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Abstract

Epilepsy is a debilitating neurological disorder affecting over 50 million people
worldwide, characterized by recurrent, unprovoked seizures. A significant
portion of patients are refractory to pharmacological treatment, necessitating
alternative therapies. Closed-loop neuromodulation systems, which deliver
electrical stimulation in response to detected seizure activity, represent a
promising intervention. However, current state-of-the-art systems primarily
react to seizures already in progress, often after clinical onset, limiting their
therapeutic efficacy and ability to prevent debilitating symptoms. This paper
presents the development and validation of a novel closed-loop
neuromodulation system that leverages machine learning (ML) for the real-
time prediction of impending epileptic seizures, enabling preemptive
intervention. Our system architecture integrates long-term intracranial
electroencephalography (IEEG) data acquisition, a cloud-based model training
pipeline, and an implantable, low-power microcontroller unit (MCU) for real-
time inference. We engineered a compact convolutional neural network (CNN)
model capable of extracting spatiotemporal features from multichannel iEEG to
identify preictal (pre-seizure) states. The model was trained and validated on a
large, multi-patient dataset from the NeuroVista and ETHZ IEEG archives,
achieving a mean seizure prediction sensitivity of 91.2% with a false prediction

rate of 0.12 per hour. The optimized model was deployed on a custom-designed
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hardware platform featuring ultra-low-power consumption for continuous
monitoring. In a simulated real-time case study with retrospective data, the
system successfully predicted 89% of seizures with an average warning time of
58.2 seconds prior to electrographic onset. Upon prediction, the system triggers
a tailored, high-frequency stimulation protocol delivered via depth electrodes to
the seizure focus, which suppressed 85% of impending seizures in an
established rodent kainate model of epilepsy. This work demonstrates a
significant paradigm shift from reactive to proactive neuromodulation. By
integrating predictive ML models with efficient hardware, this system holds the
potential to dramatically improve the quality of life for patients with drug-
resistant epilepsy, offering a path toward truly preventive neurotherapeutics.
Keywords: Closed-Loop Neuromodulation, Epilepsy Seizure Prediction,
Machine Learning, Intracranial EEG (iEEG), Convolutional Neural Network
(CNN), Real-Time Processing, Preemptive Stimulation, Drug-Resistant
Epilepsy, Embedded Systems, Neurotechnology.

1. Introduction

Epilepsy is one of the most common serious neurological disorders globally,
imposing a substantial burden on patients, families, and healthcare systems.
Despite the development of over 20 new antiepileptic drugs in the past three
decades, approximately 30% of patients continue to experience seizures, a
condition known as drug-resistant epilepsy (DRE). For these individuals,
surgical resection of the epileptogenic zone can be curative, but it is only an
option for a minority with a well-localized and accessible focus. This
therapeutic gap has spurred the development of neurostimulation devices. Open-
loop systems, like Vagus Nerve Stimulation (VNS), provide periodic
stimulation regardless of brain state and offer modest efficacy. In contrast,
closed-loop systems, such as the FDA-approved Responsive Neurostimulation
(RNS) System, represent a significant advancement by delivering electrical

stimulation only upon the detection of seizure activity.
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However, a critical limitation of current closed-loop systems is their
inherent reactivity. They are designed to detect and abort seizures after they
have begun, typically based on pattern recognition of ictal (seizure) EEG
characteristics. This often means that the stimulation is delivered after clinical
symptoms have already started, too late to prevent the cognitive impairment,
loss of awareness, or physical manifestations that define a seizure's debilitating
Impact. The ideal therapeutic intervention would be preemptive—administered
during the preictal state that precedes the electrographic onset of a seizure,
thereby preventing its clinical manifestation entirely. The core scientific
challenge has been reliably and accurately identifying this preictal state, which
can manifest subtly and with high variability between and even within patients.

The convergence of long-term intracranial EEG (iEEG) monitoring and
advanced machine learning (ML) has created a new frontier in this pursuit. The
preictal state is now understood not as a single deterministic pathway but as a
probabilistic transition of brain network dynamics, characterized by specific
electrophysiological features that can be learned by ML models. Deep learning
models, particularly Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs), have shown remarkable proficiency in extracting
complex, non-linear spatiotemporal features from IEEG data that are often
Imperceptible to human experts or traditional signal processing techniques.
While several studies have demonstrated high offline prediction performance,
the translation to a viable, implantable clinical device poses immense
challenges: models must be drastically optimized for ultra-low-power, real-time
operation on miniaturized hardware with limited computational resources.

This paper addresses the entire translational pipeline, from algorithm
development to embedded system implementation. We present a novel closed-
loop neuromodulation system whose intelligence is derived from a lightweight
CNN model trained to predict seizures. The system is designed to continuously

analyze IEEG streams, identify the preictal state with high sensitivity and low
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false positive rates, and trigger a preemptive stimulation protocol. By moving
the intervention point from the ictal to the preictal period, this system aims to
transform the management of epilepsy from one of seizure abortion to one of
seizure prevention, offering a new hope for patients with the most debilitating
forms of this disease.

2. Data Analysis

The development of a robust seizure prediction model is entirely contingent on
the quality, quantity, and appropriate processing of IEEG data. Our data analysis
pipeline was designed to handle the challenges of real-world, long-term neural
recordings, which are characterized by non-stationarity, artifacts, and immense
variability.

Data Acquisition and Preprocessing: We utilized a large-scale, multi-center
dataset comprising over 10,000 hours of continuous IEEG data from 50 patients
with drug-resistant focal epilepsy. Data was recorded at a sampling rate of 512
Hz or 1024 Hz from intracranial depth and subdural grid electrodes. The first
and most crucial step was expert annotation. Board-certified epileptologists
reviewed the data and marked the precise onset (electrographic onset) and offset
of all seizures, creating a ground truth label for model training. The preictal
period was defined as the 5-minute window preceding a seizure onset. The
interictal period was defined as periods free of seizure activity, excluding the 60
minutes following a seizure to avoid postictal confusion. The immense class
Imbalance (interictal >> preictal) was addressed by strategic data sampling.

A rigorous preprocessing pipeline was implemented:

. Artifact Rejection: Channels with excessive noise, amplifier saturation, or
frequent artifacts (e.g., from movement) were identified and excluded using
automated variance thresholding and visual inspection.

. Filtering: A bandpass filter (0.5 - 120 Hz) was applied to remove DC drift and
high-frequency noise. A notch filter (58-62 Hz) was used to eliminate line

noise.
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. Referencing: A common average reference (CAR) was applied to reduce
common noise and enhance local signal features.

. Segmentation: The continuous data was segmented into 10-second epochs with
a 5-second overlap, creating a large number of samples for training.

Feature Extraction and Dataset Construction: While deep learning can learn
features directly from raw data, initial feature-based analysis was critical for
understanding and guiding model design. For each channel in each epoch, we
computed a comprehensive set of 25 features across domains:

Spectral Features: Bandpower in delta (1-4 Hz), theta (4-8 Hz), alpha (8-13
Hz), beta (13-30 Hz), and gamma (30-80 Hz) bands.

Temporal Features: Line length (a measure of signal complexity), mean
amplitude, and variance.

Non-linear Features: Approximate entropy (regularity) and Hurst exponent
(long-range dependence).

These features were analyzed using statistical tests (ANOVA) to
determine their discriminative power between preictal and interictal states. We
found that gamma bandpower, line length, and approximate entropy were
consistently and significantly elevated in the preictal state across most patients.
This validated our approach and informed the design of our CNN, which uses
its convolutional layers to automatically learn similar spectral-temporal
patterns. The final dataset for deep learning consisted of millions of 10-second,
multichannel iIEEG segments, each labeled as preictal or interictal. This dataset
was split patient-wise into training (70%), validation (15%), and a held-out test
set (15%) to ensure generalizability and avoid data leakage.

3. Case Study: Real-Time Prediction and Suppression in a Rodent Model

To validate the efficacy of our closed-loop system in vivo, we conducted a case
study using an established rodent model of chronic epilepsy. This allowed us to
test the entire pipeline—from real-time prediction to preemptive stimulation—

in a controlled biological environment.

5


https://jrist.org/index.php/JRIST/index

@ Journal of Recent Innovation in Science and Technology
Av

ailable on: https://jrist.org/index.php/JRIST/index Volume: 01, Issue: 01, September 2025

Model Preparation: Adult Sprague-Dawley rats (n=8) were injected with
kainic acid into the hippocampus to induce status epilepticus, leading to the
development of spontaneous recurrent seizures after a latent period of 4-6
weeks, mimicking human temporal lobe epilepsy. Once chronic epilepsy was
established, animals were implanted with a custom microdrive containing two
bundles of recording electrodes in the hippocampus and cortex and a separate
stimulating electrode in the ventral hippocampus (the identified seizure focus).
System Implementation: The implanted electrodes were connected to a
miniature, head-mounted neural amplifier and data acquisition system, which
wirelessly streamed data to an external processing unit. This unit, running our
optimized CNN model, performed real-time analysis on a 2-second sliding
window updated every 100 ms. The prediction probability was continuously
output. If this probability exceeded a patient-specific threshold (optimized
during a initial baseline recording period) for three consecutive windows, a
preictal event was declared, and a trigger signal was sent back to the
implantable stimulator.

Stimulation Protocol: Upon receiving the trigger, the stimulator delivered a
tailored, preemptive biphasic stimulation protocol (130 Hz, 200 pA, 100 ps
pulse width) for a duration of 500 ms. This high-frequency, low-current
protocol was designed to disrupt the synchronous neuronal firing that
characterizes the preictal state without causing tissue damage or functional side
effects.

Results: Over a continuous 4-week testing period, the system was active. The
results were striking:

Prediction Performance: The system successfully predicted 89% of all
electrographic seizures (n=127 of 143 total seizures) with an average lead time
of 58.2 £ 12.4 seconds before the onset. The false prediction rate was low, at

0.15 per hour.
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Suppression Efficacy: Crucially, in 85% of the predicted events (n=108), the
delivery of preemptive stimulation successfully suppressed the seizure,
preventing its electrographic and behavioral manifestation. The animals showed
no overt behavioral changes or signs of distress during the stimulation.

Control Condition: During a separate week where the system was placed in
"monitor-only” mode (recording without stimulation), seizures occurred
unabated, confirming that the suppression was a direct result of the intervention.
This case study provides compelling proof-of-concept that a machine learning-
driven, closed-loop system can not only predict seizures with high accuracy but
also preemptively suppress them. The long lead time is clinically meaningful,
providing a sufficient window for intervention before the seizure network
becomes fully engaged and symptomatic.

4. Methodology

Our methodology encompasses the end-to-end development of the closed-loop
system, including the machine learning model, the hardware platform, and the
integration protocol.

1. Data Acquisition and Labeling: Long-term iIEEG data was collected from
human patients and rodent models. Expert neurologists annotated all seizure
onsets and offsets. The preictal period was defined as 300 seconds before onset,
and interictal data was sampled from periods at least 1 hour away from any
seizure.

2. Machine Learning Model Development:

Architecture: We designed a lightweight 1D Convolutional Neural Network
(CNN) to process the raw IEEG time-series data. The model consisted of:

Input Layer: Takes a 10-second multichannel iEEG segment.

Three 1D Convolutional Layers: With increasing filters (16, 32, 64) and small
kernels (size 3) to extract hierarchical temporal features.

Batch Normalization and ReLU activation after each conv layer.
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Global Average Pooling Layer: Drastically reduces parameters compared to a
flattening layer, preventing overfitting.

Dropout Layer (rate=0.5).

Dense Output Layer: With a single neuron and sigmoid activation for binary
classification (preictal vs. interictal).

Training: The model was trained using the Adam optimizer with a binary
cross-entropy loss function. Class weights were applied to the loss function to
mitigate the imbalance between preictal and interictal data.

3. Model Optimization for Embedded Deployment: The trained model was
then optimized for the constraints of an implantable device:

Quantization: The model weights were converted from 32-bit floating-point
numbers to 8-bit integers, reducing the memory footprint by 75% with minimal
accuracy loss.

Pruning: Insignificant weights (those closest to zero) were pruned (set to zero),
creating a sparse model that requires fewer computations.

Conversion: The model was converted to TensorFlow Lite format for efficient
inference on edge devices.

4. Hardware Platform Design: A custom printed circuit board (PCB) was
designed as the core of the implantable system:

Microcontroller: An ultra-low-power ARM Cortex-M4 MCU with a built-in
floating-point unit was selected to run the quantized TF Lite model.

Analog Front-End (AFE): A low-noise, programmable gain amplifier and
analog-to-digital converter (ADC) to condition and digitize the iEEG signals.
Stimulation Circuitry: A constant-current stimulator capable of delivering
biphasic pulses with programmable parameters.

Telemetry: A Bluetooth Low Energy (BLE) module for data streaming and
external communication for debugging and parameter adjustment.

Power Management: A specialized circuit to manage power draw from a

small, rechargeable lithium-polymer battery.
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5. System Integration and Validation: The optimized model was flashed onto
the MCU. The entire system was validated in a benchtop setting using pre-
recorded IEEG data played back in real-time to measure prediction latency and
power consumption. Finally, it was validated in vivo in the rodent model as
described in the case study.

5. Questionnaire & Expert Evaluation

To gauge the clinical relevance and potential impact of our system, a detailed
questionnaire was distributed to 40 neurologists, epileptologists, and
neurosurgeons.

Table 1: Participant Demographics (N=40)

Specialty Number of Years of Experience
Participants (Average)
Epileptology 18 14.2
Neurology (General) 12 11.8
Neurosurgery 7 16.5
Other 3 9.0
(Neuroengineering)

Method: Participants were presented with the specifications of current reactive
neurostimulation systems (e.g., RNS System) and our proposed predictive

system. They were asked to rate both on key clinical metrics.
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Table 2: Expert Rating of Neuromodulation Systems (Average Score,

1=Poor, 5=Excellent)

Clinical Metric Reactive System Predictive (Our A

(e.g., RNS) System) Score

Potential to Prevent 2.1 4.7 +2.6
Symptoms

Theoretical Efficacy 3.0 4.5 +1.5

Patient Quality of Life 2.8 4.6 +1.8

Impact

Clinical Desirability 3.5 4.4 +0.9

Perceived Technological 3.2 2.0 -1.2
Complexity

Experts rated the predictive system significantly higher on its potential to

prevent symptoms and improve quality of life—the primary endpoints for

patients. The slightly lower score on "Perceived Technological Complexity™

reflects valid concerns about the new technology, but this was not seen as a

prohibitive barrier.

Table 3: Expert Qualitative Feedback on Clinical Utility

Theme

Representative Quote (Epileptologist, 15 years experience)

Impact on Patient
Life

"Preventing a seizure from ever happening is the holy
grail. Aborting it after the aura starts is helpful, but
preventing the aura itself would be transformative for my

patients' independence."

Safety and Trust

"The false prediction rate is critical. Too many false
positives leading to unnecessary stimulation could be
problematic, but the rate you report seems acceptably

low.

Implementation

"The biggest hurdle will be personalizing the model for
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Challenge each patient and ensuring it adapts over time as their brain

and epilepsy change."

Overall Outlook "This is the clear and necessary evolution of
neuromodulation for epilepsy. The benefits to
neurocognitive function and mental health from
preventing seizures, rather than just shortening them, are

immense."

The feedback confirms that the clinical community recognizes the fundamental
limitation of reactive systems and views predictive, preemptive
neuromodulation as a paradigm shift with the potential to dramatically improve
patient outcomes.

6. Conclusion

The management of drug-resistant epilepsy requires a move beyond reactive
therapies that merely respond to ongoing seizures. This work presents a
comprehensive closed-loop neuromodulation system that leverages the power of
machine learning to transition from seizure detection to seizure prediction,
enabling preemptive intervention. By developing a lightweight yet powerful
CNN model and deploying it on an ultra-low-power embedded hardware
platform, we have demonstrated the feasibility of real-time, continuous seizure
prediction. The successful in vivo validation in a chronic epilepsy model, where
the system predicted and suppressed the majority of seizures with a clinically
useful lead time, provides a robust proof-of-concept.

The implications of this technology are profound. By preventing seizures
before they manifest clinically, such a system could restore a sense of control
and safety to patients, reducing the anxiety and social stigma associated with the
unpredictable nature of epilepsy. It could prevent injuries, allow for greater
independence, and significantly improve overall quality of life. While
challenges remain—including long-term stability of predictions, further

hardware miniaturization, and ultimately, large-scale clinical trials in humans—
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this research lays a critical foundation. It represents a convergence of neural

engineering, machine learning, and clinical neuroscience, pointing the way

toward a future where epilepsy management is not about aborting seizures, but
about preventing them from ever occurring. This is the promise of intelligent,
data-driven neurotherapeutics.
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