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Abstract

Epilepsy is a widespread neurological disorder characterized
by highly patient-specific EEG patterns. Existing EEG-based
seizure detection methods either train individualized models
for each patient or adapt models pre-trained on known pa-
tients to new ones. However, when encountering previously
unseen patients, these methods typically require retraining
or fine-tuning, which limits their practical utility in clini-
cal settings. This limitation can be linked to biases caused
by patient-specific variations, which obscure the underlying
pathological patterns of seizures. To address this, we propose
an evidential multi-view framework that reinforces the learn-
ing of core epileptic features by promoting consistency across
multiple views and reducing reliance on high-uncertainty,
patient-specific segments. Specifically, we introduce Bias-
guided Fisher-Evidential Multi-View Learning (BF-EML) to
guide the model toward discovering intrinsic seizure patterns.
BF-EML employs a two-stage training architecture: In Stage
1, we use the Fisher Information Matrix to reorder EEG seg-
ments by uncertainty and deliberately train a biased feature
generator on low-evidence segments. In Stage 2, we design a
dual-branch network where the biased and unbiased branches
are alternately trained, encouraging the unbiased branch to
reduce its reliance on patient-specific biases. Finally, we in-
troduce a shift-calibrated fusion strategy to enhance the con-
sistency of pathogenic feature integration. Extensive exper-
iments on public datasets and a clinical dataset demonstrate
that our method achieves superior performance in both single-
and multi-patient scenarios. Importantly, it generalizes well to
unseen patients without the need for retraining.

Code — https://github.com/Wednesque/BF-EML

1 Introduction
Epilepsy remains one of the most prevalent chronic neuro-
logical disorders globally. Recurrent seizures pose signifi-
cant risks to cognitive function and mental health, and in-
dividuals with epilepsy face a threefold increased risk of
premature death (Ding et al. 2006). Clinical evidence sug-
gests that early detection and treatment can effectively con-
trol seizures in up to 70% of cases (Organization et al.
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2019), highlighting the importance of rapid screening and
monitoring in patient care. As a non-invasive and cost-
effective neuroimaging technique, Electroencephalography
(EEG) enables capturing neuronal discharge activities of the
brain through scalp electrodes, making it a widely utilized
tool in automated epilepsy detection systems.

Existing EEG-based seizure detection methods can be
broadly classified into two categories: Patient-Specific
and Multi-Patient approaches. Patient-Specific models are
trained individually for each patient and can achieve high ac-
curacy (typically > 95%) (Dutta et al. 2024; Li et al. 2020).
However, their performance degrades significantly when ap-
plied to new patients, due to the considerable variability
in seizure manifestations. Epileptic seizures encompass a
broad range of subtypes (e.g., absence, tonic, clonic) (Schef-
fer et al. 2017), each exhibiting highly individualized EEG
signatures. To improve generalization, Multi-Patient mod-
els attempt to train a shared model across data from multi-
ple patients (Dissanayake et al. 2021). While intuitively ap-
pealing, this approach often leads to cognitive bias (Bahng
et al. 2020) during training: since patient-specific rhythms
or artifacts are more statistically salient, models tend to rely
on these features rather than learning the core pathological
EEG patterns underlying seizure activity—namely, parox-
ysmal discharges caused by abnormal neuronal firing. As a
result, these models often fail to generalize well to unseen
patients, despite access to diverse training data.

Recent Multi-Patient approaches have introduced do-
main adaptation (DA) techniques to transfer knowledge
from labeled source patients to an unlabeled target patient
by aligning their features in a shared latent space. Rep-
resentative methods include pseudo-labeling with distribu-
tion alignment (e.g., MMD) (Cui et al. 2023), prototype-
based matching (Liang et al. 2023), and adversarial train-
ing for domain confusion (Peng et al. 2022). While effec-
tive within the standard DA setting—where the model is
adapted from a fixed source domain to a single target do-
main—such approaches are ill-suited for real-world seizure
detection, where each patient constitutes a distinct domain
with unique EEG characteristics, and test-time patients are
typically unseen during adaptation. This one-to-one adap-
tation paradigm fails to generalize: a model adapted from
cats to tigers may work well for tigers, but seizure detection
must also handle pandas—patients unlike both the source
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Figure 1: Conceptual comparison between conventional
alignment-based methods and our BF-EML framework.
Existing approaches often rely on patient-specific EEG
traits, leading to poor generalization. BF-EML introduces
decision-level multi-view fusion with bias elimination and
cross-view consistency to encourage learning of patient-
invariant epileptic patterns for universal seizure detection.

and the adapted target. More critically, the DA process en-
courages the model to exploit patient-specific distributional
cues that are easy to align, rather than learning the true se-
mantic patterns indicative of seizures (e.g., transient spikes
or discharges). Since distribution alignment is the core DA
objective, the model is incentivized to “shortcut” by match-
ing surface-level traits that correlate with labels in the target,
which can replicate the same kind of cognitive bias observed
in prior multi-patient methods. Although this can yield high
performance on the adapted patient, it fails to capture seizure
semantics and necessitates retraining or fine-tuning for every
new patient—making deployment impractical.

We propose a paradigm shift in the design of general-
ized seizure detection models, as illustrated in Fig. 1. Instead
of allowing patient-specific biases to dominate model learn-
ing, we encourage the model to reduce its reliance on such
idiosyncratic features, thereby facilitating the discovery of
seizure-related pathological patterns. We observe that when
trained on data from diverse patients, the model tends to
assign higher confidence to patterns consistently associated
with seizures, while expressing greater uncertainty toward
patient-specific components (as validated in Sec. 4.4). Moti-
vated by this, we introduce a two-stage training framework:
the first stage identifies biased, uncertain components arising
from patient-specific variations; the second stage explicitly
suppresses reliance on these components to guide the model
toward learning generalizable, pathology-centered represen-
tations. To further enhance this process, we incorporate an
evidential multi-view learning strategy. By extracting view-
wise seizure evidence—quantified via uncertainty—and fus-
ing at the decision level, we leverage cross-view consistency
to reinforce model attention on pathogenic epileptic signa-

tures, while minimizing the influence of view-specific bias.
We then introduce the Bias-Guided Fisher-Evidential

Multi-View Learning (BF-EML) framework, which lever-
ages multi-view learning to consistently capture pathogenic
epileptic features across EEG views (e.g., spike-wave com-
plexes in the frequency domain) while mitigating non-
pathogenic patient-specific biases. As illustrated in Fig. 2,
BF-EML identifies learning biases and explicitly guides the
model to overcome them. In Stage 1, we pre-train an evi-
dence extraction model to quantify the evidential support for
epilepsy detection from an uncertainty perspective. Specifi-
cally, we use the Fisher Information Matrix to evaluate the
amount of evidence and re-rank samples accordingly. Sam-
ples with low evidence—those below a set threshold—are
more likely to be noise or contain non-pathogenic individu-
alized patterns, and are thus treated as potential bias sources.
In Stage 2, we adopt a dual-branch training strategy: a bi-
ased branch is intentionally trained on low-evidence samples
to capture patient-specific biases, while the unbiased branch
is regularized using the Hilbert-Schmidt Independence Cri-
terion (HSIC) to reduce reliance on those biased features
and instead learn core, patient-invariant epileptic representa-
tions. To address inter-view distributional shifts introduced
during bias mitigation, we further propose a cross-view bias
calibration mechanism, which realigns the views and dy-
namically fuses their evidence at the decision level.

Our main contributions are summarized as follows: 1) We
point out that the poor cross-patient generalization of exist-
ing EEG-based seizure detection models may partly result
from their failure to capture seizure-indicative features and
the cognitive biases introduced by patient-specific seizure
patterns, and we address this by guiding the model to isolate
and retain core pathological evidence; 2) We propose a novel
bias-guided evidential learning framework that combines
uncertainty-based filtering, dual-branch training, and intra-
view debiasing to suppress non-generalizable components;
3) Extensive experiments on multiple benchmark datasets
demonstrate that our BF-EML outperforms state-of-the-art
patient-specific and multi-patient seizure detection methods.
The results validate the effectiveness of our framework in
promoting generalized seizure detection by enhancing the
model’s ability to capture essential seizure-related features.

2 Related Work
2.1 Patient-Specific Seizure Detection
Due to significant inter-patient variability in EEG signals,
most early seizure detection methods were tailored to indi-
vidual patients. Traditional statistical and machine learning
approaches, such as thresholding (Li et al. 2006), SVM (Li
et al. 2013), and Naive Bayes (Samiee, Kovacs, and Gab-
bouj 2014), offer simplicity but struggle with generalization.
Deep learning models, including CNNs (Covert et al. 2019),
RNNs, and attention-based BiLSTMs (Dutta et al. 2024),
better capture temporal-frequency structures and have be-
come the dominant paradigm.

To exploit the inherent multi-view nature of EEG, re-
cent work has incorporated multi-view learning by treating
EEG channels, domains, or extracted features as separate
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Figure 2: Overview of our two-stage training framework. In Stage 1, multi-view EEG signals are processed by view-specific
DNNs to extract high-level features, which are passed to an evidential neural network with a Fisher Information Matrix to model
uncertainty. Samples are re-ranked based on evidence, and low-evidence samples are selected as a biased subset. In Stage 2,
a bias-prone network is trained on this subset to capture cognitive bias. All data are re-encoded to obtain bias-aware features,
which are then debiased via HSIC. Finally, a calibration fusion mitigates inter-view semantic shifts caused by debiasing.

views (Tian et al. 2019; Liu et al. 2025). For instance, Cao et
al. (Cao et al. 2019) proposed a stacked CNN with weighted
fusion for seizure detection and preictal state classification.
While effective within patients, these models tend to overfit
and perform poorly when applied to unseen individuals.

2.2 Multi-patient Seizure Detection
To improve generalization, multi-patient models commonly
adopt transfer learning or domain adaptation. Transfer-based
approaches leverage pretrained CNNs to extract generaliz-
able features from EEG inputs (Raghu et al. 2020; Cao et al.
2021; Chen, Han, and Debattista 2024), but often require
fine-tuning for each new patient, limiting their scalability.

Domain adaptation methods attempt to bridge distribu-
tion gaps between source (labeled) and target (unlabeled)
patients by learning shared feature spaces. Techniques in-
clude pseudo-labeling with conditional distribution align-
ment (e.g., via MMD) (Cui et al. 2023), prototype-based
alignment using class centroids (Liang et al. 2023), and ad-
versarial training with domain discriminators (Peng et al.
2022). These methods aim to produce domain-invariant
yet seizure-discriminative representations. However, such
strategies often prioritize aligning dominant global patterns,
many of which reflect patient-specific rhythms. This focus
may obscure rare yet clinically critical seizure signatures,
such as transient spike discharges, which are vital for cross-
patient generalization. Consequently, existing approaches
struggle to capture the underlying pathological essence of
seizures in a manner robust to patient heterogeneity.

3 Method
3.1 Problem Setting
Automatic epileptic seizure detection typically processes
multi-channel EEG recordings by segmenting them into

short samples for analysis. Let the dataset be denoted as
Z = {Zn}Nn=1, where each sample Zn ∈ RC×T rep-
resents a segment of C channels over T time points. The
corresponding binary label yn ∈ {0, 1} indicates whether
the sample contains a seizure or not. A universal model is
expected to generalize from the training set {Zn,yn}Nn=1

to unseen patient data Z̆ , which may differ substantially in
distribution—sometimes resembling a shift in domain. The
model should accurately detect seizure activity y̆n in new
patients without requiring retraining or fine-tuning.

3.2 Stage 1: Mult-view Fisher-Evidential Re-rank
Constructing Multi-View Features. The original multi-
channel sequential EEG signals are temporal in nature. From
these, we extract a range of features to construct multi-
view representations, specifically including temporal, spec-
tral, and temporal-spectral views. Then we design view-
specific DNNs fv(·) to obtain high-level multi-view features
hv
n from samples xvn, where v denotes the views:

hv
n = fv(xvn). (1)

View-Specific Evidential Learning. We apply Eviden-
tial Deep Learning (EDL) (Sensoy, Kaplan, and Kandemir
2018) to the multi-view epilepsy detection setting. For the
n-th sample in the v-th view, evidence is obtained via view-
specific evidential DNNs gv(·):

evn = gv(hv
n). (2)

Parameters αv are calculated as αv = ev + 1. Following
Subjective logic (Han et al. 2021), we define (bv, uv) as the
opinion of views including the belief masses bv and uncer-
tainty masses uv , where bv = (αv − 1)/S v = ev/Sv =

(bv1, · · · , bvK)⊤, uv = K/S v , and S v =
∑K

k=1 α
v is the

Dirichlet intensity.
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Figure 3: Comparison of uncertainty across two views for
samples spanning high (A), medium (B/C), and low (D) ev-
idence. Fisher Evidence captures relative uncertainty within
and across views, while Normal Evidence over-penalizes
high-uncertainty regions, leading to their blending.

Then we fuse the masses by Dempster’s combination rule
(Jøsang 2016a), where C =

∑
i̸=j b

1
i b

2
j :

b1♢2
k =

1

1−C
(b1kb

2
k+b

1
ku

2+b2ku
1), u1♢2=

1

1−C
u1u2. (3)

Fisher-Evidence Re-rank. To accurately identify low-
evidence samples, precise quantification of evidence levels
is essential. However, as shown in Fig. 3, standard EDL
frameworks fail to differentiate between medium- and low-
evidence samples, producing entangled evidence scores that
lack discriminability both within and across views. This lim-
itation arises from EDL’s objective of aligning Dirichlet pa-
rameters with one-hot labels, which encourages the model to
concentrate evidence on the ground-truth class while exces-
sively suppressing evidence for others—even though these
non-target classes may carry informative cues. In multi-view
settings (Zhang et al. 2024), where each view may capture
different ambiguous features, such over-penalization ampli-
fies evidence loss across views. Consequently, the model
becomes sensitive only to clearly distinguishable, high-
evidence patterns, while failing to rank or exploit more am-
biguous yet potentially informative samples (Xu et al. 2025).

Inspired by the work of (Deng et al. 2023), we incorpo-
rate Fisher Information (FI) into the training objective of the
evidential network gv(·) and propose a view-specific Fisher-
evidential network to mitigate this issue. Since FI negatively
correlates with evidence strength, it can serve as a natu-
ral regularizer for the model learning to preserve evidence.
Additionally, multi-peaked outputs are encouraged by FI,
thereby further preserving evidence across all categories.

We extend the FI matrix to multi-view learning to en-
able more affluent evidence learning across views and cat-
egories. Formally, the FI matrix of the Dirichlet distribution
Dir(pv|αv) is defined as:

I(αv) = E[
∂D
∂αv

∂D
∂αvT

] = E[
−∂D2

∂αvαvT
], (4)

where D = logDir(pv|αv), and pv = (pv1, · · · , pvk)⊤ is the
probability that the instance is assigned to k-th category.

Instead of predicting a deterministic category label, we
sample pv ∼ Dir(αv) to generate a category probability
vector. For the observed one-hot label y, it is assumed to fol-
low a multi-variate Gaussian distribution with mean pv and
covariance matrix scaled by the inverse of the FI matrix, i.e.,
y ∼ N (pv, (σv)2I(αv)−1). This dynamic covariance ma-
trix enables categories with lower certainty (higher FI) to be
modeled with larger variance, allowing each view-specific
network to retain as much category evidence as possible
to support more accurate evidence-based ranking in subse-
quent steps. The learning objective is defined as:

min
θv

E[−logN (y|pv, (σv)2I((αv)−1))], (5)

where θv are parameters of gv(·).
For sample {xvn}Vv=1, we employ a Fisher evidence loss

which is derived from the FI matrix (i.e., Eq. 5):

LF (α
v
n)=

K∑
k=1

[
(ynk−

αv
nk

Sv
n

)2+
αv
nk(S

v
n−αv

nk)

(Sv
n)

2(Sv
n+1)

]
ψ(1)(αv

nk)

− λ log |I(αv
n)| , (6)

where |·| indicates the determinant of a matrix, which mea-
sures the overall information volume in the distribution. The
trigamma function ψ(1)(x) = d2 ln Γ(x)/dx2 is a mono-
tonic decreasing function for x > 0 (where Γ(·) is the
gamma function), which means that higher-evidence cate-
gories receive less penalty and more evidence are preserved.

3.3 Stage 2: Bias Mitigation
Dual-Branch Alternating Debiasing Strategy. Our ob-
jective is to guide the model toward learning pathogenic
epileptic features. As previously discussed, a major source
of bias in epilepsy detection arises when the network over-
relies on patient-specific features, which obscures the un-
derlying pathological patterns. Drawing inspiration from the
concept of “bias correction via bias amplification” (Bahng
et al. 2020), we design a tailored debiasing strategy that
aligns with the nature of bias in epileptic EEGs, where un-
reliable regions often correspond to patient-specific signals.

To this end, we introduce a debiasing method that reduces
reliance on low-evidence samples. We have employed a FI-
based evidential network to assess the reliability (i.e., evi-
dence strength) of each sample. Since the network is trained
on data from all patients, features that appear consistently
across patients yield higher evidence, while patient-specific
patterns typically induce higher uncertainty and lower evi-
dence. Leveraging this property, we identify low-evidence
samples and use them to train a deliberately biased network
f̃(·), which is expected to encode patient-specific character-
istics. This network serves as the biased branch to generate
features h̃

v

n for all inputs {xvn}Vv=1.
To mitigate cognitive bias arising from patient-specific

patterns, we enforce statistical independence between the
outputs of the biased network f̃(·) and the unbiased network
f(·). We adopt the Hilbert-Schmidt Independence Criterion
(HSIC) to quantify and minimize their dependency. Unlike
conventional correlation-based metrics, HSIC captures all
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forms of dependence—linear and nonlinear—and guaran-
tees H(U, V ) = 0 if and only if U and V are statistically
independent. This constraint ensures that the unbiased net-
work focuses on patient-invariant, disease-relevant features,
without inadvertently reusing biased patterns.

To ensure effective debiasing, we adopt a min-max opti-
mization strategy between the two branches. In the unbiased
branch, we freeze the biased network f̃(·) and train the un-
biased network f(·) to minimize HSIC, thereby reducing its
dependency on biased features:

LH(xvn, h̃
v

n)=LF (g
v(fv(xvn))+1)+µ1H(f

v(xvn), h̃
v

n). (7)

However, if optimized unilaterally, the biased network
may gradually degrade—outputting low-variance, non-
informative features that fail to retain patient-specific bias.
This weakens its role as a counterfactual reference. There-
fore, in the biased branch, we reverse the setup: we freeze the
unbiased network f(·) and update f̃(·) to maximize HSIC,
encouraging it to maintain distinguishable biased features:

L̃H(xvn,h
v
n)=LF (g

v(f̃v(xvn))+1)−µ2H(f̃
v(xvn),h

v
n). (8)

Through alternating optimization of both branches, we
progressively decouple biased and unbiased representations,
enabling the unbiased branch to better capture patient-
invariant features essential for generalizable detection.

Inter-view Shift Calibration Fusion. We have introduced
a bias-guiding mechanism to steer each view toward learn-
ing pathogenic epileptic patterns. However, due to heteroge-
neous learning difficulties, view-specific networks converge
at different rates, resulting in unequal shifts across views.

This imbalance leads to inter-view conflicts. As shown in
Fig. 4, one view may successfully capture epileptic signa-
tures, producing strong evidence for a class, while another
still provides weak support. Since uncertainty u is inversely
related to evidence e (Jøsang 2016b), the resulting uncer-
tainty gap causes low-uncertainty views to dominate during
naive fusion, compromising multi-view complementarity.

Moreover, asymmetric evidence growth may cause class
preference shifts in one view while others remain stable,

introducing semantic inconsistency beyond covariate shift.
These semantic shifts hinder effective fusion and may de-
grade overall performance. To mitigate this, we adopt a vari-
ant of Averaging Belief Fusion (Chen et al. 2025):

b1♢2 =
b1u2 + b2u1

u1 + u2
, u1♢2 =

2u1u2

u1 + u2
, (9)

unlike traditional fusion schemes (Liang et al. 2021) where
uncertainty monotonically decreases, this formulation pe-
nalizes unreliable views, yielding more balanced results.

To further calibrate inter-view shift, we quantify the inter-
view offset M using two metrics derived from the Dirichlet
distribution: the base misalignment MB , which measures
class-wise support inconsistency; and the scale alignment
term MS , which captures concentration mismatch:

MB(α
1,α2) =

K∑
k=1

(
α1
k

S1
− α2

k

S2
)2, (10)

where αk/S represents the normalized belief mass for class
k, MB quantifies the discrepancy in belief allocation be-
tween views.

MS(α
1,α2) = 1− K

S1
− K

S2
+

K2

S1S2
, (11)

where larger S indicates higher confidence (i.e., greater con-
centration). This joint term penalizes fusion between uncer-
tain views and favors alignment among confident ones.

We define M = MBMS and minimize the average pair-
wise offset across all views (i ̸= j):

LM =
1

V − 1

V∑
i=1

V∑
j=1

MB(α
i,αj)MS(α

i,αj). (12)

Training Objectives. We convert the traditional DNN into
an evidential DNN by replacing the softmax with a non-
negative activation (e.g., ReLU), treating its output as evi-
dence. However, the loss in Eq. 6 does not explicitly sup-
press evidence for incorrect labels. To address this, we in-
troduce a KL divergence-based regularizer:

LKL(α
v) = KL [D(pv|α̃v) ∥ D(pv|1)] , (13)

where α̃v = yn+(1−yn)⊙αv
n is the Dirichlet parameters

after the removal of non-misleading evidence from predicted
parameters αn, and Dir(pv|1) is the uniform distribution.

Finally, the overall loss can be calculated as:

L(αv
n) = LH(xvn, h̃

v

n) + γLKL(α
v
n). (14)

In summary, we employ a multitasking strategy to super-
vise both view-specific and aggregated opinions:

L =
V∑

v=1

L(αv
n) + L(α(v1♢v2♢···♢vV )

n ) + βLM . (15)

4 Experiments
4.1 Experimental Setup
Datasets12. CHB-MIT dataset is a widely used bench-
mark from Boston Children’s Hospital, containing EEG

1https://physionet.org/content/chbmit/1.0.0/
2https://physionet.org/content/siena-scalp-eeg/1.0.0/
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Datasets Metric Methods
SVM CABLNet AMV-DFL Hybrid-Trans MIP-TRL-FS JPDDA BF-EML

CHB-MIT
Universal-New

Accuracy 50.39±8.35 66.82±6.31 70.93±4.03 89.10±4.75 90.14±1.48 93.79±2.11 97.65±1.43
Sensitivity 56.13±9.11 69.24±6.57 60.99±7.37 87.79±4.00 81.57±5.28 90.91±3.46 95.76±2.38
Specificity 52.44±4.36 78.08±3.82 82.62±4.25 90.49±3.93 95.06±2.21 94.38±2.33 98.66±2.14
F1-Score 47.16±4.36 66.77±4.69 64.28±5.36 86.24±3.60 86.18±4.62 90.84±2.18 96.67±1.67

Siena
Universal-New

Accuracy 49.64±8.07 64.53±5.13 66.24±3.56 86.38±2.64 89.85±2.31 88.41±3.03 93.74±1.69
Sensitivity 53.37±6.45 65.28±4.68 61.72±6.09 85.29±3.01 84.56±3.93 86.60±2.85 90.48±2.71
Specificity 55.24±5.91 72.47±3.75 77.55±4.81 90.88±3.34 90.64±2.82 88.73±2.46 93.29±2.55
F1-Score 46.59±4.45 61.42±3.78 61.93±3.12 85.11±2.01 84.33±2.75 84.81±2.89 89.56±1.94

CHB-MIT
Universal-Old

Accuracy 60.48±5.15 82.36±3.08 88.07±2.59 95.65±1.99 97.48±1.06 97.12±0.62 99.02±0.51
Sensitivity 65.57±6.22 86.05±2.83 83.48±4.10 89.76±2.43 93.52±3.13 92.46±1.84 98.15±1.33
Specificity 68.15±4.63 84.28±3.79 88.25±2.80 97.28±1.75 96.23±1.47 94.67±1.79 99.28±0.42
F1-Score 60.38±4.90 81.75±3.14 83.15±2.96 92.49±1.51 93.83±1.35 92.07±1.14 98.43±0.69

Siena
Universal-Old

Accuracy 57.36±3.42 82.67±2.96 84.39±3.13 92.20±1.33 94.08±1.85 95.74±2.48 97.81±1.03
Sensitivity 63.27±4.82 84.43±2.34 81.58±3.39 88.47±3.48 92.62±2.82 91.65±2.05 95.24±1.92
Specificity 62.08±3.65 82.72±3.11 86.50±2.70 93.06±1.13 91.33±0.60 92.49±1.34 98.39±0.75
F1-Score 56.10±3.02 78.88±3.18 80.08±2.67 88.32±1.35 89.29±1.03 89.66±1.92 96.23±1.57

CHB-MIT
Single

Accuracy 72.57±3.24 98.83±0.22 99.01±0.15 91.12±1.13 95.34±2.69 92.72±3.18 99.73±0.19
Sensitivity 66.74±4.90 98.77±0.18 97.39±1.04 86.63±2.28 90.91±0.95 89.51±1.61 99.32±0.45
Specificity 75.43±3.26 99.05±0.38 99.21±0.08 94.45±1.47 92.03±1.52 91.39±1.27 99.87±0.11
F1-Score 64.60±3.75 98.57±0.29 98.02±0.61 88.36±1.60 89.15±1.37 88.05±1.56 99.54±0.23

Siena
Single

Accuracy 70.94±3.16 98.03±0.93 98.46±0.58 89.94±2.21 94.18±1.87 89.13±1.48 98.81±0.77
Sensitivity 63.37±5.29 94.67±1.44 94.03±1.56 86.38±2.07 88.62±2.35 89.36±1.74 99.32±0.45
Specificity 71.88±4.43 98.12±0.69 97.82±0.55 90.30±1.92 92.91±1.85 90.57±1.82 98.50±0.94
F1-Score 60.43±2.98 95.10±0.87 95.81±1.12 85.26±2.01 88.25±1.45 86.97±1.31 98.38±0.78

Table 1: Classification accuracy(%) of BF-EML and baseline methods on the datasets in Universal-New, Universal-old, and
Single Settings . The best and the second best results are highlighted by boldface and underlined respectively.

Datasets Methods Metrics
LF LH LM Accuracy Sensitivity Specificity F1-Score

Universal
-new

✓ - - 83.76±3.82 79.25±3.38 85.85±2.90 84.73±2.28
- ✓ - 89.08±3.96 85.49±2.87 89.53±3.09 84.71±3.20
✓ ✓ - 94.13±1.83 92.84±2.61 95.08±2.57 92.35±2.08
✓ ✓ ✓ 97.65±1.43 95.76±2.38 98.66±2.14 96.67±1.67

Universal
-old

✓ - - 91.14±1.48 89.03±2.67 93.43±1.85 89.00±2.58
- ✓ - 92.35±1.48 90.86±1.89 92.80±1.14 90.08±1.75
✓ ✓ - 96.58±0.96 95.62±1.90 98.05±1.32 96.09±1.88
✓ ✓ ✓ 99.02±0.51 98.15±1.33 99.28±0.42 98.43±0.69

Single
✓ - - 97.39±0.64 95.81±1.31 98.13±0.74 96.27±1.48
- ✓ - 91.06±1.01 88.95±1.72 92.87±0.99 88.69±1.22
✓ ✓ - 99.06±0.37 98.58±0.64 99.19±0.28 98.59±0.59
✓ ✓ ✓ 99.73±0.19 99.32±0.45 99.87±0.11 99.54±0.23

Table 2: Ablation performance across settings on CHB-MIT.

recordings from 24 patients. We used 23 common channels
across patients. Siena dataset comprises 14 patients with
specific epilepsy types, supporting evaluation across seizure
categories. A consistent set of 29 standard channels was
used. Clinical dataset was collected with partner hospitals,
comprising under-5-minute segments from 523 patients.

Universal Model Building Strategy. For CHB-MIT, we
randomly selected 18 patients for training and used their
held-out segments to test performance on seen patients,
while the remaining 5 evaluated generalization to unseen pa-
tients. Five such splits were constructed. For Siena, we used
11 for training and 3 as unseen patients, forming four splits.

Compared Methods. A. Patient-Specific Methods. (1)
SVM (Cortes 1995): classical machine learning baseline us-
ing hyperplane-based classification. (2) CABLNet (Dutta
et al. 2024): single-view BiLSTM with multi-head atten-
tion to enhance temporal EEG analysis. (3) AMV-DFL (Ah-
mad et al. 2024): multi-view model combining rule-based
and deep learning components. B. Multi-Patient Methods.
(1) MIP-TRL-FS (Li et al. 2023): uses multi-view fuzzy

transfer learning to reduce domain discrepancy. (2) Hybrid-
Trans (Hu et al. 2023): combines Hybrid Transformer with
fine-tuning for cross-patient adaptation. (3) JPDDA (Cui
et al. 2023): aligns joint distributions of source and pseudo-
labeled target domains.

4.2 Experimental Results
Performance Comparison. We evaluate three types of
methods under three experimental settings: Method types:
(1) Single-patient models, trained and tested on data from
the same patient; (2) Multi-patient models, trained on mul-
tiple patients, including both inference-based and transfer-
based methods; and (3) Our proposed method, which is an
inference-based multi-patient model requiring no patient-
specific fine-tuning. Evaluation settings: Universal-New
evaluates generalization to unseen patients: models are
trained on multiple patients and tested on entirely new pa-
tients excluded from training. For fairness, transfer-based
models are allowed to fine-tune a separate model for
each target patient using their unlabeled EEG data, while
inference-based methods (including ours) use a single model
trained on the training set and applied directly to all test
patients. For CHB-MIT, we report the mean performance
over five random patient groupings; for Siena, we average
results across four constructed datasets. Universal-Old as-
sesses model performance on patients seen during training,
using disjoint data segments for training and testing. Single
follows the traditional patient-specific setting, where each
model is trained and tested using data from the same in-
dividual, with no overlap in data segments. All models are
evaluated using consistent protocols within each setting.

Analysis. Table 1 reveals the following key observations:
(1) Single-patient methods excel in personalized settings,
while multi-patient models perform better under universal
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Figure 5: The data for Patient 1 is grouped based on evi-
dence assessed by the model from all patients. Each group
is then evaluated for evidence by models trained on different
patients, with the mean evidence calculated for each group.

conditions with diverse data; (2) Single-patient models suf-
fer significant drops in performance under universal settings,
especially in sensitivity, even when test patients are seen dur-
ing training; (3) Overall performance is lower on the Siena
dataset than CHB-MIT, likely due to greater clinical hetero-
geneity and patient variability; (4) Our proposed BF-EML
consistently performs well across all settings. Notably, in
the challenging universal-new scenario, it maintains strong
accuracy and sensitivity, crucial for minimizing missed di-
agnoses and enabling early detection.

4.3 Ablation Study
We perform ablation studies to assess the contribution of
each component in BF-EML (Table 2): (1) Using only LF

denotes a multi-view network trained solely with the fusion
strategy in Eq. 3. (2) Using only LH removes the multi-view
structure, retaining only the temporal-spectral view with the
two-stage evidence filtering and bias elimination. (3) Com-
bining LF and LH disables the shift alignment module LM ,
while the full BF-EML includes all three components.

The results show: (1) LF captures complementary fea-
tures across views and performs well in single-patient set-
tings, but generalization to unseen patients remains limited.
(2) LH , though based on a single view, improves robustness
to new patients by extracting more generalizable, pathology-
relevant features, albeit with weaker performance on single-
patient tasks. (3) Adding LM further stabilizes performance
and enhances reliability across all evaluation settings.

4.4 Evidence-Based Group Analysis
To examine the relationship between uncertainty and patho-
logical relevance, we performed an analysis on the CHB-
MIT dataset (Fig. 5). A stage-1 evidence-ranking model was
first pretrained using data from all 24 patients. We then in-
put EEG segments from Patient 1 into this model and ranked
them by the output evidence scores. Based on the ranking,
we selected three groups: the top 20% (purple; high evi-
dence, low uncertainty), the middle 40% (pink; moderate un-
certainty), and the bottom 20% (yellow; low evidence, high
uncertainty). To evaluate the generalizability of these seg-
ments, we used four models trained on increasingly diverse
patient data: from Patient 1 only, Patient 2 only, Patients 1

Figure 6: Accuracy trends as 10% of the 400 training pa-
tients are incrementally added each round.

and 2, and Patients-1–10. High-evidence segments consis-
tently yielded high scores across all models, suggesting the
presence of shared seizure-related patterns. In contrast, low-
evidence segments retained high scores only in the Patient 1-
specific model and exhibited substantial performance drops
in all others, reflecting strong patient specificity.

These findings suggest that high-evidence segments en-
code universal epileptic features, likely reflecting core neu-
rophysiological mechanisms, while low-evidence segments
primarily capture non-generalizable or noisy patterns. Em-
phasizing high-evidence regions during learning thus sup-
ports the development of more robust and transferable EEG-
based seizure detection.

4.5 Clinical Dataset
Our clinical dataset features a large number of patients, each
contributing only a short seizure segment—reflecting real-
world scenarios with high patient diversity and limited in-
dividual data. To assess scalability, we split the dataset into
400 training patients (200 seizure, 200 non-seizure) and 123
test patients (77 seizure, 46 non-seizure). We performed ten
training rounds, incrementally adding 40 new patients (20
seizure, 20 non-seizure) per round and tracking accuracy.
As shown in Fig. 6, performance consistently improved with
more patients, confirming the scalability of our method.

Unlike single-patient models that fail to generalize, and
conventional multi-patient methods requiring source-target
adaptation, our method scales to large patient populations
without retraining, making it practical for deployment.

5 Conclusion
In this work, we identify the poor cross-patient generaliza-
tion of existing EEG-based epilepsy detection methods as a
result of cognitive bias caused by patient-specific idiosyn-
crasies, which obscure the learning of core seizure patterns.
To address this, we propose BF-EML, a bias-guided evi-
dential multi-view framework that quantifies uncertainty via
Fisher Information, detects and filters low-evidence (biased)
segments, and employs an alternating dual-branch training
strategy to isolate and suppress patient-specific features. Ex-
tensive experiments show that BF-EML achieves competi-
tive performance on seen patients and significantly improves
generalization to unseen ones, advancing toward universal
EEG-based seizure detection.
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