions.

HRV Features

— ——

Time Domain Frequency Domain Time-Frequency Non-Linear Domain
Features Features Features Features

Deviation-based

Standard Deviation of NNIs

Standard Deviation of
Average NNIs

Difference-based

Root Mean Square of
Successive Differences

Number of Successive NNIs
by more than 50 ms

Percentage of Successive
NNIs by more than 50 ms

Geometric

HRV Triangular Index

Triangular Interpolation of
the NNI

Absolute Power

Ultra-Low Frequency
Very-Low Frequency
Low Frequency

High Frequency

Normalized Power

Low Frequency in Normal
Unit

High Frequency in Normal
Unit

LF/HF

Linear Approach

Short-Time Fourier
Transform

Wavelet Transform

Poincaré Plot

SD1, SD2, SD1/SD2

Cardiac Sympathetic Index

Cardiac Vagal Index
Entropy
Approximate Entropy

Sample Entropy

Multiscale Entropy

Fractal Dimensions

Detrended Fluctuation
Analysis

Correlation Dimension

Figure 4. Summary of HRV Features.

Time Domain Features

These features provide valuable insight into ANS function and are widely utilized due to their
simplicity. Therefore, they are effective measures for monitoring changes in heart rate over time,
and they can also be used to assess the overall health of cardiovascular system. According to a
previous review conducted by Pham et at. [50], time domain features are typically calculated using
deviation-based, difference-based, or geometric methods.

¢  Deviation-based features are based on the deviations between Interbeat Intervals (IBIs) from a
moving average. These features can provide insight into the balance between the sympathetic
and parasympathetic nervous systems.

¢ Difference-based features make use of variations or differences between successive heart rate
intervals. An analysis of these features may be useful for determining the patterns and trends of
changes in HRV over time.

*  Geometric features analyze the geometric patterns and structures of HRV and provide valuable
knowledge about the overall dynamics of HRV, including short-term and long-term variations.
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Table 3 highlights significant time domain features and their corresponding characteristics.

Table 3. Overview of important time domain features of HRV.

Features Unit Description

Key Features

HR bpm  The average number of heartbeats per minute.
RRI ms  The time interval between two consecutive R-peaks
NNI ms  Similarly, the time interval between two consecutive normal heartbeats.

Deviation-Based Features

SDNN ms  Standard deviation of NN intervals
SDANN  ms  Standard deviation of short-term segments calculated from average NNIs.

Deviation-Based Features

RMSSD ms  Root mean square of successive NN interval differences
NN50 count  Counts the number of pairs of adjacent NNIs that differ by more than 50 ms.
PNN50 %o Percentage of NNIs that differ by more than 50 ms.

Geometric Features

HTI - Integral of the density of the NN interval histogram divided by its height
TINN ms  Baseline width of the triangular interpolation of the highest peak of all NN intervals

Frequency Domain Features

These features refer to the analysis of HRV in the frequency domain, which is done by decom-
posing the HRV signal into different frequency bands, typically by using spectral analysis techniques
such as the Fourier transform or the autoregressive model. These frequencies are commonly classified
as high-frequency (HF), low-frequency (LF), and very-low-frequency (VLF). It is believed that the
HF band is primarily influenced by parasympathetic (vagal) activity, reflecting respiratory sinus
arrhythmia modulation by HRV. The LF band is influenced by both sympathetic and parasympathetic
activity and is regarded as an indicator of sympathetic (vagal) balance. VLF is primarily affected by
sympathetic activity, suggesting that this band may reflect long-term regulation mechanisms [49].

According to Pham et al. [50], frequency domain features are divided into absolute power and
normalized power. Absolute power refers to the amount of power present within every frequency
band, whereas normalized power illustrates the percentage of power within each frequency band
as compared to the total power within all frequency bands. Table 4 highlights significant frequency
domain features and their corresponding characteristics.

Table 4. Overview of important frequency domain features of HRV.

Features Unit Description Frequency Range

Key Features

TP ms?  Total variance of HRV <04 Hz
Absolute Power

ULF ms?>  Power in the range of ultra-low frequencies < 0.003 Hz

VLF ms?  Power in the range of very low frequencies 0.003 - 0.04 Hz

LF ms?>  Power in the range of low frequencies 0.04-0.15Hz

HF ms?  Power in the range of high frequencies 0.15-0.4Hz
Normalized Power

LFnu %  Normalized power in the low frequency band -

HFnu %  Normalized power in the high frequency band -

LF/HF - Ratio of LF to HF power -
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Time-Frequency Domain Features

Time-frequency analysis involves a range of techniques that combine the time and frequency
domains to provide a more detailed understanding of HRV patterns. These techniques allow us to
explore changes in HRV over time and their relationship to specific frequencies in a highly detailed
manner, which would not be possible by analyzing the time or frequency domains alone [68].

One commonly used time-frequency technique in HRV analysis is the Short-Time Fourier Trans-
form (STFT), which analyzes the changes in the frequency content of the HRV signal over short time
intervals. Another technique is the Wavelet Transform, which enables us to analyze HRV at different
scales by decomposing the signal into a series of wavelets. By employing these techniques, we can gain
valuable insights into the dynamics of the ANS, such as the underlying mechanisms of HRV. This can
be used to enhance our understanding of the cardiovascular system and detect early signs of diseases
before they manifest by developing personalized and predictive models [50].

Non-Linear Domain Features

These types of features are a set of measures that assess the complex and non-linear dynamics
of the ANS, which is responsible for regulating HRV [49]. Unlike traditional time and frequency
domain HRV measures, which rely on linear analysis methods, non-linear features use advanced
mathematical techniques to capture the detailed patterns of HRV signals. Examples of non-linear
HRYV features include approximate entropy, sample entropy, detrended fluctuation analysis, and
Poincaré plot measures such as the short-term fractal scaling exponent [50]. The Poincaré plot is a
two-dimensional graph that plots each RR interval against the preceding RR interval [69]. The plot’s
shape can reveal patterns of HRV, such as whether the variability is primarily due to parasympathetic
or sympathetic activity, and whether the variability is random or follows a specific pattern. From the
Poincaré plot, it is also possible to derive two non-linear HRV features called the Cardiac Sympathetic
Index (CSI) and the Cardiac Vagal Index (CVI). These features are derived from the plot’s ellipse shape
and provide additional insight into the non-linear dynamics of the ANS. CSI measures sympathetic
activity, while CVI measures parasympathetic activity, and both provide valuable information about
autonomic balance [23].

In general, non-linear HRV measures are based on concepts such as complexity, randomness, and
self-similarity, which reflect the complex and irregular nature of the ANS that traditional linear HRV
measurements cannot capture. Furthermore, non-linear HRV measures can help detect subtle changes
in autonomic function that are difficult to detect using other methods.

It should be noted that non-linear HRV analysis is a complex and computationally intensive
process, which may require specialized software. However, with the availability of advanced analytical
tools and computational resources, non-linear HRV analysis is becoming more accessible to researchers
and clinicians, potentially improving our understanding of how the ANS interacts with health [49]. A
summary of the most important non-linear features is presented in Table 5.

Table 5. Summary of important non-linear features of HRV.

Non-linear Domain Feature Description

Poincaré Plot
Standard Deviation 1 (SD1) Represents the dispersion of points along the identity line in the Poincaré plot.
Standard Deviation 2 (SD2) Represents the dispersion of points perpendicular to the identity line in the Poincaré plot.
SD1/SD2 ratio The ratio of short-term to long-term variability in the Poincaré plot.
Cardiac Sympathetic Index (CSI) Measures the irregularity of HRV dynamics.
Cardiac Vagal Index (CVI) Reflects the tendency of the heart to transition from stable to unstable dynamics.

Entropy

Approximate Entropy (ApEn) Quantifies the regularity and complexity of HRV time series.
Sample Entropy (SampEn) Similar to ApEn, quantifies HRV irregularity and complexity, robust to noise.
Multiscale Entropy (MSE) Measures HRV complexity over multiple timescales, including short and long-term dynamics.

Fractal Dimensions

Detrended Fluctuation Analysis (DFA) Identifies fluctuations in HRV correlations, providing insight into long-term self-similarity.
Correlation Dimension (CD) Characterize HRV complexity and structure using phase space reconstruction.
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3.4. Feature Selection

Feature selection is the process of choosing the most relevant features from a dataset to build
a model. This is important because the more irrelevant features a model has, the more prone it is
to overfitting and potentially making incorrect predictions. One commonly used feature selection
method in HRV analysis is Principal Component Analysis (PCA). PCA is a mathematical technique
that involves transforming a large set of variables into a smaller set of uncorrelated variables, known
as principal components [70]. This can help reduce the dimensionality of the dataset and make it easier
to identify the most relevant features.

There are several other feature selection methods that can also be used in HRV analysis. For
example, Stepwise Regression Analysis (SRA) is a method that involves adding or removing features
from a model based on their statistical significance in regression [71,72]. This can help identify the
most relevant features for predicting seizures. Another method is Minimum Redundancy Maximum
Relevance (MRMR), which involves selecting features that have a high degree of correlation with the
target variable but are minimally redundant with each other [73]. This can help ensure that the selected
features provide unique information and are not highly correlated with each other. In non-parametric
statistics, Kruskal-Wallis is used to identify the most significant features based on their ability to show
differences between groups [74].

By applying appropriate feature selection methods, HRV analysis can accurately identify the most
relevant features for predicting seizures.

3.5. Seizure Prediction Models

The topic of seizure prediction has long captivated the medical community due to its potential to
significantly improve the quality of life for epileptic patients. Recent studies, as illustrated in Figure 5,
have highlighted two primary approaches to seizure prediction. The majority of these studies have
primarily focused on anomaly detection methods, which typically utilize statistical techniques to
identify abnormal patterns in physiological signals indicative of pre-ictal intervals. In contrast, the
second approach employs classification methods to distinguish between different stages of seizure
activity, such as inter-ictal, pre-ictal, and ictal stages. This approach aims to accurately discriminate
between these states, thereby providing more precise seizure predictions.

Threshold MCD
[69,80,82] [85]

MSPC LOF
KNN [14,45,79] [85]
89
Ll Statistical
SVM Methods OCSVM
[36] ; . [78,81,85]
[47,48,86] Machine Machine
Learning Learning
Decision Methods Methods )
Tree Clustering
Se [44,83]
[87] Classification Anomaly
Methods Detection
. Seizure .
DeTJI’ It.:acrinmg Prediction from De:z) It.':ea;nlng
ethods Heart Rate ethods
LSTM SA-AE
[88] [84]

Figure 5. Overview of Used Models in Seizure Prediction

To provide a comprehensive overview of the field, Table 7 summarizes previous studies, detailing
the approaches used and the results reported in the literature. This analysis outlines the various
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strategies for achieving accurate seizure prediction and offers valuable insights into advancements in
this field. By examining the range of methodologies and their outcomes, researchers and clinicians
can better understand the current state-of-the-art and identify potential directions for future research
and development. In the remainder of this section, we will first discuss the key evaluation metrics
commonly used to assess seizure prediction methods. We will then provide a comprehensive analysis
of both primary approaches, exploring their underlying mechanisms, evaluating their strengths and
limitations, and discussing the challenges encountered during their implementation.

3.5.1. Performance Evaluation

Evaluating the performance of a seizure prediction model is essential for comparing it to previous
works and identifying areas for improvement. Various metrics can be used to assess the effectiveness
of a model, including accuracy, precision, recall, specificity, sensitivity, false positive rate (FPR), and
F-measure [75,76].

To facilitate a comprehensive understanding of these metrics, Table 6 presents a summary of
their definitions and commonly used formulas for evaluating seizure prediction models. In addition
to the commonly used evaluation metrics, Seizure Occurrence Period (SOP) and Seizure Prediction
Horizon (SPH) should be considered for a comprehensive analysis [77]. While these metrics may be
less commonly employed and monitored, they provide valuable insights into seizure prediction over
time. As illustrated in Figure 6, SOP refers to the specific time window during which a seizure is
expected to occur. It provides a defined interval for predicting the seizure onset. On the other hand,
SPH measures the duration between the anticipated seizure and its actual onset. These metrics play
crucial roles in understanding the temporal aspects of seizure prediction and providing insights into
the accuracy and efficiency of predictions.

Seizure Onset

Alarm *

Seizure Prediction Horizon
(SPH)

Seizure Ocurrence
Period (SOP)

'I"ime
Figure 6. Definition of Seizure Occurrence Period (SOP) and Seizure Prediction Horizon (SPH). A correct
prediction is indicated when the seizure onset occurs after the SPH and within the SOP.

Table 6. The Evaluation Metrics of Seizure Prediction Models

Metric Definition Formula
Accuracy Percentage of correct predictions out of total predictions %
Precision Percentage of true positive predictions out of all positive predictions ﬁ
Recall (Sensitivity) Percentage of true positive predictions out of all actual positive cases %
Specificity Percentage of true negative predictions out of all actual negative cases %
False Positive Rate (FPR) Percentage of false positive predictions out of all actual negative cases %

2 % (precision xrecall)

F-measure Harmonic mean of precision and recall (precision T recall)

Note: The TP and TN refer to the number of positive and negative instances that have been correctly classified. Meanwhile, the
FP and FN indicate the number of misclassified cases of positive and negative classification, respectively.
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Evaluation
Authors Year  Dataset  Patients Features Feature Selection Window Size Model — — Detection time prior to onset
Specificity (%) Sensitivity (%) FPR (hr)
Pre-Ictal Identification using Anomaly Detection Methods
Hashimoto et al. [14] 2013 TMDU 5 ITI;?‘TII,{;{V;SPE;\I ﬁléhi?:s/%y N50, pNN50, HTT - 3 min Multivariate Statistical Process Control - - - At least one minute
Fujiwara et al. [78] 2014 TMDU 5 ?0 et:{‘ll,{‘i;g)gé\l ﬁléhiis/%llj N50, HTI - 3 min One-Class SVM - - - At least three minutes
Fujiwara et al. [79] 2016 Local 14 Tmo i:?gi;g??g\ L%gﬁ?'g?ﬁgz PCA 3 min Multivariate Statistical Process Control - 91% 0.7/h Up to 15 minutes
mean RRI
Behbahani et al. [80] 2016 EPILEPSIA 16 HE LE, LF/HF - 5 min Thresholding - 78.59% 021/h -
SD2/SD1
Smirnov et al. [81] 2017 Local 31 ?;:{‘Efwgfgg . Rﬁgﬁf&?ﬁ% ; 3min One-Class SVM 929% 100% -
meanHR
Moridani et al. [82] 2017 PIHROPE 7 LE HF, LE/HF - 5 min Thresholding 86.20% 88.30% - -
Poincaré plot features
Yamakawa et al. [45] 2020 Local 7 ?;:?E;{V;:Pigq ILII;h/I{Sl:s/?_’IlI:\I N50 - 3 min Multivariate Statistical Process Control - 85.70% 0.62/h  About five minutes
Gagliano et al. [83] 2020 Local 9 meanHR, SDNN, RMSSD, NN50, pNN50, SDSD - - 2-Class K-Means - - - Between 3.5 and 6.5 minutes
Ode et al. [84] 2022 Local 39 RRI - 45 sec Self-Attentive Autoencoder - 74% 0.85/h -
RMSSD Local Outlier Factor 93.1% 95.6%
Karasmanoglou et al. [85] 2023 PIHROPE 7 SampEn, Poincaré Plot Features, KFD PCA - Minimum Covariance Determinant 87.8% 91.1% - Between 6 and 30 minutes
LF, HF, LF/HF, LFPeak, HFPeak One-Class SVM 96.6% 92.4%
Behbahani et al. [69] 2024 EPILEPSIA 16 Poincaré Plot - 1-6 min Thresholding - 80.42%, 75.19% 0.15 -
Discrimination between Inter-Ictal and Pre-Ictal using Classification Methods
112 Features including
Statistical Features . o o
Popov et al. [47] 2017 Local 14 Power Spectral Density-Based Features - 1-10 min SVM 72.52% 72.52% - -
Non-Linear Features
Local SDNN, RMSSD
Pavei et al. [48] 2017 PIHROPE 12 LE HF PCA - SVM - 94.10% 0.49 -
SampEn, CSI and CVI from Lorenz Plot
20 Features including
Billeci et al. [86] 2018 Siena 15 1532315:;11;:::;::5 SRA ) mi‘:’\i“‘fe‘rlap Cost-Sensitive SVM 89.34% 89.06% 041 -
Non-Linear Features
Giannakakis et al. [36] 2019  Heraklion 9 SDNN MRMR - SVM Accuracy of 77.1% 21.8 seconds
) Total Power, LE/HF, LFnu, HFnu Y e )
Perez-Sanchez etal. [87] 2020 PIHROPE 7 ‘{‘;agtilgztli’f:lk;it;f;‘:;‘t’::e‘s(WPT) KW 1 min Decision Tree Accuracy of 100% 15 minutes
. meanHR, SDNN, RMSSD, total power . . o o
Hadipour et al. [88] 2021 PIHROPE 7 past, next RRI, meanRRI, Five past Plus Five next RRI - Assess iteratively LSTM 92% 99% - -
Perez-Sanchez etal. [89] 2024 PIHROPE 7 Wavelet Packet Transform, Homogeneity Index Kw 1 min KNN Accuracy of 93.25% 20 minutes
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3.5.2. Anomaly Detection

It has been confirmed that seizure attacks can have an impact on the ANS, which can affect the
heart rate. Therefore, monitoring heart rate data can provide valuable insights into predicting seizure
onset. As previously discussed, certain changes during the pre-ictal interval can signal an impending
seizure. By training a model on normal heart rate data and assessing its performance on data preceding
a seizure, effective prediction methods can be developed to alert patients or caregivers in advance.

Hashimoto et al. [35] were among the first to explore HRV features for seizure prediction. They
extracted HRV time and frequency domain features from the TMDU dataset and employed Multivariate
Statistical Process Control (MSPC) to monitor seizure onsets [14]. They observed significant changes
in RR intervals (RRIs) shortly after seizure onset, underscoring the influence of seizures on the ANS.
Building on this, Fujiwara et al. [78] improved seizure prediction by employing a One-Class Support
Vector Machine (OCSVM) to capture non-linear boundaries, extending the prediction window to at
least three minutes before seizure onset. In a subsequent study, Fujiwara et al. [79], involved using
Principal Component Analysis (PCA) for feature selection, which enabled the model to predict seizures
up to fifteen minutes in advance.

Following these advancements, Behbahani et al. [80] introduced an adaptive decision threshold
method that incorporated time and frequency domain features alongside Poincaré plot analysis. Their
study demonstrated significant alterations in meanHR, RRI, LF/HF ratio, and SD2/SD1 ratio occurring
15 to 30 minutes before seizure onset, further highlighting the potential of HRV analysis for seizure
prediction. Expanding on these findings, Smirnov et al. [81] applied Singular Value Decomposition
(SVD) to preprocess features and tested an OCSVM model with various window sizes. They achieved
a sensitivity of 100% and a specificity of 92% for a window size of 6 to 7 minutes. Similarly, Moridani
et al. [82] focused on identifying the optimal window size for HRV analysis in seizure prediction. By
comparing features across different window sizes using a sample T-test, they found that significant
changes in meanHR, SD2/SD1 ratio, and LF/HF ratio occurred 5 to 10 minutes before seizure onset.
These results underscore the critical importance of selecting an appropriate window size in HRV
analysis for effective seizure prediction.

Clustering is another approach commonly used in anomaly detection. Gagliano et al. [83] utilized a
2-Class K-Means algorithm to analyze pre-ictal time and frequency HRV signatures in epileptic patients.
They also computed Pearson’s correlation coefficient to explore the linear correlation between HRV
changes and seizure duration. The study highlighted significant variability in pre-ictal HRV changes,
both between and within patients, occurring 3.5 to 6.5 minutes before seizure onset. In a similar
vein, Leal et al. [44] investigated the efficacy of various clustering algorithms, including K-means,
Agglomerative Hierarchical Clustering (AHC), Density-Based Spatial Clustering of Applications with
Noise (DBSCAN), and Expectation-Maximization (EM) using Gaussian Mixture Models (GMMs), in
analyzing HRYV features in the pre-ictal state. Their findings indicated that 41% of seizures and 90% of
patients showed distinguishable pre-ictal behavior, with half of the pre-ictal intervals being detected
up to 40 minutes before seizure onset. These results emphasize the effectiveness of clustering methods
in deepening our understanding of the pre-ictal stage and its relevance to seizure prediction and
management. Further advancements were made by Behbahani et al. [69], who developed a novel
method using lagged Poincaré Plots from HRYV features across six different time lags. By analyzing
the angles and densities of RR intervals, they identified significant HRV changes within 15 minutes of
seizure onset. Utilizing a threshold-based algorithm, their approach predicted seizure onsets with a
sensitivity of 80.42% for the angle feature and 75.19% for the density feature. These findings suggest
that HRV analysis can be an effective alternative to traditional EEG-based methods, especially with
potential applications in wearable sensor technology.

In the latest study, Karasmanoglou et al. [85], explored various anomaly detection models, includ-
ing One-Class SVM (OCSVM), Minimum Covariance Determinant (MCD) estimator, and Local Outlier
Factor (LOF), to assess abnormalities in the pre-ictal interval. Evaluating these models using the
Area Under the Curve (AUC) metric, the OCSVM model emerged as the most effective, successfully


https://doi.org/10.20944/preprints202504.0942.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 April 2025 d0i:10.20944/preprints202504.0942.v1

17 of 25

identifying pre-ictal changes within a 3 to 30-minute window before seizure onset. These results
further validate the utility of OCSVM in accurate and timely seizure prediction. Moreover, Yamakawa
et al. [45] leveraged wearable devices to capture ECG data, extracting relevant features and employing
MSPC to identify fundamental heart rate patterns indicative of seizures. Their model was capable of
predicting seizure onset five minutes in advance, showcasing the practicality of anomaly detection
methods in real-life scenarios.

Deep learning models have also demonstrated significant promise in anomaly detection. Ode
et al. [84] developed a Self-Attentive Autoencoder (SA-AE) tailored for detecting abnormal heart
rates. They first calculated and corrected RRIs to ensure data accuracy before applying the SA-AE
model, which used reconstruction error as an anomaly score to classify data points. Their study found
that deep learning models, particularly the SA-AE, were highly effective in identifying anomalies in
physiological data, such as heart rate signals, providing a robust tool for seizure prediction.

3.5.3. Classification

One promising approach for seizure prediction involves using classification algorithms to dis-
tinguish between inter-ictal and pre-ictal intervals based on heart rate data. This method includes
feature extraction, selection of pre-ictal intervals, and data labeling. However, the effectiveness of
these models relies heavily on the availability of labeled data and the careful selection of appropriate
pre-ictal intervals for accurate classification.

An initial study on this approach was conducted by Popov et al. [47]. In their study, they employed
grid search to determine the optimal window size for feature extraction and pre-ictal interval selection.
After analyzing heart rate data, they extracted features from both the time and frequency domains, as
well as non-linear features. A Support Vector Machine (SVM) model was then developed to predict
seizure onset. In the study, it was found that extending the pre-ictal interval may enhance the likelihood
of accurately predicting an upcoming seizure. Building on this work, Pavei et al. [48] used a point
of interest-based method [90] to identify inter-ictal and pre-ictal intervals. They extracted various
features, including time and frequency domain features and non-linear features like Entropy, CSI,
and CVI, from selected windows. To reduce the feature set’s dimensionality, PCA was employed for
selecting the most relevant features, which were then fed into the SVM model. Using leave-one-out
cross-validation, they successfully predicted seizure onset 5 minutes in advance. To further enhance
this approach, Billeci et al. [86] focused on the pre-ictal interval from 15 minutes before seizure onset to
the actual onset. After feature extraction, they employed stepwise regression for feature selection. To
address the class imbalance in the dataset, a cost-sensitive SVM model was used as the classifier [91],
resulting in improved overall performance compared to previous studies.

In a similar vein, Giannakakis et al. [36], applied Minimum Redundancy Maximum Relevance
technique to reduce the feature dimension. Subsequently, a Partial Least-Squares Regression model
was utilized to fit the features and generate a regressive time-series response known as the "epileptic
index", which reflects heart activity that increases as a seizure approaches [92]. This index provided
a significant indication of seizure onset, with meanHR, SDNN, LF/HF, LFnu, HFnu, and the upper
envelope emerging as key features distinguishing between pre-ictal and ictal periods.

For further improvement, Perez-Sanchez et al. [87] employed Wavelet Packet Transform (WPT)
to decompose and analyze the input signal in the time-frequency domain. They extracted statistical
time features from the WPT and applied the Kruskal-Wallis test to identify the most significant
features. A Decision Tree classifier was then employed, which achieved a remarkable accuracy of
100% in predicting seizures 15 minutes before their occurrence. This study demonstrated the potential
of combining WPT, statistical features, and machine learning algorithms for high-accuracy seizure
prediction. Expanding on these findings, Perez-Sanchez et al. [89], utilized Maximal Overlap Discrete
Wavelet Packet Transform (MODWPT) to decompose ECG signals into frequency bands and then
applied Homogeneity Index (HOI) to extract features from the decomposed signals. The Kruskal-Wallis
analysis was then used to select the most discriminative features, which were fed into a K-Nearest
Neighbors classifier. This method achieved an accuracy of 93.25% for predicting seizures 20 minutes
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before onset, highlighting that non-linear features selected by HOI can extend the prediction window
compared to linear features.

Deep learning methods have emerged as powerful tools for classification tasks, often outper-
forming traditional machine learning approaches. Hadipoor et al. [88] employed wavelet transform
for signal decomposition and feature extraction. These features were then input into a Long Short-
Term Memory (LSTM) model, which accurately differentiated between inter-ictal and pre-ictal states,
demonstrating the effectiveness of deep learning models in identifying seizure stages.

4. Discussion
4.1. Challenges and Limitations

Whether using classification or anomaly detection algorithms, several challenges and limitations
are present in the field of seizure prediction using ECG signals. In this section we explore common
challenges associated with both approaches.

4.1.1. Limitation of Classification-Based Approaches

One significant challenge in classification-based approaches is the issue of imbalanced datasets,
where the number of seizure instances is considerably fewer than non-seizure instances [86]. This
imbalance can lead to biased models that struggle to generalize well to unseen data, often favoring
the majority class. Although techniques such as oversampling, downsampling, and weighted loss
functions have been proposed, effectively addressing this imbalance remains an ongoing challenge.
Further research is needed to develop more efficient strategies for managing imbalanced data [93].
Another limitation is the difficulty in identifying a reliable pre-ictal interval, essential for accurate
seizure prediction. Despite multiple efforts to identify optimal pre-ictal intervals, variability between
individuals complicates the ability to capture consistent intervals. As a result, classification-based
methods lack a universally applicable fixed interval, which hinders their practicality and effectiveness
in real-world applications.

4.1.2. Limitation of Anomaly Detection-Based Approaches

Anomaly detection methods also face several challenges. One of the primary issues is the difficulty
in obtaining a comprehensive and representative dataset of normal heart rate patterns for training
purposes. Factors such as age, health conditions, and external influences make it challenging to
develop robust and accurate models. Furthermore, timely detection of anomalies is crucial for effective
intervention, but current models struggle to detect subtle changes that may lead to seizure onsets.
This limitation highlights the need for advanced forecasting techniques capable of capturing these
subtle variations in heart rate [94]. Another challenge is finding an optimal threshold for anomaly
detection. Determining the correct threshold for classifying a heart rate pattern as an anomaly involves
careful consideration. If the threshold is too high, the model may miss seizures, while a low threshold
could lead to an excessive number of false positives. Finding the right balance between sensitivity
and specificity remains an open problem [80]. As a final point, interpreting and explaining detected
anomalies in data can be challenging and complex. Anomalies can result from various factors, including
physiological changes or artifacts in data collection. To achieve reliable seizure prediction, further
investigation into the underlying causes of these anomalies is necessary [94].

4.2. Future Prospects

In spite of the challenges mentioned above, the future of ECG-based seizure prediction is promis-
ing. Researchers are exploring a variety of innovative approaches for improving the accuracy, per-
sonalization, and clinical applicability of ECG-based predictions. Below are some promising research
directions for the future.
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T-Wave Heterogeneity as a Biomarker

Recent studies suggest that T-wave heterogeneity, a measure of variability in the shape and
morphology of T-waves on an ECG (see Figure 3), can serve as a reliable biomarker for predicting
seizures. According to Pang et al. [95], analyzing changes in T-wave heterogeneity allows for the
development of models capable of detecting pre-ictal patterns. This approach has the potential to
revolutionize seizure management by providing non-invasive, early warning systems for epileptic
patients, thereby enhancing their quality of life and reducing the risk of sudden unexpected death in

epilepsy.

Data Labeling and Representation Learning

Advancements in data labeling and representation learning are opening new avenues for seizure
prediction. Self-supervised learning models, which can autonomously learn meaningful data represen-
tations and generate labeled data from unlabeled datasets, are one of the most promising approaches.
This approach significantly improves the efficiency of data annotation processes, reduces the need for
extensive manual labeling, and enhances the performance of machine learning models in predicting
seizures [96,97]. By leveraging these techniques, researchers can better handle the large volumes of
ECG data required for training robust predictive models. Additionally, these techniques can be used to
develop automated systems that can detect and alert medical professionals about upcoming seizures.

Anomaly Detection with Advanced Deep Learning Models

In traditional anomaly detection methods, complex relationships inherent in physiological data
are often difficult to capture. Advanced deep learning models, such as Graph Neural Networks
(GNNs), offer a powerful alternative by representing data as graphs and learning intricate connections
between different entities. When applied to seizure prediction, GNNs can improve the accuracy
and efficiency of detecting anomalous patterns in heart rate data, thereby enhancing early seizure
prediction and enabling timely interventions [94].

Automated Threshold Selection

Selecting optimal thresholds for anomaly detection is a critical aspect of improving prediction
models’ reliability and accuracy. With the help of self-supervised models, automated threshold
selection provides a robust solution in which the data learns the statistical properties of the data
without the need for predefined labels. By leveraging the inherent structures and patterns in the data,
these models can calibrate thresholds automatically, reducing the need for manual intervention and
enhancing the adaptability of decision-making systems across various applications, including medical
diagnostics and anomaly detection [97].

Increasing Interpretability of the Decision-Making Process

Interpretability is an important factor in gaining clinical acceptance and trust for machine learning
models. Explainable Artificial Intelligence (XAI) techniques have emerged as a valuable tool for
researchers to understand and interpret the decision-making processes underlying complex machine
learning models. In the context of seizure prediction, interpretability holds crucial significance as it
allows clinicians to gain valuable insights into the physiological mechanisms driving seizure occur-
rences. While previous studies have focused on EEG-based algorithms, extending XAI techniques
to ECG-based methods remains a promising and relatively unexplored area. This could enhance the
transparency, trust, and usability of seizure prediction models in clinical settings, ultimately leading to
improved patient outcomes and more effective management of epilepsy [94,98-100].

5. Conclusion

The field of epileptic seizure prediction has advanced considerably in recent years. Among
different data modalities, heart rate data obtained from ECG signals have attracted more attention.
This shift from the exclusive reliance on EEG to incorporating ECG offers a non-invasive and more
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accessible approach for seizure detection and prediction, and hence enhances the monitoring and
intervention practices. Within this context, anomaly detection and seizure stage classification have
emerged as two key approaches, each with its distinct strengths and limitations. Researchers have
developed a variety of algorithms and techniques to enhance the accuracy of predictions within these
frameworks. The comprehensive array of methods and strategies discussed in this review lays a solid
foundation for future research. Continued advancements in these approaches, especially through the
integration of novel biomarkers, machine learning techniques, and personalized models, have the
potential to significantly improve the precision and reliability of seizure predictions based on ECG
signals. These improvements will not only enhance the management and treatment of epilepsy but
also greatly improve the quality of life for individuals living with this condition.
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