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Abstract: Background: Epilepsy is one of the most common and devastating neurological
disorders, manifesting with seizures and affecting approximately 1-2% of the world’s
population. The criticality of seizure occurrence and associated risks, combined with
the overwhelming need for more precise and innovative treatment methods, has led to
the development of invasive neurostimulation devices programmed to detect and apply
electrical stimulation therapy to suppress seizures and reduce the seizure burden. Tiny
Machine Learning (TinyML) is a rapidly growing branch of machine learning. One of
its key characteristics is the ability to run machine learning algorithms without the need
for high computational complexity and powerful hardware resources. The featured work
utilizes TinyML technology to implement an algorithm that can be integrated into the
microprocessor of an implantable closed-loop brain neurostimulation system to accurately
detect seizures in real-time by analyzing intracranial EEG (iEEG) signals. Methods: A
dataset containing iEEG signal values from both non-epileptic and epileptic individuals was
utilized for the implementation of the proposed algorithm. Appropriate data preprocessing
was performed, and two training datasets with 1000 records of non-epileptic and epileptic
iEEG signals were created. A test dataset with an independent dataset of 500 records was
also created. The web-based platform Edge Impulse was used for model generation and
visualization, and different model architectures were explored and tested. Finally, metrics
of accuracy, confusion matrices, and ROC curves were used to evaluate the performance
of the model. Results: Our model demonstrated high performance, achieving 98% and
99% accuracy on the validation and test EEG datasets, respectively. Our results support
the use of TinyML technology in closed-loop neurostimulation devices for epilepsy;, as it
contributes significantly to the speed and accuracy of seizure detection. Conclusions: The
proposed TinyML model demonstrated reliable seizure detection in real-time by analyzing
EEG signals and distinguishing epileptic activity from normal brain electrical activity.
These findings highlight the potential of TinyML in closed-loop neurostimulation systems
for epilepsy, enhancing both speed and accuracy in seizure detection.
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1. Introduction

Epilepsy is one of the most common and most devastating neurological disorders [1].
It is associated with social stigma, psychiatric comorbidities, and high treatment costs [2]
and affects approximately 1-2% of the world’s population [3]. The condition is ranked
as the second most burdensome neurological disorder worldwide in terms of disability-
adjusted life years [4]. Epileptic seizures are the manifestation of a variety of brain-related
etiologies associated with neuronal dysfunction and electro-chemical imbalance [5,6]. The
occurrence of epileptic seizures has a significant impact on the patients’ daily routine
and quality of living, often also devastating parents and caretakers. Patients with this
condition are at high risk of physical injury secondary to seizures [7], status epilepticus [8],
and sudden unexpected death (SUDEP) [9]. Patients with a diagnosis of focal epilepsy
that turn out to be refractory to antiepileptic medication are approximately 30% of the
adult patient population [10], and they are considered for epilepsy surgery as a means to
further improve seizure control. Candidates for epilepsy surgery are assessed in specialized
epilepsy facilities with non-invasive techniques, and a hypothesis regarding the origin
of the epileptic activity is formulated by a multidisciplinary panel of epileptology and
epilepsy surgery experts [11]. However, it is often the case that a fraction of these patients
will not be offered traditional resective surgery [12] and instead become candidates for
more palliative therapies such as invasive neurostimulation [13]. Neurostimulation therapy
is approved for epileptic patients refractory to both medication and surgery, aiming to
reduce the frequency of seizure occurrence and improve seizure control [14].

Machine learning (ML) is a specialized sector of artificial intelligence (AI) that focuses
on achieving human learning abilities in machines while analyzing and optimizing big data
for valuable results [15]. The application of ML in healthcare has contributed to the creation
of advanced and effective methods of treating diseases [16,17], testing and approving drug
discovery [18,19], optimizing and managing vast amounts of health data [20], offering data
security and privacy [21,22], and enhancing financial accuracy. Hence, the contribution of
inventive technologies is necessary to address health challenges.

Tiny Machine Learning (TinyML) is a technology that allows ML algorithms to run on
smaller and less powerful hardware devices [23-25]. It is a fast-growing branch of ML, and
due to its characteristics, it can be applied in many applications, especially in embedded
systems [26], Internet of Things (IoT) devices, and wearable devices in general [27-29].
TinyML is a modern, cutting-edge technology that offers valuable advantages in many ap-
plications that require flexibility, speed, low power consumption, and immediate response
to external stimulation [30,31].

Due to its capabilities, TinyML technology carries significant advantages over devices
with large and complex processors. Some of the key benefits are (a) the Latency: TinyML
models run and operate on edge devices, thus it is not necessary to send the data they record
to cloud servers [32]; (b) Power Savings: due to the implementation of TinyML algorithms
on microprocessors and microchips, the need for power and power supply is dramatically
reduced [33]; (c) Network Integrity: TinyML algorithms continuously receive signals from
the sensors of the microcontroller in which they are embedded, and process them directly
and in real-time, reducing the need to send the data for external processing [34]; and finally
(d) Data Security: due to direct access and processing of the generated data, the need for
data transfer to external servers for processing is decreased [35].

A novel approach to the creation and implementation of a TinyML model for a closed-
loop implantable neurostimulation device system is presented in this work. These systems
can continuously and effectively track and analyze intracranial EEG (iEEG) signals from a
patient and detect the possible occurrence of seizures in real-time. If the detected features of
the iEEG signal suggest the occurrence of an epileptic seizure, the device applies electrical
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stimulation pulses to the implanted areas of the brain to suppress the ongoing seizure
activity. The patient’s iEEG data are transferred from the device and stored in a cloud
archive system, thus providing the patient’s physician access to evaluate the therapeutic
progress. This research presents and focuses on the implementation of a TinyML model
intended for use in a microprocessor of a closed-loop implantable neurostimulation device
while also contributing to efficient and accurate operation and provision of the device.

A thorough introduction to the research’s concept is presented in Section 1. Section 2
provides a brief review of the current neurostimulation treatment options and a comparison
between their key characteristics. Section 3 provides in-depth scientific research on TinyML,
its advantages and applications, and existing research and bibliography. Section 4 provides
evidence of the proposed model, its creation and implementation, and research analysis.
The results of the performance of the model are presented in Section 5. Section 6 discusses
the general view of the method and the opportunities and avenues arising from this research
area. Finally, in Section 7, the summary and conclusions of the research are presented.

2. Neurostimulation Devices for Epilepsy Treatment
2.1. Vagus Nerve Stimulation

One of the available key neurostimulation devices for epilepsy is the Vagus Nerve
Stimulator (VNS). VNS devices are recommended for adult and pediatric patients of all
ages and seizure types [36]. This treatment consists of an implantable device surgically
placed in the left subclavicular region, with the stimulation electrode wrapped around the
patient’s vagus nerve [37,38]. This treatment aims to regularly apply electrical stimulation
to the vagus nerve in an open-loop feedback-free fashion, thereby indirectly reaching the
patient’s brain to affect the baseline epileptic activity and reduce the risk of epileptic seizure
occurrence [39]. The VNS system also enables the patient to initiate the stimulation therapy
upon the onset of their subjective warning (epileptic aura) by swiping a magnet over the
implanted VNS device to suppress the ongoing seizure [40]. The VNS therapy takes more
than several months before it shows appreciable effects on the patient’s seizures [41]. VNS
therapy is also applied in psychiatric conditions, such as depression [42] and anxiety [43].

2.2. Deep Brain Stimulation

Deep Brain Stimulation (DBS) therapy is a widely applied treatment approach for
medication-resistant epilepsy [44]. DBS is recommended for patients 18 years of age or
older [45]. This therapeutic approach involves the implantation of the DBS device in
the left subclavicular region [46], with two electrodes invasively placed into the patient’s
brain—one targeting the left anterior thalamus and the other targeting the right anterior
thalamus. The DBS device is programmed in an open-loop fashion to deliver stimulation of
a specific duration at specific intervals directly to the anterior thalamic regions [47]. Like the
VNS, the DBS aims to modulate the baseline epileptic activity and reduce the probability of
seizure occurrence [48]. The DBS therapy also takes considerable time before it manifests
notable changes in epileptic seizure control. DBS therapy has been used for the treatment
of other neurological conditions, such as Parkinson’s disease [49], as well as psychiatric
conditions such as depression [50] and obsessive-compulsive disorder (OCD) [51].

2.3. Responsive Nerve Stimulation

A more recent and sophisticated neurostimulation treatment approach for patients
with medication-resistant epilepsy is the responsive neurostimulation (RNS) [52]. RNS
therapy involves a device surgically implanted in the skull after craniotomy, connected to
two invasive electrodes implanted in the brain, applying electrical stimulation pulses to
regions associated with the onset of epileptic seizures to suppress the ongoing epileptic
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seizure activity [53,54]. RNS neurostimulation treatment is approved only for adults [55].
The main difference between RNS and the VNS/DBS approaches is its closed-loop principle
of operation that allows the device to read the iEEG signals in real time, process them in situ,
and detect the onset of an epileptic seizure in the patient’s brain [56]. When the onset of an
epileptic seizure is detected, the RNS device applies a pre-programmed amount of electrical
stimulation therapy to the implanted areas of the brain to suppress the ongoing seizure.
The RNS device is trained to detect the patient’s seizure activity during the post-operative
interval after device implantation and before stimulation is activated. Currently, the RNS is
supported by a battery with a lifespan of approximately 8-10 years [57].

2.4. Comparison of Device Treatments

Based on currently published literature, the RNS approach is the only one with the
ability to act based on the patient’s iEEG signals and allows review of the patient’s seizure
and baseline activity by a supervising epilepsy expert [58]. However, the RNS device can
only be implanted in the patient’s skull, which introduces considerable surgical risk [52]. In
contrast, the VNS and DBS devices implanted in the left subclavicular region introduce less
surgical risks [59,60]. Overall, the main advantages of the closed-loop RNS therapy over
the open-loop VNS and DBS therapies are (a) its efficiency in iEEG monitoring and seizure
detection, (b) the potential for an epilepsy expert to evaluate the patient’s therapeutic
progress from the iEEG recordings at any time, and (c) the low complication rate associated
with its use. The main features of the three available neurostimulation devices relevant to
this study are shown in Table 1 [14].

Table 1. A comparison of the key characteristics of three currently available neurostimulation
treatments for epilepsy.

Vagus Nerve Stimulation

Deep Brain Stimulation

Responsive Nerve Stimulation

Open-loop operation: does not record
or act on the patient’s iEEG signals.

Open-loop operation: does not record
or act on the patient’s iEEG signals.

Closed-loop operation: records and
acts on the patient’s iEEG signals,
thus offers further data accessibility.

Fixed intermittent stimulation
protocol.

Fixed intermittent stimulation
protocol.

Stimulation activation by detected
seizure activity.

Approved only for stimulation of the
vagus nerve.

Approved only for the stimulation of
the anterior thalami.

Approved for seizure onset
anywhere in the central nervous
system.

Less complex surgical placement.

Demanding surgical placement.

Highly demanding surgical
placement.

Negligible risk of
implantation-related intracranial
hemorrhage.

Considerable risk of
implantation-related intracranial
hemorrhage.

Higher risk of implantation-related
intracranial hemorrhage.

3. TinyML: Advantages and Technologies

Current Research

TinyML technologies are used by the scientific community and have contributed

significantly to the design of various research projects and everyday applications.

More specifically, Yadav et al. [61] presented a portable system for detecting hu-

man activity using a TinyML algorithm for fast and immediate analysis and processing,
while Saha et al. [62] provided an extensive review of techniques and approaches for
applying machine learning algorithms to microcontrollers utilizing TinyML. In addition,
Tsoukas et al. [63] implemented an intelligent system to facilitate agricultural tasks. Ad-
ditionally, Gkogkidis et al. [64] utilized TinyML technology for indoor leakage detection.
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Furthermore, Sabovic et al. [65] highlighted the reduced battery consumption resulting
from using TinyML technology in microprocessors. An essential component in the devel-
opment of TinyML research is the work of David et al. [66], who created the TensorFlow
Lite programming library for implementing TinyML algorithms. Sabry et al. [28] and
Sun et al. [67] combined Neural Network techniques with TinyML technologies.

As far as the healthcare sector is concerned, TinyML technologies have contributed
significantly to the development and evolution of valuable and innovative projects. More
specifically, TinyML algorithms have been exploited in the creation of vital metrics moni-
toring and analysis systems for blood pressure prediction [68], as well as for the processing
and analysis of real-time-detected ECG signals for patient monitoring [69]. TinyML tech-
nologies are an integral component of applications in brain disorders. A recent study by
Gibbs et al. [70] presented a resource-constrained system aimed at detecting stress levels,
while Mai et al. and Tharian et al. [71,72] presented the implementation of intelligent sys-
tems that use TinyML algorithms to detect emotions. On the other hand, Hashir et al. [73]
implemented a resource-constrained system that can detect a brain stroke episode through
microwave head imaging analysis by a TinyML algorithm. Finally, Tsoukas et al. [74]
and Diab & Rodriguez-Villegas [75] presented an extensive guide on the usefulness and
applications of TinyML in the healthcare field.

Classic machine learning algorithms have greatly facilitated accurate and rapid de-
tection of epileptic seizures [76]. Several machine learning techniques and their results in
detecting epileptic seizures through EEG signals have been presented by Yuan et al. [77].
Although research on TinyML technologies is continuously evolving, expanding across
various domains and significantly impacting everyday life—particularly in healthcare—it
is acknowledged that further investigation is required in epilepsy to leverage its potential
fully. Based on the current literature, there are very remarkable studies that deal with
the application of TinyML to the classification of EEG signals. Tragoudaras et al. [78]
managed to create a TinyML algorithm for EEG signal classification that is capable of
being embedded in a microprocessor, while Agrawal et al. [79] examined a new archi-
tecture that combines Neural Network and Decision Tree algorithms for the creation of
a TinyML algorithm for biomedical applications, including epileptic seizure detection.
Additionally, Ponnada et al. [80] explored the application of TinyML in assistive devices,
focusing on applications of health monitoring, where one of each was in epileptic seizures.
Finally, Motahhir and Bossoufi [81] explored the integration of TinyML and IoT to develop
resource-efficient models suitable for embedded systems, with focus on predicting epileptic
seizures. Therefore, TinyML and advanced machine learning technologies hold significant
potential in epilepsy and generally in wearable, implantable, and edge healthcare devices.
Further exploration and refinement of these methodologies are essential to developing
more autonomous, adaptive, and patient-centric solutions, ultimately improving real-time
monitoring, early intervention, and personalized therapies and, thus, neurostimulation.

4. System and Model Presentation

The aim of this research is to create a TinyML model with the ability for integration
into the microprocessor of an implantable closed-loop neurostimulation device in order
to achieve fast, efficient, and accurate detection of any emerging epileptic seizure in the
patient wearing the device with the least possible consumption of the device’s resources.
The architecture of the implantable closed-loop neurostimulation system appropriate for
our technology resembles the existing RNS system [82]. Our proposal aspiration is for
this system to have the novelty of using a TinyML algorithm, aiming at more accurate
and rapid processing of the patient’s EEG signals in order to detect the occurrence of an
epileptic seizure and generate an appropriate response after an immediate decision to
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suppress the ongoing epileptic seizure. However, it is important to note that our proposal
focuses only on processing and classifying EEG signals, not on the response to the ongoing
seizure. More specifically, the presented system has the potential to continuously record
the patient’s EEG signals, perform real-time processing, analyze the recorded EEG signals,
and, based on their features, determine when an epileptic seizure occurs. A more detailed
description of the model architecture is given in Section 4.4.2.

When an epileptic seizure is detected, the system may apply a predetermined amount
of electrical stimulation therapy to the implanted area of the patient’s brain to suppress the
ongoing seizure; when the system detects normal non-epileptic brain signals, neurostimu-
lation remains inactive yet continues to track the EEG for seizures.

4.1. Device Selection

In the context of this research, for the proposed system, a survey of the available
microprocessors with available resources and ability to incorporate TinyML algorithms
was conducted, and the nRF52840 microcontroller was selected for implementation. The
selection was based on the microcontroller’s characteristics and its wide use in applica-
tions and systems aimed at fast and accurate real-time data analysis while requiring low
computational power and resources. Notable research, both in the scientific fields of IoT
and Biomedicine, claims the usefulness of this microprocessor in various applications, for
instance, the development of an innovative system for patient rehabilitation [83], develop-
ment of a system to assist people with disabilities [84], and implementation of a system for
voice recognition [85].

4.2. Dataset Selection

The dataset used to implement the model in this research is the “Epilepsy Seizure
Recognition” dataset available on the Kaggle platform [86].

The dataset consists of a total of 100 scalp EEG records, each record representing a
single subject. Each record contains brief segments of brain activity. The dataset includes
five separate categories of subjects, represented by labels 1, 2, 3, 4, and 5. Subject category
1 represents signals of epilepsy patients, while subject categories 2, 3, 4, and 5 represent
non-epileptic individuals.

In the context of this research, we used EEG recordings from category 1 epilepsy
patients and categories 4 and 5 non-epileptic individuals. The model was trained using a
supervised technique using a total of 2000 EEG records of both non-epileptic individuals
and epileptic patients. Finally, it was tested with 500 randomly selected EEG records not
included in the training datasets.

4.3. Platform Selection: Edge Impulse

The Edge Impulse platform was utilized for this research [87]. Edge Impulse is a cloud-
based platform for developing, implementing, and testing machine learning models in edge
devices [88,89]. It is a direct and fast web-based environment that enables both data upload
and real-time data collection. It has data processing capability and the ability to develop,
without intensive programming activity, functional and edge-based machine learning mod-
els of many types and functions. The acclaimed tool has also been exploited for its simplicity,
flexibility, compatibility with many special purposes and general-purpose microprocessor
devices, and wide range of alternatives for training machine learning models.

Edge Impulse software is widely used in many research applications and projects,
especially in the TinyML research area [90]. Very important to mention is the contribution
of this software to research on the Internet of Things and the creation of both machine and
deep learning models [91]. At the same time, the software’s contribution to biomedical
projects, such as analyzing medical images and medical data, is also significant [92].
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4.4. Model Development, Implementation, and Infrastructure
4.4.1. Data Preprocessing and Exploration

Appropriate pre-processing of the used dataset was first performed. More specifically,
two CSV files were created for the model training process. The first CSV file contained
1000 records with label 1, i.e., records of epileptic patients, while the second contained
1000 records with labels 4, 5, i.e., records of non-epileptic individuals. In these CSV files,
data cleaning and data checking were performed using Python 3.11.4 version scripts to
make them suitable for model training. The CSV files consist of a total of 180 columns,
of which the first one is the id of the individual, columns 2 to 179 contain the EEG signal
records, and column 180 contains the labels.

Furthermore, a header line was added in the first row of the CSV files to clarify the
separation of the columns from the model. After completing the above process, the two CSV
files were uploaded to the Edge Impulse platform for training. The training data were
separated into training and validation data at a percentage of 80-20%.

The model was tested on an independent dataset similarly derived from the baseline
dataset. A random selection was performed between samples labeled 1,4,5, which were
checked to verify that they had not been previously used for model training, and a CSV
file with 500 records of both non-epileptic and epileptic individuals was created. Similarly,
using the above procedure, the same pre-processing of the data in the CSV file was carried
out in order to obtain clean and appropriately formatted data that can be understood by
the model. Then, after pre-processing, the CSV file was uploaded to the Edge Impulse
platform to test the model.

To identify the key differences and different characteristics of epileptic EEG signals
from non-epileptic brain signals, a brief exploratory analysis of the data was performed
using the Python programming language. As shown in Figure 1, the range of values of
the EEG signals of non-epileptic individuals is smaller than the corresponding range of
values of the EEG signals of epileptic patients. More specifically, the values of non-epileptic
EEG signals range from approximately —380 to 330 uV. Regarding the distribution of the
values of the epileptic EEG signals, it was observed that the epileptic EEG values range
from approximately —1800 up to about 2000 uV.

Distribution of EEG Signal Values of Non-Epileptic Individuals Distribution of EEG Signal Values of Epileptic Patients
N
20,000 | ]Z \
7
Ay \
15,000 ?Z x | ’[

10,000

Frequency

5000

-400 -300 -200 -100 0 100 200 300 -2000 -1500 -1000 -500 0 500 1000 1500 2000

EEG Signal Value EEG Signal Value

Figure 1. Distribution of values of EEG signals of non-epileptic individuals (left panel) and epileptic
patients (right panel). A difference in value range and value distribution is observed.

Furthermore, it is observed that the values of non-epileptic EEG signals have a fre-
quency of occurrence in about 17,600 EEG recordings, with values close to 0. On the
contrary, it is observed that the values of epileptic EEG signals have a frequency of occur-
rence in about 25,000 EEG recordings, with values close to 0. Regarding the distribution of
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the occurrence of the different values of the non-epileptic EEG signals, it is observed that the
difference in appearance frequency is smoother and more linear. Regarding the distribution
of the occurrence of the different values of the epileptic EEG signals, it is observed that the
difference in appearance frequency has a more significant scaling. The distribution of both
non-epileptic and epileptic EEG signal values follows the normal distribution. Therefore,
based on the above observations, it is comprehensible that the values of epileptic EEG
signals have a more extensive range starting from larger negative values and reaching
larger positive values compared to the corresponding values of non-epileptic EEG signals
while they are also presented with a higher frequency. Figure 1 shows the EEG signal
values on the x-axis and the frequency of occurrence of each signal value on the y-axis. The
left panel of Figure 1 shows the non-epileptic EEG signals while the right panel shows the
epileptic EEG signals.

Once the data preprocessing and exploration were completed, all the data were
successfully uploaded to the Edge Impulse platform and the creation of “Impulse” followed.
The “Impulse” in the Edge Impulse platform is the process through which the user defines
how they want the raw data uploaded to their dataset to be received and how they will be
processed using signal processing techniques to detect patterns and points of interest so
that they can be correctly and efficiently classified by the model. A window size of 1000 ms
and a frequency of 50 Hz were used.

4.4.2. Comparison and Selection of Model Architecture

After this creation, the process of finding the appropriate model architecture continued.
Since the data studied in this research are in the form of a time series, it was necessary
to choose the appropriate layers of the model. Therefore, the input layer was initially
chosen to consist of 50 features, and the output layer consisted of 1 class. Regarding
the structure of the intermediate layers of the model, several different approaches and
combinations were tested and investigated to find the most efficient architecture. Some
selected architectures whose performances were tested in order to find the most efficient
architecture are presented in Tables 2 and 3 for the validation and test set, respectively. The
choice of the most suitable architecture was based on the model’s performance on both the
validation set and the test set.

Table 2. Performance of different architectures in the validation set.

Architecture Accuracy F1-Score for Label 0 F1-Score for Labels 1
Architecture 1 87% 0.90 0.81
Architecture 2 92% 0.94 0.90
Architecture 3 97% 0.97 0.96
Architecture 4 98% 0.98 0.98

Table 3. Performance of different architectures in the test set.

Architecture Accuracy F1-Score for Label 0 F1-Score for Labels 1
Architecture 1 87% 0.90 0.81
Architecture 2 92% 0.94 0.90
Architecture 3 97% 0.97 0.96
Architecture 4 99% 0.99 0.99

The four architectures presented in the performance table are worth mentioning and
comparing with the selected one. Architecture 1 consists of two dense layers with 20
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and 10 neurons and a dropout layer of 0.5 rate. It uses spectral analysis with wavelet
transformation with biorl.3 value as a parameter. Architecture 2 consists of two dense
layers with 20 and 10 neurons while also using spectral analysis with a wavelet parameter
with the haar value for the data processing. Furthermore, Architecture 3 uses two dense
layers with 40 and 20 neurons and a dropout layer of 0.5 rate while using a spectral analysis
of 16 FFT points. Based on the above results, it is concluded that both the small number of
neurons in the intermediate dense layers and the use of wavelets resulted in a lower final
accuracy of the model in the validation and test datasets, respectively.

In conclusion, Architecture 4, which is highlighted for its best performance and is the
one that was selected for the model in this research, consists of two dense layers with 40
and 20 neurons, and has a dropout layer with a 0.25:1 ratio while using spectral analysis
with 64 FFT points. A workflow of the model’s architecture is shown in Figure 2. The
specific architecture achieved 1.48% accuracy in the validation set and 99% accuracy in the
test set, with a completion time of 4 ms while using only 1.4 KB of RAM and 17.3 KB of
Flash usage of the microprocessor. All the architectures presented above were executed in
30 epochs running cycles.

Dence Layer (40
neurons)

EEG Signal Detection

Dropout Layer Dence Layer (20
(rate 0.25) neurons)

Output Layer
(prediction of
classesOor1)

Figure 2. Workflow of the proposed model’s architecture.

5. Model Results

The selection of the architecture of the model in this study, derived from the explo-
ration, as mentioned, is based on its performance on both the validation set and the test set.
More specifically, the architecture supported for incorporation into the RNS implantable
device consists of an input layer containing 37 features, two dense layers of 40 and 20, and
a dropout layer with 0.25:1 ratio. It also includes an output layer with two classes for both
non-epileptic and epileptic signal detection to be successfully performed on the patient.
Additionally, it is of paramount importance to mention that this architecture uses only
1.4 KB of the microprocessor’s RAM and 17.3 KB of the microprocessor’s FLASH memory.
Finally, the total execution time of the model is 4 ms. It is necessary to highlight that this
model, after research, was concluded at 30 epochs as its optimal training with a training
rate of 0.0005 to avoid over-fitting the model and inaccurate results.

Based on the above layer combination, this architecture was able to achieve 98.3%
specific accuracy in the validation set while achieving 0.05 loss and 98.18% accuracy in the
test set. The following figures show two scatter plot diagrams of the validation and test
set data. Figure 3 represents the performance of the model using the validation set, while
Figure 4 represents the performance using the test set. Both figures include yellow-colored
points representing correctly predicted data with label 0, expressing signals in non-epileptic



BioMedInformatics 2025, 5, 14

10 of 21

individuals, and purple-colored points representing incorrectly predicted data with label
0. The green points represent correctly predicted data with label 1, expressing signals in
epileptic patients, while the orange-colored points indicate incorrectly predicted data with
label 1. It is important to mention that in the scatter plot of the test set, a small number of
points (two points) were classified as unknown and are colored grey.

0 - correct
1 - correct

0 - incorrect

9000

1 -incorrect

Figure 3. Scatter plot of labels 0 and 1 predictions in the validation set.

0 - correct
1 - correct
0 - incorrect

1 -incorrect

000000

w N

Figure 4. Scatter plot of labels 0 and 1 predictions in the test set.

Confusion matrices of the model’s performance using both validation and test sets
were also generated. Based on the confusion matrix of the validation set (Table 4), we
concluded that 98.5% of the data with label 0 and 98.0% with label 1 were predicted correctly
in the validation set. Similarly, Table 5, which contains the confusion matrix of the test set,
shows that 99.2% of the data with label 0 and 97.1% with label 1 were predicted correctly in
the test set. In addition, it is observed that more data with label 1 were mispredicted as
data with label 0 in both the validation and test sets. Compared to the misprediction of
data with label 0, the percentage of inaccurately predicted data with label 1 is 2.0:1.5% and
1.2:0.4%, respectively. Finally, both data labeled 0 and 1 had an F1 score of 0.98 out of 1 in
the validation set and 0.99 for label 0 and 0.98 for label 1 in the test set.

Table 4. Confusion matrix of model’s performance using the validation set.

Label 0 Label 1
Label 0 98.05% 1.5%
Label 1 2.0% 98.0%

F1-Score 0.98% 0.98%
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Table 5. Confusion matrix of model’s performance using the test set.

Label 0 Label 1
Label 0 99.02% 0.4%
Label 1 1.2% 97.1%
F1-Score 0.99% 0.98%

In addition, Sensitivity and Specificity metrics were calculated to estimate the model’s
performance. Sensitivity is a categorical metric that depicts a model’s ability to predict
true positives in each available category, specifically the model’s ability to correctly find
the samples characterized by the available categories ‘ labels. Specificity is a categorical
metric that depicts the model’s ability to predict true negatives of each available category,
mainly depicting the model’s ability to correctly find samples not characterized by a specific
category label. By calculating the theoretical formulas of the Sensitivity and Specificity
metrics based on the True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN) labels, which can be calculated from the confusion matrix, the following
sensitivity and specificity results were obtained for the model:

Sensitivity and Specificity for Label 0—Non-Epileptic EEG Signals—Validation Set:

e TP 0.9805 o
Sensitivity = TP+ FN ~ 09805+ 0015 98.49%
TN .

Specificity = 0.980 = 98.0%

TN +FP ~ 0980+ 0.020
Sensitivity and Specificity for Label 1—Epileptic EEG Signals—Validation Set:

TP 0.980

Sensitivity = 75 T FN = 0,980+ 0.020 o0
.y TN 0.9805 )
Spectficity = T Fp = 09805+ 0015 o0

Sensitivity and Specificity for Label 0—Non-Epileptic EEG Signals—Test Set:

e TP B 0.992 _ o
Sensitivity = TP+ FN 0992 1004 — 96.12%

e TN 0.971 o
Spectficity = T5Fp T gorip o012 o7

Sensitivity and Specificity for Label 1—Epileptic EEG Signals—Test Set:

TP 0.971

tivity = - = 98.77%
Sensitivity = 75 TFN ~ 0971 40012 0%
Specificity = N 0992 _ 96.12%

TN+ EP _ 0.992 + 0.04

Thus, based on the model’s performance using the validation set, the sensitivity is
approximately 98.5% and the specificity is approximately 98.0% for the prediction of label
0 and 98.0% and 98.5%, respectively, for the prediction of label 1. Referring to the model’s
performance using the test set, the sensitivity is approximately 96.12% and the specificity is
approximately 98.77% for the prediction of label 0 and 98.77% and 96.12%, respectively, for
the prediction of label 1; two EEG signals were classified as unknown.

Finally, the area under the curve metric was calculated and the ROC curve was
constructed to determine the reliability of the model’s results. The area under the curve
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True Positive Rate (TPR)

True Positive Rate (TPR)

metric and the ROC curve plot are multi-purpose techniques for quantifying and visualizing
a model’s predictions and reconciling the possible and risky predictions of a model. The
two ROC curve diagrams for predicting performance using the validation and test sets are
presented below (Figures 5 and 6).

ROC Curve for Labels 0 and 1

1.0+

0.8 1

0.6

0.4 1

0.2

0.0 1

——— Label 0 - Non-Epileptic EEG Signals (AUC = 0.98)
- Label 1 - Epileptic EEG Signals (AUC = 0.98)

T T

0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Figure 5. ROC curve for the validation set.

ROC Curve for Labels 0 and 1

1.0 1

0.8 1
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0.4 1

0.2

0.0 1

— Label O - Non-Epileptic EEG Signals (AUC = 0.97)
— Label 1 - Epileptic EEG Signals (AUC = 0.99)

0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Figure 6. ROC curve for the test set.
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Visualization of the model’s performance based on the ROC curves shows that both
label 0 (non-epileptic EEG signals) and label 1 (epileptic EEG signals) demonstrate high
levels of performance, with area under the curve (AUC) values of 0.98 for both labels.
This indicates that the model has excellent capability to distinguish between non-epileptic
and epileptic EEG signals. A high AUC value close to 1.0 signifies that the model has a
strong true positive rate while maintaining a low false positive rate, thus confirming its
effectiveness and reliability in correctly identifying and differentiating the two classes. This
robust performance is crucial for the precise detection and response to the occurrence of
a seizure.

6. Discussion

The advent of the use of implantable neurostimulation devices for the treatment of
medication-resistant epilepsy and epilepsy not amenable to surgical therapy is a significant
advancement in the management of epileptic patients [14,93]. All currently clinically
approved neurostimulation systems are designed to deliver electrical stimulation therapy
to reduce the risk of epileptic seizures occurring. However, only one of these devices,
the RNS system, acts in real-time based upon the patient’s own iEEG data, introducing a
closed-loop functionality to its principle of operation and the overall therapeutic approach.
In this respect, neurostimulation devices implementing closed-loop activation therapy
have higher demands for processing efficiency and accuracy in detecting the target iEEG
epileptic pattern. Based on the published scientific literature, this system helps many
different classes of patients, such as adult patients with onset epilepsy [94] and even in
more specific cases of epileptic patients who suffer from other health conditions, such as
eriventricular nodular heterotopia [95]. In addition, research has been conducted on the
application and efficacy of the RNS system in the treatment of drug-resistant epilepsy in
pediatric patients [94-96].

Neurostimulation is currently offered as a palliative therapy to epilepsy patients who
have failed to respond to several first-line anti-epileptic medications over a reasonable time
interval [97] and, who, after detailed presurgical workup, are rendered poor candidates for
resective or ablative epilepsy surgery. There is a multitude of reasons why the patient’s
candidacy for epilepsy surgery may be cancelled, most often because the area responsible
for the generation of epileptic seizures is either over eloquent cortex (underlying key brain
functions such as body motion, somatic sensation, vision, and language), or distributed
in multiple foci across the brain (namely multifocal epilepsy), or because the presurgical
evaluation failed to clearly define the extent of a resectable region (non-localizable seizure
origin) [98]. Cultural confounds and influences can also affect the patient’s decision
to undergo epilepsy surgery. Before the availability of implantable neurostimulation
devices, these patients would undergo no further evaluation or surgical treatment and
would be placed on a long pathway of recurrent anti-epileptic medication trials. Now, the
neurostimulation approach is offered in a palliative manner, with the expectation that it
will provide a substantial improvement to the patient’s seizure control by either reducing
the frequency of seizure occurrence, the duration of seizures, or the intensity of seizure
manifestation [99].

Currently, one closed-loop (RNS) and two open-loop (VNS and DBS) neurostimulation
devices have been approved for refractory epilepsy patients. However, evaluating these
invasive devices in terms of efficacy of seizure control is an ongoing process in the clinical
field [100-102]. The RNS has provided the epilepsy community with a unique access to a
continuously growing dataset of intracranial data. The most crucial advantage of accessing
the patient’s iEEG data during neurostimulation therapy is the potential for superior
evidence-based clinical evaluation of the patient’s seizure control. The epilepsy physician
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can assess the patient’s seizure burden and the efficacy of neurostimulation therapy without
having to rely on subjective reports from the patient or parents/caretakers, thus making
the assessment based on hard evidence recorded by the device. At the same time, the
RNS device generates a large quantity of iEEG data that has opened a new pathway to
personalized approaches to seizure detection, stimulation therapy, and overall personalized
medicine for epilepsy [103]. In this context, computational methods used to process the
iEEG data uncover features associated with improved outcomes and treatment [104] and
develop novel strategies for seizure detection, which are most valuable in the epilepsy
field. The RNS system has been approved for and studied in several clinical trials in a
restricted adult patient population diagnosed with refractoryfocal epilepsy [105-107]. More
specifically, responsive neurostimulation was approved as a surgical treatment option for
adult patients who were refractory to both anti-epileptic medication and resective surgery
and have either a single non-resectable epileptic focus (e.g., overlapping with eloquent
cortex) or more than one epileptic focus (multifocal epilepsy). In this respect, the majority
of its clinical use as well as the respective clinical trials [105,107], have so far been restricted
to this patient group. However, several off-label pediatric populations and patients with
generalized epilepsy have received neurostimulation therapy via RNS for their refractory
seizures, and the relevant literature is growing [108]. In addition, over the past decade, the
application of neurostimulation treatments has extended to include off-label psychiatric
patient groups, such as people suffering from obsessive-compulsive disorder (OCD) [109],
depression [110], and eating disorders [111].

The TinyML model proposed here achieved good and reliable seizure detection in
terms of the accuracy of real-time inspection of the EEG signal dataset and discriminating
epileptic activity from the normal background electrical activity of the brain. Our model
presented an excellent performance of 98% and 99%, respectively, for the validation and
test datasets of actual EEG data. Our results support the use of the TinyML algorithm
in closed-loop neurostimulation devices for epilepsy, as it contributes significantly to the
speed and accuracy of seizure detection. The integration of TinyML and ML algorithms into
closed-loop neurostimulation devices is a promising approach that enhances the device’s
functionality, flexibility, and accuracy by providing a more rapid and accurate detection
mechanism. TinyML can enable the implementation of machine learning models directly
on the implantable device’s hardware, which encompasses a crucial role in real-time data
processing and therapeutic responses. The processing and analysis of real-time EEG data
on-board minimizes computational latency and reduces dependency on external processing,
which is essential for timely intervention. In addition, TinyML can facilitate personalized
treatment approaches by continuously learning and adapting to the patient’s unique iEEG
patterns, implementing tailored detection and therapeutic approaches to neurostimulation.

In addition to the above clinical applications, it is worth outlining the interdisciplinary
nature of applying TinyML as a complementary technology in other biomedical devices,
facilitating the detection of other medical conditions. The aim of our work, in addition to
showcasing a TinyML model for the detection of epileptic seizures in implantable closed-
loop neurostimulation devices, is to provide a robust basis for the application of our model
architecture to other biomedical resource-constrained devices [112,113]. With appropriate
adaptations and depending on the nature of the medical problem in each patient group,
our model can be used for the implementation of specialized models for processing other
biological signal modalities, such as electrocardiography (ECG) signals for devices offering
cardiac monitoring [114].

An additional key is the implementation of TinyML algorithms using both web de-
velopment cloud platforms, such as Edge Impulse, and programming language packages,
such as TensorFlow Lite Micro library [66,115], Microsoft Edge ML [116], and EmbML
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Tool [117,118]. These software development and platform options significantly contribute
to the development and implementation of TinyML models adapted to the device specifica-
tions and available resources. Nevertheless, it is crucial in this field of research, as well as
in the medical sector as a whole, to consider key ethical principles to ensure responsible,
meaningful, and impactful research [119-121].

7. Conclusions

The closed-loop neurostimulation treatment approach in epilepsy provides essential
support to patients refractory to both antiepileptic medication and traditional epilepsy
surgery. The use of the TinyML algorithm in closed-loop neurostimulation systems and
other implantable and wearable devices in general is a promising tool and part of an evolv-
ing scientific research field that aims to achieve optimal and more precise treatment. The
TinyML model proposed here achieved good and reliable accuracy in detecting epileptic
seizures by performing real-time detection of seizure activity in the EEG signal, and reliable
separation of the latter from normal background EEG activity. Excellent performance of
98% and 99% using the validation and test sets of the model, respectively, was achieved.
Our results also show that the use of the TinyML algorithm contributes significantly to
the speed and accuracy of seizure detection. The integration of TinyML technology in
closed-loop implantable neurostimulation devices can result in significant advancements in
the invasive treatment of epilepsy, offering real-time precise detection and intervention to
reduce seizure activity. This innovative approach has the potential to enhance the efficacy
of seizure management and can pave the path for personalized treatment plans tailored
to individual neural activity patterns. The combination of neurostimulation and cutting-
edge machine learning technology underscores a promising future for the management
of epilepsy, aiming to significantly improve the quality of life for those affected by this
devastating brain disorder.
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Abbreviations

The following abbreviations are used in this manuscript:

TinyML Tiny Machine Learning

ML Machine Learning

Al Artificial Intelligence

EEG Electroencephalography (signals)
iEEG Intracranial Electroencephalography (signals)
SUDEP Sudden Unexpected Death of some
IoT Internet of Things

TP True Positive

TN True Negative

FP False Positive

FN False Negative

AUC Area Under Curve

ROC-Curve Receiver Operating Characteristics Curve
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