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An integrated calibration–uncertainty framework for improving the 
reliability of deep learning models for seizure detection in EEG signals
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A B S T R A C T

Background and objective: Deep learning models have demonstrated strong performance in automated seizure 
detection from EEG signals. However, these models may produce confident predictions even when incorrect, 
limiting their reliability barrier for clinical adoption. This study proposes an integrated calibration–uncertainty 
framework to enhance model reliability in EEG-based seizure classification.
Methods: A CNN–BiLSTM model was trained to classify EEG epochs containing epileptic seizure activity. The 
framework leverages Expected Calibration Error (ECE) to assess global confidence reliability and Monte Carlo 
Dropout (MCD)-based uncertainty quantification to identify unreliable predictions. For each dropout rate, we 
evaluated both model calibration and the entropy-based separability between correctly (CC) and misclassified 
(MC) samples, computed as the Overlap Area between their uncertainty distributions. A multi-objective selection 
strategy was then used to automatically identify the configuration that best balances these complementary as
pects. Finally, a selective classification approach was implemented, using an uncertainty threshold to identify 
unreliable predictions and defer them for further clinical evaluation.
Results: Varying the dropout rate significantly affected both calibration and uncertainty behaviour. The optimal 
balance was achieved at p = 0.1, yielding the lowest combined ECE and Overlap Area. The selective classification 
improved accuracy from 91.7% (baseline) to 99.6% while retaining ~74% of samples, outperforming models 
optimized for either calibration or uncertainty alone.
Conclusions: The proposed dual perspective framework improves model robustness by integrating global confi
dence calibration with local uncertainty estimation, representing a practical step toward reliable AI deployment 
in clinical neurophysiology.

1. Introduction

Epilepsy is a chronic neurological disorder affecting approximately 
1% of the global population and is characterized by recurrent, unpro
voked seizures [1]. Electroencephalography (EEG) remains the gold 
standard for detecting and characterizing epileptic activity, providing a 
non-invasive tool for both clinical diagnosis and continuous monitoring 
[2].

In recent years, artificial intelligence (AI) and, in particular, deep 
learning (DL) models have greatly advanced EEG-based seizure detec
tion, achieving near-human accuracy in distinguishing seizure (ictal) 
and non-seizure (interictal) events [2,3]. Among these, one-dimensional 
convolutional neural networks (1D-CNNs) have been proposed to 
operate directly on raw multi-channel EEG signals, automatically 

learning local temporal filters and discriminative waveform patterns [4,
5]. Conversely, two-dimensional CNNs (2D-CNNs) exploit time
–frequency transformations, such as wavelet or spectrogram represen
tations, to capture both spectral and spatial characteristics of seizure 
activity [6]. Recurrent neural networks (RNNs), particularly Long 
Short-Term Memory (LSTM) and Bidirectional LSTM (Bi-LSTM) units, 
effectively model the temporal dynamics of seizure evolution by 
exploiting long-term dependencies within the EEG sequence [7]. Hybrid 
CNN–BiLSTM models further improve performance by combining the 
spatial sensitivity of CNNs with the temporal modeling capabilities of 
recurrent layers [8].

Despite their impressive performance, DL models are not yet widely 
adopted in clinical practice. This limited translation stems from reli
ability issues in their predictions. While these models provide 
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confidence scores (typically through softmax probabilities) along with 
their predictions, these scores can be misleadingly high even for incor
rect predictions, undermining their practical reliability. Indeed, AI 
models are often poorly calibrated and tend to assign excessively high 
confidence to incorrect predictions, which compromises their reliability 
in clinical decision-making [9].

To address this limitation, two main approaches have emerged: 
calibration methods and uncertainty quantification (UQ). Calibration 
methods aim to ensure that predicted probabilities align with true cor
rectness likelihood at a population level, with Expected Calibration 
Error (ECE) being one of the most widely adopted metrics [10]. 
Conversely, UQ focuses on individual predictions, providing tools to 
estimate the trustworthiness of each specific output [11].

Recent studies have applied calibration methods, particularly ECE, to 
evaluate the reliability of DL models in medical imaging [9], but ap
plications to EEG analysis remain limited. While this approach can 
improve global model reliability [10], it cannot address the need for 
sample-specific reliability assessment, which is crucial in clinical ap
plications where individual predictions can impact patient care.

UQ complements this global perspective by providing insight into the 
trustworthiness of individual predictions [11], which is crucial in 
safety-critical contexts such as seizure detection [12]. However, most 
existing studies treat UQ as a post-hoc analysis, using it primarily for 
selective classification [13]. For example, Wong et al. [14] proposed a 
novel ensemble model to identify low-confidence predictions in seizure 
detection, achieving 87% accuracy. While effective, this approach does 
not exploit the synergy between uncertainty information and model 
calibration.

These two perspectives (i.e., global calibration and individual un
certainty) represent complementary aspects of model reliability. Their 
integration within a unified framework offers an opportunity to develop 
models that are both globally calibrated and locally uncertainty-aware, 
thereby enhancing the robustness, interpretability, and clinical usability 
of AI-based EEG analysis.

Jiahao et al. [15] integrated Bayesian inference with post-hoc cali
bration for seizure detection, achieving a 38% reduction in Negative Log 
Likelihood and a 43% reduction in Brier score. In non-clinical settings, 
studies have explored how acquisition-related uncertainty and model 
confidence jointly affect the robustness of EEG architectures under 
realistic data perturbations [16]. However, a systematic framework for 
leveraging both calibration and uncertainty in clinical EEG analysis re
mains unexplored.

In this work, we propose an integrated calibration–uncertainty 
framework that jointly analyzes model calibration (ECE) and predictive 
uncertainty (entropy-based separability) across different dropout rates. 
This approach quantifies how stochasticity affects confidence alignment 
and uncertainty discrimination, enabling the automatic identification of 
an optimal operating configuration. Finally, a selective classification 
mechanism based on predictive uncertainty is implemented, allowing 
the model to abstain from unreliable predictions and thus improve 
practical reliability. The key methodological and experimental contri
butions of this study can be summarized as follows: 

• Development of an integrated calibration–uncertainty framework to 
enhance the reliability of deep learning models for EEG-based 
seizure detection.

• Systematic analysis of the stochastic effect of dropout on both con
fidence calibration and predictive uncertainty, revealing their com
plementary relationship.

• An automated selection strategy that combines calibration (ECE) and 
uncertainty (Overlap Area) metrics to objectively determine the 
optimal dropout configuration for Monte Carlo Dropout (MCD) 
inference.

• Implementation and validation of a selective classification approach 
that enhances effective accuracy and supports safe deployment of AI- 
assisted EEG diagnostic systems.

2. Materials and methods

2.1. Dataset

The experiments were conducted using the Children’s Hospital 
Boston–MIT (CHB–MIT) Scalp EEG Database, one of the most estab
lished and publicly available datasets for epilepsy research, particularly 
for pediatric patients [17,18]. The dataset consists of recordings from 24 
subjects aged between 1.5 and 22 years, both male and female, all 
diagnosed with intractable epilepsy. EEG signals were acquired using 21 
scalp electrodes arranged according to the international 10–20 system, 
with a sampling frequency of 256 Hz. Each recording session lasted 
between one and four hours, including both ictal and interictal periods, 
for a total of over one hundred hours of EEG activity. Seizure onsets and 
durations were annotated by clinical experts, totalling 198 seizure 
events.

For this study, a subset of 17 pediatric patients was selected to ensure 
homogeneous electrode montages and consistent data quality. Patients 
with irregular channel configurations (e.g., Chb12, Chb13) or with re
cordings not representative of the pediatric cohort (e.g., ages above 16 
years or seizures shorter than 10 s) were excluded [19]. The final cohort 
included 103 seizures, with a total ictal duration of approximately 6684 
s. This selection strategy followed previous CHB–MIT studies and was 
adopted to improve inter-patient consistency while reducing variability 
related to heterogeneous electrod montages.

All EEG signals were processed using the MNE-Python framework to 
harmonize channel configurations. Auxiliary and duplicate channels (e. 
g., ECG, VNS, or mislabeled electrodes) were removed, resulting in a 
canonical set of 21 channels for all recordings. Signals were filtered 
using a finite impulse response (FIR) band-pass filter with cut-off fre
quencies between 0.01 and 128 Hz, preserving clinically relevant EEG 
patterns while attenuating low-frequency drift and high-frequency 
noise.

The continuous EEG recordings were segmented into non- 
overlapping 4-second windows, corresponding to 1024 samples per 
channel. This window length has been reported as an optimal compro
mise between temporal resolution and contextual information for 
seizure detection in deep learning models [19]. Segments were labeled 
as seizure (ictal) if fully contained within annotated seizure intervals 
and as non-seizure (interictal) if located at least 30 s away from any 
seizure event. This margin was adopted as a conservative criterion to 
reduce ambiguity near seizure boundaries, where the transition between 
ictal and interictal states may be gradual and prone to label noise. To 
mitigate class imbalance, an equal number of interictal segments was 
randomly selected for each patient, matching the number of ictal seg
ments. Each segment was normalized using per-channel z-score 
normalization, where the mean and standard deviation were computed 
across all segments and time samples within each dataset split (training, 
validation, and test), ensuring zero mean and unit variance while 
avoiding information leakage.

The dataset was divided on a patient-wise basis into training (80%), 
validation (10%), and test (10%) subsets to evaluate the generalization 
capability of the models to unseen subjects, a critical aspect for clinical 
reliability. The final partition included 13 subjects for training, 2 for 
validation, and 2 for testing, as summarized in Table 1.

Table 1 
The number of epochs for training, validation, and test set.

Set Total segments 
(Ictal)

Subjects

Training 2594 (1297) chb02, chb03, chb05, chb06, chb07, chb08, chb09, 
chb11, chb14, chb17, chb20, chb23, chb24

Validation 318 (159) chb10, chb22
Test 314(157) chb01, chb21
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2.2. Model architecture

A hybrid convolutional–recurrent neural network (CNN–BiLSTM) 
was implemented to classify EEG epochs into seizure (ictal) and non- 
seizure (interictal) events.

The architecture combines convolutional layers for spatial–spectral 
feature extraction with bidirectional LSTM layers for temporal pattern 
modeling. The final network includes a temporal convolutional front- 
end (six 1D convolutional layers with batch normalization and max 
pooling), a two-layer BiLSTM module, and a fully connected classifica
tion block with softmax output over two classes.

Three dropout layers (p = 0.1) were included to regularize training 
and were later used for MCD inference to estimate predictive uncer
tainty [20]. The network was implemented in TensorFlow 2.0 with Keras 
3.10.0 as a backend.

The model was trained end-to-end in a supervised fashion using the 
Adam optimizer (learning rate = 1 × 10⁻⁴) and sparse categorical cross- 
entropy loss. Training was performed with a batch size of 32 samples for 
up to 100 epochs, applying early stopping based on validation accuracy 
with a patience of 5 epochs to avoid overfitting. Dropout was active 
during training and reactivated at inference time for uncertainty esti
mation. A summary of the implemented CNN–BiLSTM architecture is 
reported in Table 2.

2.3. Uncertainty quantification

Uncertainty estimation was performed using the MCD approach 
[20]. This method allows quantifying predictive uncertainty by assess
ing the variability of the model’s probabilistic outputs across multiple 
forward passes. For each dropout probability (p ∈ {0.01, 0.05, 0.1, 0.2, 
0.3, 0.4, 0.5}), N = 10 stochastic forward passes were performed on the 
validation set while keeping dropout active. For each sample, the 
normalized predictive entropy was computed as the measure of uncer
tainty according to [21]: 

Hnorm(x) = −
1

logC
∑C

i=1
pi(x) log pi(x) (1) 

where C is the number of classes (in this case, C = 2) and pi(x) is the 
softmax probability assigned to class i. Low entropy values indicate 
confident predictions, while high entropy reflects uncertain or incon
sistent model outputs.

The entropy values were then grouped into two categories: 

• Correctly classified (CC) samples, which are the predictions match
ing the true label,

• Misclassified (MC) samples, which are the incorrect predictions.

For each dropout rate p, we analyzed how effectively model uncer
tainty (entropy) distinguished between these two groups. In an effective 
uncertainty-aware model, misclassified samples are expected to exhibit 
higher uncertainty than correctly classified ones. To quantify this sep
aration, we: 

1. Estimated the distribution of entropy values for both CC and MC 
samples using kernel density estimation.

2. Computed the Overlap Area (OVL) between these two distributions 
as: 

OVL =

∫

min
(
fCC(h), fMC(h)

)
dh (2) 

where fCC(h)and fMC(h) denote the normalized entropy density 
functions of the CC and MC samples, respectively. Smaller values of 
OVL indicate better separation between the CC and MC distributions, 
meaning the model's uncertainty more effectively distinguishes be
tween reliable and unreliable predictions. For example, an OVL of 
0 would indicate perfect separation, while an OVL of 1 would indi
cate complete overlap.

By computing the OVL across different dropout rates, we identified 
the optimal rate p that maximizes the discriminative power of uncer
tainty estimation. This optimal value was then used for subsequent 
calibration analysis and selective classification experiments.

2.4. Calibration model

To assess the model’s confidence and evaluate the effect of sto
chasticity introduced by dropout, a calibration analysis was performed 
across multiple dropout rates (p ∈ {0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5}) in 
the validation set. For each configuration, the ECE was computed, and 
the corresponding reliability diagram (accuracy vs. confidence plot) was 
generated to visualize the relationship between predicted confidence 
and empirical accuracy [9,22]. In addition, the ECE and reliability di
agram were also calculated for the baseline model (without MCD) to 
provide a reference comparison.

The ECE provides a quantitative measure of miscalibration by par
titioning the predicted confidence values into M equally spaced bins and 
calculating the weighted average of the absolute difference between 
accuracy and confidence within each bin: 

ECE =
∑M

m=1

|Bm|

n
|acc(Bm) − conf(Bm)| (3) 

where Bm denotes the set of samples whose confidence scores fall into 
the m-th bin, n is the total number of samples, acc(Bm) is the empirical 
accuracy, and conf(Bm) is the mean predicted confidence within that 
bin. Lower ECE values indicate better calibration, meaning that the 
model’s predicted probabilities align more closely with the actual like
lihood of correctness.

The dropout configuration associated with the lowest ECE was 
considered the best-calibrated setting and was used as a reference for 
comparison with the uncertainty-based and integrated selection criteria.

2.5. Integrated calibration–uncertainty selection strategy

Optimizing calibration and uncertainty separately leads to different 
optimal dropout rates, as these aspects capture different reliability 

Table 2 
CNN-BiLSTM architecture.

Block Layers Output Channels/ 
Units

Dropout

Input EEG epoch (1024 × 21) – –
Block 1 Conv1D + BN + ReLU → 

MP1D
8 –

Block 2 Conv1D + BN + ReLU → 
MP1D

16 -

Block 3 Conv1D + BN + ReLU → 
MP1D → Dropout

24 0.1

Block 4 Conv1D + BN + ReLU → 
MP1D

36 -

Block 5 Conv1D + BN + ReLU → 
MP1D

48 –

Block 6 Conv1D + BN + ReLU → 
MP1D → Dropout

56 0.1

Recurrent 
module

2 × BiLSTM → Dropout [64, 32] 0.1

Classifier Dense (50) → Dense (20) → 
Softmax (2)

2 (classes) -

Conv1D denotes a one-dimensional convolutional layer, BN stands for Batch 
Normalization, ReLU refers to the Rectified Linear Unit activation function, and 
MP1D indicates MaxPool1D, a one-dimensional max pooling layer. Linear cor
responds to a fully connected (dense) layer.
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characteristics. Our integrated approach aims to find a balanced 
configuration that achieves both good calibration and effective separa
tion between correct and incorrect predictions.

For each dropout probability, the ECE and the OVL between 
predictive-uncertainty distributions were computed on the validation 
set. After normalizing these metrics using min–max scaling, we selected 
the optimal dropout configuration by minimizing the weighted 
Euclidean distance from the ideal point (0,0), representing perfect 
calibration and maximal uncertainty separability: 

Dw(p) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(wECEẼCE(p))2
+ (wOVLÕVL(p))2

√

. (4) 

The weighting factors were set to wECE = 0.4 and wOVL = 0.6, giving 
slightly higher relevance to uncertainty separability for clinical reli
ability. This criterion identified p = 0.1 as the optimal configuration, 
yielding the best quantitative trade-off between calibration and uncer
tainty discrimination under MCD inference.

2.6. Selective classification

To further enhance model reliability, we implemented a selective 
classification framework where the model can abstain from predictions 
considered unreliable based on their predictive uncertainty (Fig. 1). This 
approach introduces a trade-off between accuracy and data coverage. In 
this setting, samples associated with high uncertainty are not removed 
from the analysis, but are instead identified as requiring further clinical 
evaluation. This allows the model to distinguish between reliable pre
dictions and uncertain cases, supporting the clinician in focusing on 
segments that may benefit from additional inspection, while preserving 
all potentially relevant information.

The discriminative uncertainty threshold (τ) was initially estimated 
as the intersection point between the entropy distributions of CC and MC 
samples obtained from the validation set. Predictions with uncertainty 
values above τ were considered unreliable and were deferred for further 
clinical evaluation, while those below τ were retained as “confident” 
samples.

The optimal uncertainty threshold τ∗ was selected on the validation 
set by maximizing a utility function that balances model accuracy and 
data retention: 

Uγ = Accuracy⋅
(

Coverage
100

)γ

(5) 

where γ = 0.10 provides a mild emphasis on accuracy while preserving 

sufficient coverage. This criterion ensures that the selected threshold 
maximizes the practical reliability of the model by jointly considering 
predictive performance and the fraction of retained samples.

Once the optimal threshold τ∗ was determined, it was applied to the 
test set to evaluate generalization performance. Selective classification 
was implemented for the three model configurations obtained from the 
different p-selection strategies: 

1. ECE-only: model with minimum calibration error,
2. Uncertainty-only: model with minimum OVL,
3. Integrated: model balancing both calibration and uncertainty (trade- 

off criterion).

After applying the optimal threshold, all performance metrics - 
coverage, accuracy, specificity, sensitivity, and F1-score - were recom
puted to assess how each selection strategy affected model reliability 
and data retention.

3. Results

3.1. Baseline model performance

Before integrating calibration and uncertainty quantification, the 
CNN–BiLSTM model was evaluated in its deterministic configuration 
(dropout disabled during inference, p = 0) to establish a baseline 
reference.

On the test set, the model achieved an overall accuracy of 0.917, 
confirming a solid classification capability in distinguishing seizure 
(ictal) from non-seizure (interictal) EEG segments. For the interictal 
class (class 0), the model obtained a precision of 0.88, a sensitivity of 
0.97, and an F1-score of 0.92. For the ictal class (class 1), the corre
sponding metrics were precision of 0.96, sensitivity of 0.87, and F1- 
score of 0.91, indicating balanced detection performance across both 
categories.

3.2. Effect of dropout on predictive uncertainty

Fig. 2 shows, for each dropout rate (p), the entropy distributions of 
CC and MC samples (bottom panel) and the corresponding OVL values 
(top panel). At low dropout probabilities, the two distributions appear 
more clearly separated, with MC samples exhibiting markedly higher 
entropy values than CC samples. As p increases, the two distributions 
progressively converge, indicating reduced discriminability between 

Fig. 1. Overview of the proposed pipeline. Phase 1 performs integrated calibration using uncertainty estimation and ECE analysis. Phase 2 applies the calibrated 
model to seizure detection, distinguishing between reliable predictions and uncertain samples that require further clinical evaluation.

S. Seoni et al.                                                                                                                                                                                                                                    Computer Methods and Programs in Biomedicine 285 (2026) 109520 

4 



correct and incorrect predictions. The OVL quantitatively captures this 
effect, showing lower values for smaller dropout rates (p = 0.01, 0.05, 
0.1). A smaller OVL value indicates higher separability and, conse
quently, a stronger ability of the model’s uncertainty to distinguish 
reliable from unreliable predictions.

As reported in Fig. 2, the OVL decreases for small dropout rates, 
reaching its minimum at p = 0.01, and then increases again for higher 
values. Based on this analysis, p = 0.01 was selected as the uncertainty- 
optimal configuration, corresponding to the dropout rate that provides 
the best discriminative power between reliable and unreliable samples.

3.3. Effect of dropout on model calibration

Fig. 3 presents the reliability diagrams for all dropout rates and the 
corresponding ECE values. A well-calibrated model should exhibit 
points lying close to the diagonal, where predicted confidence matches 

empirical accuracy. At low dropout probabilities, the model tends to be 
slightly overconfident, while higher dropout values introduce under
confidence and increase variability in the predicted scores.

The lowest ECE was observed at p = 0.3 (ECE = 0.042), indicating 
the best alignment between the confidence and accuracy. Based on this 
analysis, p = 0.3 was selected as the calibration-optimal configuration, 
representing the dropout rate providing the most reliable confidence 
estimates.

3.4. Integrated model selection

Fig. 4 shows the behavior of the weighted distance Dw(p) across 
dropout rates. The minimum distance occurred at p = 0.1, corresponding 
to the configuration that provides the best quantitative trade-off be
tween calibration (ECE = 0.061) and uncertainty discrimination (OVL =
0.53). This dropout rate was therefore selected as the integrated 

Fig. 2. Predictive uncertainty distributions and Overlap Area (OVL) across dropout rates. (Top) Bar plot of the OVL values as a function of dropout rate (p). (Bottom) 
Normalized entropy distributions for correctly classified (CC, blue) and misclassified (MC, green) samples.

Fig. 3. Model calibration across dropout rates. Reliability diagrams showing the empirical accuracy for different dropout probabilities and the corresponding ECE 
values for each configuration.
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configuration for the subsequent selective-classification analysis. 
Neighboring configurations (p = 0.05 and p = 0.2) yielded comparable 
distance values, confirming that the selected point lies within a stable 
region of the reliability curve.

3.5. Selective classification

The final step of the proposed framework aimed to evaluate how 
uncertainty-based filtering can enhance model reliability through se
lective classification. The optimal uncertainty thresholds (τ*) for each 
configuration were determined on the validation set by maximizing the 
utility function defined in Eq. (5), which balances model accuracy and 
data retention.

The resulting optimal thresholds were τ∗≈0.66 for p = 0.01 (UQ- 
only), τ∗≈0.68 for p = 0.3 (ECE-only), and τ∗≈0.72 for p = 0.1 
(UQ&ECE). These thresholds were then applied to the test set to assess 
the generalization of the selective classification strategy.

Table 3 reports the classification performance and highlights how 
uncertainty-aware configurations (p = 0.01 and p = 0.1) lead to more 
effective filtering strategies, achieving higher accuracy while retaining a 
larger portion of samples. In particular, the uncertainty-based configu
ration (p = 0.01) reached an accuracy of 0.996 with a coverage of 72% at 
an optimal uncertainty threshold τ∗ = 0.66. The integrated configura
tion (p = 0.1) achieved comparable accuracy (0.996) with slightly 
higher coverage (74%), indicating a more selective yet efficient filtering 
strategy. Conversely, the calibration-based model (p = 0.3) achieved an 
accuracy of 0.989 but with a lower coverage (69%), confirming that 
excessive focus on calibration can reduce data retention without 

substantial accuracy gains.
A noticeable difference was also observed in specificity values, which 

were higher for the uncertainty-based and integrated filtering strategies 
(0.99) and lower for the calibration-only model. This indicates that the 
uncertainty-driven approaches are less prone to generating false posi
tives, further improving the model’s reliability in a clinical setting. The 
integrated configuration ultimately provided the best trade-off between 
performance and coverage, retaining 2% more samples than the 
uncertainty-only model while maintaining the same accuracy.

Fig. 5 reports the confusion matrices for the baseline model and for 
the three proposed filtering strategies. Across all methods, filtering 
effectively removed false-negative samples, which represent the most 
critical errors in a clinical context, as they correspond to missed seizure 
events. The strategy based solely on calibration (ECE filtering, p = 0.3) 
further reduced false negatives but at the cost of a larger number of 
discarded true negatives, resulting in a lower overall coverage.

Conversely, the uncertainty-based (UQ filtering, p = 0.01) and in
tegrated (UQ & ECE filtering, p = 0.1) strategies maintained a higher 
proportion of correctly classified non-seizure samples while still elimi
nating unreliable predictions.

Notably, the integrated approach achieved the same low false posi
tive rate as the UQ-only strategy (just 1 false positive) while preserving 
more informative samples, specifically retaining 2 additional true neg
atives and 3 additional true positives compared to using uncertainty 
alone. This demonstrates that considering both calibration and uncer
tainty enables more selective and efficient filtering, leading to the most 
balanced outcome that combines high classification accuracy with 
optimal sample retention.

3.6. Comparison with state-of-the-art

A comparison between the proposed approach and representative 
state-of-the-art methods is reported in Table 4. The selected works were 
chosen to ensure a fair and meaningful comparison, considering studies 
addressing seizure detection in comparable clinical settings and evalu
ated on the same dataset (CHB-MIT) using comparable performance 
metrics. In addition, the selected methods reflect different methodo
logical strategies, including deep learning architectures [25,19], 
ensemble-based approaches [23], and techniques focusing on robust
ness, interpretability, or uncertainty estimation [14]. To further 

Fig. 4. Weighted distance-based integrated model selection.

Table 3 
Performance comparison between the proposed filtering strategies and baseline 
model.

Model Acc. (Cov.) Sens. Spec. F1 score

Baseline (no filtering) 0.917 (100%) 0.87 0.96 0.91
UQ-only 

(p = 0.01)
0.996 (72%) 1.00 0.99 0.99

ECE-only 
(p = 0.3)

0.989 (69%) 1.00 0.89 0.99

UQ&ECE 
(p = 0.1)

0.996 (74%) 1.00 0.99 0.99

Acc is accuracy, Cov is Coverage (%), Sens is Sensitivity and Spec. is Specificity.
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contextualize the comparison, Table 4 also highlights whether the 
compared methods explicitly incorporate uncertainty quantification 
strategies.

The integrated UQ&ECE filtering strategy (p = 0.1) achieved an 
accuracy of 0.996, with perfect sensitivity (1.00) and high specificity 
(0.99), outperforming most existing deep learning approaches on the 
CHB-MIT dataset. Compared with Abdelhameed et al. [19] and Sirpal 
et al. [23], which reported accuracies of 0.988 and 0.98, respectively, 
the proposed method shows a clear improvement in overall reliability. 
Similarly, the approaches proposed by Khan et al. [24] and Amrani et al. 
[25] report lower accuracy values (approximately 0.92) compared with 
the proposed framework. Notably, models such as Wong et al. [14], Peh 
et al. [25], and Sirpal et al. [23] exhibit substantially lower sensitivity 
(0.76–0.89) and specificity (0.62–0.85), highlighting the stronger bal
ance achieved by our approach. Although the proposed framework ap
plies selective filtering by identifying uncertain samples for further 
clinical evaluation (coverage = 74%), it achieves high performance on 
the retained subset of predictions. However, direct comparison with 
methods that classify all samples should be interpreted with caution, 
since selective classification inherently excludes the most uncertain 
cases.

4. Discussion

This study presented an integrated calibration–uncertainty frame
work to improve the reliability of deep learning models for EEG-based 
seizure detection. The results demonstrated that analyzing both cali
bration and predictive uncertainty provides complementary insights 
into model behavior, enabling the identification of an optimal configu
ration that balances confidence alignment and uncertainty separability.

The analysis of dropout stochasticity revealed that model reliability 
cannot be assessed from accuracy alone. While low dropout rates 
improved uncertainty separability, allowing a clear distinction between 
correct and incorrect predictions, higher dropout rates enhanced 

calibration but reduced discriminative power. These opposite trends 
highlight the intrinsic trade-off between calibration and uncertainty, 
consistent with patterns qualitatively observed in previous biomedical 
and EEG studies [15,16]. Our framework extends this evidence by 
introducing a quantitative criterion to balance these two dimensions of 
reliability in a clinically oriented setting. Using this approach, we 
identified p = 0.1 as the optimal configuration, corresponding to the 
most balanced reliability profile. This criterion reduces the subjectivity 
associated with qualitative visual inspection and provides a reproduc
ible strategy for integrating calibration and uncertainty metrics.

From a methodological standpoint, the use of the OVL proved 
effective in quantifying the separability of uncertainty distributions 
between correctly and incorrectly classified samples. Compared with 
traditional qualitative analysis, this metric provides a quantitative in
dicator of model robustness. The ECE, on the other hand, offered a 
complementary view by assessing the agreement between model con
fidence and empirical accuracy. Together, these measures provide a 
more comprehensive characterization of model reliability.

In our work, the weighting factors were set to wECE = 0.4 and wOVL =

0.6, giving slightly higher relevance to uncertainty separability for 
clinical reliability. These weights can be adjusted according to specific 
clinical requirements. For instance, increasing wECE when deployment 
contexts prioritize confidence calibration, or emphasizing wOVL when 
reliable uncertainty detection is critical for patient safety. A sensitivity 
analysis of the weighting factors (Table 5) showed that the optimal 
dropout configuration depends on the relative importance assigned to 
calibration and uncertainty. In particular, the selected value p =

0.1 remains stable for configurations that moderately prioritize uncer
tainty, while different weightings, such as more balanced or calibration- 
oriented settings, lead to alternative optimal values. This behavior is 
consistent with the complementary roles of ECE and OVL, and highlights 
that the proposed framework is inherently task-dependent. Rather than 
relying on a single universal configuration, the method can be adapted 
to different clinical requirements by tuning the relative contribution of 
calibration and uncertainty.

The selective classification analysis confirmed that filtering based on 
uncertainty information can substantially improve the reliability of EEG 
classifiers. All filtering strategies successfully removed false negatives, 
the most critical type of error in clinical practice, as they correspond to 
missed seizure events. However, the calibration-based filtering (ECE- 
only) also eliminated a larger proportion of true negatives, leading to 

Fig. 5. Confusion matrices for the baseline model and the three filtering strategies.

Table 4 
Performance comparison between our method and state-of-the-art.

Model Input Data Dataset UQ Acc. Sens. Spec.

Abdelhameed et al. 
[19]

Raw EEG (4 s 
epochs)

CHBMIT No 0.98 0.98 0.98

Khan et al. [24] EEG feature 
vectors

CHBMIT No 0.92 0.94 0.91

Amrani et al. [25] Raw EEG (1 s 
epochs)

CHBMIT No 0.92 0.95 0.90

Wong et al. [14] Raw EEG (1 s 
epochs)

CHBMIT Yes 0.88 0.82 0.85

Sirpal et al. [23] EEG feature 
vectors

CHBMIT No 0.98 0.76 0.84

Proposed method 
UQ&ECE

Raw EEG (4 s 
epochs)

CHBMIT Yes 0.996 1.00 0.99

Acc is accuracy, Sens is Sensitivity and Spec. is Specificity.

Table 5 
sensitivity analysis of optimal dropout configuration to weighting factors.

wOVL Selected p

0.20 0.80 0.10
0.40 0.60 0.10
0.50 0.50 0.05
0.60 0.40 0.2
0.80 0.20 0.3
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reduced coverage. In contrast, the uncertainty-driven and integrated 
approaches preserved a higher number of correct predictions while 
discarding unreliable samples, achieving a more favorable trade-off 
between accuracy and coverage. The integrated configuration, which 
combines both calibration and uncertainty information, yielded the best 
overall performance: it maintained high accuracy (0.996) and balanced 
class-wise F1-scores (0.99 for both classes) while retaining 74% of the 
data. These findings confirm that combining the two dimensions of 
reliability, calibration, and uncertainty leads to models that are not only 
more accurate but also more trustworthy and stable across varying data 
conditions. This behavior suggests that uncertainty-based filtering pri
marily identifies ambiguous segments, which may be more appropri
ately handled through additional clinical inspection rather than by 
forcing a potentially unreliable automatic classification.

While the performance gains of the integrated approach over 
uncertainty-only filtering may appear modest in terms of absolute 
metrics, several key advantages justify its adoption. In particular, the 
integrated configuration achieves the same accuracy as the UQ-only 
approach while retaining a larger proportion of samples (74%vs 72%), 
thereby reducing the number of segments requiring manual review. At 
the same time, the integration of calibration does not introduce addi
tional computational overhead, as it relies on the same Monte Carlo 
Dropout inference used for uncertainty estimation. Beyond these prac
tical considerations, the proposed framework jointly optimizes com
plementary aspects of model reliability by combining global confidence 
calibration with local uncertainty discrimination. This dual perspective 
provides a more comprehensive characterization of model behavior and 
offers a principled, reproducible strategy for selecting the optimal 
dropout configuration. Even when performance gains are moderate, 
these properties support the overall value of the integrated approach.

Despite these advances, some limitations remain. First, the proposed 
framework should be tested on alternative architectures, such as simpler 
CNN-based models, to verify that the benefits of the integrated cali
bration–uncertainty strategy are architecture-agnostic. Second, the 
current implementation relies on a fixed dropout configuration, 
including both dropout rate and placement within the network. 
Although this design follows standard model selection practices, 
exploring alternative dropout placements and architectural stochasticity 
could further improve robustness, especially in limited-data scenarios. 
Furthermore, future research could explore alternative uncertainty 
quantification techniques, including Deep Ensembles and Bayesian 
models [26], to compare their ability to capture the predictive uncer
tainty and to assess their computational feasibility for clinical deploy
ment. An additional limitation concerns the relatively low number of 
MCD forward passes (N = 10) used for uncertainty estimation [20]. This 
choice was made to reduce computational cost, although higher N 
values could further stabilize uncertainty estimates and will be explored 
in future work. In addition, the interictal segment selection strategy 
adopted in this study was intentionally conservative, as non-seizure 
segments were required to be at least 30 s away from seizure events. 
While this choice reduced ambiguity in peri‑ictal regions and helped 
limit label noise, it excluded close-to-boundary segments and therefore 
does not fully reflect real-time clinical deployment, where transitional 
EEG activity must also be classified. Another limitation concerns the 
segment-level formulation of the proposed framework, which does not 
preserve the temporal order of EEG segments and therefore does not 
explicitly enforce temporal consistency across consecutive predictions. 
As a result, the continuity of seizure events cannot be guaranteed. 
Addressing this limitation would require extending the analysis to the 
event level, enabling the assessment of temporal coherence and the 
reliable detection of complete seizure episodes. Finally, a more extensive 
cross-dataset validation and subject-specific evaluation should be per
formed to assess generalization across patient cohorts, acquisition pro
tocols, and recording conditions. In particular, validating the framework 
on external datasets characterized by different demographic and clinical 
distributions (e.g., pediatric versus adult populations) would provide a 

more comprehensive assessment of its ability to handle cross-domain 
variability in real-world clinical scenarios.

5. Conclusion

This study introduced an integrated calibration–uncertainty frame
work to improve the reliability of deep learning models for EEG-based 
seizure detection. By jointly analyzing model calibration and predic
tive uncertainty, the proposed pipeline enables the identification of an 
optimal operating configuration and the implementation of selective 
classification based on uncertainty thresholds. The integrated approach 
achieved an accuracy of 99.6% (+8% compared with the baseline) with 
a coverage of 74%, outperforming models optimized for calibration or 
uncertainty alone and demonstrating a more stable and reliable classi
fication behavior. Overall, the framework provides a quantitative and 
reproducible strategy for building robust and calibrated AI systems in 
EEG analysis, representing a practical step toward clinically reliable 
deep learning applications in neurophysiology.
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