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Deep learning (DL) models, particularly convolutional neural networks (CNNs), have shown promise in
automated epileptic seizure detection from electroencephalogram (EEG). However, their \black-box" nature
limits clinical adoption, as interpretability is critical for trust and validation in medical applications. A novel
interpretability method for CNN-based seizure detection models, designed to uncover meaningful spatial and
spectral EEG biomarkers, is proposed. The approach combines frequency- and spatial-domain interpretation
to provide both global model behavior analysis and local, sample-speci¯c explanations. It also accounts for the
task-speci¯c design, neurophysiological grounding and cross-framework validation— concepts often neglected
by many state-of-the-art methods. Results are represented as heatmap matrices of feature importance
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(5 frequency bands * 5 brain regions) with important features determined through statistical testing.
Interpretation is based on neurophysiological alignment of these features. The method is validated on three
CNN architectures, demonstrating how each leverages distinct frequency bands and brain regions for seizure
identi¯cation. Global interpretation reveals that the highest-performing model utilizes complementary bio-
markers across multiple frequency bands, while local interpretation captures dynamic intra-seizure spectral
shifts. The results align with known neurophysiological mechanisms, such as thalamocortical interactions
(theta-band) and default mode network suppression (alpha/beta-bands), while also suggesting new bio-
markers for seizure detection. The method bridges the gap between DL and clinical EEG analysis, o®ering a
tool for model validation and discovery of electrophysiological signatures in epilepsy.

Keywords: Convolutional neural network; epileptic seizure detection; EEG; continuous wavelet transform;
machine learning interpretability; global and local interpretation; frequency- and spatial-domain interpretation.

1. Introduction

Epilepsy, a chronic neurological disorder marked by

recurrent seizures, remains a diagnostic challenge

despite available treatments like antiepileptic drugs,

surgery, and stimulation.1 Electroencephalography

(EEG) is the gold standard for seizure detection, but

manual analysis is labor-intensive due to the rarity

and heterogeneity of seizures.2 Arti¯cial intelligence

(AI) is known for its ever-growing role in the auto-

mated diagnosis of various neurological disorders.3 In

this context, a promising approach is deep learning

(DL), particularly convolutional neural networks

(CNNs)4,5 and their variations: Tiny-CNN,6 tempo-

ral convolutional networks (TCNs),7 variants with

transfer learning,8 or hybrid architectures.9,10 How-

ever, clinical adoption of CNNs is hindered by their

\black-box" nature — clinicians require interpret-

able predictions to trust and act upon them.11 Thus,

interpretability methods are an important step to-

ward explainable AI (XAI) in medicine.12

Current interpretability methods for EEG-based

CNNs often lack some important features, as the

presented brief review suggests (see Sec. 2). To ad-

dress these gaps, a novel interpretability method

tailored to CNN-based seizure detection is proposed,

with three key contributions:

. Task-speci¯c design that combines frequency-do-

main (Grad-CAM) and spatial-domain (occlusion-

based) analysis to reveal physiologically mean-

ingful EEG patterns;

. Validation across frameworks, consisting of testing

on three distinct CNN-based models to ensure

robustness;

. Biophysical alignment, which involves inter-

preting the results in the context of known

and potentially novel domain knowledge about

epilepsy.

As shown in Fig. 1, the pipeline includes EEG data

preprocessing (¯ltering, artifact removal, continuous

wavelet transform (CWT)) (see Secs. 3.1 and 3.2),

training three CNN-based models13 for seizure clas-

si¯cation (see Sec. 3.3), and interpreting predictions

using the interpretability method, which evaluates

these models through (see Sec. 4):

. Frequency-domain importance — Grad-CAM-de-

rived saliency maps highlighting critical spectral

bands;

. Spatial-domain importance — occlusion-based

assessment of important EEG electrode regions;

. Integrated frequency–spatial-domain analysis —
combined frequency–spatial heatmaps for global

and local interpretation.

The results demonstrate how each model leverages

distinct neurophysiological signatures (e.g. �-band

thalamocortical oscillations, �=�-band default mode

network suppression), o®ering insights into both

model behavior and potential biomarkers in terms of

global and local interpretation. This work bridges

the gap between DL and clinical EEG analysis, ad-

vancing interpretable machine learning (ML) for

epilepsy diagnosis (see Sec. 6).

2. Related Works

Recent years have witnessed growing interest in in-

terpretability methods for CNN-based EEG analysis.

This section reviews key approaches across various

EEG applications, highlighting methodological gaps

speci¯c to seizure detection.

V. V. Grubov et al.
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2.1. Interpretability in EEG analysis

Vilamala et al.14 pioneered interpretable EEG sleep

staging using sensitivity analysis. Their approach

calculated input gradients to construct sensitivity

maps from multitaper spectral features. Two VGG

(Visual Geometry Group) variants were evaluated:

VGG-FE (frozen convolutional layers) which had all

convolutional layers ¯xed during training, and VGG-

FT (fully trainable) which got updates for all weights

during training. The analysis revealed dominant �

(8–12Hz), � (4–7Hz), � (12–15Hz), and low-fre-

quency (�1.5Hz) bands. However, the limitations

included:

. outdated architecture lacking modern components

(e.g. residual connections, batch normalization),

. potential bias from evaluating only the \best

performing subject",

. unsubstantiated biophysical claims without

domain-speci¯c references.

Cui et al.15 worked on the task of detecting driver

drowsiness. They trained a simple CNN on raw EEG

signals, and used a method based on the CNN ¯xa-

tion idea with an alternative way of tracing impor-

tant positions in feature maps. Their technique

traced important features through network layers,

applying Gaussian blurring to obtain the importance

maps. Key ¯ndings included: �=� bands and speci¯c

electrode groups drove true positives (TP), sup-

ported by neurophysiological evidence, and �/�

combinations characterized true negatives (TN).

Error analysis identi¯ed three confounding factors:

. the sensor noise contained in the EEG signals,

. the presence of electromyogram (EMG) activity,

. the transient nature (between wakefulness and

drowsiness) of misclassi¯ed examples.

Notably, the model utilized typically discarded

artifacts as predictive features. The study's limita-

tions include an oversimpli¯ed CNN architecture

with two convolutional layers and one fully-con-

nected layer and potential selection bias from few

\representative" samples.

Zhao et al.16 introduced interpretable CNN

models for emotion recognition using EEG data. To

solve the emotion classi¯cation task, they normalized

the raw data using a baseline and employed a simple,

11-layer, VGG-like network with max-pooling layers

that reduced only the temporal dimension of the

data. They used the Grad-CAM approach for inter-

pretation, which provided spatiotemporal heatmaps

that revealed the physiological patterns learned by

Fig. 1. Pipeline of EEG data processing and model interpretation that includes: (i) Data processing (bandpass/notch ¯ltering,
ICA artifact removal) and time–frequency representation via CWT and log-normalization; (ii) ML models: three CNN variants
(Baseline, Error-aware, OCSVM+CNN) trained for binary seizure classi¯cation; (iii) Interpretability method: joint frequency–
spatial analysis via Grad-CAM and occlusion to identify critical EEG features; (iv) Results: important frequency–spatial
features of three CNN models assessed via global and local interpretation.

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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the model. The analysis showed that the trained

CNN model primarily relies on data from channels

located on the right side of the frontal lobe, the left

side of the parietal lobe, and some intermediate

regions. This result is consistent with biological dis-

coveries of biomarkers associated with emotion rec-

ognition. However, this method has two limitations:

the lack of frequency domain interpretations and the

usage of a single model with a trivial architecture.

2.2. Seizure-speci¯c interpretability

Zhao et al.17 introduced an unconventional ap-

proach: instead of the commonly considered raw

EEG data or its time–frequency representation they

used plot images of the raw signal obtained using the

Matplotlib library. In their study the authors trained

several CNN architectures: LeNet, VGG, ResNet,18

and Visual Transformer (ViT). To interpret CNN-

based models they used Grad-CAM19 heatmaps,

while for the attention-based model they visualized

the attention layer. While results aligned with EEG

waveform features, the interpretations lacked con-

nections to established epilepsy biomarkers, repre-

senting a missed opportunity for clinical validation.

Gabe® et al.20 considered global and local inter-

pretation of DL models for epileptic seizure detection

from EEG signals. The authors analyzed three CNN

models that di®ered only in the kernel size of the ¯rst

convolutional layer. The interpretability analysis

included two approaches: (i) the ¯rst-layer kernels

Activation Maximization via gradient ascent (80

epochs, step size 0.5); (ii) DeepLIFT to visualize the

learned features back onto the EEG signals. Using

the generated maximized inputs, the authors ana-

lyzed which frequencies they contained and theorized

why this may be important for seizure detection from

a biophysical perspective. However, there were sev-

eral limitations for this work. The authors used dif-

ferent techniques for local (DeepLIFT) and global

interpretation (Activation Maximization) which

makes it di±cult to understand the correlation be-

tween local and global representation. The Deep-

LIFT is a backpropagation-based approach based on

the concept of di®erence from a reference activation

obtained from a reference input. The choice of the

reference input is highly dependent on domain

knowledge. The authors used a 0-signal (with all

channels set to zero) as the reference input. However,

if the model was not exposed to such samples during

training, the assumption that the training and test

datasets have the same distribution would be vio-

lated, resulting in a phenomenon known as \domain

shift".21 Thus, the di®erence in activations in this

case may be due to the \domain shift" rather than

speci¯c features being important.

Tuncer and Dogan22 introduced a relation-based

feature extraction function named Friend Pattern

that builds a feature vector for further epilepsy

classi¯cation and interpretation. The interpretation

method itself is based on the Directed Lobish sym-

bolic language, which generates a sentence by

deploying the identities of the extracted features. A

connectome diagram was built using the generated

sentence, and frequency analysis was performed on

the symbols of the generated sentence. The authors

analyzed these results and drew conclusions about

the type of epilepsy presented in the dataset and the

spatial importance of speci¯c regions. Despite this

method's innovative approach, it has two limita-

tions: the conclusions lacked connections to known

biophysical manifestations of epilepsy, and inter-

pretations were limited to spatial importance.

2.3. Key methodological gaps

The review reveals four critical requirements for

EEG interpretability methods.

2.3.1. Task-speci¯c design

Most approaches apply generic interpretation tech-

niques without adapting to seizure detection's

unique challenges.17,20 Thus, task-speci¯c design

(TSD) is crucial, and this oversight motivates the

domain-tailored solution.

2.3.2. Neurophysiological grounding

E®ective interpretability requires mapping model

decisions to known neurophysiological principles, i.e.

neurophysiological grounding (NG).23,24

Interpretability is commonly described as the

ability to provide explanations in understandable

terms to a human.23 In such a paradigm, explana-

tions are seen as logical decision rules and under-

standable terms should be derived from the domain

knowledge related to the task.24 In the seizure de-

tection task domain knowledge typically refers to

V. V. Grubov et al.
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frequency ranges and EEG channels of interest,

which is true for both manual and automated EEG

analysis.25 Thus, it is important to combine fre-

quency interpretation (FI) and spatial interpretation

(SI). Considering the above, it is crucial to build

bridges between the explanations found and the ep-

ilepsy features known from the clinical practice, be-

cause understanding the logic of the successful model

can provide valuable insights into the biomarkers of

the disease.26

2.3.3. Multi-scale interpretation

Following Ref. 27, (i) global interpretation (GI) —
analysis for classwise patterns,28 and (ii) local in-

terpretation (LI) capturing seizure evolution29 are

integrated.

Global analysis is able to provide information

about which features/markers are important for a

particular class as a whole, while local methods allow

to understand why the model made a certain decision

on a particular sample. Epileptic seizures possess fea-

tures that help distinguish between ictal and interictal

EEG in general, treating these two types of activity as

belonging to two di®erent classes.28 At the same time,

epileptic EEG activity can demonstrate evolution

throughout the seizure resulting in di®erent parts of a

seizure having di®erent spatial, temporal, and fre-

quency features.29 In this way, parts of the seizure (i.e.

di®erent samples) can be treated as belonging to dif-

ferent classes. In this context, both global and local

interpretability can aid in the discovery of new bio-

markers of epilepsy, and methods that incorporate

them both are of paramount importance.

2.3.4. Cross-framework validation

Single-framework evaluations can lead to misleading

conclusions.30 \Framework" here refers to the overall

design and speci¯cs of the model's training. Testing

interpretation methods on models within the same

framework lacks veri¯able common-sense expecta-

tions about model's behavior. Sturmfels et al.30

demonstrated this by altering the training data to

directly encode the target class, providing prior

knowledge to verify interpretations. The authors

tested two saliency methods — edge detection with

subsequent smoothing and expected gradients. The

¯rst method more accurately re°ected what humans

think is the relationship between the image and

the label. However, this result was misleading in this

case. In contrast, only the second method revealed

what the network had truly learned. Similarly,

Adebayo et al.31 used model changes to assess in-

terpretation consistency with expectations. Only

Grad-CAM exhibited expected changes, questioning

the validity of other methods. Testing interpreta-

tions across di®erent frameworks provides a more

reasonable basis for evaluating their behavior. These

¯ndings motivate the cross-framework validation

(CFV) across three CNN-based models to ensure

robust interpretation analysis.

Table 1 shows the presence of the aforementioned

key features in the existing methods and the pro-

posed method.

3. Materials and Methods

3.1. Data acquisition

The models of this study were trained on the dataset

collected at the Pirogov National Medical and Surgical

Center (Moscow,Russia).Thedataacquisitionprotocol

follows the samemethodology described in the previous

works.13,32 Key characteristics of the dataset include:

. 67 drug-resistant nonphotosensitive focal epilepsy

patients after quality control;

. Total 132 spontaneous seizures recorded with 1–5
seizures per patient;

. EEG recordings: 25 channels, 128Hz sampling rate,

10–20 EEG International System, \Micromed"

EEG recorder (Micromed S.p.A., Italy);

Table 1. Comparison of key characteristics of interpret-
ability methods. Abbreviations: TSD — task-speci¯c de-
sign, NG — neurophysiological grounding, LI — local
interpretation, GI — global interpretation, SI — spatial
interpretation, FI — frequency interpretation, CFV —
cross-framework validation

Method TSD NG LI GI SI FI CFV

Vilamala14 — — X X — X —
Cui15 X X X — X X —
Zhao16 X — — X X — —

Zhao17 — — X — — X —
Gabe®20 X X X — X X —
Tuncer22 — X X X X — —

Proposed X X X X X X X

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers

2650033-5

In
t. 

J.
 N

eu
r.

 S
ys

t. 
D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 1

94
.8

5.
20

7.
18

1 
on

 0
5/

19
/2

6.
 R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



. Total recording duration: 955.18 h;

. Total epileptic activity duration: 4.10 h;

. Seizure duration: 47–250 s (mean: 109.9 s).

While the size of the dataset may not be suitable for

wide generalization, it is large enough to serve as an

illustrative example and demonstrate the viability of

the proposed approach. The data are intentionally

left without any manual preprocessing such as visual

analysis for \bad" epochs with noise or artifacts.

This makes the dataset more similar to real data

from a hospital, which facilitates in demonstrating

the robustness of any tested method.

3.2. Data processing

The data processing pipeline is fully automated and

follows the previously established methodology.13,32

EEG signals were bandpass-¯ltered (1–60Hz) with

notch ¯ltering at 50Hz to remove low- and high-

frequency noise as well as power grid interference.

Next, artifact removal based on independent com-

ponent analysis (ICA) was performed. ICA separates

a multivariate EEG signal into linearly independent

components. Many neurophysiological artifacts, such

as eyeblinks, originate from a source independent of

the EEG source (the brain) and are therefore local-

ized in a separate component that can be removed to

clear the EEG signal of such artifacts.33 All EEG

preprocessing was performed using the FieldTrip

toolbox for MATLAB.34

EEG signals were then represented in the time–
frequency domain using CWT with Morlet mother

wavelet.35 Besides some speci¯cally designed wavelets,

Morlet is often seen as the most appropriate mother

wavelet to describe the time–frequency structure of

epileptic EEG patterns.36 Notably, time–frequency de-

composition is known to improve DL-based epilepsy

diagnosis.37 Wavelet power (WP) is considered as

wnðf; �Þ ¼ jWnðf; �Þj2; ð1Þ
whereWnðf; �Þ are CWT coe±cients, n ¼ 1; 2; . . .N is

thenumber ofEEGchannel (N ¼ 25), f is the frequency

and � is the time shift of the mother wavelet.

The input forMLmodelswas based onWP for each

EEG channel in the frequency range of 1–40Hz. The

WP is segmented into nonoverlapping 10-s intervals

following the previous works.13,38 Additionally, a

normalized logarithm of the WP is introduced as an

input to the CNN because CNN models generally

converge faster and more stably when the input data

conforms to a normal distributionwith amean close to

zero and a constrained variance39:

w log
n ðf; �Þ ¼ lnðwnðf; �ÞÞ;

wnorm
n ðf; �Þ ¼ w log

n ðf; �Þ � �ðw log
n Þ

�ðw log
n Þ ;

ð2Þ

where �ð�Þ is the mean value, and �ð�Þ is the standard
deviation.

3.3. Machine learning models

Three models, developed in the previous studies, are

considered: Baseline CNN,40 Error-aware CNN 38

and Two-stage OCSVM+CNN.13

3.3.1. Baseline CNN

A CNN-based classi¯er with modi¯ed ResNet-18

architecture40 for seizure detection, treating the

wavelet spectrum as a pseudo-image, was employed.

The architecture adaptations include: (i) modifying

the ¯rst convolutional layer to accept 25 input

channels corresponding to EEG electrodes, and (ii)

reducing the ¯nal fully connected layer to a single

output neuron for binary classi¯cation. While not

state-of-the-art, ResNet-18 provides proven reliabil-

ity for this image-like classi¯cation task.18

TheResNet-18 architecture has 18 layers and�11.3

million parameters. CNN models were trained for 10

epochs with a learning rate of 0.001, a batch size of 4,

the Adam optimizer, and the Binary Cross Entropy

(BCE) loss function. To ensure reasonable training

time, 100 examples from each patient were chosen for

each epoch.All parameter valueswere selected through

experiments with the baseline CNN model and were

¯xed for all othermodels to ensure correct comparisons.

In the analyzed dataset the class of interest is rare

(minority/majority ratio � 1/233), so it is important

to address the class imbalance problem. First, the

minority class (epileptic EEG) is oversampled and

the majority class (normal EEG) is undersampled.41

It is achieved by manipulating the likelihood of the

data segments to be selected for the training. In a

signal of total L segments, the probability of each

segment to be selected for training is the same — P.

However, when the aforementioned approach is used

for an imbalanced dataset of Ln segments of normal

activity and La segments of epileptic activity, the

V. V. Grubov et al.
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probability of the normal segment to be selected

becomes Pn, and the probability of the epileptic

segment to be selected becomes Pa:

L ¼ La þ Ln; P ¼ 1

L
; Pa ¼

1

2La

; Pn ¼ 1

2Ln

:

ð3Þ
Second, to further increase the robustness of the

model, augmentation — minor modi¯cations to the

dataset to arti¯cially increase its size — is used. Here

two augmentation techniques are utilized: (i) ran-

dom mirroring of data segments in the temporal di-

mension; (ii) SpecAugment42 that modi¯es WP

spectrum by zeroing a random range in the temporal

and/or frequency dimension. Each technique was

applied to a training sample with a 50% probability,

thus 75% of the training samples were augmented

with one or both techniques.

3.3.2. Error-aware CNN

This model employs a cascade approach to enhance

classi¯cation accuracy by reducing false positives.38

First, a baseline CNN identi¯es challenging classi¯-

cation cases. Subsequently, a second CNN is trained

with a modi¯ed sampling strategy: 50% standard

samples and 50% Baseline CNN misclassi¯cations.

This balanced approach prevents over¯tting while

enabling the model to learn from complex cases,

thereby improving overall performance. This is

achieved by modifying probabilities of training

sample selection. For error-aware CNN model,

Eqs. (3) take the following form:

L ¼ La þ Ln ¼ ðLTP þ LFNÞ þ ðLTN þ LFPÞ;
Pn ¼ 1

4Ln

; Pa ¼
1

4ðL� LnÞ
; Pe ¼

1

2ðLFP þ LFNÞ
;

ð4Þ
where Pe is the probability of segment with error to

be selected, LFP is the number of segments with false

positive prediction by the initial CNN, LFN is the

number of segments with false negative prediction.

3.3.3. Two-stage hybrid model

This hybrid approach combines one-class support

vector machine (OCSVM) with a CNN for re¯ned

seizure classi¯cation.13 The methodology builds on

the previous ¯ndings that epileptic seizures exhibit

extreme event characteristics in speci¯c frequency

bands.43–45 Although OCSVM-based outlier

detection performed similarly to supervised meth-

ods,40,46 further improvements required fundamental

algorithmic changes beyond feature optimization.

The proposed two-stage architecture addresses this

by ¯rst identifying extreme events via OCSVM, then

applying CNN-based classi¯cation for enhanced

detection accuracy.13

To achieve two-stage classi¯cation, another vari-

ant of the modi¯ed probabilities of training sample

selection is implemented:

L ¼ La þ Ln ¼ La þ ðLTN þ LFPÞ;
Pa ¼

1

2La

; PFP ¼ 1

2LFP

; PTN ¼ 0;
ð5Þ

where PFP is the probability of segment with

OCSVM's false positive to be selected, PTN is the

probability of segment with OCSVM's true negative

to be selected, LFP is the number of segments with

false positive prediction by OCSVM.

3.4. Statistical analysis

To statistically compare metrics of seizure detection

quality between CNN models we used Repeated

Measure Analysis of Variance (RM-ANOVA). First,

we tested for the main e®ect, and if it was signi¯cant

(p < 0:05), we performed pairwise comparisons

(Baseline versus Error-aware, Baseline versus Two-

stage, and Error-aware versus Two-stage) using the

dependent samples t-test without and with the cor-

rection to multiple comparisons.

To identify the most discriminative features, we

conducted a systematic statistical analysis of im-

portance score across regions and frequency bands.

We performed a one-sample, one-tailed t-test for

each region-band combination to determine whether

its average importance score signi¯cantly exceeded

the 75th percentile of the global importance score

distribution across all regions, bands, and models.

This approach allowed us to identify features that

consistently exhibited elevated importance levels

relative to the overall distribution. All statistical

tests were conducted at � = 0.05.

4. Interpretability Method

An interpretability framework for CNN

models processing multi-channel EEG data in the

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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time-frequency domain is proposed. Let x ¼ fxigN
i¼1

represent raw signals from N electrodes, transformed

into 2D spectra over frequency range ½fmin; fmax�
(with F ¼ fmax � fmin) using some transform (for

example, CWT).

Formally, each preprocessed input sample is

GðxÞ ¼ fGðxiÞgN
i¼1 2 R

N�F�T ; ð6Þ
where G denotes the preprocessing and time–
frequency transformation pipeline (CWT in this

example), and T is the segment duration. CNN

model m : RN�F�T ! Rmaps these inputs to seizure

probability scores.

Following Ref. 24, the proposed interpretability

method is post hoc, requiring no model m retraining or

architectural changes. It explains the behavior of the

model by attribution — in the process of construction,

the method assigns importance scores to the input fea-

tures. It provides both global and local interpretation

through two complementary components: spatial re-

gion importance and frequency range importance.

4.1. Spatial region importance

The spatial region importance helps to understand

which cortical areas were particularly important for

the prediction. The importance of a region consists of

the importance of the individual EEG channels

forming this region. The channel importance calcu-

lation was inspired by the technique of occluding

RGB images with patches proposed in Ref. 47. This

approach is rather straightforward: if the model's

prediction changes signi¯cantly after occluding part

of an image, then the occluded part of the image was

important. However, this technique cannot be ap-

plied to EEG data without certain adjustments. In

EEG, occlusion means replacing the entire channel

signal with zeros, which carries a high risk of

\domain shift".21

The following approach to EEG data occlusion

has been suggested. For an EEG signal x from a

segment of epileptic activity, we introduce the

baseline EEG signal �x, which contains nonepileptic

activity for the same EEG channel. �x is selected from

the segments X pre in the minute preceding the sei-

zure, and the selection criterion is the minimum av-

erage spectrum power:

�x ¼ f�xigN
i¼1 ¼ argminxpre2X pre�ðGðxpreÞÞ: ð7Þ

Then the importance of the jth channel can be

de¯ned as

CIj ¼ jmðGðxÞÞ �mðGðx̂ jÞÞj; ð8Þ
x̂ j ¼ fx1; . . . ;xj�1; �xj;xjþ1; . . . ;xNg; ð9Þ

where x̂ j is the original EEG signal with the jth

channel being replaced with baseline signal �x. Thus,

the importance of a channel is de¯ned as the change

in the model's prediction when the signal from this

channel is replaced by its baseline signal.

Using the importance of the channel CIj (Eq. (8)),

the importance of the spatial region of interest R can

be de¯ned as the average change in the model's pre-

diction when the signal of each individual channel jr
from R is replaced with the baseline signal �x:

RIR ¼ 1

jRj
X
jr2R

CIjr ; ð10Þ

where R is the subset of channels that make up the

spatial region of interest.

The channel importance proposed in Eq. (8) can

also be used to pick the most informative/represen-

tative EEG channel:

j� ¼ argmaxj2f1;...;NgCIj: ð11Þ

4.2. Frequency range importance

The importance of frequency ranges is based on the

Grad-CAM approach.19 It is a simple and well-

studied approach in the ¯eld of DL, and unlike other

saliency map methods of interpretation, it passes

important sanity checks described in Ref. 31.

In this approach, the CNN architecture decom-

poses into three mappings:

m ¼ mMLP 	mGAP 	mFE; ð12Þ
where these mapping are:

. high-level feature extractor (FE)

mFE : RN�F�T ! R
�N� �F��T ;

. global average pooling (GAP) layer

mGAP : R
�N� �F��T ! R

�N ;

. classi¯er based on a multi-layer perception (MLP)

mMLP : R
�N ! R:

In the seizure detection task, Grad-CAM provides a

time–frequency importance map, which is essentially

V. V. Grubov et al.
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a linear combination of high-level features, weighted

using information about the gradient:

FTI ¼ ReLU
X�N
1

1
�F �T

X
ij

@S

@F ij
k

( )
F k

 !
; ð13Þ

where F ¼ mFEðGðxÞÞ are the high-level features

extracted by the trained model, S ¼ mMLPðmGAPðFÞÞ
is the prediction score that represents the model's level

of con¯dence in the presence of epileptic activity

within segment x.

Using the Grad-CAM saliency map, the impor-

tance of the frequency range ½f0; f1� is de¯ned as

FI½f0;f1� ¼
1

ðf1 � f0ÞT
Z f1

f0

Z T

0

FTIUSðf̂ ; �Þ d�df;

ð14Þ
where FTIUS is the saliency map from Eq. (13)

upscaled to match input sample size.

Figure 2 illustrates intermediate steps of building

frequency range importance. Raw signal (Fig. 2(a))

is represented in the time–frequency domain

(Fig. 2(b)) and then is fed to the model. Grad-CAM

provides a time–frequency importance map FTI

which is upscaled (Fig. 2(c)) and averaged over the

time dimension to get frequency importance FIf
(Fig. 2(d)). Finally, by integrating the obtained

curve in ½f0; f1�, the proposed frequency range im-

portance FI½f0;f1� can be calculated.

4.3. Frequency–spatial interpretation

Frequency–spatial importance score is de¯ned as the

product of region importance and frequency range

importance, as given by Eqs. (10) and (14):

FRIR½f0;f1� ¼ FI½f0;f1� � RIR: ð15Þ
The proposed interpretation method is motivated

by the principles of human pattern detection: clin-

icians often identify increased activity in speci¯c

frequency ranges and/or EEG channels.

Considering these factors, ¯ve common frequency

bands are selected. They are frequently used by

epileptologists for seizure detection and denoted by

Bands ¼ f�; �; �; �; 	g:
. � ¼ ½1; 4� Hz,

. � ¼ ½4; 8� Hz,

. � ¼ ½8; 14� Hz,

. � ¼ ½14; 30� Hz,

. 	 ¼ ½30; 40� Hz.

Additionally, EEG electrodes are divided into ¯ve

groups, Regions ¼ fF ;TL;TR;C;POg, correspond-
ing to distinct brain regions (see Fig. 3(a)):

. frontal: F ¼ fFp1;Fp2;F9;F7;F3;Fz;F4;F8;F10g;

. left temporal: TL ¼ fT9;T7;P9;P7g;

. right temporal: TR ¼ fT10;T8;P10;P8g;

Fig. 2. Necessary steps to construct the importance of the
frequency range FI½f0;f1�: raw EEG signal, xi (a); time–
frequency representation GðxiÞ (b); time–frequency im-
portance map FTI obtained with Grad-CAM approach
and upscaled to match the size of GðxiÞ (c); frequency
importance FIf (d).

Fig. 3. (Color online) Results of global interpretation. EEG electrode locations and division of electrodes into regions, each
indicated by a di®erent color (a). Global interpretation matrices for Baseline CNN (b), Error-aware CNN (c), and OCSVM
+CNN (d) models. Signi¯cant frequency–spatial features are shown with red frames.

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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. central: C ¼ fC3;Cz;C4g;

. parietal-occipital: PO ¼ fP3;Pz;P4;O1;O2g:
Using these frequency bands and regions, FRIR½f0;f1�
for each pair of elements is calculated from sets of

Bands and Regions. The results are visualized as 5�
5 heatmap matrices, enabling local interpretation of

speci¯c samples.

A global interpretation of the model's behavior

can be obtained by averaging FRIR½f0;f1� over all seg-
ments identi¯ed by the model as containing epileptic

activity. This average yields a heatmap representing

the overall model behavior:

FRIR;Global
½f0;f1� ¼ 1

jX þj
X
x2X þ

FRIR½f0;f1�ðxÞ; ð16Þ

where Xþ represents the set of segments containing

epileptic activity as predicted by the model.

5. Results

The proposed interpretation method is applied to the

three models under consideration: Baseline CNN,

Error-aware CNN, and OCSVM+CNN. Table 2

presents the key seizure detection performance

metrics for each model: mean values across the tested

patients for precision, recall, F1-score, and the total

number of false negatives (FN), false positives (FP),

and true positives (TP).

Table 3 shows the results of the statistical com-

parison of detection metrics between models.

It contains p-values for the main e®ect and for

the pairwise comparisons between conditions.

The results for the latter are presented both without

(the ¯rst value in a cell) and with (the second value

in a cell) correction to multiple comparisons. Signif-

icant e®ects are shown with asterisk. For a more

comprehensive analysis and detailed de¯nitions of all

metrics, please refer to Refs. 13, 38, and 40.

The resulting importance values, representing the

contribution of each frequency–spatial characteristic

to the model's decision-making process, are visual-

ized in Figs. 3 and 4. The higher importance of a

spatial–frequency feature within a single interpreta-

tion matrix for a certain model suggests that the

neurophysiological processes occurring in this brain

region and frequency range are more utilized by the

model during seizure detection. These processes can

be interpreted as being more e®ective at distin-

guishing epileptic seizures from normal EEG activity

and are thus more closely connected to epileptic ac-

tivity in the brain.

Important features were determined through the

statistical testing (see Sec. 3.4) and are shown on

Fig. 3 with red frames.

Both global and local interpretations have two

primary applications. First, during model develop-

ment for diagnostic purposes, since interpretations

can be used to verify that the model is capturing

meaningful physiological features. In this scenario,

concordance between the model's features and

known biomarkers enhances the explainability of ML

methods. Second, during model analysis for explor-

atory purposes, since interpretations can be

employed to uncover features characterizing partic-

ularly e®ective models. Such identi¯ed features may

reveal previously unknown biomarkers.

All results were obtained using the following

hardware: Win11; AMD Ryzen 9 8945HX; NVIDIA

RTX 5070Ti Laptop; 32Gb RAM. The times

achieved in seizure detection part were �12 h for

training and 24+h (all 67 patients) for inference.

The time required for a frequency–spatial interpre-
tation was 1.38
 0.04 s for a single 10-s EEG frag-

ment and 35.43
 0.14 s for an entire seizure (a

representative example consisting of 24 segments).

Table 2. Seizure detection results for the considered models

Model prec rec F1 FN FP TP

Baseline 0.13 0.96 0.23 2 336 49
Error-aware 0.54 0.86 0.66 7 38 44
Two-stage 0.57 0.84 0.68 8 32 43

Table 3. Results of statistical analysis for the detection
metrics. Signi¯cant e®ects are shown with asterisk. Abbre-
viations: B — Baseline, E — Error-aware, T — Two-stage.

E®ect prec rec F1

Main *0.0011 0.1408 *0.0015
B versus E *2.1595e�04 — *3.6532e�04

*6.4786e�04 *0.0011
B versus T *0.0172 — *0.0218

0.0515 0.0654
E versus T 0.3354 — 0.3107

1.0000 0.9321

Note: *p < 0.05.

V. V. Grubov et al.
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5.1. Global interpretation

5.1.1. Baseline CNN

Figure 3(b) shows the Baseline CNN's predominant

focus on the �-band, with highest importance values

across all spatial regions, particularly in occipital-

parietal and temporal areas. While other bands

(e.g. 	) show nonzero importance values, their con-

tribution remains nonsigni¯cant compared to the

�-band dominance.

The aforementioned results, in conjunction with

the data segment selection procedure used for

training, as described in Eq. (3), provide insights into

the Baseline CNN's modest performance (see

Tables 2 and 3). As discussed in the previous stud-

ies,13,46 a major limitation of many ML-based seizure

detection methods is their low precision due to a high

number of FPs. Indeed, as shown in Table 2, there

are signi¯cantly more FPs than TPs — 336 versus

49. However, collectively, FPs and TPs constitute

only a small fraction of the overall dataset (approx-

imately 2%). During Baseline CNN training, data

segments from di®erent classes are randomly selected

in equal proportions without any speci¯c strategy.

This results in a relatively low probability of select-

ing a data segment containing potential FPs. Con-

sequently, the model frequently commits errors when

encountering such data during testing. This obser-

vation supports the hypothesis that modi¯cations to

the framework are necessary to achieve e®ective

solutions, as implemented in the other models.

In this context, it becomes apparent why the

Baseline CNN primarily relies on the �-band while

also attempting to extract relevant information from

other bands. The primary frequency component of

epileptic seizures lies within the �-band, which serves

as a reasonably reliable discriminator between sei-

zures and normal EEG activity. However, other

frequency bands can contribute to more re¯ned sei-

zure detection, as discussed upon in Sec. 6. The data

segments used for training the Baseline CNN may

lack the necessary diversity to encompass the full

spectrum of epileptic activity manifestations. This

limitation may impede the model's generalization

capability due to the randomized nature of the

sampling strategy. Consequently, the model fails to

establish robust and reliable patterns across all

available frequency bands.

5.1.2. Error-aware CNN

Figure 3(c) demonstrates that the Error-aware CNN

shows near-zero importance for non-� bands. This

indicates that this model focuses predominantly on

the �-band, even more so than the Baseline

CNN. This leads to improved performance, as evi-

denced in Tables 2 and 3. The hypothesis is that

incorporating error awareness into the learning pro-

cess has enabled the model to selectively prioritize

the most salient frequency component, potentially

enhancing robustness in noisy or ambiguous data

scenarios.

Fig. 4. (Color online) Example of local interpretation of a single seizure predicted by the OCSVM+CNN approach. Blue frame
denotes prediction borders, while beige frame denotes the borders of real seizure. For compactness, the interpretation matrices
are only visualized for a few 10-s segments.

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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Initially, it may seem paradoxical that the Error-

aware CNN, despite its increased complexity com-

pared to the Baseline CNN, utilizes fewer frequency

bands. As shown in Tables 2 and 3, the Error-aware

CNN surpasses the Baseline CNN in all key perfor-

mance metrics except recall. Cascade approaches

commonly exhibit a trade-o® between increased

precision and reduced recall. Conversely, the higher

recall of the Baseline CNN may be attributed to its

utilization (or attempted utilization) of multiple

frequency bands. Therefore, frequency bands other

than the �-band may indeed contribute important

information regarding epileptic seizures. However,

the capacity of the CNN model under consideration

may not be adequately leveraged to e®ectively inte-

grate all frequency bands. By strategically selecting

complex training examples, the Error-aware CNN

was able to maximize the extraction of relevant in-

formation within a ¯xed number of iterations, and

dedicate the model's full capacity to discerning

subtle di®erences within the �-band exclusively. The

obtained results further reinforce the conclusion that

the �-band harbors critical biomarkers of epileptic

seizures.

5.1.3. OCSVM+CNN

Figure 3(d) illustrates that the two-stage model

exhibits minimal reliance on the �-band. Instead, all

other frequency bands demonstrate statistically high

feature importance values, with the �-band exhibit-

ing the highest. Simultaneously, the lowest feature

importance values across all frequency bands are

concentrated in the frontal brain region.

The observed importance of frequency bands can

be explained by the design of the two-stage model

(see Sec. 3.3.3). The OCSVM employed in the ¯rst

stage is designed to identify trivial examples, readily

distinguished by the dominant component of epi-

leptic seizures in the �-band (refer to Sec. 6). While

OCSVM alone exhibits low precision but high re-

call,32 it e®ectively ¯lters the majority of the unbal-

anced dataset, isolating potential seizure segments.

Consequently, the CNN implemented in the second

stage processes data segments already characterized

by pronounced activity in the �-band. It is therefore

logical that the CNN would de-emphasize the �-band

and focus on other frequency bands, as con¯rmed by

the results. Given that the model is relieved of the

burden of processing the �-band, it can dedicate its

full capacity to discerning subtle di®erences in other

frequency bands.

According to Table 3, the two-stage model sur-

passes the Baseline CNN in precision and F1-score

(comparison without the correction to multiple

comparisons). At the same time, there are no sig-

ni¯cant di®erences between the two-stage model and

the Error-aware CNN. On ¯rst glance, this suggests

that these two models are identical in their seizure

detection performance. However, Table 2 can pro-

vide additional insights. Although the two-stage

model's recall is slightly lower than the error-aware

CNN's, examining the number of TPs and FNs

reveals that this di®erence stems from a single missed

seizure. Consequently, these variations in recall can

be attributed to random °uctuations. Notably, the

two-stage model exhibits approximately 15% fewer

FPs, and as we stated in our earlier work,13 reducing

FPs is the main focus in improving seizure detection

methods. Considering this, as well as the two-stage

model's tendency to have higher precision and

F1-score, it can be seen as the most e®ective model.

Based on these observations and the insights

gained from feature importance analysis, it can be

concluded that the �-, �-, �-, and 	-bands all play

crucial roles in distinguishing true seizures from

other patterns exhibiting high �-band activity.

The second observation regarding the least im-

portant brain region (frontal) holds true across

all three models. The frontal region appears to be

the least in°uential, despite its substantial size (see

Fig. 3(a)). This is an intriguing point that will be

further explored in Sec. 6.

5.2. Local interpretation

In this study, local interpretation is employed to

analyze individual seizure predictions generated by

the top-performing model: OCSVM+CNN. This

model not only exhibits high seizure detection

performance but also engages with a diverse set of

frequency–spatial features, as demonstrated in the

global interpretation results. By examining the

temporal evolution of feature importance during a

seizure, the insights into the internal structure and

progression of seizure events can be gained.

A representative example is shown in Fig. 4,

which illustrates the evolution of importance values

V. V. Grubov et al.
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for frequency–spatial features throughout a single

seizure episode. Figure 4 reveals that epileptic sei-

zures exhibit a complex and dynamic structure,

characterized by the dominance of di®erent fre-

quency components at varying stages. Speci¯cally,

for the particular seizure from Fig. 4:

(i) at the seizure onset, activity in the �-band is

most important;

(ii) as the seizure progresses, the �- and �-bands

gain increased importance;

(iii) toward the seizure termination, the 	-band

becomes most important.

This example of progression suggests a potential

temporal scenario for seizure evolution. While this

pattern probably varies between patients, epilepsy

types, or even seizures within a patient, the key

takeaway is that ¯ne-grained temporal dynamics in

EEG signals can reveal intra-seizure variation and

contribute to seizure detection. In clinical or research

settings, this level of detail may aid in characterizing

diverse seizure types or identifying patient-speci¯c

biomarkers. Ultimately, local interpretation com-

plements global analysis by providing a window into

the dynamic unfolding of seizures over time, based

on physiologically interpretable features.

6. Discussion

The results of the proposed interpretation method

are discussed below in the context of both existing

and emerging domain knowledge.

6.1. Brain regions and epileptic foci

The analysis of important brain regions revealed a

low importance assigned to the frontal region. Given

that spatial features are typically localized in areas of

epileptic foci,48,49 this result is consistent with the

fact that the patients in the present dataset had

epileptic foci primarily in the temporal and occipital

regions (see Sec. 3.1). While frontal lobes may play a

crucial role in seizure detection for frontal lobe epi-

lepsy,50 their relative unimportance in the present

study supports the validity of the model. This

exempli¯es how interpretation can be used to verify

model behavior; alignment with existing domain

knowledge regarding expected feature locations

suggests that the model is indeed capturing

meaningful physiological features.

6.2. Frequency bands and biomarkers

The analysis of important frequency bands demon-

strated that multiple bands (�, �, �, �, 	) can con-

tribute to seizure detection, and that integrating

information from all these bands leads to superior

performance, as seen in the OCSVM+CNN model.

This presents an opportunity to delve deeper into the

features of this successful model to uncover both

established and novel biomarkers of seizures.

6.3. Neurophysiological processes and
feature importances

The observed feature importances across the models

align with speci¯c neurophysiological processes.

Some of these processes are commonly linked to sei-

zure initiation and propagation, while others may

have a more complex relationship with epilepsy.

Activity in the �-band (1–4Hz) is frequently

associated with a hypersynchronous state of the ce-

rebral cortex,51,52 becoming prominently visible on

most EEG channels during a seizure. The presence of

such characteristic patterns on EEG during epileptic

seizures51 may lead one to reduce seizure detection to

identifying EEG patterns with a core rhythm of 1–
4Hz. Indeed, two of the three models support this

notion, as their important features are found almost

exclusively in the �-band. However, seizure patterns

are typically far more complex, with potential

changes in their main frequency over time,53 as evi-

denced by the results from local interpretation.

Therefore, considering other frequency bands is

crucial.

The �-band (4–8Hz) is second important fre-

quency range. The �-rhythm, particularly in the oc-

cipital region of the cortex, is often linked to activity

of the thalamocortical neural network. Enhanced

EEG power in the �-band and signi¯cant �-coherence

between EEG and local ¯eld potentials in the thal-

amus have been observed in patients with neurogenic

pain, movement disorders, and epilepsy.54 This sug-

gests that enhanced �-rhythmicity occurs within

tight functional thalamocortical loops, and that this

network plays an important role in a number of

disorders, including epilepsy.55 Thus, important

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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features identi¯ed in the �-band may re°ect

underlying mechanisms of seizure generation and

propagation.

Another important combination to consider is the

� and � frequency bands (8–30Hz). Changes within

this combined frequency range in the occipital and

temporal regions can be associated with the activa-

tion/suppression of the default mode network

(DMN). The DMN is known to be consistently active

during the resting state and deactivated during task

engagement.56 Notably, this same network is selec-

tively impaired during epileptic seizures associated

with altered states or loss of consciousness.57 Al-

though the speci¯c mechanisms of seizure onset and

propagation vary considerably between seizure

types, the resulting loss of consciousness is consistent

due to active inhibition of subcortical arousal sys-

tems that normally maintain DMN activity in the

awake state.57 This DMN-related activity can rep-

resent a valuable biomarker for seizure detection

primarily captured by the best-performing model —
OCSVM+CNN.

Finally, the 	-band (30–40Hz and above) should

also be considered. This band is commonly associ-

ated with motor activity EEG patterns that emerge

during the convulsive phases of a seizure. Such pat-

terns are typically considered an obstacle to seizure

detection rather than a biomarker. However, some

studies have demonstrated that, with the appropri-

ate approach and methodology, motor activity can

be leveraged for seizure detection. Luca et al.58

detected seizures in acceleration data collected by 3D

acceleration sensors, achieving 80% sensitivity and

89% precision. The fact that two of the three models

consider the 	-band further supports the validity of

motor activity as a potential biomarker.

7. Limitations and Future Research

The proposed interpretability framework, while

providing valuable insights into CNN-based seizure

detection, has several limitations. The method is

currently limited to CNN models processing time–
frequency EEG representations, excluding raw EEG

data or other modalities like magnetoencephalogra-

phy (MEG) or functional magnetic resonance imag-

ing (fMRI). The fMRI data and wavelet spectra of

MEG are similar in presentation to the wavelet

spectra of EEG used in the framework. Thus,

transitioning to these modalities appears feasible

after extensive, albeit not conceptual, changes to the

preprocessing, seizure detection, and feature inter-

pretation pipelines. However, transitioning to raw

EEG data is much more challenging since its struc-

ture is quite di®erent from wavelet spectra, requiring

a complete reimagining of the frequency-domain in-

terpretation pipeline.

ResNet-18, the architecture used in seizure de-

tection is not the state-of-the-art for neural net-

works. Future work should explore extensions to

more advanced architectures such as transformers.

The proposed interpretability framework is com-

patible with these architectures and can account for

their attention mechanisms. However, implementing

the large state-of-the-art architecture would require

advanced training techniques, such as SSL,59 or

MAE60 which can be challenging to set up and

debug. Furthermore, a large quantity of \images"

(EEG spectra) would be required for training, which

could pose an additional challenge in the seizure

detection task, where data volume is limited due to

the natural rarity of epileptic events.

Spatial importance analysis depends critically on

the choice of baseline signal for occlusion, whether

patient-speci¯c, population-averaged, or synthetic.

A systematic investigation of baseline selection

strategies in the future could enhance robustness.

The computational overhead of ðN þ 1Þ forward

passes for N EEG channels presents another chal-

lenge, potentially addressed throughparallelization or

gradient-based approximations. In general, optimi-

zation techniques in future research may include the

following: caching the power spectrum after CWT,

approximating CWT with simpler alternatives, par-

allelizing the channel importance calculation, and re-

ducing the number ofEEGchannels that represent the

region of interest. Solving the problem of high

computational costs would also make sensitivity

analysis for leave-one-patient-out possible.

The framework currently lacks explicit mapping

to neurophysiological concepts (e.g. thalamocortical

�-synchronization), unlike methods like TCAV.61

Future adaptations could incorporate EEG-speci¯c

concepts as annotated spectral patterns.62

The method also does not provide metrics for

interpretability quality; instead, it relies on the

V. V. Grubov et al.
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neurophysiological alignment of the features.

Properly calculating these metrics requires the exis-

tence of \ground truth" (GT) for the dataset, i.e.

information about the \correct interpretation". Our

dataset, like most others, lacks these for a reason.

Obtaining GT for important frequency ranges and

brain regions suggests detailed analysis of EEG for

each seizure, which can only be performed by a

highly trained professional in the ¯eld of epilepsy

diagnostics. This task is beyond the scope of common

epilepsy diagnostics and is rarely addressed by clin-

icians. Creating GT of frequency–spatial features for
an epileptic dataset is challenging but could be

attempted in the future. In fact, interpretability

methods like ours could greatly assist human experts

with this task.

Validation has been primarily limited to focal epi-

lepsy with temporal/occipital foci, and generalization

to other epilepsy types remains to be established. The

CNN model detects seizures by learning frequency–
spatial features from EEG, and the interpretability

method reveals these features. Therefore, this ap-

proach should be e®ective in various clinical contexts,

such as di®erent seizure types and patient ages, as long

as theEEG signal contains patterns speci¯c to epileptic

seizures. However, further testing is required. Such

task is closely related to validating on widely known

and used datasets, such as those from Temple Uni-

versityHospital (TUH) orChildren'sHospitalBoston–
Massachusetts Institute of Technology (CHB–MIT).

However, there are two major obstacles to such a task.

On one hand, each dataset has a distinct structure that

includes the number and placement of EEG channels,

the sampling rate, the approach to data segmentation

and labeling, etc. For example, the CHB–MIT dataset

presents its EEG channels in a bipolar montage, while

the dataset in this study uses a monopolar montage.

Details like this require major alterations to the data

processing, seizure detection, and feature interpreta-

tionpipelines.On the other hand, analyzing any sizable

dataset is time-consuming because it requires retrain-

ing and revalidating three CNN-based models, which

are then analyzed for feature importance. The bottle-

neck of this procedure is the feature extraction process,

which uses CWT — the limitation of the seizure de-

tection approach. Thus, extending the developed ap-

proach to other datasets and seizure types is a large-

scale task for future research.

Local interpretation has been demonstrated only

as a proof of concept. Additional research is required

to study any possible generalization of temporal

pattern of feature importance evolution across

patients or seizure types.

Finally, the approach treats frequency bands and

spatial regions independently, neglecting potential

cross-band coupling (e.g. theta-gamma phase-am-

plitude coupling) or inter-regional synchrony.

Graph-based representations could capture these

dynamic features in future implementations. For

example, Pitsik et al.63 demonstrated that a hyper-

graph representation of a multilayer brain network

helps account for cross-frequency interactions in

EEG signals. This, in turn, enhances the detection of

autism spectrum disorder.

8. Conclusion

This study presented a novel interpretability frame-

work for CNN-based seizure detection, combining

frequency-domain and spatial-domain analyses to

uncover physiologically meaningful EEG biomarkers.

Validated across three distinct architectures the

method demonstrated that optimal performance

arises from complementary use of multiple frequency

bands and brain regions rather than reliance on single

biomarkers. Key contributions include:

. Task-Speci¯c Design. The integrated frequency–
spatial interpretation revealed biomarkers aligning

with known neurophysiological mechanisms (e.g.

thalamocortical �-band interactions, DMN sup-

pression in �/�-bands) while suggesting new can-

didates for seizure detection.

. Cross-Model Insights. Global interpretation

showed that the highest-performing model

(OCSVM+CNN) leveraged multi-band bio-

markers, whereas less robust models (Baseline/

Error-aware CNN) over-relied on �-band features.

Local interpretation further captured dynamic

intra-seizure spectral shifts, highlighting the

method's clinical utility for analyzing seizure

evolution.

. Clinical Alignment. The framework bridged DL

with clinical EEG analysis by providing:

(i) model validation through neurophysiologically

plausible explanations;

Interpretability Framework for CNN-Based EEG Analysis Discovers Epileptic Biomarkers
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(ii) discovery of potential biomarkers (e.g. 	-band

motor activity);

(iii) tools for comparing model's behavior across

architectures.

According to the results, the two-stage OCSVM

+CNN model is the best candidate to be used in real

clinical practice. It provides the best tradeo® be-

tween performance and latency, and also captures

more important biomarkers associated with epileptic

seizures than the other two models.

Interpretability ¯ndings suggest that the next-

generation seizure detection algorithms could bene¯t

from incorporating temporal state models, sequence-

aware architectures, or stage-speci¯c detectors that

re°ect seizure onset, propagation, and termination.

Additionally, architectures should explicitly target

di®erent frequency bands, which can be implemented

as band-speci¯c subnetworks alongside cross-band

interaction modules, for example.

Despite limitations in computational e±ciency

and input speci¯city, this work advances interpret-

able DL approach for epilepsy by demonstrating how

model decisions can be mapped to domain knowl-

edge. Future directions include extending the meth-

od to raw EEG models, incorporating dynamic

feature interactions, and validating clinical utility in

surgical planning. The proposed framework not only

enhances trust in CNN-based seizure detection but

also opens avenues for collaborative biomarker dis-

covery between DL and neuroscience.

Code Availability

All code for the proposed method has been publicly

available at https://github.com/snazau/seizure-de-

tection-cnn-interpretability.
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