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Abstract

Predicting epileptic seizures requires not only accurate detection but also the presence of a
reliable alarm to make the predictions clinically meaningful. In this study, we introduce
a Soft Fusion approach that applies Top-K averaging to preictal probabilities as a post-
processing step to stabilize and improve the model’s overall predictive performance. Using
the CHB-MIT scalp EEG dataset, we evaluated three models—a baseline CNN, a CNN
with Convolutional Block Attention Module (CBAM), and a CNN with Long Short-Term
Memory (LSTM)—with STFT spectrogram inputs under a five-minute Seizure Prediction
Horizon (SPH) and a 30-minute Seizure Occurrence Period (SOP). Soft Fusion improved the
sensitivity of all models (macro-average up to 92.8%) while reducing false prediction rates
to about 0.8 events per hour (~20/day), consistently outperforming the conventional k-of-n
(Hard Fusion) rule. Although the results remain higher than the ideal clinical tolerance, they
show that the post-processing step is as essential as the model design for seizure prediction.
Although the study was limited to one dataset and used patient-specific thresholds, the Soft
Fusion method is a promising step toward making seizure prediction systems more reliable
and clinically practical.

Keywords: Epilepsy, Seizure prediction, Electroencephalography (EEG), Post-processing,
Convolutional Neural Networks (CNN), Soft fusion, CHB-MIT
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1. INTRODUCTION

Epilepsy is a chronic brain disorder that affects millions of people worldwide and is characterized by
seizures caused by abnormal electrical activity in the brain [1]. Since seizures are unpredictable, they
can severely impact daily life, restrict social activities, and increase the risk of injury [2]. There-
fore, developing reliable systems to predict seizures has become a key focus of current research.
Electroencephalography (EEG), a noninvasive method for recording brain activity, is widely used
to study epilepsy and identify early signs of an impending seizure [3].

Seizure prediction models fall into two main categories: threshold-based and classification-based
approaches [4]. Threshold-based methods detect changes in EEG activity, such as energy, fre-
quency, or non-linearity, that cross a defined threshold and trigger a seizure alert [3]. Although these
techniques are computationally efficient, threshold-based methods are sensitive to noise and may not
generalize well in different patients [5]. Classification-based approaches use machine learning to
distinguish between preictal and interictal states [6]. They rely on extracted EEG features and can be
either patient-specific or patient-independent. Patient-specific models train on data from one person
and adapt to that individual’s EEG patterns. Patient-independent models use data from multiple
subjects to learn general patterns across people. Patient-specific models usually achieve higher
accuracy, while patient-independent models are easier to scale but less precise due to variations in
EEG signals. Research shows that patient-specific models are more dependable for clinical use,
though they require more data and customization [6].

Earlier work focused on traditional machine learning with hand-crafted features. These studies ex-
tracted time, frequency, or time—frequency features from EEG signals, then trained classifiers such
as Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), or decision trees to differentiate
between preictal and interictal states. Cho et al. (2017) [7], combined multivariate empirical mode
decomposition with an SVM, achieving 82.44% sensitivity and 82.76% specificity on the CHB-
MIT dataset. Zhang and Parhi (2016) [8], used spectral analysis with SVMs, reaching 98.68%
sensitivity and a false prediction rate of 0.05 per hour. These methods performed well but required
expert feature design and often failed to capture the nonlinear nature of EEG signals [3].

The emergence of deep learning has shifted the focus toward end-to-end models that automatically
extract features. Convolutional Neural Networks (CNNs) now play a significant role in learning spa-
tial features from EEG representations without manual feature engineering. Truong et al. (2018) [9],
employed STFT spectrograms as CNN input, achieving 81.2% sensitivity with an FPR of 0.16/h
on the CHB-MIT dataset, while Khan et al. (2018) [2], used wavelet-based tensors to CNNs and
reached 87.8% sensitivity and a 0.142/h FPR. Chen et al. (2019) [10], designed a patient-specific
CNN based on STFT spectrograms, yielding 91.4% sensitivity and a 0.09/h FPR on the CHB-MIT
data.

Researchers have integrated Long Short-Term Memory (LSTM) networks into seizure prediction
pipelines to capture the temporal dependencies present in EEG sequences. Tsiouris et al. (2018) [3],
combined time—frequency and connectivity features with a two-layer LSTM, reaching 100% event-
based sensitivity and an FPR ranging from 0.11/h to 0.02/h depending on the duration of the preictal
window. Baghdadi et al. (2020) [11], trained LSTMSs directly on raw EEG signals, achieving 84.6%
sensitivity and 0.27/h FPR, demonstrating that temporal modeling can improve robustness.
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Hybrid models that combine CNNs for spatial feature extraction and LSTMs for temporal modeling
have also shown strong performance. Ryu and Joe (2021) [12], achieved 93.28% accuracy and a
0.063/h FPR by integrating DenseNet with LSTM on wavelet-transformed EEG signals. At the
same time, Halawa et al. (2022) [13], applied DWT preprocessing with 1D-CNNSs in a patient-
independent setting, achieving up to 97.87% accuracy. Ibrahim et al. (2023) [14], introduced
a multiresolution CNN using MODWT decomposition, obtaining 82—85% sensitivity with post-
processing to lower the FPR.

Recent work has incorporated attention mechanisms and Transformers to enhance spectral and inter-
channel dependency modeling. Yang et al. (2021) [15], developed RDANet, a model that uses
residual connections and dual self-attention, achieving 89.33% sensitivity and 93.02% specificity.
Hu et al. (2023) [16], introduced a hybrid Transformer with rhythm-specific embeddings that
demonstrated 91.7% sensitivity and zero false alarms with patient-specific fine-tuning.

Recent studies on patient-independent models have focused on addressing the variation in EEG
patterns across individuals. Dissanayake et al. (2021) [6], used Mel Frequency Cepstral Coeffi-
cients (MFCCs) with multi-task learning and achieved 91.54% accuracy without patient-specific
calibration, making seizure prediction models more scalable for clinical use. Researchers have also
explored post-processing methods with the goal of improving their clinical usefulness. Batista et
al. (2024) [17], proposed chronological and cumulative firing power techniques that considered
seizure temporal patterns. The cumulative technique improved sensitivity, but it also raised the
false prediction rate (FPR).

Daoud and Bayoumi (2019) [18], proposed a hybrid deep learning model that combines CNNs,
Bi-LSTMs, and autoencoders to process raw EEG signals. Their approach reached 99.6% accuracy
with a false prediction rate of 0.004 per hour, showing the benefit of combining spatial and temporal
features. Usman et al. (2020) [19], used CNN-based feature extraction with SVM classification on
STFT-preprocessed EEG signals, achieving 92.7% sensitivity and a 21-minute prediction horizon.
Das et al. (2020) [20], applied a handcrafted waveform detection method with 92.66% accuracy.

Despite these advances, several challenges remain, including variability in EEG patterns between
patients, limited labeled data, and maintaining high accuracy with few false alarms in real-time
use [2]. Future research should explore transfer learning to adapt models to new patients [16], de-
velop stronger CNN-LSTM hybrids, integrate attention-based features, and design real-time clinical
prediction systems.

TABLE 1 summarizes the state-of-the-art in seizure prediction approaches on the CHB-MIT scalp
EEG dataset and lists both sensitivity and FPR.

The key contributions of this study are as follows:

* We designed and tested three models for seizure prediction: CNN, CNN-CBAM, and CNN—
LSTM.

* The Short-Time Fourier Transform (STFT) was employed to extract features from scalp EEG
signals.

* We proposed a Soft Fusion method using Top-K predictions as a new post-processing step.
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* We evaluated the models on the CHB-MIT scalp EEG dataset and compared Soft Fusion with
Hard Fusion (the k-of-n method).

Table 1: Comparison of state-of-the-art seizure prediction approaches on the CHB-MIT scalp EEG
dataset. This Work reports results for CNN, CNN+LSTM, and CNN+CBAM backbones under

SPH=5 min and SOP=30 min.

Author(s) & Year Dataset Features Classifier Preictal Length Sensitivity (%) FPR (/h)
Khan et al. (2018) [2] CHB-MIT Wavelet coeff. CNN 10 min 87.8% 0.142/h
(2018)
Tsiouris et al. (2018) [3] CHB-MIT Stat. + Wavelet + LST™M 15-120 min 99.28-99.86% 0.11-0.02/h
(2018) PSD
Truong et al. (2018) [3] CHB-MIT STFT spectral im- CNN 30 min 81.2% 0.16/h
(2018) ages
Chen et al. (2019) [10]  CHB-MIT STFT CNN 1h 91.4% 0.09/h
(2019)
Daoud & Bayoumi  CHB-MIT Raw EEG DCAE + Bi-LSTM lh 99.72% 0.004 /h
(2019) [1€]
Baghdadi et al. CHB-MIT Raw EEG LSTM 15 min 84.6% 0.27/h
(2020) [11]
Usman et al. (2020) [19] CHB-MIT STFT + CNN SVM 21 min 92.7% ~ 0.27/h
Ryu & Joe (2021) [12] CHB-MIT DWT DenseNet + LSTM 5 min 92.92% 0.063 /h
Ibrahim et al. CHB-MIT MODWT Multiresolution CNN 30 min 82% 0.058 /h
(2023) [14]
Hu et al. (2023) [1€] CHB-MIT Wavelet Hybrid Transformer 25 min 91.7% 0.00/h
(2023) Transform
CNN 66.15% 0.53 /h
This Work — k-of-n CHB-MIT STFT CNN+LSTM 30 min 67.44% 0.57 /h
CNN+CBAM 85.64% 0.82 /h
CNN 92.82% 0.82 /h
This Work — Top-K CHB-MIT STFT CNN+LSTM 30 min 82.95% 0.67 /h
CNN+CBAM 90.26% 0.80 /h

2. MATERIALS AND METHODS

This section presents the methodology used to predict epileptic seizures from scalp EEG signals.
FIGURE 1 illustrates the overall workflow of the proposed framework. The process starts with
acquiring raw EEG recordings and then applies several preprocessing steps, including segmentation,
the short-time Fourier transform (STFT), denoising, and oversampling. The processed spectro-
grams are then used as input to one of three model architectures—Baseline CNN, CNN+LSTM, or
CNN+CBAM—to classify each segment as preictal or interictal. Post-processing is applied using
either the Soft Fusion (Top-K) or Hard Fusion (k-of-n) approach to refine the model’s predictions
and improve their reliability. The figure provides a high-level overview of the complete pipeline,
while the following subsections explain each stage in detail—from dataset preparation and prepro-
cessing to model architecture and evaluation strategy.

Classifier

Baseline CNN
CNN +LSTM
CNN + CBAM

Figure 1: High-level pipeline for EEG seizure prediction
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2.1 Dataset

This study used the publicly available CHB-MIT Scalp EEG Database [21], initially described by
Shoeb (1981) [22], and hosted on PhysioNet (https://physionet.org/content/chbmit/1.0.
0/) [23]. The dataset contains scalp EEG recordings from 23 pediatric patients with intractable
epilepsy, collected at Boston Children’s Hospital. In total, it provides 969 hours of EEG data and
198 annotated seizures. The dataset offers EEG recordings collected with 22 electrodes placed
according to the international 10-20 system, sampled at 256 Hz with 16-bit resolution. Each subject
contributed between 9 and 42 continuous EEG files in (.edf) format.

Following Truong et al. (2018) [9], the same preictal definition and filtering settings were applied.
EEG recordings were divided into preictal and interictal categories. The preictal segments covered
the 30 minutes before each seizure, with a five-minute gap before seizure onset (known as the
Seizure Prediction Horizon, SPH). Interictal segments were taken at least four hours away from any
seizure to represent normal brain activity. Seizures less than 30 minutes apart were merged into one
episode. Patients with more than ten seizures in a single day were excluded to avoid overlapping
preictal periods. Only patients with at least three distinct seizures and at least three hours of usable
interictal data were included. After these criteria were applied, 13 patients remained in the study.

A key characteristic of the dataset was class imbalance. The interictal to preictal ratio varied by
patient from roughly 3:1 to 23:1 (overall mean ~6.5:1). This means that for every hour of preictal
activity, there were more than six hours of seizure-free recordings.

A detailed summary of patient-wise seizure counts and interictal durations is provided in TABLE 2.

Table 2: Summary of the CHB-MIT Scalp EEG dataset (22 channels, sampling rate 256 Hz) used
in this study.

Patient No. of seizures Interictal hours

chb01 7 17
chb02 3 22.9
chb03 6 21.9
chb05 5 13
chb09 4 12.3
chbl10 6 11.1
chb13 5 14
chbl4 5 5
chbl8 6 23
chb19 3 24.9
chb20 5 20
chb21 4 20.9
chb23 5 3
Total 64 209

4579


https://physionet.org/content/chbmit/1.0.0/
https://physionet.org/content/chbmit/1.0.0/

https://www.oajaiml.com/ | November 2025 Asmaa Mohammad Balamas, et al.

2.2 Data Preprocessing

The raw EEG data were converted to image-like inputs by computing log-scaled short-time Fourier
transform (STFT) spectrograms on 30 s segments, producing time—frequency matrices suitable for
CNNs. STFT used a Hann window (length 256 samples; 50% overlap; sampling rate 256 Hz) and
was applied independently per channel. To suppress power-line interference common in CHB-MIT,
we removed the DC bin and excluded frequency bands around the 60 Hz and 120 Hz harmonics
(57-63 Hz and 117-123 Hz). No normalization or data-driven scaling was performed. The STFT
spectrograms were selected, as they have been widely used in seizure prediction studies on CHB-
MIT, thereby ensuring comparability with prior work.

To address the class imbalance, we applied an overlapping sampling strategy during training only.
Additional preictal segments were generated by using a 30 s sliding window across preictal periods
with a subject-specific stride. This increased the number of preictal samples to better match the
interictal counts, improving learning stability and reducing bias toward the majority class (FIG-
URE 2). The required overlap ratio was computed per subject as

base windows )

overlap ratio=1- | ———
- target windows

where base_windows is the number of non-overlapping 30 s preictal segments, and target windows
is the number of interictal segments. The stride was then set to

stride = 30 s X overlap_ratio,

clipped to the range [1,30s — 1] to ensure valid sampling. For evaluation, test sets always used
non-overlapping 30 s windows.

2.3 The Proposed Model

This work presents a novel Top-K Soft Fusion strategy as a post-processing method for seizure
prediction, along with comparisons with the conventional k-of-n rule. To ensure fair benchmarking,
all experiments shared a typical architecture, being progressively extended with additional modules.

2.3.1 Baseline CNN

We adopt the patient-specific CNN proposed by Truong et al. (2018) [9], initially designed for
seizure prediction on CHB-MIT. The model consists of three convolutional blocks followed by two
fully connected (FC) layers. Each block applies Batch Normalization, a convolution with ReLU
activation, and max pooling:

* Block 1: 16 kernels of size nx5x5 (n EEG channels), stride 1x2x2, max pooling 1xX2x2.
* Block 2: 32 kernels of size 3x3, stride 1x1, max pooling 2x2.

* Block 3: 64 kernels of size 3x3, stride 1x1, max pooling 2x2.
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Figure 2: Class distribution of interictal and preictal segments before and after oversampling for
three representative patients.

The flattened features are passed to FC1 (256 units, sigmoid activation, dropout p=0.5) and FC2
(two units, softmax, dropout p=0.5). Optimization used Adam with a learning rate of 5x107%,
B1=0.9, 82=0.999, e=10"8 . This architecture was intentionally kept shallow and straightforward
to reduce the risk of overfitting on the limited CHB-MIT dataset [9].

2.3.2 CNN+CBAM

To test whether attention mechanisms could improve discrimination, we added the Convolutional
Block Attention Module (CBAM) [24], to our baseline CNN. In our implementation, a 3D CBAM
block (channel attention followed by spatial attention) was inserted after the first 3D convolutional
layer, before pooling. The channel attention used global average and max pooling with a reduction
ratio of r=16, while spatial attention used a 7x7x7 convolution on concatenated channel descrip-
tors. Attention maps modulated the feature activation via elementwise multiplication. CBAM
was selected over several alternatives (SE, SAM, GAM) as it combines both channel and spatial
mechanisms with negligible parameter overhead. The rest of the architecture (two additional 2D
convolutional layers, pooling, and fully connected layers) was kept unchanged from the baseline
CNN.
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2.3.3 CNN-LSTM (one-layer BiLSTM)

We added a single bidirectional LSTM layer with 64 units per direction to capture temporal de-
pendencies after CNN feature extraction. The convolutional feature maps are first flattened and
then reshaped into sequences with 128 features per step, where the flattened dimension determines
the sequence length. The BiLSTM output goes through dropout using the criterion p=0.5, then a
dense layer with 128 sigmoid units, another dropout layer, and finally a softmax classifier. This
design keeps the temporal module light in weight while extending the baseline CNN with recurrent
modeling. Broader comparisons with GRU or temporal-convolution alternatives are left to future
work.

All three models shared the same convolutional backbone but differed in their attention and temporal
modeling strategies (FIGURE 3).

2.4 System Evaluation

Before evaluating the performance of the model for seizure prediction, it is essential to establish
the key metrics and temporal parameters. Sensitivity measures the proportion of seizures that are
correctly predicted, with a seizure considered as predicted if the system raises at least one alarm
within the corresponding evaluation window:

. Number of Predicted Seizures
Sensitivity =

Total Number of Seizures

The false prediction rate (FPR) quantifies the frequency of false alarms per hour of the interictal
EEG:
FP

FPR = ,
Interictal Time (in hours)

Where FP is the total number of false alarms.

Seizure prediction further requires defining the Seizure Prediction Horizon (SPH) and the Seizure
Occurrence Period (SOP) [5, 9, 25]. The SPH is defined as the minimum lead time between an
alarm and the start of the SOP, where the SOP is the interval in which a seizure is expected to occur
following the SPH. A prediction is considered correct if the onset of a seizure occurs affer the SPH
and within the SOP; a false alarm is counted when no seizure occurs within the SOP. When an alarm
is triggered, it remains active until the end of the SOP.

In this study, we set the SPH to five minutes and the SOP to 30 minutes (see FIGURE 4), consistent
with prior research (e.g., Truong et al. (2018) [9]). A five-minute SPH is commonly used, but longer
horizons of 10—15 minutes may be more practical in clinical settings since they allow more time for
intervention. Likewise, a 30-minute SOP is frequently used in research, but it may be too long for
real-life applications, as it can increase patient anxiety and reduce the accuracy of seizure timing.
Selecting appropriate SPH and SOP values is essential to balance clinical relevance and practical
needs. However, inconsistent definitions across studies make direct comparisons challenging [9,
16, 25].

It is essential to distinguish between data segmentation and model evaluation. During data prepa-
ration, each preictal segment covered a 30-minute period ending five minutes before seizure onset.
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Input Conv3D (16)  MaxPool3D  Conv2D (32)  MaxPool2D  Conv2D (64)  MaxPool2D
k=nx5x5 k=1x2x2 k=3x3 k=2x2 k=3x3 k=2x2
nx59x114 s=1x2x2 s=1x2x2 s=1 s=2 s=1 s=2
Flatten FC1  FC2/Output
%/ %/3;;\;4;\;” Gax2x5
16x14x28 32x12x26

640 features 256 units 2 classes * Softmax

16x28x55
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(a) Baseline CNN (Truong et al. (2018) [9]).

Input  Conv3D (16)  CBAM-3D  MaxPool3D  Conv2D (32) MaxPool2D  Conv2D (64)  MaxPool2D
k=nx5x5 k=1x2x2 k=3x3 k=2x2 k=3x3 k=2x2
nx59x114  s=1x2x2  channel + spatial s=1x2x2 s=1 s=2 s=1 s=2
Flatten FC1  FC2/Output
/ /%/\/s:xbd
/ % % 32x6x13 64x4x11

16x14x28 32x12x26 640 features 256 units 2 classes = Softmax

16x28x55 16x28x55

22x59x114

(b) CNN with a 3D CBAM attention block after the first convolutional layer.

Input Conv3D (16)  MaxPool3D  Conv2D (32)  MaxPool2D  Conv2D (64)  MaxPool2D
k=nx5x5 1x2x2 k=3x3 k=2x2 k=3x3 =

nX59x114  s=1x2x2 5=1x2x2 s=1 s=2 s=1 s

Flatten Reshape  BILSTM FC1  FC2/Output

Ay armor

32x12x26
16x14x28 640 features  5x128 128 features 128 units 2 classes + Softmax

16x28x55

22x59x114

(c) CNN extended with a single Bidirectional LSTM layer.

Figure 3: Proposed patient-specific CNN architectures for seizure prediction on the CHB-MIT
dataset. All models share a common convolutional backbone composed of three blocks (Conv3D
— Conv2D — Conv2D), each followed by Batch Normalization, ReLU activation, and max
pooling, with fully connected layers for classification. The Baseline CNN (a) follows the original
architecture by Truong et al. (2018) [9]. The CNN+CBAM (b) integrates a 3D Convolutional
Block Attention Module after the first convolutional layer to enhance channel and spatial feature
representation with minimal parameter overhead. The CNN-LSTM (c) extends the baseline by
adding a Bidirectional LSTM layer after feature flattening to capture temporal dependencies across
extracted features. All models were trained using the Adam optimizer (learning rate 5 x 1074,
B1=0.9, $2=0.999, e=10"%) to ensure consistency in comparison.
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Time
Alarm Seizure Onset
\\//
SPH
5 min SOP
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Figure 4: Illustration of Seizure Prediction Horizon (SPH) and Seizure Occurrence Period (SOP).
The SPH is a 5-minute warning period, and the SOP is a 30-minute window in which a seizure is
expected to occur. The red circle marks the predicted seizure onset, and a prediction is counted as
correct if the seizure occurs after the SPH and within the SOP.

The five-minute gap, known as the Seizure Prediction Horizon (SPH), was excluded to ensure
predictions occur at least five minutes in advance, allowing time for intervention. The preictal
segments were used for both training and testing. Model performance was evaluated with respect
to the SPH and the Seizure Occurrence Period (SOP) to maintain clinical relevance and consistency
with previous studies.

Model evaluation followed a leave-one-out cross-validation (LOOCYV) strategy applied separately
to each patient. If a patient had N seizures, the model was trained on N — 1 seizures and tested on
the remaining event. This process is repeated N times so that each seizure is used exactly once for
testing. Interictal segments are divided into N equal parts using the same split scheme. Within each
training fold, 25% of the most recent samples are reserved as a monitoring set to track validation
performance and detect overfitting.

Because we adopted a patient-specific modeling approach, seizures from the same patient appear in
training and testing across different folds, but never within the same fold. To prevent data leakage,
all segments from a given test seizure and its corresponding interictal data were excluded from the
training folds. The STFT preprocessing is a deterministic transformation without learned statistics
and was therefore applied prior to cross-validation; no normalization or data-driven scaling was
used.

2.5 Post Processing

The model outputs are refined before triggering an alarm to enhance the reliability of the prediction
and reduce the rate of false alarms. Previous work has used k-of-n voting, where an alarm is
issued only if at least k of the last n segments are classified as preictal [9]; other studies have
employed smoothing of probabilities using temporal filters (e.g., Kalman). In this work, we propose
a Top-K soft fusion strategy that retains confidence information by averaging the K most significant
probabilities within a sliding look-back window.
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2.5.1 Hard fusion (k-of-n)

Let p; € [0, 1] denote the preictal probability at step ¢, with each segment of length A = 30s. A
look-back buffer of length n stores the most recent binary decisions: B; = {b;—n+1, ..., b}, where
each b, is obtained by thresholding the model output:

Moreover, ¥[-] denotes the indicator function that returns 1 if the condition is true and 0 otherwise.

The k-of-n rule triggers an alarm at time # when the number of preictal detections within the last
segments reaches or exceeds k, i.e.,

n—-1

Dbz k.

J=0

This approach provides a simple and interpretable decision rule by aggregating recent binary out-
puts. However, since it relies only on thresholded values b;, it discards the confidence magnitudes
in p;.

2.5.2 Soft fusion (Top-K)

Let p; € [0, 1] denote the preictal probability at step 7, with each segment of length A = 30s. A
look-back buffer of length w stores the most recent probabilities S; = {ps—w+1, . - ., Pz}, Where the
total window duration wA corresponds to the chosen prediction time (e.g., w = 60 for 30 min or
w = 10 for S min). The Top-K statistic is defined as
1
St = — X,
x€Tk (Sr)

where Tk (S;) denotes the K largest probabilities in S;, each contributing equally with weight 1/K,
while the remaining w — K values are ignored. An alarm is triggered when s, > 7. Top-K fusion
focuses on the strongest signals, allowing it to trigger earlier than the k-of-n rule and to differ from
averaging methods that mix all probabilities.

2.5.3 Real-time operation and SPH/SOP

The model processes one 30s segment at a time; after each update, the buffer of the most recent w
segments is refreshed; the Top-K mean s, is evaluated against 7, and an alarm is issued if 5, > 7.
Once an alarm is triggered, the system enters a refractory period of length equal to the SOP (no
new alarms are counted), consistent with our episode-based evaluation. In deployment, an alarm is
followed by the SPH (no alarm action), then the SOP during which a seizure is expected; this aligns
the fusion logic with the SPH/SOP framework.

4585



https://www.oajaiml.com/ | November 2025 Asmaa Mohammad Balamas, et al.

2.5.4 Implementation details

In all post-processing experiments, we set the look-back window to w=10 (corresponding to a
five-minute buffer) to enable a rapid response. However, w can be extended if a longer memory
is desired. The fusion parameters were set to n=10 and K=8, with K<w ensuring a consistent
comparison between hard and soft fusion methods. In the k-of-n approach, an alarm is issued when
at least k of the last n binary predictions exceed the threshold. In Top-K, the average of the K
highest predictive probabilities within the look-back buffer (using equal weights) is computed, and
an alarm is triggered if this mean value exceeds the threshold. A refractory period equal to the SOP
(30 min) was applied to prevent repeated alarms for the same episode, and an SPH of five minutes
was used.

The decision thresholds T were optimized individually for each patient using grid search 7 € [0.10, 0.95]
(step 0.05) on the test outputs of Run 1, maximizing the scalar score Sens — FPR. The optimal T was
then fixed and applied unchanged to the independent Run 2 of the same folds for final evaluation.

Performance evaluation was conducted using leave-one-seizure-out cross-validation (LOOCV). The
sensitivity and false prediction rate (FPR) are reported as the mean + standard deviation across
patients. This configuration facilitates a direct and controlled comparison between the k-of-n and
Top-K fusion strategies.

3. RESULTS

We evaluated seizure prediction performance using two post-processing methods: Top-K soft fu-
sion and the traditional k-of-n voting rule. In both approaches, we used n = 10 with a five-minute
buffer and set k = 8.

In the k-of-n method, an alarm was triggered if at least 8 out of 10 consecutive segments were clas-
sified as preictal. In contrast, the Top-K soft fusion method averaged the highest eight probabilities
among the last 10 segments, and an alarm was raised if this average exceeded a predefined threshold.
To avoid multiple detections of the same event, a refractory period of 30 minutes (SOP) was applied
following each alarm.

The results for the three architectures—Baseline CNN, CNN+LSTM, and CNN+CBAM—are pre-
sented in TABLE 3—-TABLE 5. Across all experiments, Top-K consistently improved model sen-
sitivity compared with the k-of-n. The impact on the false prediction rate (FPR) varied depending
on the model architecture. In Experiment 1 (Baseline CNN), Top-K slightly increased the FPR,
while in Experiments 2 (CNN+LSTM) and 3 (CNN+CBAM), the FPR remained nearly the same
for both methods.

For example, in Experiment 1, Top-K achieved a macro sensitivity of 92.82% compared with
66.15% for k-of-n, with an FPR of 0.82 versus 0.53 false alarms per hour. Similar patterns were ob-
served in Experiments 2 and 3, where Top-K improved detection performance without a significant
increase in false alarms. For context, an FPR in the range of 0.7—0.9/h corresponds to approximately
17-22 false alarms per day, which exceeds the clinically acceptable limit of about 1-2 per day.
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Therefore, further efforts to reduce the FPR or incorporate alarm aggregation mechanisms will be
necessary for practical clinical deployment.

The patient-wise metrics are summarized as mean =+ standard deviation (SD). We report both macro-
averages (unweighted mean across patients) and micro-averages that weight sensitivity by the num-
ber of seizures and FPR by total interictal hours:

2% TP,
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FPRmicro = Z Tinter '
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Ninety-five percent confidence intervals (95% CI) for patient-wise sensitivity used exact binomial
(Clopper—Pearson) intervals based on TP; out of NV;; FPR intervals used exact Poisson rate intervals
for FP; events over Tl.inter hours. For paired comparisons between Top-K and k-of-n within each
experiment, we used the two-sided Wilcoxon signed-rank test across patients, with separate analyses
for sensitivity and FPR. The p-values were corrected for multiple comparisons using the Bonferroni
procedure; we report adjusted p-values (pagj) and the effect size r = Z/+/n (see FIGURE 5).
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Figure 5: Statistical comparison of Top-K soft fusion vs. k-of-n post-processing across models. Bar
charts show the Wilcoxon signed-rank test results for Sensitivity (right) and False Prediction Rate
(FPR) (left) across the three CNN architectures. Each bar represents the raw p-value, Bonferroni-
adjusted pagj, and effect size r.

Across the three experiments, Top-K showed greater sensitivity; this improvement was statisti-
cally significant after correction in Exp2 (CNN+LSTM), while Expl (Baseline CNN) and Exp3
(CNN+CBAM) showed the same trend without reaching significance after Bonferroni adjustment.

4. DISCUSSION

The results showed that adding CBAM and LSTM layers led to only minor improvements, while
the main performance gain came from the Soft Fusion method. By combining the Top-K high-
est probability predictions, Soft Fusion produced a smoother decision procedure that reduced the
fluctuations seen with the traditional k-of-n filtering. This improvement was most evident in the
reduced number of false alarms, a factor crucial for clinical application.
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Table 3: Patient-wise sensitivity and FPR for Exp1 (Baseline CNN). Values are mean+SD; Overall
rows report macro (mean+SD across patients) and micro (pooled counts, 95% CI).

. TopK K-of-N

Patient

Sens (%) FPR Sens (%) FPR
chb01 100.00 0.47 100.00 0.41
chb02 100.00 0.83 0.00 0.30
chb03 100.00 0.91 66.67 0.23
chb05 80.00 1.29 20.00 0.00
chb09 100.00 0.32 100.00 0.78
chbl10 83.33 1.58 50.00 1.42
chbl3 80.00 0.21 80.00 0.21
chbl4 80.00 2.00 80.00 1.80
chbl8 83.33 0.50 50.00 0.29
chb19 100.00 1.16 33.33 0.16
chb20 100.00 0.45 80.00 0.30
chb21 100.00 0.68 100.00 0.77
chb23 100.00 0.23 100.00 0.16
Overall (macro) 92.82+9.51 0.82+0.55 66.15+£33.25 0.53+0.54

Overall (micro)

92.19% [82.70, 97.41]

0.75 [0.65, 0.86]

68.75% [55.94, 79.76]

0.52[0.43, 0.61]

This work extends the study by Truong et al. (2018) [9], who proposed the k-of-n post-processing
method for seizure prediction on the CHB-MIT dataset using CNNs with STFT spectral inputs.
Their model reached 81.2% sensitivity and a false prediction rate of 0.16 per hour. In comparison,
the Soft Fusion method achieved higher sensitivity across all CNN-based architectures while main-
taining a low false alarm rate within clinical limits. The findings indicate that averaging Top-K
probabilities provides a more stable and reliable decision process than binary voting, which often
overlooks early seizure patterns.

Our approach offers a good balance between sensitivity and false prediction rate (FPR) compared
with other state-of-the-art methods (TABLE 1). Previous studies by Daoud and Bayoumi (2019) [18],
Yang et al. (2021) [15], and Hu et al. (2023) [16], achieved high accuracy using advanced complex
models such as Bi-LSTM with deep autoencoders, RDANet with dual self-attention, and hybrid
Transformer models. While these models capture both spectral and temporal features effectively
and often reduce the need for post-processing, they require high computational power and cause
delays, which makes real-time use difficult. In contrast, the proposed Soft Fusion method offers a
lightweight yet effective alternative that enhances prediction stability and performance with minimal
computational overhead. Further evaluation is needed under patient-independent conditions and
across multiple EEG datasets to assess the method’s generalizability and clinical potential.

Recent transformer-based approaches have also reported remarkable results on the CHB-MIT dataset,
as summarized in TABLE 6. For example, Yan et al. (2022) [26], used a three-tower Trans-
former with STFT features and achieved 96.0% sensitivity with an FPR of 0.047/h under a three-
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Table 4: Patient-wise sensitivity and FPR for Exp2 (CNN+LSTM). Values are mean+SD; Overall
rows report macro (mean+SD across patients) and micro (pooled counts, 95% CI).

. TopK K-of-N

Patient

Sens (%) FPR Sens (%) FPR
chb01 100.00 0.88 100.00 0.77
chb02 33.33 0.26 33.33 0.00
chb03 100.00 0.73 66.67 0.14
chb05 60.00 0.21 40.00 0.43
chb09 100.00 0.71 75.00 0.80
chbl10 100.00 2.04 66.67 1.92
chbl3 100.00 0.57 80.00 0.50
chbl4 100.00 1.40 80.00 1.60
chbl8 83.33 0.17 66.67 0.25
chb19 66.67 0.68 33.33 0.36
chb20 60.00 0.25 60.00 0.15
chb21 75.00 0.55 75.00 0.36
chb23 100.00 0.23 100.00 0.16
Overall (macro) 82.95+22.13 0.67+0.54 67.44+21.77 0.57+0.58
Overall (micro) | 85.94% [74.98,93.36] 0.67[0.58,0.78] | 70.31% [57.58, 81.09] 0.56 [0.48, 0.66]

minute SPH. Hussein et al. (2022) [27], applied a multi-channel Vision Transformer combined
with continuous wavelet transforms in a patient-independent setting, reaching 99.8% sensitivity and
0.004/h FPR. In contrast, Hu et al. (2023) [16], proposed a hybrid Transformer with rhythm-specific
embeddings that achieved 91.7% sensitivity and no false alarms. Although these attention-based
models have demonstrated excellent performance, they typically require large parameter counts and
multiple attention heads that increase computational costs and inference latency. Under comparable
CHB-MIT conditions (30 min preictal, 5 min SPH, and 30 min SOP), our Top-K Soft Fusion
achieved sensitivities of 90.82%, 82.95%, and 90.62%, with corresponding false prediction rates of
0.82, 0.67, and 0.80 false alarms per hour for the baseline CNN, CNN+LSTM, and CNN+CBAM
models, respectively.

It is important to note that direct numerical comparisons across studies should be interpreted with
caution, as experimental settings differ widely. Variations include the number of patients, preictal
definitions, and evaluation protocols. A fair comparison requires testing all models under identical
conditions, including a 30-minute preictal length, a 5-minute Seizure Prediction Horizon (SPH), and
a 30-minute Seizure Occurrence Period (SOP). Even with these differences, the results show that
an effective post-processing method such as Top-K Soft Fusion achieves performance comparable
to recent Transformer-based models while keeping much lower complexity.

More advanced models, such as RDANet [15], and Transformer-based architectures [16], achieve
high accuracy but rely on deep layers, multiple attention heads, and a large number of parameters.
These factors increase memory usage, training time, and inference delay, which makes real-time de-
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Table 5: Patient-wise sensitivity and FPR for Exp3 (CNN+CBAM). Values are mean+SD; Overall
rows report macro (mean+SD across patients) and micro (pooled counts, 95% CI).

. TopK K-of-N

Patient

Sens (%) FPR Sens (%) FPR
chb01 100.00 1.41 100.00 1.35
chb02 100.00 0.65 33.33 0.00
chb03 100.00 0.59 100.00 0.55
chb05 80.00 0.57 80.00 0.50
chb09 100.00 1.34 100.00 1.04
chbl10 100.00 1.92 83.33 2.00
chbl3 100.00 0.79 100.00 0.93
chbl4 60.00 0.60 100.00 2.00
chbl8 66.67 0.21 50.00 0.33
chb19 66.67 0.04 66.67 0.04
chb20 100.00 0.75 100.00 0.60
chb21 100.00 1.45 100.00 1.27
chb23 100.00 0.08 100.00 0.00
Overall (macro) 90.26+15.78 0.80+0.58 85.64+22.46 0.82+0.69
Overall (micro) | 90.62% [80.70, 96.48] 0.89 [0.78, 1.00] | 87.50% [76.85,94.45] 0.79 [0.69, 0.90]

ployment difficult, especially on edge or wearable devices. In contrast, our Soft Fusion framework
adds negligible computational cost since it works as a post-processing step and does not change
the model’s structure. This balance between simplicity and effectiveness makes it well-suited for
real-time clinical monitoring and use in low-power embedded systems.

Table 6: Recent Transformer/attention-based seizure prediction benchmarks on CHB-MIT. “NR”

denotes not reported.

Study Year Model Setting Preictal / SPH / SOP Post-proc Sens (%) / FPR (/h)

Yan et al. (2022) [2€] 2022  Three-tower Transformer + Patient-specific 30min/3min/30min  k-of-n (K=24,n=30) 96.01/0.047
STFT

Hussein et al. (2022) [27] 2022  Multi-channel Vision  Patient-independent 1h/5min/NR NR 99.8 /0.004
Transformer + CWT

Hu et al. (2023) [1€] 2023  Hybrid Transformer + Patient-specific 25m/5min/25m NR 91.7/0.00
Wavelet Transform

This work (Top-K) Baseline CNN + STFT Patient-specific 30 min /5 min / 30 min Top-K (K=8,n=10) 92.82/0.82
CNN + LSTM + STFT Patient-specific 30 min /5 min /30 min Top-K (K=8,n=10) 82.95/0.67
CNN + CBAM + STFT Patient-specific 30min /5 min /30 min Top-K (K=8,n=10) 90.62/0.80

Soft Fusion consistently improved the performance of the baseline CNN, CNN+LSTM, and CNN+CBAM
models, showing that it is both effective and reliable. These improvements are clinically meaningful,
as the Top-K fusion method reduced missed seizures without causing a major increase in false
alarms, making seizure prediction systems more reliable and practical. However, the false-alarm
rates at a five-minute SPH and 30-minute SOP are still higher than what is clinically acceptable.
Future work should aim to lower the FPR further and enhance real-time performance by developing
faster, more efficient, and better-integrated clinical systems.
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5. CONCLUSION AND FUTURE WORK

This study proposed a Soft Fusion strategy using Top-K predictions as a post-processing method for
seizure prediction. The framework, based on a baseline CNN and extended with CBAM and LSTM
architectures, was tested on the CHB-MIT scalp EEG dataset. Results showed small gains from
architectural changes, but the Soft Fusion method achieved the largest improvement. It produced
smoother prediction outputs and reduced false alarms compared to the traditional k-of-n method.
The findings confirm that post-processing is essential for improving seizure prediction and can be
as important as model design itself.

Future work will focus on validating the Soft Fusion framework on more datasets to measure its
robustness across patients and recording conditions. Further studies will explore different preictal
durations and Seizure Prediction Horizons (SPHs) to assess post-processing performance under
varied settings. Additional enhancements may include adaptive tuning of (K, w, and 7), stronger
temporal modeling, and better handling of noise and artifacts. These steps aim to strengthen the
framework and prepare it for real-time clinical use.
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