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Abstract 

Background  Identification of seizures is essential for the treatment of epilepsy. Current machine-learning and deep-
learning models often perform well on public datasets when classifying generalized seizures with prominent features. 
However, their performance was less effective in detecting brief, localized seizures. These seizure-like patterns can be 
masked by fixed brain rhythms.

Methods  Our study proposes a supervised multilayer hybrid model called GEM-CRAP (gradient-enhanced modula-
tion with CNN-RES, attention-like, and pre-policy networks), with three parallel feature extraction channels: a CNN-RES 
module, an amplitude-aware channel with attention-like mechanisms, and an LSTM-based pre-policy layer integrated 
into the recurrent neural network. The model was trained on the Xuanwu Hospital and HUP iEEG dataset, includ-
ing intracranial, cortical, and stereotactic EEG data from 83 patients, covering over 8500 labeled electrode channels 
for hybrid classification (wakefulness and sleep). A post-SVM network was used for secondary training on channels 
with classification accuracy below 80%. We introduced an average channel deviation rate metric to assess seizure 
detection accuracy.

Results  For public datasets, the model achieved over 97% accuracy for intracranial and cortical EEG sequences 
in patients, and over 95% for mixed sequences, with deviations below 5%. In the Xuanwu Hospital dataset, it main-
tained over 94% accuracy for wakefulness seizures and around 90% during sleep. SVM secondary training improved 
average channel accuracy by over 10%. Additionally, a strong positive correlation was found between channel accu-
racy distribution and the temporal distribution of seizure states.

Conclusions  GEM-CRAP enhances focal epilepsy detection through adaptive adjustments and attention mecha-
nisms, achieving higher precision and robustness in complex signal environments. Beyond improving seizure interval 
detection, it excels in identifying and analyzing specific epileptic waveforms, such as high-frequency oscillations. This 
advancement may pave the way for more precise epilepsy diagnostics and provide a suitable artificial intelligence 
algorithm for closed-loop neurostimulation.
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Introduction
Epilepsy is a chronic neural disease that affects approxi-
mately 70 million individuals worldwide and is the sec-
ond most common neurological condition after stroke 
[1]. It is characterized by spontaneous seizures and poses 
significant diagnostic and treatment challenges. Despite 
the availability of over 20 antiepileptic drugs for clinical 
use [2], nearly one-third of patients with epilepsy can-
not control their seizures through medication alone 
and must resort to surgical intervention [1]. For seizure 
foci that are widely dispersed, poorly localized, or over-
lap with the eloquent cortex, effective resection may be 
unachievable, posing potential neurological risks such as 
memory or language impairment, with diminished thera-
peutic benefits [3]. This complexity underscores the need 
for advanced diagnostic tools and treatments that pro-
vide more precise and actionable insights into the epilep-
tic brain [4].

Neuroimaging provides foundational structural and 
functional localization for neurological disorders [5, 6]; 
however, in epilepsy, electroencephalography (EEG), 
which records electrical brain activity via scalp or intrac-
ranial electrodes, captures essential spatiotemporal neu-
rodynamics crucial for enhancing epilepsy diagnosis 
and refining intervention strategies [7]. While scalp EEG 
offers valuable insights, intracranial EEG (iEEG), such 
as stereoelectroencephalography (SEEG) and electro-
corticography (ECoG), provide a high-resolution view 
of internal brain activity with superior signal clarity 
and precise epileptic focus localization, which is crucial 
for identifying complex seizure patterns [3, 8, 5]. iEEG, 
integrated with artificial intelligence (AI) technologies 
such as deep learning, can detect subtle changes in fre-
quency or amplitude, thereby advancing the development 
of sophisticated diagnostic models that improve seizure 
prediction and classification [9, 10].

Convolutional neural networks (CNNs) are pivotal 
in effectively extracting spatiotemporal features from 
EEG signals and capturing complex brain dynamics 
[11]. These networks utilize convolutional filters to ana-
lyze the data at various scales. Long short-term memory 
(LSTM) networks, an advanced form of recurrent neural 
networks (RNNs), excel at processing time-series data 
that are crucial for predicting epileptic seizures. LSTMs 
address traditional RNN challenges, such as gradient 
vanishing, by incorporating mechanisms such as forget 
gates to maintain learning stability over time [12]. The 
Attention Mechanism was initially introduced in Natural 
Language Processing (NLP) to address information loss 
in traditional models like RNN and LSTM when han-
dling long sequences. It helps focus on relevant parts of 
the input, improving tasks like translation. However, pro-
cessing epileptic EEG sequences poses challenges due to 

signal non-linearity, low Signal-to-Noise Ratio (SNR), 
and complex seizure patterns. To capture key features, 
adjustments are needed, such as dynamically adjust-
ing attention weights and optimizing distribution for 
seizures, enhancing detection and prediction accuracy. 
Support vector machines (SVMs) enhance classification 
by creating optimal hyperplanes in high-dimensional 
spaces, effectively distinguishing between neurological 
states [13]. The integration of these advanced models 
forms a robust diagnostic framework that improves sei-
zure detection and extends the diagnosis of other neu-
rological disorders [11, 14–21]. This synergy advances 
diagnostic accuracy and deepens our understanding of 
neural processes.

With the advancement of algorithm-based treatments, 
such as closed-loop neurostimulation [22], the applica-
tion and real-time analysis of iEEG is gaining increasing 
attention [23, 24]. Existing detection algorithms that rely 
on line length, area, and threshold limits often overlook 
complex brain rhythmic activity, leading to the misclassi-
fication of normal discharges as seizures [25]. Moreover, 
current AI-based deep learning algorithms for seizure 
detection are mostly trained on public datasets with clear 
seizure characteristics and fail to capture subtle seizure 
events (Fig. 1). This study proposes an algorithmic model 
named GEM-CRAP (gradient-enhanced modulation 
with CNN-RES, attention-like, and pre-policy networks). 
Compared to existing deep learning models, GEM-CRAP 
has a significant advantage in effectively detecting more 
subtle focal seizures. The innovation of the GEM-CRAP 
model lies in its ability to accurately analyze amplitude 
variations in iEEG signals through the Amplitude-Aware 
Layer, extracting critical local features, particularly seg-
ments with high amplitude and prolonged duration. 
Simultaneously, the Pre-Policy Networks reduce infor-
mation redundancy in interictal data, ensuring that all 
filtered interictal or ictal segments positively contribute 
to feature extraction and classification. This approach 
minimizes interference from irrelevant factors (such 
as external stimuli and normal EEG rhythm-induced 
amplitude-frequency changes) and redundant or similar 
segments during interictal periods, which is crucial for 
the identification of focal epilepsy. GEM-CRAP employs 
a custom ‘ampeak_trough’ function to automatically 
detect all local peaks and troughs in EEG signals, utiliz-
ing an objective function to find local optimal solutions 
for trigger point potentials. This process filters out seg-
ments with high amplitude and significant duration, 
assigning weight coefficients to them. These coefficients 
are consistently applied in subsequent network process-
ing, further enhancing sensitivity and accuracy in detect-
ing focal epileptic seizures. At the same time, it maintains 
considerable detection performance for generalized 
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seizures that are more widespread and have more distinct 
characteristics. This capability highlights our model’s 
sensitivity to diverse seizure patterns, making it more 
versatile for clinical applications involving heterogeneous 
seizure presentations. The overall data flow diagram of 
our framework can be found in Supplementary Materi-
als—Data Stream.

Materies and methods
Datasets and pre‑processing
Two datasets were used in the study. HUP iEEG data-
set from the openneuro platform: this dataset contains 
de-identified patient data from the University of Penn-
sylvania Hospital, targeting surgical treatments for drug-
resistant epilepsy. It included data from 54 subjects who 
underwent intracranial electroencephalography (iEEG) 
monitoring using either subdural grids, strips, and depth 
electrodes (ECoG) or stereotactically placed depth elec-
trodes (SEEG). The electrophysiological data encom-
passed both the interictal and ictal periods and provided 

electrode locations in the ICBM152 MNI space. Addi-
tionally, the dataset included clinically identified seizure 
onset channels and channels overlapping with resection/
ablation areas determined through meticulous segmenta-
tion of the resection cavity. SEEG Dataset from Xuanwu 
Hospital, Capital Medical University: This dataset con-
sists of SEEG recordings from 29 patients with mesial 
temporal lobe drug-resistant epilepsy captured during 
both awake and sleep states following SEEG implantation 
surgery. This use of these data was approved by the local 
ethics committee of the Xuanwu Hospital, Capital Medi-
cal University, Beijing, China. The ethics committee’s 
phone, email, and address as follows: 0086-10-83919270, 
xwkyethics@163.com, and No. 45, Changchun Street, 
Xicheng District, Beijing 100053, China. All the partici-
pants provided written informed consent.

Using the open-source toolkits Brainstorm and 
EEGLAB, we applied a 0.5–120  Hz bandpass filter and 
removed 50  Hz and 60  Hz power line interference. We 
then downsampled the data to 500 Hz (fc = 500 Hz) and 

Fig. 1  Two distinct types of epileptic seizures as recorded by SEEG. The top two panels depict generalized tonic–clonic seizures, characterized 
by a wide spread and prolonged duration, involving multiple brain regions. In contrast, the bottom panel presents a focal seizure with limited 
spatial spread, shorter duration, and confined to specific brain areas. These differences demonstrate the complexity and variability of epileptic 
events
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performed an interpolation-based reconstruction, reduc-
ing the original electrode sampling rate from 2048 to 
500  Hz. After feature point calculation, the signal was 
interpolated and baseline-corrected. Monopolar EEG 
data were converted to bipolar data, and reference elec-
trodes were removed for global re-referencing to mini-
mize external physical interference affecting the EEG 
recording accuracy.

Our study filtered HUP iEEG and Xuanwu Hospital 
SEEG data based on electrode localization and distribu-
tion of seizure onset channels. The HUP iEEG dataset 
was divided into SEEG and ECoG, based on the infor-
mation provided by the platform. The SEEG data from 
Xuanwu Hospital were classified based on awake and 
sleep states and further divided into Generalized tonic–
clonic seizures (GtcS) and focal seizures (FS), according 
to the range and intensity of the seizures. To achieve a 
comprehensive classification training, multiple data sub-
sets were obtained according to the classification method 
presented in Table  1. FS (Subset1,2) is the status we 
focused on, particularly the performance of small-scale 
focal seizures. GtcS can be included in the SEEG category 
of the HUP for joint training (Subset3). Finally, all data 
were normalized and multiple seizure events were con-
catenated along the same dimension. The SEEG dataset 
included 64 patients from HUP(35) and Xuanwu Hospi-
tal(29), whereas the ECoG dataset comprised 19 patients 
from HUP. All 29 SEEG cases from Xuanwu Hospital 
utilized channels containing seizures. In the HUP iEEG 
dataset, 36 cases included seizure channels, while the 
remaining 18 cases provided only interictal channel data.

The concatenated EEG data were labeled interictal (0), 
ictal (1), or pre-ictal (2). All labeled data were saved as 
single-channel CSV files, with each file containing data 
from a single channel, including 201  s data points and 
corresponding feature labels for each point.

Model mechanism
Feature vectors and frequency domain analysis
The datasets were sampled at a frequency of 500 Hz with 
a sequence length of 250, corresponding to a sliding 
detection window of 0.5  s, with a 50% overlap between 

each pair of adjacent sequences. The data were reshaped 
into a three-dimensional feature vector (batchsize, 
sequencelength, and features) with a potential mapping 
space. For the EEG data, a single data point had only one 
possible feature in the epileptic state; therefore, in the ini-
tial model input, the feature dimension was set to one.

The additional feature dimensions introduced into 
subsequent network layers can decompose different sig-
nal amplitude components or extract energy from vari-
ous frequency bands. This enhances the model’s ability to 
recognize complex dynamic characteristics of epileptic 
seizures more effectively.

By optimizing the moving-window technique, only half 
of the spectrum was obtained, and downsampling was 
performed to reduce the data symmetry. In the actual 
processing of the network, the frequency-domain dis-
tribution of each EEG time series was extracted indi-
vidually, providing a reliable data source containing more 
hidden information for high-dimensional analysis in the 
subsequent convolutional layers (Fig. 2).

Attention‑like mechanism in amplitude‑aware module
The AmplitudeAwareLayer analyzes voltage changes in 
EEG data points to capture signal amplitude variations by 
reshaping the data into sequences of a given length. On 
one hand, this module extracts and calculates the differ-
ence between the maximum and minimum values of all 
EEG data points within each sequence, enabling feature 
comparison between sequences. At the same time, the 
module can also learn the differences in amplitude range 
between FS and GtcS EEG signals at the overall sequence 
level.

On the other hand, our study introduced a custom 
ampeak_trough function, designed to capture all local 
peaks and troughs within each sequence, enabling adap-
tive selection of key features within the sequence (Fig. 3). 
First, the irregular raw EEG signal is fitted into a regu-
lar pattern by downsampling and then reconstruct-
ing it through interpolation as a superposition of cosine 
functions of varying scales. This process calculates the 
amplitude differences (diffs) between each pair of adja-
cent peaks and troughs (based on different predefined 

Table 1  Classification of the entire dataset into multiple subsets

GtcS Generalized tonic–clonic seizures, FS focal seizures, XW Xuanwu Hospital

Dataset Class Subset1 Subset2 Subset3 Subset4 Subset5

HUP iEEG SEEG √ √

ECoG √ √

XW SEEG Awake GtcS √ √

Awake FS √ √

Sleep GtcS √ √

Sleep FS √ √
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parameters) to filter out significant segments with high 
amplitude (diffs ≥ x µ V) and a duration of at least 50% of 
the sequence length. The value of x can be arbitrarily set, 
and when used for feature extraction in the FS, the model 
can filter locally optimal values for classification based on 
the overall amplitude information of the EEG time series. 
Specifically, this method is based on the amplitude of all 
time points within the EEG sequence. When the value at 
the upper quartile exceeds 150% of the mean amplitude of 
the entire sequence, this point is used as a trigger to begin 
an adaptive local optimization search for the parameter x. 
Starting from this trigger point, the value of x is adjusted 
by fluctuating upwards and downwards to determine the 
local optimal solution that best reflects the key features 
of the sequence. These high-amplitude and long-duration 
segments are considered the "key points" of the sequence 
and are fed back to the amplitude perception module as 
important features of the sequence. Using GtcS data as the 
standard, adaptively adjust the coefficients α1 and α2 for 
amplitude difference and volatility within the FS dataset. 

In other words, we can amplify the network’s attention to 
amplitude features in FS data by adjusting the coefficients 
accordingly, aiming to achieve the same recognition effec-
tiveness as with GtcS. The specific implementation for 
finding the optimal solution x is as follows:

Define the objective function T (x) , where H(x) 
represents the set of indices for all high-amplitude 
diffs(diffs[i] > x ), and L(x) represents the set of indices 
for all low-amplitude diffs(diffs[j] < x ). |H(x)| and |L(x)| 
denote the number of high-amplitude and low-ampli-
tude points, respectively, while σH (x) and σL(x) denote 
their respective standard deviations. The first term of 
the polynomial represents the amplitude difference, 

(1)

T (x) = − α1





1

|H(x)|

�

i∈H(x)

diffs[i]−
1

|L(x)|

�

j∈L(x)

diffs[j]





+ α2(σH (x)+ σL(x))

Fig. 2  Time–frequency distribution of 5-s EEG data, corresponding to three different seizure states. Comparative analysis of seizure characteristics 
between ECoG and SEEG based on time-domain and frequency-domain methodologies. a ECoG amplitude, b SEEG amplitude, c ECoG power 
spectrum, d SEEG Power Spectrum. As clearly observed from the Fig. 1, there are significant differences in seizure characteristics between SEEG 
and ECoG data. SEEG seizure characteristics are predominantly distributed in a higher frequency range, and in the pre-seizure state, SEEG exhibits 
more pronounced fluctuations, with more distinct differences from the interictal state compared to ECoG data. This observation suggests the need 
for classification-based training on the datasets
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with α1 as its weight coefficient; the second term repre-
sents volatility, with α2 as its weight coefficient.

An attention mechanism is introduced based on the 
standard x, assigning weights to the diffs. The upper quar-
tile of the diffs distribution serves as the initial trigger for 
x. wi(x) represents the weighting function, indicating 
whether the diffs[i] is classified as a high-amplitude point 
exceeding the threshold x.

∂T (x)
∂x  is the gradient of the objective function T (x) , and 

xt is the threshold value of x at gradient update time step 
t. Through each update, we can find the optimal x that 
minimizes the objective function T (x) , which serves as 
the threshold that most effectively distinguishes between 
high-amplitude and low-amplitude points.

This mechanism effectively guides the “attention” of the 
network toward signal segments that exhibit prominent 
amplitudes and durations, thereby achieving a dynamic 
focus on key features. Filtering the significant features 
enhanced the overall perceptual ability of the model.

Additionally, this module uses two fully connected 
layers to further process the extracted features, captur-
ing complex relationships and high-dimensional infor-
mation among them. The first layer provides nonlinear 

(2)wi(x) =

{

1, if diffs[i] ≥ x
0, if diffs[i] < x

(3)

{

∂T (x)
∂x = lim

ǫ→0

T (x+ǫ)−T (x)
ǫ

xt+1 = xt − α
∂T (xt )
∂x

transformations to enhance feature representation, while 
the second layer performs dimensionality reduction and 
generates the final feature vector for subsequent classifi-
cation or regression tasks. The fully connected layers use 
the Adam algorithm for gradient descent and updates of 
the weight matrix W and deviation vector b according to 
the model’s macro definition. Below are the parameter 
update equations:

where gWt  is the gradient of weights θt , and gbt  is the gra-
dient of biases. mn+1 is the first moment estimate,β1 is the 
decay factor, and vn+1 is the second moment estimate,β2 
is the decay factor.m̂n and ̂vn are the bias-corrected 
moment estimates. η is the learning rate, and ǫ prevents 
division by zero.

(4)

gWt = ∇W J (θt)

gbt = ∇bJ (θt)

mn+1 = β1 ·mn + (1− β1) · gn+1

vn+1 = β2 · vn + (1− β2) · g
2
n+1

m̂n =
mn

1− βn
1

̂vn =
vn

1− βn
2

Wn+1 = Wn −
η

√

̂vn + ǫ
· m̂W

n

bn+1 = bn −
η

√

v̂n + ǫ
· m̂b

n

n = 1, 2, 3, . . . . . . , 511,512 = batch_size

Fig. 3  The calculation and extraction of diffs is based on the difference between the peaks and troughs of a complete waveform. Attention features 
are added to waveforms that meet specific criteria



Page 7 of 21Shi et al. Journal of Translational Medicine          (2025) 23:405 	

Network module
CNN_RES
After the introduction of multi-scale CNN, increas-
ing the depth of deep convolutional neural networks 
did not significantly improve their expressive power 
and led to vanishing or exploding gradients. Due to the 
low signal-to-noise ratio and nonlinear nature of EEG 
signals, layer-by-layer feature extraction can weaken 
or lose important information related to the original 
input. In this study, we implemented a CNN-RES mod-
ule that combines convolutional layers with residual 
neural networks to enhance the ability to extract high-
frequency features from EEG signals, particularly high-
frequency spikes and sharp waves, during epileptic 
seizures (Fig. 4).

The architecture is designed to process frequency-
domain data while maintaining the ability of the model 
to capture both high-dimensional and subtle features. 
After the FFT module output, traditional methods 
using three consecutive convolutional layers with 
adaptive sizes can capture the EEG frequency-domain 
information. However, most of these features were 
concentrated in the lower-frequency steps (the first 
route in Fig. 5). In other words, the convolutional lay-
ers missed important high-frequency dimensions in the 
EEG, whereas the seizure characteristics were mainly 
concentrated in spikes and sharp waves above 40  Hz. 
This results in the model failing to extract useful fea-
tures for classification with minimal changes compared 
to the original input data. If the number or size of the 

convolutional layers is further increased, this would 
significantly increase the processing time and risk gra-
dient explosion in high-dimensional spaces.

The CNN-RES module replaces the last two convolu-
tional layers with consecutive residual blocks that fuse 
at multiple scales. Each residual block consisted of two 
consecutive 1D convolutional layers with kernel sizes of 
3 × 3 and 5 × 5, each with a stride of 1. The first residual 
block increases the 32 feature dimensions of the fre-
quency-domain EEG data output from the external con-
volutional layer to 64, whereas the second residual block 
further increases this to 128. Each convolutional layer 
was subjected to batch normalization and ReLU activa-
tion was applied. To prevent overfitting, a dropout layer 
with a dropout rate of 0.5 is added after each convolu-
tional layer. In addition, a residual connection is achieved 
through a 1 × 1 convolution kernel, which adjusts the 
number of channels when the input and output channels 
differ, thereby ensuring the correctness of the residual 
addition. This ensures no loss of the original input data 
features and improves the potential ability of the mod-
ule to distinguish high-frequency features from low-fre-
quency ones.

The second and third routes in Fig.  5 represent the 
process of gradually replacing the convolutional lay-
ers with residual blocks. It shows how the feature dis-
tribution across different channels affects the module 
output and final classification performance, and how 
multiscale fused residual blocks capture high-fre-
quency components in more detail. Res1, serving as an 

Fig. 4  Construction of the EEG feature sequence, integrated with a CNN-RES network framework flowchart based on outputs from the FFT module
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intermediate module, plays a transitional role in skip 
connections between the original convolutional layer and 
the residual blocks. The combined output of Conv1 and 
Res2 is necessary to achieve an optimal classification per-
formance for both low- and high-frequency components. 
The primary performance improvement of Res2 in the 
third route is based on the enhancement of Res1, con-
verting the activation values of discrete high-frequency 
signal components in the second route Res2 into contin-
uous high-frequency regions, which demonstrates their 
capacity to extract high-frequency information from EEG 
signals, highlighting the impact of feature distribution 
across different channels on the output of the module 
and the final classification performance.

Pre‑policy network
A policy network was integrated into the preprocess-
ing architecture before the main model RNN input, 
enabling time-domain decision-making and analysis of 
the raw EEG data (Fig. 6). The policy network evaluates 
each time step in each sequence within a batch using 
LSTM. The hidden temporal information between time 
steps is mapped onto 128 related dimensions, and the 
output is mapped to probabilities, indicating whether 

to process the input via a linear decoder. These deci-
sion probabilities, which act as gating signals, deter-
mine whether the input data are forwarded to the main 
model.

A reward mechanism is introduced through a soft-
max layer that generates the probability of processing 
at each time step. This mechanism trains the policy net-
work by rewarding improvements in the performance 
of the main model, converting Boolean masks into 
integer indices, and calculating the average log prob-
ability of the decision outputs as the loss function. This 
allows the policy network to self-adjust and optimize 
the overall model performance. Specifically, if skipping 
certain time steps leads to more accurate predictions 
or reduced losses, the policy network receives positive 
feedback. Conversely, if it erroneously skips important 
time steps, the network is penalized. This feedback-
based training method integrates policy loss as a “true 
reward,” enabling the policy network to self-adjust over 
time, thereby optimizing the entire model. In addition, 
if the policy network is disabled, all data are passed to 
the main RNN without affecting the overall network 
training or operations.

The LSTM output On is mapped to the probabili-
ties of the two actions Pn for each sequence using the 
decoder, as described by the following equation:

Fig. 5  The three-dimensional feature topography in the convolutional layers is composed of frequency steps, channel counts, and activation 
values. It encompasses a comparison of the three-layer convolution process and the CNN-RES feature extraction performance. (1) 
[conv1-conv2-conv3] (2) [conv1-conv2-RES2] (3) [conv1-RES1-RES2]
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Wo and bo are the output weights and deviation of the 
decoder, hn−1 is the hidden state of the previous time 
step in the same batch, and e(Wo·On+bo)i is the exponent 
of (Wo · On + bo)i , with j iterating overall output class 
indices.

The loss function used for training the pre-policy net-
work is shown as follows:

θ represents the network parameters, Rt,FS and Rt,GtcS 
represent the performance feedback rewards from the 
main model on the FS and GtcS data subsets, respec-
tively; T  denotes the sequence length, set to 250; α and β 
are the weighting coefficients for the FS and GtcS data-
sets, assigning different weights to different data subsets; 
logπ(at

∣

∣st,class; θ) represents the logarithm of the average 
decision probability at each time step.

Channel training combined with SVM
Compared to CNN ensemble models, which require large 
amounts of data for training, SVM often perform better 
on small-sample datasets. Although SVM training can 

(5)

On = LSTM(xn, hn−1) = σ(Wo · [hn−1, xn]+ bo)

Pn = Softmax(Wo · On + bo)i =
e(Wo·On+bo)i

∑

j e
(Wo·On+bo)j

(6)L(θ) = −E

[

T
∑

t=1

α · Rt,FS · logπ
(

at
∣

∣st,FS; θ
)

+ β · Rt,GtcS · logπ
(

at
∣

∣st,GtcS; θ
))

]

be time consuming, particularly when tuning parameters 
and applying kernel functions, once trained, SVM offers 
a considerably fast prediction speed. This is a signifi-
cant advantage for applications requiring rapid real-time 
responses that align well with the demands of closed-
loop neurostimulation systems.

Based on this, we introduce SVM as a supplemental 
reinforcement training channel to improve the perfor-
mance of small-sample data with low classification accu-
racy (where the single-channel validation accuracy is 
below 80%). By loading a pretrained feature-extraction 
model into the SVM network, the features were extracted 

and stored along with their corresponding labels. A pipe-
line that included both Standard Scaler and SVC was 
created, and GridSearchCV was used to determine the 
optimal SVM parameters. This process was completed 
by specifying a parameter grid and applying a five-fold 
cross-validation strategy with defined scoring criteria.

For the parameter grid, c serves as the regulariza-
tion parameter that controls the penalty strength during 
model training. The gamma parameter (kernel function 
parameter) was applied to the radial basis function (RBF) 
and polynomial (poly) kernels. A smaller gamma value 
extends the range of influence of each data sample, 
resulting in a smoother decision boundary. For the SVM 

Fig. 6  The pre-policy network architecture enhances data prior to the RNN input gate, integrating loss functions to train using a reward 
mechanism
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network in this study, two parameter options were pro-
vided and a one-versus-one decision function was used 
for the three feature labels, expressed as follows:

where x represents the feature vector input to the SVM 
(40,000 dimensions corresponding to the output from 
the fully connected layer of the feature extraction net-
work). The parameters αi and b are the decision network 
learned parameters, while x[i] and Lable[i] refer to the 
support feature vectors from the input that influence the 
SVM decision and their corresponding labels. K  is a ker-
nel function that is crucial in mapping the input data to 
a higher-dimensional space. This mapping enables the 
SVM to handle nonlinearly separable datasets effectively, 
thereby facilitating the search for an optimal hyperplane 
that maximally separates different classes.

Evaluation metrics
Confusion matrix
To evaluate the prediction performance of the model for 
each label, we calculated a confusion matrix based on 
the model results for the test set. The confusion matrix 
derived from the three-class classification results of the 
model formed a 3 × 3 matrix, as shown below:

where the element TPii(True Positives) represents the 
number of instances correctly predicted as category i. 
FPij(False Positives) represents the number of instances 
where the actual category is i, but they are incorrectly 
predicted as j. FNij(False Negatives) represents the num-
ber of instances where the actual category is j, but they 
are incorrectly predicted as i.

S2 =
1

n− 1

n
∑

i=1

[xi − x]2

gamma1 = ‘scale’ =
1

[features] · S2

gamma2 = ‘auto’ =
1

[features]

K (x, x[i]) = e−γ �x−x[i]�2

(7)f (x) = sgn

(

N
∑

i=1

αi · Lable[i] · K (x, x[i])+ b

)

(8)Confusion matrix =





TP00 FP01 FP02
FN10 TP11 FP12
FN20 FN21 TP22





Deviation rate
The deviation rate is a metric used to measure the overall 
deviation in the model recognition of seizure state inter-
vals. In this study, when the model predicted five con-
secutive labels of 2, the pre-seizure state was considered 
to have begun, and the sequence containing the first label 
2 (0–2) was identified as the predicted pre-seizure onset 
sequence. Similarly, when transitioning from the pre-sei-
zure state to a full seizure (2–1), the sequence containing 
the last label, 1, was identified as the predicted termina-
tion of the pre-seizure state and the onset of the seizure.

deviation0-2 represents the deviation rate of the pre-sei-
zure onset sequence, where XP0−2 indicates the model-
predicted position of the pre-seizure onset sequence, and 
XT 0−2 represents the actual position of the pre-seizure 
onset sequence. deviation2-1 refers to the deviation rate 
of the pre-seizure termination sequence, where XP2−1 
indicates the model-predicted position of the pre-seizure 
termination sequence, and XT 2−1 represents the actual 
position of the pre-seizure termination sequence.

Results
In this study, we trained and evaluated the classification 
accuracy of the model by labeling each data point within 
a sequence with the same label as the first point, and 
treating the entire sequence as a single labeled entity. We 
divided the data into 80%, 5%, and 15% of the training, 
validation, and final test sets, respectively. The model is 
trained, validated, and tested on various data subsets. The 
set of statistical features of Xuanwu Hospital is shown in 
Supplementary Materials-Table S1.

It is specifically stated that both the tests for devia-
tion rates and the final correlation analysis were con-
ducted on additional data segments of the same type as 
the input dataset, which were not used during the train-
ing phase. All model training and testing were conducted 
in the following configuration: GPU is NVIDIA GeForce 
RTX 3090, CPU is Intel(R) Xeon(R) Gold 6226R (base 
frequency 2.90  GHz, 2-core processor), and RAM was 
512  GB. Python 3.12 was used for compilation in the 
Anaconda environment.

Model training and validation
To assess model training and convergence, we employed 
metrics such as cross-entropy loss, mean absolute 
error (MAE), and mean squared error (MSE). Figure  7 

(9)
Deviation0−2 =

XP0−2 − XT0−2

XT2−1 − XT0−2

× 100%

Deviation2−1 =
XP2−1 − XT2−1

XT2−1 − XT0−2

× 100%



Page 11 of 21Shi et al. Journal of Translational Medicine          (2025) 23:405 	

illustrates the changes in the accuracy, cross-entropy 
loss, MSE, and MAE during the training and validation 
processes across the training epochs. Both the training 
and validation cross-entropy losses decreased progres-
sively, indicating that the model classification perfor-
mance improved over time for each dataset. To calculate 
the errors, this study directly used the predicted and 
true label values (both integers) rather than the mapping 
probabilities. The error exhibits minor fluctuations dur-
ing training, which can be attributed to the fact that error 
calculations with discrete labels are less smooth than 
those with continuous probability-based errors. As the 
training progressed, the error gradually decreased and 
stabilized, indicating that the model’s predictions became 
more accurate and the error converged.

Model testing
Confusion analysis
A heatmap was used to represent the numerical distribu-
tion of the confusion matrix (Fig. 8). As shown in the fig-
ure, the model performed well on both the ECoG (subset 
4) and SEEG (subset 3) datasets, with most instances cor-
rectly classified. However, after removing the pre-policy 
network, the misclassification rate for class 0 increased 
significantly, with many instances of class 0 being incor-
rectly predicted as class 1 or class 2. This indicates that 
numerous interictal states were misidentified as preictal 
or ictal. This result strongly supports the necessity of a 
pre-policy network. By filtering out segments of inter-
ictal EEG containing interference, the model can more 

accurately extract essential features related to resting-
state brain rhythms.

Figure  9 illustrates the significant impact of the Pre-
Policy Network in reducing the False Negative Rate 
(FNR). The False Positive Rate (FPR) exhibits relatively 
minor variations across different subsets, influenced by 
factors such as dataset complexity and the characteris-
tics of intracranial EEG signals. Specifically, the higher 
temporal complexity of SEEG compared to ECoG leads 
to increased FPR and FNR in both SEEG and hybrid 
datasets. Notably, the comparison with Subset 5, which 
lacks the decision network, reveals a substantial increase 
in FNR. In the SEEG, ECoG, and Hybrid subsets, FNR 
remains relatively low, whereas in Subset 5 (Without Pol-
icy Network), FNR sharply rises to 12.78%, significantly 
higher than in other subsets. This indicates that the 
absence of the decision network makes the model more 
prone to misclassifying true positive samples as negative. 
Additionally, as shown in Fig. 8d, the model tends to mis-
classify seizure states as pre-seizure states, leading to a 
marked increase in FNR.

Deviation analysis
We used seven instances from the ECoG and SEEG test 
datasets based on the average channel deviation rate 
for detailed analysis. As shown in Fig.  10, the deviation 
rate in the ECoG data primarily leans towards the posi-
tive direction, indicating that the model tended to have 
a slight delay in detecting the preictal state of epilepsy. 
This does not necessarily mean that the model failed to 
detect the preictal state in a timely manner. Because we 

Fig. 7  Loss and Error. a1 ECoG (Subset4) training accuracy, a2 SEEG (Subset3) training accuracy, a3 hybrid (Subset5) training accuracy. b1 ECoG 
(Subset4) cross-entropy loss, b2 SEEG (Subset3) cross-entropy loss, b3 Hybrid (Subset5) cross-entropy loss. c1 ECoG (Subset4) MAE and MSE, c2 
SEEG(Subset3) MAE and MSE, c3 Hybrid (Subset5) MAE and MSE
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used uniform labels for all time points within the same 
sequence, if the transition point between states occurs 
in the latter half of the sequence, the sequence may place 
greater emphasis on interictal features than on preictal 

ones. By contrast, the SEEG data showed a relatively 
higher overall deviation rate, with both positive and 
negative deviations distributed more evenly. Overall, the 
absolute deviation rate of the model remained below 6% 
for both datasets (see Fig. 11 for the overall statistics).

Classification accuracy of the test set
The overall prediction performance was evaluated 
using the accuracy, precision, F1 score, and recall. We 
conducted standardized testing of the model on each 
data subset. Table  2 presents the classification perfor-
mance across different datasets. It can be observed that 
the model achieved optimal performance on the ECoG 
dataset. For all SEEG data containing GtcS, the model’s 
ability to recognize the label ’1, which indicates gener-
alized tonic–clonic seizure states, was not significantly 
inferior to its performance on ECoG data. However, 
there was a slight decline in the performance of the 
overall dataset, likely due to the challenge of simulta-
neously handling multimodal data. This outcome was 
anticipated based on our analysis. Table 3 summarizes 
the performance differences between awake and sleep 
states in the FS dataset from Xuanwu Hospital. FS 

Fig. 8  Heatmap of the confusion matrix for subsets. a SEEG (Subset3), b ECoG (Substet4), c Hybrid (Subset5), d Subset5 (Without Policy Network). 
In this heatmap, the darker the color, the higher the proportion of correctly predicted instances in the nine categories. The cells along the diagonal 
represent the proportion of correctly predicted instances for each of the three categories

Fig. 9  The comparison of false positive rates and false negative 
rates across different data subsets: SEEG, ECoG, Hybrid, and Hybrid 
without the decision network
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(subsets 1 and 2) is the focus of our analysis, as it high-
lights the classification performance of the model for 
small-scale focal seizures, an ability not present in other 
models. The FS during the awake state is more eas-
ily classified by the model, with a performance (94.1%) 
even surpassing that of the overall dataset (Subset 5). In 
contrast, the FS classification accuracy in the sleep EEG 
was the lowest among the five data subsets, although it 
approached 90%. Furthermore, detection of the preictal 
state remains at a high level. Notably, the recall rate for 
the seizure state did not significantly decline, indicating 

that the model maintained a high sensitivity to FS dur-
ing sleep.

For focal seizures, accurate labeling of specific wave-
forms such as spikes and high-frequency oscillations 
(HFOs) is essential during model training. However, 
most public datasets only annotate seizure intervals, 
primarily focusing on generalized seizures with promi-
nent features. In contrast, our dataset from Xuanwu 
Hospital includes precise annotations of seizure char-
acteristics—such as spikes, sharp waves, spike-and-
slow waves, complex waves, and HFOs—down to the 

Fig. 10  Distribution of the average channel deviation rate for seven randomly selected patients. a Pre-seizure deviation rate in ECoG Subset4; b 
pre-seizure deviation rate in SEEG Subset3

Fig. 11  Averaged deviation rate statistics for all patients with seizure channels, categorized by data source. The red dashed lines indicate the range 
of ECoG data, while the rest correspond to SEEG data
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millisecond level across individual channels. The HUP 
iEEG dataset mainly comprises generalized seizures, 
and to date, no other seizure detection algorithms 
have utilized this dataset for training and validation. 
Therefore, we employed several classical seizure detec-
tion models to conduct validation tests under the 
same dataset and annotations. As shown in Table  4, 
GEM-CRAP’s performance on datasets with promi-
nent generalized seizures is nearly identical to that of 
Deep ConvNet. However, on the Xuanwu Hospital 
SEEG dataset, which includes focal seizure character-
istics, GEM-CRAP significantly outperforms other 

network models, indicating its heightened sensitivity 
and improved recognition of short-duration focal sei-
zure features.

Ablation experiment
We conducted comparative training with the pre-policy 
network for both enabled and disabled networks. Before 
entering the input gate of the RNN, we deactivated the 
activation function of the prepolicy network, allowing the 
entire EEG time-series input to flow directly into the next 
network layer. The batch size was set to 512 and the ini-
tial learning rate was set to 0.001. Additionally, the decay 
factor of the adaptive learning rate was modified to 0.98 
to accommodate the processing of larger batches of EEG 
data. In Table  5, the classification performance of the 
model shows a significant decline across all metrics, with 
particularly poor results for the overall dataset (Subset 5). 
This suggests that as the data complexity increases, the 
positive impact of the prepolicy network on the model 
becomes more pronounced, leading to better gradient 
descent optimization.

A comparison of the channel accuracies before and 
after the reinforcement is shown in Fig.  12. Statistical 
analysis indicated that the average search time for each 
group of SVM network parameters was 12.7  s, and the 
average classification time for the test set was 1.12 s. The 
average channel accuracy after reinforcement improved 
by approximately 11% compared to that of the main 
model, reaching approximately 86%.

Correlation analysis between channel accuracy 
and temporal distribution of seizure states
We also analyzed the time distribution of seizure states 
across all seizure channels in the HUP iEEG dataset used 
during the model training phase, as well as the distribu-
tion of channel accuracy from the model predictions 
on additional test segments from the same type and the 

Table 2  Model performance across diverse datasets

Class Label Accuracy Recall F1-Score Precision (%)

Subset4 0 0.97 ± 0.002 0.98 ± 0.005 0.98 ± 0.003 97.3 ± 0.3

1 0.97 ± 0.001 0.92 ± 0.001 0.94 ± 0.001

2 0.98 ± 0.004 0.94 ± 0.005 0.96 ± 0.003

Subset3 0 0.97 ± 0.005 0.96 ± 0.001 0.96 ± 0.003 95.1 ± 0.4

1 0.93 ± 0.005 0.92 ± 0.005 0.94 ± 0.004

2 0.94 ± 0.001 0.91 ± 0.003 0.93 ± 0.002

Subset5 0 0.96 ± 0.001 0.96 ± 0.003 0.94 ± 0.001 93.9 ± 0.4

1 0.85 ± 0.001 0.94 ± 0.005 0.86 ± 0.004

2 0.92 ± 0.002 0.87 ± 0.002 0.89 ± 0.003

Table 3  Model performance on Xuanwu FS datasets

Class Label Accuracy Recall F1-Score Precision (%)

Subset1 0 0.82 ± 0.001 0.96 ± 0.004 0.88 ± 0.002 94.1 ± 0.5

1 0.96 ± 0.002 0.93 ± 0.001 0.94 ± 0.004

2 0.97 ± 0.005 0.94 ± 0.002 0.96 ± 0.001

Subset2 0 0.87 ± 0.001 0.99 ± 0.005 0.89 ± 0.002 89.3 ± 0.6

1 0.94 ± 0.001 0.83 ± 0.003 0.88 ± 0.001

2 0.94 ± 0.002 0.67 ± 0.004 0.78 ± 0.001

Table 4  Comparison of the performance of different iEEG 
seizure detection methods on the same dataset

Method Subset5

HUP iEEG XuanWu SEEG

ACC (%) AUC​ ACC (%) AUC​

EEGNet 82.95 ± 0.25 0.83 79.19 ± 0.51 0.81

EEGWaveNet 87.19 ± 0.39 0.86 83.26 ± 0.47 0.83

CNN + BiLSTM 94.83 ± 0.30 0.94 84.42 ± 0.28 0.85

Deep ConvNet 95.28 ± 0.11 0.97 86.37 ± 0.57 0.85

GEM-CRAP 96.13 ± 0.33 0.97 91.91 ± 0.50 0.93

Table 5  Model performance without pre-policy network 
activation

Class Lable Accuracy Recall F1-Score Precision (%)

Subset4 0 0.94 ± 0.004 0.90 ± 0.001 0.92 ± 0.002 87.9 ± 0.4

1 0.88 ± 0.002 0.74 ± 0.002 0.80 ± 0.003

2 0.61 ± 0.005 0.91 ± 0.001 0.73 ± 0.004

Subset3 0 0.95 ± 0.005 0.91 ± 0.001 0.93 ± 0.003 89.5 ± 0.2

1 0.86 ± 0.001 0.82 ± 0.001 0.84 ± 0.001

2 0.59 ± 0.001 0.90 ± 0.004 0.71 ± 0.005

Subset5 0 0.88 ± 0.003 0.95 ± 0.005 0.91 ± 0.004 85.9 ± 0.1

1 0.84 ± 0.001 0.60 ± 0.004 0.70 ± 0.002

2 0.59 ± 0.001 0.38 ± 0.007 0.47 ± 0.003
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same patient. Table  6 summarizes the detailed distribu-
tion of channel accuracy for all patients in the HUP iEEG 
dataset, as well as the standard deviation of the seizure 
state time distribution for each patient in the dataset (not 
shown in the table, it indicates that only channels con-
taining interictal periods were used for that patient).

The time distribution for different patients across 
the three states during model training showed signifi-
cant variation, reflecting individual differences among 
patients and the diversity of epileptic seizures. Box plot 
illustrating the distribution of channel accuracy for pre-
dicting seizure states across different patients. As shown 
in Fig. 13b, the prediction accuracy for sub177 was con-
centrated and at a high level, whereas the accuracy for 
sub180 and sub185 was more dispersed and lower, indi-
cating that the channel signals from certain patients were 
easier for the model to classify correctly. Correspond-
ingly, in Fig.  13d, the time distribution of the three sei-
zure states for sub177 was more balanced than those for 
sub180 and sub185. Similarly, we obtained comparable 
results for the ECoG data, as shown in Fig.  13a and c. 
To analyze this potential underlying relationship more 
comprehensively, we calculated the distribution informa-
tion of the channel accuracy for all patients in the HUP 
iEEG dataset, including the maximum, minimum, stand-
ard deviation, upper and lower quartiles (Q3 and Q1), 

and median (Q2) of the channel accuracy, as shown in 
Table  6. This table also includes the standard deviation 
of the seizure state time distribution for each patient 
in the dataset. We conducted a correlation analysis 
between the standard deviation of the input HUP data-
set time distribution during epileptic seizures and that of 
the model-predicted channel accuracy distribution and 
found a notable positive correlation between the two. As 
shown in Table 7, in the SEEG data, the Pearson corre-
lation coefficient was 0.703 (p < 0.05) and the Spearman 
correlation coefficient was 0.855 (p < 0.05), indicating a 
significant linear and monotonic relationship between 
the input time distribution and channel accuracy. For the 
ECoG data in Table 8, the Pearson correlation coefficient 
was 0.954 (p < 0.05), and the Spearman correlation coef-
ficient was 0.896 (p < 0.05), suggesting an even stronger 
correlation in the ECoG data.  

Discussion
Automated seizure detection can significantly allevi-
ate the workload of clinicians by continuously monitor-
ing EEG recordings and enabling the early diagnosis of 
epilepsy [26]. Deep learning-based EEG processing and 
analysis techniques facilitate more efficient and accu-
rate medical decision making. This study proposes a 
supervised multi-layer hybrid learning model based on 

Fig. 12  The comparison of accuracy and performance improvement between the GEM-CRAP main model and the SVM-enhanced training 
for channels with an accuracy lower than 80%. As shown in the figure, the SVM-enhanced training achieves performance improvements 
over the main model for most channels
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deep learning, which was validated and analyzed using 
ECoG and SEEG datasets from the Hospital of the Uni-
versity of Pennsylvania and Xuanwu Hospital of Capital 
Medical University, demonstrating its excellent perfor-
mance. It incorporates three parallel feature extraction 
channels: a CNN for frequency-domain distribution, an 
RNN for time-domain correlation, and amplitude vari-
ation. Additionally, a decision network layer based on 
LSTM was integrated as a precursor to the time-domain 
RNN, working with the input gate for data filtering and 

enhancement. Furthermore, a hybrid cross-entropy 
loss reward mechanism was added to the main model 
training to provide feedback on the performance of the 
decision network, facilitating strategy updates and con-
tinuous model optimization. Finally, a post-training SVM 
network was included to perform secondary reinforce-
ment training for a small subset of channels with a clas-
sification accuracy below 80%.

The reliability of a model is determined by the quantity 
and quality of data included in the analysis. Constrained 

Table 6  Seizure state time and channel accuracy distribution

Patient Time Variance Channel accuracy

Variance Minimum Maximum Q1 Q2 Q3

sub60 0.3872 0.1007 0.5945 0.9453 0.6399 0.6903 0.7351

sub64 0.0950 0.0262 0.8632 0.9801 0.9502 0.9577 0.9677

sub74 0.1580 0.0331 0.7606 0.9701 0.9177 0.9377 0.9576

sub80 0.0710 0.0130 0.9328 1.0000 0.9726 0.9826 0.9857

sub82 0.1160 0.0242 0.8881 0.9950 0.9378 0.9652 0.9757

sub86 0.0870 0.0123 0.9204 1.0000 0.9801 0.9876 0.9925

sub88 0.0500 0.0058 0.9701 0.9975 0.9876 0.9925 0.9950

sub89 0.1370 0.0231 0.9080 0.9876 0.9496 0.9602 0.9701

sub94 0.2620 0.0572 0.7413 0.9801 0.8483 0.9043 0.9403

sub106 0.2080 0.0431 0.7512 0.9652 0.9179 0.9279 0.9502

sub107 0.2820 0.0775 0.7537 0.9925 0.8607 0.9552 0.9876

sub111 0.1250 0.0199 0.9254 0.9950 0.9726 0.9864 0.9900

sub126 0.1870 0.0341 0.8625 0.9700 0.9100 0.9400 0.9619

sub130 0.1330 0.0201 0.9204 0.9975 0.9751 0.9814 0.9851

sub134 0.0687 0.0134 0.9254 1.0000 0.9900 0.9950 0.9975

sub138 0.2068 0.0435 0.4801 1.0000 0.9577 0.9776 0.9900

sub139 0.0526 0.0079 0.9627 0.9975 0.9876 0.9950 0.9950

sub140 0.4032 0.0950 0.5970 1.0000 0.8321 0.9117 0.9733

sub141 0.0210 0.0039 0.9851 0.9975 0.9900 0.9925 0.9944

sub142 0.0790 0.0150 0.9428 0.9950 0.9671 0.9876 0.9900

sub144 0.1370 0.0268 0.8781 0.9975 0.9602 0.9801 0.9900

sub146 0.0491 0.0054 0.9652 1.0000 0.9900 0.9950 0.9950

sub148 0.5698 0.0087 0.9552 1.0000 0.9925 0.9975 1.0000

sub151 0.0580 0.0076 0.9701 0.9950 0.9826 0.9851 0.9925

sub157 0.0290 0.0137 0.9652 1.0000 0.9707 0.9776 0.9975

sub160 0.0674 0.0097 0.9204 0.9975 0.9876 0.9925 0.9950

sub162 0.3200 0.0566 0.7985 0.9925 0.9080 0.9627 0.9826

sub163 0.0820 0.0111 0.9055 1.0000 0.9963 1.0000 1.0000

sub164 0.3020 0.0182 0.9030 0.9801 0.9428 0.9527 0.9621

sub166 0.3090 0.0150 0.9428 0.9876 0.9577 0.9751 0.9814

sub171 0.0660 0.0079 0.9701 1.0000 0.9876 0.9925 0.9975

sub172 0.0540 0.0070 0.9552 1.0000 0.9882 0.9925 0.9969

sub173 0.0660 0.0090 0.9627 1.0000 0.9851 0.9900 0.9950

sub177 0.0960 0.0150 0.9328 0.9975 0.9776 0.9826 0.9919

sub180 0.2160 0.0392 0.8507 0.9726 0.9074 0.9266 0.9496

sub185 0.2370 0.0430 0.8184 0.9229 0.8483 0.9154 0.9179
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by the number of patients and channels, as well as noise 
interference in scalp EEG, many models fail to fully dem-
onstrate their generalization capability and accuracy [27]. 

Our study utilized data from patients with DREs at the 
Hospital of the University of Pennsylvania’s HUP iEEG 
dataset and extensive patients from Xuanwu Hospital, 
covering the full spectrum of pre-ictal, ictal, inter-ictal, 
and post-ictal EEG data. These datasets were revalidated 
by experienced neurosurgeons to identify seizure-onset 
channels and channels overlapping strictly segmented 
resection/ablation areas. Although the original datasets 
included extensive inter-ictal records, the EEG charac-
teristics in these data primarily reflected individual EEG 
differences and diversity, which did not significantly 
enhance the generalization of the model in epilepsy rec-
ognition. Therefore, we combined the electrode location 
information and seizure onset channel distribution to 
filter out records with the most comprehensive usable 
electrode information and minimal interference. For each 
patient’s non-seizure onset channels, which experienced 
seizures later than the onset channels and gradually 
spread to other channels, we classified the whole-brain 
records based on different seizure onset times and saved 
channels with similar onset times in the same EDF file. 
This approach saves time extracting individual channels 
and refines and organizes the dataset more efficiently. 
Notably, our model achieved a classification accuracy 

Fig. 13  Seizure state time distribution and channel accuracy distribution for seven randomly selected patients across different dataset types. 
a Channel accuracy distribution in the ECoG Subset4; b channel accuracy distribution in the SEEG Subset3; c seizure state time distribution 
in the ECoG Subset4; d seizure state time distribution in the SEEG Subset3

Table 7  Correlation between SEEG seizure time Std and channel 
Acc Std

Metric Value

Pearson correlation coefficient 0.702579399

Pearson P-value 0.001660258

Spearman correlation coefficient 0.855039436

Spearman P-value 1.22E−05

Table 8  Correlation between ECoG seizure time Std and 
channel Acc Std

Metric Value

Pearson correlation coefficient 0.954274759

Pearson P-value 4.16644E−07

Spearman correlation coefficient 0.895604396

Spearman P-value 3.48E−05
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of over 94% for small-scale seizures occurring during 
wakefulness, which were prevalent in the Xuanwu Hos-
pital dataset, and an accuracy of approximately 90% dur-
ing sleep. Consequently, this study advances intelligent 
detection of pre-epileptic seizures toward more gener-
alized and widespread applications, extending beyond 
large-scale generalized seizures. This study provides a 
potential AI algorithm for future closed-loop neurostim-
ulation therapies.

The sequence length affects the model’s performance, 
generalization capability, and ability to capture the tem-
poral dependencies of EEG data, making it a critical 
parameter for constructing neural network models. For 
epilepsy seizure detection, the sequence length must bal-
ance the dynamic changes in the seizure duration and 
the temporal characteristics of the EEG signals [28, 29]. 
When using traditional RNNs, processing long sequences 
increases the computational burden and risks gradient 
vanishing or exploding, thereby affecting stability and 
efficiency [30]. Considering our dataset’s 500  Hz sam-
pling rate and the need for real-time seizure state detec-
tion, we set the sequence length to 250, corresponding 
to a 0.5-s detection window, ensuring sufficient tempo-
ral resolution and manageable computational load. The 
data were reshaped into three-dimensional feature vec-
tors (batch size, sequence length, and features). Initially, 
the feature dimensions were set to 1. This additional 
dimension allows the network architecture to parse dif-
ferent amplitude components or energies from various 
frequency components, thereby enhancing the model’s 
ability to recognize complex dynamic features. Addition-
ally, we introduced a fast Fourier transform (FFT) layer 
and an amplitude-aware layer to capture the amplitude 
and frequency characteristics of the EEG signals [31]. 
The FFT Layer converts the time-series data into the 
frequency domain and takes its absolute value, thereby 
enhancing the processing efficiency. The amplitude-
aware layer analyzes voltage differences in the EEG data 
points to capture dynamic amplitude variations, which 
are crucial for detecting epileptic seizures. Wu et al. [9] 
attempted to directly input a multichannel time series 
of signals based on the time or frequency domain into a 
CNN. Building on this, we incorporated spatial distribu-
tion information and the propagation process of seizure 
onset channels and performed detailed channel segmen-
tation and extraction. RNNs are well suited for process-
ing time-series data and effectively handling sequence 
dependencies through internal state propagation. We 
integrated a Policy Network as a preprocessing RNN var-
iant using LSTM to evaluate each time step and optimize 
the model performance.

Researchers have proposed various methods for detect-
ing epileptic seizures to enhance the detection accuracy 
and efficiency (Supplementary Materials-Table  S2). For 
instance, Acharya et  al. [32] developed an automatic 
seizure detection approach based on deep CNNs. This 
method achieved classification accuracies of 88.7%, 
90%, and 95% for the normal, intermittent, and seizure 
EEG signals, respectively, on the Bonn dataset. Hu et al. 
[33] employed a bidirectional long short-term memory 
network (Bi-LSTM) combined with local mean decom-
position (LMD) for seizure detection, attaining mean 
sensitivity and specificity of 93.61% and 91.85%, respec-
tively, for the CHB-MIT dataset. This approach lever-
ages the bidirectional information flow to enhance the 
model’s ability to capture temporal dependencies. Fur-
thermore, Martis et  al. [34] utilized empirical mode 
decomposition (EMD) and intrinsic mode functions 
(IMF) for feature extraction and classified them using a 
classification and regression tree (CART), achieving an 
accuracy of 93.55%. This demonstrates that traditional 
feature extraction methods, when combined with appro-
priate classifiers, can still offer a relatively efficient detec-
tion performance. Recent advances in automated seizure 
detection have leveraged deep learning to improve both 
performance and interpretability. Ma et  al. [35] pro-
posed TSD, a Transformer-based model that processes 
time–frequency EEG features and achieves an AUROC 
of approximately 92.1% on the TUH dataset, demonstrat-
ing robust seizure detection across various types. Simi-
larly, Einizade et al. [36] developed a hybrid CNN-RNN 
architecture for detecting both generalized and focal sei-
zures, achieving an accuracy of 82%, a precision of 71.7%, 
and a sensitivity of 85% on a heterogeneous EEG dataset. 
In parallel, Wong et al. [37] introduced a channel-anno-
tated deep learning framework that combines a shallow 
1D-CNN Transformer with an ensemble MLP, yielding 
a state-of-the-art AUC of 0.93 on public EEG data and 
an AUC of 0.82 on external datasets, while enhancing 
interpretability through channel-level explanations. Col-
lectively, these studies significantly contribute to the field 
by balancing high detection performance with improved 
generalizability and interpretability. Models combining 
CNNs and long short-term memory networks (LSTMs) 
have demonstrated good performance for handling com-
plex temporal information [28]. Xu et al. [38] developed 
a model that achieved a recognition accuracy of 82% for 
five-class epileptic seizure recognition tasks. Similarly, 
Liu’s approach, which also employed this combination, 
showed good performance in the classification of long-
term EEG signals, further validating the advantages of 
deep learning methods in epilepsy detection [39].
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In practice, when dealing with complex high-dimen-
sional EEG data, the difficulty of gradient descent 
caused by data redundancy has long been a challenge 
for epilepsy detection models, often affecting classifica-
tion accuracy and processing time [40]. This raises sev-
eral critical questions. Which time series are useful for 
model classification? Which sequences lack informative 
features and introduce noise into the classification pro-
cess? For example, physical artifacts or high-frequency, 
high-amplitude rhythmic waves present in interictal 
EEG are sometimes mistakenly interpreted by network 
models as seizure states. Based on previous studies and 
practical experimentation, we found that for EEG data 
mapped onto a high-dimensional feature space, it is 
unnecessary for the network model to integrate infor-
mation from all dimensions [41, 42]. For iEEG data 
from patients with epilepsy, the proposed CNN-RNN 
architecture, which incorporates a strategy network 
and residual encoding blocks, can effectively filter data 
and reduce redundant or noisy information. The pro-
portion of time spent in each seizure state within a 
single channel also had a notable impact on the model 
classification performance. By analyzing the distribu-
tion of time and channel-specific accuracy in this study, 
we identified the optimal time distribution ratios for 
model predictions. Training the model using patient 
data with more evenly distributed time segments 
improves the precision of neural network classification 
of epileptic EEG patterns. Additionally, the model was 
trained and its classification accuracy was computed by 
treating each data point within a sequence as labeled 
using the feature label of the first point to label the 
entire sequence. The training and convergence of the 
model were evaluated using metrics such as the cross-
entropy loss, mean absolute error, and mean squared 
error. The overall predictive performance was assessed 
based on the accuracy, precision, F1 score, and recall. 
Furthermore, we introduced an innovative evaluation 
metric, deviation rate, to specifically assess model per-
formance in predicting the onset of epileptic seizures, 
ensuring accurate detection and high-frequency stimu-
lation during the early stages of a seizure. The deviation 
rate in this study was calculated based on the temporal 
window misalignment rate between predicted seizure 
onset/offset times and expert annotations (aligned with 
real-time video-EEG monitoring). This metric quanti-
fies the model’s susceptibility to EEG artifacts (account-
ing for approximately 20–30% of interference, such as 
EMG artifacts and motion-induced noise). Addition-
ally, seizure heterogeneity (e.g., focal vs. generalized 
onset) can lead to performance variability across sei-
zure subtypes. For instance, the typical low-frequency 
discharges (4–7 Hz) observed in temporal lobe epilepsy 

may be more readily captured by the model compared 
to high-frequency discharges (> 10  Hz) in frontal lobe 
seizures. Including the deviation rate also helps to iden-
tify detection blind spots for specific seizure subtypes. 
This new metric provides a more precise measure of the 
model detection capabilities during the seizure onset 
phase, significantly enhancing the practicality and 
effectiveness of the system.

In contrast to previous epilepsy detection algorithms 
that employed datasets in identical data formats, our 
study revealed that supervised learning models can dis-
cern distinct structural features even under identical 
labeling, and that classification is a weighted fusion of 
these features. The SEEG and ECoG data structures as 
well as the seizure characteristics were significantly dif-
ferent. While learning from mixed datasets, neural net-
works can extract various features distributed across 
different sequences [41]. Although the classification per-
formance declined compared to training on homogene-
ous datasets, the model maintained relatively satisfactory 
results. Through multi-layer nonlinear transformations, 
our model can extract high-level discriminative features 
from complex raw data, even when these features mani-
fest differently across diverse data structures.

Our model has some limitations. First, the sequence 
length is fixed; the model sets each sequence length 
to 250, which may restrict the flexibility in handling 
sequences of varying lengths. If the sequence length 
changes, then the model may require adjustments or 
modifications. Second, we considered only the abso-
lute values of the magnitudes, without incorporating the 
phase information of the frequency components. Phase 
data may hold the potential for temporal feature extrac-
tion. Third, the model lacks an explicit random seed set-
ting. The code does not fix a random seed, leading to 
slight variations in the results for each run. Although 
this issue does not substantially affect most experiments 
or model performances, it may need to be addressed in 
cases requiring fully reproducible results. The current 
study primarily utilizes data from Xuanwu Hospital and 
HUP iEEG dataset for algorithm development and vali-
dation. While they provide reliable benchmarks for sei-
zure detection, the limited sample size may affect the 
model’s generalizability across broader populations. In 
subsequent work, we plan to enhance model robust-
ness across cross-device and cross-protocol scenarios by 
integrating multi-center heterogeneous data resources, 
including public datasets like TUSZ by Temple Univer-
sity, as well as proprietary data from clinical partners. 
Finally, our current model lacks advanced explainabil-
ity algorithms, such as SHAP. This integration challenge 
restricts our ability to provide detailed interpretability of 
the model’s predictions. Our future research will focus on 
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incorporating these explainability techniques to enhance 
the transparency and understanding of our model’s deci-
sion-making process.

Conclusion
Compared to other algorithms, GEM-CRAP more 
accurately identifies key seizure characteristics of focal 
epilepsy. Through adaptive adjustments and atten-
tion mechanisms, it improves performance in com-
plex signal environments, achieving higher precision 
and robustness in seizure detection. These advance-
ments not only improve seizure interval detection but 
also enhance the identification and analysis of specific 
epileptic waveforms, such as HFOs, paving the way for 
more precise and individualized epilepsy diagnostics 
and treatments.
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