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Abstract: This review summarizes approaches to epileptic seizure detection and forecasting from electroencepha-
lographic and intracranial electroencephalographic signals, with emphasis on physically grounded modelling of 
neurons and neuronal networks. The topic is relevant because modern machine-learning and deep-learning meth-
ods often achieve high classification performance, but their practical use is limited by cross-patient variability, scar-
city of labelled data, dependence on preprocessing, false-alarm control and insufficient interpretability of informa-
tive features. The paper systematizes the main model classes used in computational epileptology: low-dimensional 
phenomenological models, biophysical models of single neurons and membrane processes, network and multiscale 
frameworks, machine-learning approaches, and high-order numerical schemes for large-scale simulations. It is 
shown that biophysical and multiscale models provide deeper insight into ionic, synaptic and network mechanisms 
of epileptiform activity, but require many parameters and substantial computational resources. In contrast, phe-
nomenological models, especially Epileptor and Epileptor-2, offer a rational compromise between simulation speed, 
parameter controllability and the ability to reproduce transitions between normal, ictal and post-ictal regimes. We 
argue that such models should not be considered a replacement for real EEG/iEEG recordings, but rather a con-
trolled source of synthetic signals for feature calibration, classifier robustness testing and analysis of the physical 
origin of informative signal characteristics. Model-generated signals are therefore positioned as an intermediate 
layer between experimental recordings and machine-learning algorithms. This approach may improve the repro-
ducibility of studies, increase the interpretability of diagnostic features and provide a basis for further development 
of compact systems for epileptic seizure detection and forecasting. 
Keywords: electroencephalography; ictal transition; synthetic calibration data; phenomenological dynamics; Epi-
leptor-2; bifurcation mechanisms; multiscale connectome; feature extraction; classifier calibration; transfer valida-
tion. 
 

Introduction 

Epilepsy is a widespread chronic disorder that 
affects more than 50 million people worldwide; in 
roughly one-third of patients the disease remains 
pharmacoresistant, leading to substantial cognitive, 
traumatic, and socio-economic consequences [1–5]. 
This heterogeneity motivates multi-scale computa-
tional modelling as a route from mechanisms to ob-
servable EEG/iEEG signatures [6]. Reliable identifica-
tion of EEG precursors minutes before onset is there-
fore a key objective of seizure monitoring and can en-
able preventive intervention [7, 8]. Fig. 1 summarises 
a typical edge-to-cloud workflow for ambulatory in-
tracranial EEG (iEEG) monitoring.  

Today, the most common seizure detection and 
prediction approaches are data-driven, based on ma-
chine learning and artificial intelligence using datasets 
annotated by experts. Despite the impressive perfor-
mance of the mentioned approaches, such as deep 
Convolutional Neural Network/Long Short-Term 

Memory (CNN/LSTM) models providing an Area Un-
der the Receiver Operating Characteristic Curve 
(AUROC) of approximately 0.90 [9], their large-scale 
deployment is hindered by three systemic barriers. 
First, high false-positive rates threaten the safety of 
implanted warning devices; strict statistical calibra-
tion can reduce the False Positive Rate (FPR) but only 
at the cost of sensitivity [10, 11]. Second, models 
trained on limited cohorts lose accuracy sharply in 
cross-patient settings, motivating biologically inspired 
architectures that are more robust to inter-individual 
variability [12, 13]. Recent EEG foundation and self-
supervised representation-learning approaches, in-
cluding transformer-based pretraining and transfer 
learning, can only partly mitigate label scarcity and 
cross-subject shift by leveraging large-scale unlabeled 
recordings and fine-tuning to target cohorts [14–17]. 
Third, the lack of unified segmentation and annotation 
protocols for public EEG data sets produces methodo-
logical heterogeneity and inflated performance esti-
mates [18, 19]. 
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Figure 1: Conceptual three-layer architecture for ambulato-
ry iEEG monitoring 

A promising way to overcome these limitations is 
the controlled generation of synthetic data sets using 
models of neuronal networks and individual neurons. 
More generally, mechanistic neural modelling has 
been advocated as a translational bridge between mul-
tiscale observations and clinically actionable variables 
in neurological disorders [20]. Since the pioneering 
biophysical hippocampal model of Traub et al. [21], at-
tention has shifted to low-dimensional phenomenolog-
ical systems; among them, the Epileptor model realis-
tically reproduces the “normal–seizure” transition via 
bifurcation mechanisms [22]. Foundational compendia 
similarly highlight how computer modelling can link 
cellular and network mechanisms to macroscopic sei-
zure phenomenology and EEG signatures [23]. Its in-
tegration into multiscale frameworks such as the Vir-
tual Epileptic Patient has shown the effectiveness of  
in silico simulations for modelling discharge propaga-
tion and evaluating surgical intervention [24]. Recent 
neurosurgical syntheses consolidate this line of work, 
summarising how patient-specific whole-brain dy-
namical models support intervention planning and vir-
tual resection analysis in drug-resistant epilepsy  
[25, 26]. Nevertheless, most studies focus on qualita-
tive waveform reproduction; only a few compare sta-
tistical descriptors quantitatively or test classifiers 
trained on synthetic data against in vivo recordings. 
Thus, the unresolved problem is to enhance EEG in-
formativeness through a systematic combination of 
modelling and machine learning followed by valida-
tion on real signals. Unlike surveys that primarily cata-
logue data-driven architectures, we assess mechanistic 
models as controllable generators of calibration da-
tasets and discuss how their utility should be quanti-
fied via standardized detection/forecasting metrics 
under transfer and leave-one-subject-out validation. 

The classical reviews [27–29] describe the mod-
el's taxonomy tracing progress from early phenome-
nological schemes to multiscale platforms, document-
ing the ability of different models to reproduce critical 

bifurcations of the brain network. More recent synthe-
sis papers extend this taxonomy toward clinically con-
strained multiscale interpretation and digital-twin 
workflows, including neuro-inspired EEG interpreta-
tion models [30], the phenomenological-to-biophysical 
continuum [31], and patient-specific seizure-spread 
models on cortical surfaces [32]. Yet, despite their de-
tailed taxonomies, the authors do not actually com-
pare the predictive capabilities of these models. Met-
rics such as AUROC or Area Under the Precision-Recall 
Curve (AUPRC) are missing. Instead of a single com-
parison score, it would be beneficial to present a 
standardized panel of clinical metrics. This panel could 
include AUROC for balanced data, AUPRC for imbal-
anced data, sensitivity/specificity, false alarms per 
hour for safety, detection latency for timeliness, and 
calibration score (Brier/ECE). These metrics should be 
evaluated under leave-one-subject-out validation with 
bootstrap confidence intervals (CI) to ensure repro-
ducibility. Similar calibration and threshold-selection 
issues arise in diary-based seizure-risk forecasting, 
underscoring the practical importance of probability 
calibration beyond EEG-only pipelines [33]. 

Clinically oriented reviews [34–36] indicate that 
model-guided strategies can optimize the placement of 
implanted deep-brain neurostimulators and test anti-
seizure drugs in silico. Beyond stimulation and sur-
gery, computational epilepsy models have also been 
proposed as in silico testbeds for therapy development 
and drug discovery pipelines [37]. However, they pro-
vide limited information on which temporal or spec-
tral markers, such as band-limited power (δ-γ), spec-
tral entropy, line length, autocorrelation time, rates of 
high-frequency oscillations, and phase-amplitude cou-
pling, are associated with successful forecasting. 
Wendling explicitly calls for a multi-level   
“animal–in vitro–clinic” validation to guarantee model 
reproducibility [34–36]. Recent Bayesian frameworks, 
such as the "Virtual Epileptic Patient" and "Virtual 
Brain Twin," operationalize this multi-level paradigm 
by inferring patient-specific propagation patterns and 
calibrating mechanistic models using multimodal data. 
A representative probabilistic formulation is the 
Bayesian Virtual Epileptic Patient, designed to infer 
hidden disease variables and propagation parameters 
from patient data under uncertainty [38, 39]. This ap-
proach establishes a direct connection between sei-
zure-spread modeling and forecasting-oriented evalu-
ation.  

A significant body of literature focuses on the 
processing of EEG and Magnetoencephalography 
(MEG) signals. Classical surveys [40, 41] have high-
lighted the considerable variability in parameters in-
troduced during filtering and artifact removal stages. 
The attenuation of ocular artifacts like blinks and sac-
cades, myogenic artifacts, cardiac/cardioballistic con-
tamination, power-line interference (50/60 Hz and 
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harmonics), electrode pops/impedance shifts, motion 
artifacts, and slow sweat-related drifts can have a sig-
nificant impact on the signal spectrum. For intracrani-
al EEG (iEEG), stimulation artifacts are also taken into 
account. These artifacts often overlap with the spectral 
characteristics of target biomarkers: δ-θ bands for oc-
ular/motion artifacts, β-γ bands for EMG, narrow 
50/60 Hz lines for mains noise, and sub-hertz compo-
nents for slow drifts. Inadequate correction of these 
artifacts can lead to systematic biases in power spec-
tral density (PSD), spectral entropy, high-frequency 
oscillation (HFO) estimates, and other informative fea-
tures, ultimately compromising downstream classifi-
cation and accuracy metrics. Wearable EEG hardware 
and edge device pipelines may introduce additional 
constraints, such as motion-sensitive electrodes, lim-
ited dynamic range, and on-device preprocessing. 
These constraints should be taken into consideration 
when establishing "real-world" benchmarks for fore-
casting and detection [42–44].  

To make the spectral context explicit, we treat 
EEG/iEEG as a superposition of canonical frequency 
bands (δ: 0.5-4 Hz, θ: 4-8 Hz, α: 8-13 Hz,  
β: 13-30 Hz, γ: 30-80 Hz) and high-frequency oscilla-
tions (HFOs), typically reported in the ripple  
(≈80-250 Hz) and fast-ripple (≈250-500 Hz) ranges. 
Across these bands, forecasting and detection pipe-
lines commonly quantify shifts in band power and 
band ratios, spectral entropy and related complexity 
measures, narrow-band peaks, phase-amplitude cou-
pling, and HFO rates, features that are directly sensi-
tive to preprocessing choices and therefore must be 
defined consistently. In the present review, these spec-
tral descriptors are carried forward as part of the 
standardised feature panel discussed throughout the 
paper and linked to operational metrics 
(AUROC/AUPRC, false alarms per hour, latency and 
calibration) so that modelling choices can be com-
pared in a quantitatively reproducible way. 

Recent studies [45–48] highlight the significance 
of nonlinear dynamic metrics that capture the geome-
try and stability of system trajectories. These metrics 
encompass the largest Lyapunov exponent (sensitivity 
to initial conditions), correlation dimension (effective 
"fractal" complexity of the attractor), entropy 
measures such as Sample/Permutation Entropy (de-
gree of irregularity), and recurrence-quantification in-
dices (e.g., determinism, laminarity). In practice, these 
descriptors are computed on sliding windows after de-
lay-coordinate embedding of the EEG time series, with 
robustness evaluated through surrogate-data testing. 
In the field of epileptology, these metrics hold direct 
prognostic value: pre-ictal states typically exhibit in-
creasing instability and shifts in effective dimensional-
ity, while ictal activity tends to become more regular 
and structured, leading to distinct changes in entro-
pies and Recurrence quantification analysis (RQA) 

metrics. These studies also compare network dynam-
ics metrics with deep CNN/LSTM schemes, with the 
latter achieving an AUROC of approximately 0.9 but re-
taining a "black-box" nature. Interpretable, lightweight 
machine learning baselines can achieve competitive 
performance on preclinical EEG data, thereby promot-
ing hybrid "features + mechanistic dynamics" pipe-
lines [49]. Conditions for the existence and collapse of 
chimera and solitary states in large nonlinear oscilla-
tory networks [50–53] offer additional insights for 
feature extraction and explanation. These stationary 
states with coherence and incoherence are deemed 
crucial for brain network functions. 

Although there are many individual works de-
voted to different aspects of the application of neurons 
and neuronal networks modeling to detection and 
prediction of epileptic seizures using electroenceph-
alography signals, we found no literature reviews with 
comparisons of such approaches. In this paper, we 
provide a review of existing approaches that combine 
modeling of biological neurons and neuronal networks 
with machine learning, followed by validation on real 
signals, and draw conclusions on their possible further 
improvements. Specifically, we treat mechanistic 
models as controllable generators of calibration 
EEG/iEEG datasets and evaluate their downstream 
utility through clinically meaningful metrics 
(AUROC/AUPRC, false alarms per hour, detection la-
tency, and calibration) under leave-one-subject-out 
and transfer settings. This framing highlights how low-
dimensional phenomenological generators such as Ep-
ileptor-2 can complement data-driven pipelines by 
enabling reproducible stress-testing and feature-level 
interpretability. We also suggest a new approach for 
extension of datasets used for machine learning with 
the results of mathematical modeling of neuronal net-
works. The analyzed sources outline five essential re-
quirements that our working scheme adheres to: (i) 
quantitative comparison of phenomenological systems 
using AUROC/AUPRC; (ii) a standardized set of spec-
tral, statistical, and nonlinear features; (iii) integration 
of modeling with machine learning to improve trans-
ferability and detectability; (iv) obligatory testing on 
real EEG; and (v) scalable, reproducible simula-
tion/digital-twin pipelines that can be executed on re-
alistic network sizes and hardware constraints  
[54, 55]. 

From a dynamical-systems perspective, seizures 
can be framed as bifurcation-driven regime shifts: 
gradual changes in an excitability-like control parame-
ter push the system across saddle-node or Hopf 
thresholds, converting a stable baseline into oscillato-
ry ictal activity and, in many models, back via slow re-
covery variables [22, 56, 57]. Near these critical 
points, canonical early-warning signatures – critical 
slowing down, rising variance and lag-1 autocorrela-
tion – provide physically interpretable cues for feature 
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design and forecasting horizons. Importantly for algo-
rithm evaluation, the bifurcation structure provides a 
controllable “knob” for synthesis: by sweeping param-
eters around the critical manifold, one can generate 
calibration traces spanning subcritical, pre-ictal, ictal 
and post-ictal regimes with known ground-truth tim-
ing, enabling standardised testing of AUROC/AUPRC, 
false-alarms-per-hour, latency and calibration under 
transfer and leave-one-subject-out settings. 

The remainder of this article is organised as fol-
lows. In Sections 2-6 we provide details on model clas-
ses from phenomenological schemes for the “normal - 
seizure” switch to advanced numerical techniques that 
can reinforce any preceding paradigm. The concluding 
analytical Section 7 compares the strengths and weak-
nesses of each group and justifies the choice of the 
model that best serves the stated research goal. 

          Benchmarking Low-Dimensional Phenome-
nologcal Models for Synthetic EEG 

Phenomenological models of epilepsy form a 
methodological bridge between the brain’s biophysical 
complexity and the need for rapid numerical analysis 
of seizure transitions. By intentionally reducing neu-
ronal micro-dynamics to low-dimensional systems of 
differential equations, these models focus on the bifur-
cation scenarios that govern abrupt changes in cortical 
electrical activity. By “micro-dynamics” we mean the 
evolution of the membrane potential and the gating 
variables of ion channels at the single-neuron level 
[54]. At the same time, instead of a full, high-
dimensional cellular description (ion channels, con-
ductances, synaptic currents, slow ionic accumula-
tions, etc.), we introduce a few effective variables that 
aggregate fast and slow processes and faithfully re-
produce the key “normal–seizure” transition via bifur-
cations. In other words, the complex membrane phys-
ics is reduced to two-three ordinary differential equa-
tions with interpretable parameters (excitability, re-
covery, slow adaptation), enabling analysis of thresh-
olds, stability, and the onset of oscillations. Such a 
strategy enables the generation of synthetic EEG sig-
nals with controlled parameters, an essential feature 
when evaluating classification and forecasting algo-
rithms under limited clinical data. 

The best-known representative of this class is the 
Epileptor [56] – originally introduced as Epileptor-
2014 in [57] and still the canonical “engine” for clinical 
applications – which separates the dynamics into fast 
and slow subsystems. The fast subsystem is described 
by 

               1 1 1 1 1 1 1  ( )  ,   ( )  x y f x z y g x y                   (1) 

Where 𝑓(𝑥ଵ) = 𝑥ଵ
ଷ − 𝑎𝑥ଵ provides a cubic non-

linearity and 𝑔(𝑥ଵ) implements local feedback; the 
slow subsystem 

  1 1 0 1 (4(  ), 0 1,)z µ x x z µ                   (2) 

governs post-ictal recovery. Despite its three-
dimensional phase space, the model reproduces sad-
dle-node and Hopf bifurcations and runs in real time. 
When fitted to 42 intracranial recordings, the mean 
Pearson correlation between simulated spike-wave 
envelopes and empirical EEG reached r = 0.88; the 
original cohort of 20 patients in [57] yielded 𝑟 = 0.85, 
validating the model for initial clinical use. Here 𝑟 de-
notes the Pearson coefficient, 
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computed on time-aligned envelope pairs {𝑥௧} (simu-
lated) and {𝑦௧} (empirical), with 𝑥 and 𝑦 their sample 
means. Values near 1 indicate strong linear concord-
ance of waveform envelopes; thus 𝑟 ≈ 0.85-0.88 re-
flects high agreement between model and data. Ab-
stracting away from cellular mechanisms (ion cur-
rents, inhibitory modulation), however, limits accura-
cy in scenarios where sub-cellular processes are deci-
sive. 

To partially address this limitation, in [31] added 
an “ionic” variable, 

1 1 ( ),w x w                                (4) 

that represents slow extracellular potassium accumu-
lation. The root-mean-square error between model 
output and intracranial EEG decreased from 0.42 mV 
to 0.19 mV, and the mean correlation rose to 𝑟 = 0.79. 
Although biologically more plausible, each additional 
variable increases the demand for parameter data and 
computational cost, an important trade-off in large-
scale classifier testing. 

A minimalist alternative is Montgomery’s model 
[58], based on normal-form bifurcations, that is, on 
canonical low-dimensional equations obtained by re-
ducing the full dynamics near a critical point (via cen-
ter-manifold reduction and rescaling) so that only the 
instability-driving terms remain. For a saddle-node 
scenario, where a stable and an unstable equilibrium 
collide and annihilate as a control parameter crosses a 
threshold, yielding abrupt onset and critical slowing 
down, it reduces to 

2  ,x r x                                  (5) 

where the control parameter 𝑟 measures the distance 
to the bifurcation and drives the system through the 
critical point. Across 1 000 Monte-Carlo runs the me-
dian absolute error in predicting the bifurcation time 
was 0.46 s. The model’s theoretical transparency and 
low dimensionality facilitate rapid hypothesis screen-
ing, although extra terms may be required to repro-
duce specific EEG morphologies. 



 Innov Biosyst Bioeng, 2026, vol. 10, no. 2                                                                                                                   21
14 

Introduction of a phase variable 𝜃(𝑡) with intrin-
sic frequency 𝜔, coupled to an amplitude variable 
𝐴(𝑡), enables explicit capture of pre-ictal rhythms 
[39]. A minimal phase-amplitude oscillator can be 
written as 

( , ; ), F A                             (6) 

( , ; ), A G A                             (7) 

( ) ( ) ( ) ,x t A t cos t                         (8) 

where F and G encode the nonlinear amplitude-phase 
interactions and Θ denotes the parameter set. In this 
model, phase-space reconstruction separated pre-ictal 
and inter-ictal states with an AUC of 0.91 at a warning 
horizon ≥30 s [59]. The main shortcoming is high sen-
sitivity to parameter values, which complicates cali-
bration without prior spectral analysis. A practical 
remedy is to align modelled and empirical phases by 
maximising mutual information G 𝐼(𝜙௠оௗ௘௟ , 𝜙ாாீ)  
(or related circular concordance measures) before fit-
ting the remaining parameters, thereby regularising 
phase locking and improving robustness. 

A further step toward clinical practice is demon-
strated by the Virtual Epileptic Patient (VEP) module 
[60, 61], wherein Epileptor-2014 instances are em-
bedded at nodes of an individual structural connecto-
me, enabling in silico prediction of seizure spread and 
evaluation of resection efficacy; in a dataset of 15 pa-
tients this approach achieved 71% spatial concord-
ance with SEEG and corresponded to postoperative 
Engel I outcomes in 12/15 cases. 

In summary, phenomenological models offer a 
spectrum of compromises among simulation speed, 
biophysical plausibility and the ability to generate in-
formative EEG signals. The baseline Epileptor strikes 
an optimal simplicity-realism balance and serves as a 
baseline for algorithm assessment; its ion-adaptive 
variant improves patient-specific accuracy at the cost 
of added complexity. Montgomery’s normal forms re-
main indispensable where analytical control and ultra-
fast simulations are required, whereas the phase-
oscillator scheme in [59] is promising for early-
warning tasks focused on rhythmic pre-ictal changes. 
Model selection in a given application must therefore 
balance the need for large-scale simulations to train 
classifiers against the requirement to capture the bio-
physical or rhythmic specifics of the target signals. 

Biophysical Single-Neuron Frameworks: 
Ion-Level Fidelity vs. Computational Cost  

Biophysical models that describe the dynamics of 
individual neurons and membrane processes substan-
tially expand the explanatory power of phenomeno-
logical schemes by operating at the level of ion chan-
nels, conductances and synaptic mechanisms. This 
granularity makes it possible to trace precisely why a 

parameter perturbation provokes a seizure and how 
that perturbation is immediately reflected in the mac-
roscopic EEG signals exploited for automatic diagno-
sis. 

The classical Hodgkin-Huxley framework in the 
formulation of [62] offers the deepest insight into 
membrane physiology. Its governing equation 

 

      ,m Na K L ext

dV
C I I I I

dt
    where          (9) 

 3 ,Na Na NaI g m h V E                    (10) 

 3 , K K KI g n V E                       (11) 

  L L LI g V E                            (12) 

permits independent variation of the maximal con-
ductances 𝑔ே௔ , 𝑔௄ , 𝑔௅ thereby isolating the role of spe-
cific channels. Sensitivity analysis (R² = 0.87 for spike-
duration) revealed that a 20% reduction in 𝑔௄ reliably 
induces paroxysmal discharges, quantitatively con-
firming potassium channels as therapeutic targets. 
Computational cost, however, rises exponentially 
when moving from a single neuron to a network. 

Closer alignment with clinical data is achieved in 
[63], where the leak current is expressed as 

 * * * L L LI g V E                              (13) 

and the parameters 𝑔௅
∗ and 𝐸௅

∗ are calibrated against 
in-vitro slices from the medial temporal lobe. The re-
sulting model reproduces seizure duration with  
≤ 10% error, enabling virtual assessment of resection 
or stimulation efficacy before surgery. 

Non-invasive personalisation of parameters is af-
forded by the inverse-estimation strategy [64]. The ef-
fective conductance 

  ion ion ionI g V E                          (14) 

is inferred from scalp EEG, and its correlation 
with patch-clamp measurements (𝑟 = 0.82 in 15 pa-
tients) confirms that individual ion profiles can be re-
constructed non-invasively and fed into predictive al-
gorithms. Patch-clamp denotes the intracellular gold-
standard technique in which a glass micropipette 
forms a high-resistance “gigaseal” with the neuronal 
membrane to record single-channel or whole-cell cur-
rents, thereby providing a physiologically grounded 
reference for conductance estimates [65]. 

When attention shifts to network phenomena, 
realistic modelling of synaptic transmission becomes 
critical. [66] describe the synaptic current as 

  syn syn synI g s t V E                  (15) 

where 𝑠(𝑡) captures receptor kinetics. This formula-
tion explains 78% of the variance in post-ictal high-
frequency oscillation power and thus supplies synthet-
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ic data for classifiers targeting network biomarkers of 
seizures. 

Scaling from single neurons to assemblies, multi-
compartment CA3 hippocampal models [67] track 
how local membrane-potential and axial currents 

 , , , ,      i
m ion i syn i axial i ext i

dV
C I I I I

dt
            (16) 

 , ,  axial i a ij i jj
I g V V                      (17) 

propagate along dendritic trees and interact with syn-
aptic excitation. Networks of 100-300 such compart-
ments reproduce hypersynchronous paroxysmal dis-
charges (HPDs) – brief, high-amplitude population 
bursts in which many compartments/neurons fire 
nearly in phase, a canonical electrophysiological signa-
ture of epileptic events, and their generalisation via 
the Schaffer collateral pathway (the excitatory CA3-
CA1 projection of pyramidal axons), allowing simula-
tion of topical anticonvulsant effects or virtual den-
dritic resections 

At an even broader scale, the cortical microcir-
cuit developed by the Blue Brain Project [68] compris-
es ~31 000 biophysically detailed compartments or-
ganised into 55 morphological classes, with each syn-
apse governed by stochastic plasticity. Numerical ex-
periments show that a mere 15% increase in glutama-
tergic conductance triggers a shift from asynchronous 
firing to epileptiform high-frequency activity con-
sistent with intracranial rat data. The resulting EEG 
signals simultaneously contain interneuronal, dendrit-
ic and synaptic contributions, greatly enriching train-
ing sets for machine-learning algorithms. 

Thus, single-neuron, synaptic, and multicom-
partment biophysical models form a continuum of de-
tail: from interpretable manipulations of individual ion 
channels to large-scale network simulators that re-
produce anatomically grounded interactions among 
thousands of neurons. These models not only enhance 
the physical plausibility of synthetic signals but also 
yield novel informative features for seizure classifica-
tion and forecasting, thereby naturally complementing 
phenomenological approaches geared toward the rap-
id detection of bifurcations. Integrating such multi-
level descriptions within a unified computational 
framework is pivotal for further increasing the diag-
nostic value of EEG and advancing personalised thera-
peutic strategies. 

Network & Multiscale Platforms for Pa-
tient-Specific Seizure Propagation 

Network-based and multiscale approaches ex-
tend the reach of biophysical modelling by linking lo-
cal cellular dynamics to the global manifestations of 
epileptic activity recorded in EEG. Breakspear’s broad 
survey [69] demonstrated that dynamical connectome 

models, those that incorporate topological constraints 
alongside nonlinear node dynamics, are pivotal for ex-
plaining pathological synchronisation, motivating the 
development of integrated schemes capable of span-
ning multiple spatiotemporal scales. In particular, 
multiscale frameworks embed single-neuron biophys-
ical models (e.g. Hodgkin-Huxley) or small microcir-
cuits within broader population or graph structures 
[70], thereby providing a continuous bridge from mi-
cro- to macro-dynamics.  

In node-based network models such as those of 
[71] and [72], each node represents a neuronal popu-
lation or cortical region, and the dynamics are given by 

 ( )  ( , )i i ij j ix f x C g x x                   (18) 

where 𝑥௜   –  denotes the state variables, 𝑓(𝑥௜) the local 
dynamics, 𝐶௜௝  the connectivity matrix, and 𝑔(𝑥௝ , 𝑥௜) a 
(possibly delayed) nonlinear coupling from node j to 
node i. When 𝐶௜௝  derived from individual DTI data (dif-
fusion tensor imaging MRI that reconstructs patient-
specific white-matter tracts to assemble the structural 
connectivity matrix 𝐶௜௝), the simulated propagation 
speed deviates from depth-EEG measurements by less 
than 5% (mean error 0.15 𝑚𝑠ିଵ) [71]. Personalisation 
is advanced in the Virtual Epileptic Patient module 
(VEP) of [73]: combining Epileptor nodes with patient-
specific connectomes yielded 71% spatial concordance 
between in silico propagation maps and SEEG data, 
while virtual resections matched Engel I outcomes in 
12 of 15 cases (Engel surgical outcome class I: free-
dom from disabling seizures, auras only). The path-
way-ranking algorithm of [51] additionally identified 
the clinically determined seizure onset zone in 86% of 
events. Collectively these results confirm that network 
models can support precise, patient-specific interven-
tion planning, although their performance hinges criti-
cally on the fidelity of the 𝐶௜௝  matrix. 

Neural-mass and neural-field models coarse-
grain population activity according to 

       , , ,extV t F V t I t                    (19) 

where 𝑉(𝑡) is the mean membrane potential and Θ 
comprises conductances, delays and feedback gains. 
With appropriate tuning of Θ, macroscopic “normal - 
seizure” transitions are reproduced with amplitude 
errors of ≈ 10% and dominant-frequency deviations of 
± 1 Hz [74, 75]. Although intracellular physics is latent, 
the compatibility of these models with EEG makes 
them suitable for rapid testing of seizure detectors 

Multiscale schemes in [70], and [30] merge mi-
cro- and macro-dynamics: selected nodes are gov-
erned by Hodgkin-Huxley equations, while global in-
teractions are captured by neural-mass blocks. The 
most recent development, the Epileptor-2 network of 
[76], introduces an inhibitory subsystem 
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which models the post-ictal suppression phase with-
out incurring major computational overhead. Simula-
tions showed that a 7% increase in inhibitory feed-
back prevents seizure generalisation, in agreement 
with rodent experiments. 

Graph-theoretical frameworks proposed in  
[77, 32] treat the brain as a weighted network; in [78] 
the use of patient-specific DTI connectivity matrices 
yielded a spatial correlation of 0.75 ± 0.06 between 
simulated and empirical propagation waves. Inverse 
optimisation in [79] indicated that a ≈ 20% strength-
ening of cortico-thalamic loops can account for epilep-
togenesis in idiopathic generalised epilepsy, while 
similar strategies were applied in [30] and in [80] to 
refine the localisation of the epileptogenic network 
from scalp EEG. 

Collectively, network, neural-mass, and mul-
tiscale models provide a complementary toolkit for 
seizure synthesis, classification, and patient-specific 
forecasting. They reproduce complex spatiotemporal 
patterns while remaining calibratable to individual 
anatomy. Although high computational costs and the 
demand for high-quality structural and functional data 
remain major constraints, these very requirements 
bring simulations closer to clinical reality. 

Data Driven Methods: From Synthetic Aug-
mentation to Interpretable ML 

In contemporary epilepsy research, classical 
phenomenological, biophysical and network models 
are increasingly complemented by machine-learning 
(ML) methods capable of automatically identifying 
complex nonlinear dependencies in large EEG/iEEG 
data sets. ML tools are aimed not only at describing 
the current brain state but also at short-term forecast-
ing of its evolution, thereby enabling robust “normal 
vs. epilepsy” classification, early seizure warning and 
localisation of the epileptogenic zone. In projects that 
synthesise EEG signals for algorithm evaluation, ML 
acts as an objective benchmark of simulation fidelity 
because it captures deviations from the statistics of 
clinical recordings [81], with recent surveys highlight-
ing the role of generative modelling and data augmen-
tation for stress-testing and domain-shift robustness 
[82–84]. 

Because reported detection/forecasting perfor-
mance is strongly conditioned by the underlying data, 
we briefly contrast the public EEG/iEEG resources 
most often used for benchmarking. Public EEG data-
bases differ markedly in acquisition modality (scalp 

vs. intracranial), sampling rate, montage, recording 
duration, seizure prevalence, and label granularity; 
these factors directly affect both feature distributions 
and event-based evaluation. Table 1 summarises rep-
resentative datasets frequently used in the literature, 
including long-term clinical scalp corpora (e.g., 
TUH/TUSZ), pediatric scalp recordings (CHB-MIT), 
longer-term monitoring resources (EPILEPSIAE), and 
challenge-style collections for forecasting. For an ex-
tended catalogue and additional dataset-specific cave-
ats, we refer the reader to a recent dedicated 
survey. 

Benchmarking pitfalls are largely driven by da-
taset heterogeneity: (i) record-level random splits can 
cause subject leakage and inflated performance, hence 
patient-level protocols (leave-one-subject-out or 
group-aware cross-validation) are preferred; (ii) sei-
zure labels, onset/offset criteria, and artefact policies 
vary across institutions and corpora, affecting event-
based metrics and comparability; (iii) strong class im-
balance necessitates reporting AUPRC and false-
alarms-per-hour alongside AUROC, and calibration 
metrics when probability estimates are used; (iv) win-
dow-based scoring (fixed segments) and event-based 
scoring (seizure events) capture different operational 
risks and should not be conflated; (v) preprocessing 
choices (filtering, montage, artefact removal) can shift 
spectral features and HFO estimates, requiring trans-
parent, standardised pipelines. These considerations 
motivate the methodological choices discussed next, 
particularly patient-level validation and the use of 
complementary metrics for safety-critical forecasting. 

The entry-level stage involves conventional clas-
sifiers – support-vector machines, random forests or  
k-nearest neighbours. Each EEG segment 𝑥(𝑡) is trans-
formed into a vector of handcrafted features 

     1 2, , , kz z x z x z x                   (22) 

and the parameter set θ is fitted by minimizing 
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Knowledge augmentation schemes and hybrid 
surface learning have also been reported for seizure 
signal recognition, offering an intermediate option be-
tween manually generated features and deep models 
[85]. A systematic review in [81] showed that, given 
optimised feature selection, such models reach ap-
proximately 90% accuracy on the Temple University 
Hospital EEG Seizure Corpus (TUSZ) and the CHB-MIT 
Scalp EEG Database [86, 87]; however, their sensitivity 
to rare or mixed patterns is constrained by manual 
feature engineering. 

 
 

 



 Innov Biosyst Bioeng, 2026, vol. 10, no. 2                                                                                                                   24 

 
Table 1: Public EEG datasets commonly used for benchmarking and key sources of methodological heterogeneity 

Dataset Type Subjects Fs (Hz) 
Typical 

duration 
Primary task / label quality Reference 

TUSZ (TUH 
Seizure Detec-
tion Corpus) 

Scalp 315 (v1.2)+ 250-1k 
Hours-

days/record 

Detection; expert labels; hetero-
geneous seizure types (expanded 

in later releases) 
 [86] 

TUH EEG 
Corpus 

Scalp Thousands 250-1k 
Routine + 
long-term 

General EEG; seizure labels not  
uniform (not a pure benchmark) 

 [87] 

CHB-MIT 
 Scalp EEG  

Scalp 
(peds) 

22  
(23 cases) 

256 ≈983 h total 
Detection; seizure labels; limited 

montage consistency 
[88] 

EPILEPSIAE  Scalp >250 256/512 Long-term 
Forecasting/detection; rich 
metadata; access-controlled 

[89] 

AES Seizure 
Prediction 
Challenge  

iEEG 
7 (5 dog,  
2 human) 

400/5000 10-min clips 
Forecasting; preictal/interictal 
labels; challenge protocol (spe-

cies & Fs differ) 
[90] 

Bonn EEG Segments 5×100 173.61 
23.6 

s/segment 

Toy benchmark; simplified, not 
representative of clinical  

heterogeneity 
 [91] 

 
Deep neural networks provide automatic feature 

extraction. Convolutional architectures learn spatial-
spectral filters, whereas recurrent LSTM layers encode 
temporal dependencies, 
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where the parameters are updated by the Adam  
rule [92]. Parameters are updated with Adam, an 
adaptive moment-estimation optimizer that maintains 
exponentially decaying first- and second-moment es-
timates of the stochastic gradients and uses  
bias-corrected step sizes for stable convergence. On 
large public and proprietary cohorts, CNN/LSTM 
models achieve > 95% accuracy even in the presence 
of strong artefacts [81]. Further gains were demon-
strated by the Transformer-based SeizureFormer, 
whose multi-head self-attention predicted seizure risk 
on the EPILEPSIAE data set with AUROC = 0.96,  
outperforming LSTM at equivalent data density [92]. 
Despite high computational cost and “black-box” 
weights, these architectures train effectively on syn-
thetic signals, detecting discrepancies overlooked  
by classical algorithms [93, 94]. Graph-based neural 
networks that  exploit dynamic  functional connectivi-
ty provide  an  alternative route  to  cross-subject gen-
eralisation and evolving network-state characterisa-
tion [95]. 

When labels are scarce, unsupervised methods 
are appropriate. [96] showed that k-means or DBSCAN 
combined with PCA/t-SNE clusters latent “healthy” 
and “pathological” states across species.  The objective 
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was used to verify whether synthetic patterns fall into 
the same clusters as clinical data. [97] subsequently 
employed a variational auto-encoder that uncovered a 
pre-ictal subspace without supervision and reduced 
the mean warning horizon to 26 s at 89% sensitivity, 
demonstrating the potential of more flexible latent 
models. 

A recent trend is hybridising ML with mechanis-
tic components. In [98] individually fine-tuned a CNN-
LSTM network: the model predicted seizures with 
AUROC = 0.93 and provided stimulation windows that 
reduced seizure frequency by 42%. In [99] combined a 
high-frequency-oscillation detector with CNN + ran-
dom forest, raising focus-localisation accuracy to  
88%. Related SEEG studies further demonstrate ma-
chine-learning-based discrimination between physio-
logical and pathological HFOs and optimisation of HFO 
detection/classification pipelines for localisation  
[100, 101]. To enhance explainability, [102] applied 
layer-wise relevance propagation to a CNN trained on 
iEEG and mapped salient features onto cortical anat-
omy, facilitating clinical verification of the focus. 

Overall, machine-learning methods markedly in-
crease the diagnostic informativeness of bioelectrical 
recordings. They (i) objectively assess the quality of 
synthetic EEG and guide generator refinement; (ii) at-
tain high accuracy in classification and focus localisa-
tion through automatic extraction of multiscale fea-
tures; and (iii) enable personalised models that ac-
count for individual connectomics and seizure dynam-
ics. Principal limitations include dependence  on  large, 
cleanly annotated data sets, the computational burden 
of deep networks and the continuing need for explain-
able-AI techniques to support clinical interpretation.
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High-Order Solvers as Accelerators for 
Large-Scale Seizure Simulation 

In addition to the previously discussed models 
and ML techniques, the choice of a precise and stable 
numerical solver – capable of faithfully reproducing 
sharp depolarisation fronts and multiscale synchroni-
sation waves – is crucial for realistic data generation. 
The high-order Discontinuous Galerkin (DG) scheme 
introduced in [103] provides a universal tool that can 
be coupled directly to phenomenological, biophysical 
or even ML-oriented models. The authors applied DG 
to reaction-diffusion equations describing seizure 
propagation. The computational domain Ω is parti-
tioned into elements Ω_e, and within each element the 
target field u(x, t) is approximated by a degree-p poly-
nomial. For a generic conservation law 

                                        ( ) 0,tu F u                         (27) 

the local weak form of DG reads 
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where ϕ is the test function and 𝐹෠(𝑢ି, 𝑢ା) the stabilis-
ing numerical flux. A hybrid hp-adaptivity raises the 
polynomial degree p only where smoothness indica-
tors or gradients reveal steep fronts, leaving smoother 
regions at lower order; similarly, seizure-propagation 
models emphasize dynamic focus on regions driving 
the advancing ictal front by inferring spatiotemporal 
propagation patterns from data [39, 104]. 

Relative to classical fourth-order finite differ-
ences, DG reduces the 𝐿ଶ- voltage error four-fold on 
the same grid, while the deviation of wave-
propagation speed from the analytical solution stays 
below 1% [103]. More recently, Li et al. proposed a 
Spectral Element-DG hybrid that combines global 
spectral accuracy with local adaptivity and cuts the 
number of degrees of freedom by one-third without 
loss of fidelity, making the method attractive for 
whole-cortex 3-D simulations [105]. Because DG com-
putations are local, they parallelise naturally on GPUs; 
for example, the CUDA-optimised neural-field integra-
tor in [106] executes a whole-brain model in under 
two minutes on a single NVIDIA A100 and can serve as 
an accelerator for generating large corpora of synthet-
ic recordings. 

Given this performance, DG can act as a “gold-
standard generator” of detailed fields that are subse-
quently projected into synthetic EEG and supplied to 
deep classifiers; a transformer trained on such data re-
tained an AUROC difference of < 0.01 when trans-
ferred to clinical recordings, demonstrating that nu-
merical accuracy directly enhances ML model portabil-
ity. Consequently, state-of-the-art high-order schemes 

- particularly DG and its adaptive or hybrid variants - 
remain a critical link between physical modelling, real-
istic simulation and accurate automated classification 
of epileptic phenomena. 

Comparative Synthesis and Model Selection 
for Transferable Classifiers 

Computational models of epilepsy populate a 
continuum that spans more than four orders of magni-
tude in state space dimensionality and comparable dif-
ferences in runtime, from three-five dimensional phe-
nomenological oscillators to biophysically detailed, pa-
tient specific whole brain simulations. What emerges 
from the survey is that no single family simultaneously 
maximises biophysical fidelity, computational tracta-
bility, and clinical deployability; instead, each class oc-
cupies a well defined niche along the ion channel - mi-
crocircuit - whole brain axis and should be evaluated 
with respect to the role it can play in an end to end 
seizure forecasting pipeline. Tables 2-4 formalise this 
comparison. Table 2 maps each class to its core physi-
cal scale and typical use cases. Table 3 interprets the 
main strengths and liabilities, including quantitative 
figures where available. Table 4 places the families on-
to orthogonal axes of computational cost, biophysical 
fidelity, and suitability for EEG classification, thereby 
making the trade offs explicit. On this basis, we argue 
for a hybrid, layered strategy in which fast phenome-
nological generators supply statistical breadth, bio-
physical or multiscale blocks anchor the dynamics in 
physiology, and explainable ML models execute the 
decision stage. 

Table 2 organises the modelling landscape by 
aligning each class with its dominant physical scale 
and the corresponding clinical or algorithmic function. 
Phenomenological oscillators are positioned at the 
mesoscopic end: their low dimensional ordinary dif-
ferential equations abstract away cellular kinetics 
while retaining the bifurcation skeleton that governs 
the “normal - seizure” transition. This makes them 
uniquely well suited for rapid, large volume synthesis 
of labelled EEG segments and for benchmarking fea-
ture engineering or machine learning pipelines. In 
contrast, single  and multicompartment biophysical 
models operate at the microscopic level and directly 
manipulate conductances (synaptic gains), which is 
indispensable for virtual drug screening, channelopa-
thy analysis, or any study that requires mechanistic at-
tribution of macroscopic signatures to ionic or synap-
tic perturbations. Network and multiscale schemes 
bridge to the macroscopic domain by embedding local 
oscillators (neural mass or mean field units, or even 
Epileptor nodes) into an individual’s structural con-
nectome; this enables seizure propagation mapping, 
seizure onset zone localisation, and in silico evaluation 
of resections. Purely data driven approaches sidestep 
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explicit physiology and learn discriminative structure 
directly from large EEG/iEEG corpora; operationally, 
they currently dominate real time detection and fore-
casting, particularly when augmented with transfer 
learning or domain adaptation mechanisms. Finally, 
high order numerical techniques – DG, spectral ele-
ment, hp adaptive FEM/FV – do not constitute a dy-
namical model per se; rather, they are solver technol-
ogies that deliver reference grade forward solutions of 
the governing Partial Differential Equations / Ordinary 
Differential Equations (PDE/ODE) systems, thereby 
supplying accurate fields for scalp projection or for 
benchmarking coarser solvers. Read together, the 
rows of Table 2 show that each class is optimally 
matched to a particular slice of the modelling to clinic 
pipeline, and that meaningful integration requires re-
specting these native roles.  

Table 3 moves from taxonomy to evaluation, con-
trasting strengths and weaknesses with indicative 
quantitative metrics. Phenomenological models exhib-
it an outstanding “cost to benefit” profile: GPU real 
time integration, tunable variability of outputs, and 
reported AUROC values around 0.9 against rodent 
iEEG make them the natural backbone for data aug-
mentation and rapid hypothesis screening. Their main 
liability is the deliberate suppression of explicit ionic 
and spatial mechanisms, which limits mechanistic in-
ference. Biophysical models score maximally on physi-
cal interpretability because they expose parameters at 
the level of channels and synapses, enabling controlled 
in silico perturbations; however, this comes at the 
price of poor scalability, heavy parameterisation, and 
stringent data re-quirements for calibration. Net-
work/multiscale frameworks inherit much of the 
mechanistic realism at the macro scale and achieve 
clinically meaningful concordance with SEEG (≈ 71%), 
but depend on high quality MRI/DTI, involve >10 k pa-
rameters, and demand cluster level computation - con-
straints that reduce their practicality for routine bulk 
simula-tions or single channel settings. Machine learn-

ing approach-es deliver state of the art accuracy (often 
AUROC > 0.9) and handle multichannel data effortless-
ly, yet their opaque-ness, data hunger, and propensity 
to over alarm necessitate physics based regularisation 
and careful calibration of ex-pected risk. High order 
numerical solvers achieve <10⁻³ voltage errors on 
comparatively coarse meshes and allow local refine-
ment around steep depolarisation fronts, but they re-
main expensive in full 3 D cortex simulations and must 
always be paired with one of the aforementioned dy-
namical cores. The table therefore makes explicit that 
the “best” model is conditional on the target question - 
speed and di-versity for classifier training versus 
mechanistic depth for therapeutic inference. 

Table 4 projects the five families onto three or-
thogonal axes - computational cost, biophysical fideli-
ty, and suitability for EEG analysis/classification - 
making the central trade offs visually immediate. Phe-
nomenological models occupy the “low cost / moder-
ate fidelity / high suitability” corner, reflecting their 
ability to generate vast, label rich corpora with suffi-
cient phenomenological realism to drive feature based 
or deep classifiers. Biophysical models lie at the “high 
cost / high fidelity / moderate suitability” vertex: they 
yield rich, mechanistically grounded features but are 
too heavy for bulk synthesis, and their parameter fit-
ting can easily dominate total project time. Net-
work/multiscale approaches shift slightly towards 
lower cost relative to biophysical micro models 
(thanks to coarse graining) while maintaining high 
macroscopic fidelity; critically, they rank high for EEG 
analysis whenever topology driven features or patient 
specific propagation patterns are the target. 

Machine learning methods span a wide cost 
range, from lightweight SVMs to transformer scale ar-
chitectures, and their fidelity is inherently tied to the 
training data; nevertheless, when sufficient data and 
calibration are available, they provide the highest 
practical classification performance. High order solv-
ers remain computationally demanding and only

 
Table 2: Model classes, core physical scale and primary clinical/algorithmic use cases 

Model class Core principle / scale Typical use-cases 

Phenomenological 
Low-dimensional ODEs capturing the macrotransition 
“normal - seizure” via saddle-node or Hopf bifurcations 

Large-scale data synthesis; feature/ML 
benchmarking; real-time detection 

Biophysical (single / 
multicompartment) 

Detailed Hodgkin-Huxley-type ion channels and  
synaptic kinetics 

In silico drug tests; channelopathy 
studies; parameter fitting 

Network / Multiscale 
Coupling local oscillators (neural mass / mean-field) 

with individual structural connectomes 
EZ localisation, in silico resection, 

propagation pathways 

Machine Learning / 
Data-Driven 

Statistical and deep (CNN/LSTM/Transformer) models 
that learn patterns directly from large EEG corpora 

Real-time seizure detection / forecast-
ing; patient adaptation 

High-order Numeri-
cal (DG, FDTD, FEM) 

Spectral or hp-adaptive discretisation of PDEs, accurate-
ly tracking depolarisation fronts 

Reference fields for forward scalp  
projection; benchmarking other  

solvers 
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Table 3: Strengths and limitations of each class with indicative quantitative metrics where reported 

Model class Strengths Limitations 

Phenomenological 
GPU real-time integration; AUROC ≈ 0.9 vs. 

 rodent iEEG; tunable variability 
Simplified ion physics; no explicit  

spatial flow 

Biophysical (single / 
multicompartment) 

High physical interpretability; direct manipula-
tion of 𝑔ே௔ , 𝑔௄ , … 

Parameter-rich, poor scalability;  
needs precise data 

Network / Multiscale 
Reproduce generalisation waves; patient-

specific DTI; 71% spatial concordance with 
SEEG [73] 

Depend on high-quality MRI/DTI;  
10 k + parameters; heavy compute 

Machine Learning / Data-
Driven 

AUROC > 0.9; easy re-training; handle  
multi-channel data 

“Black-box” nature; data hungry;  
false-positive prone 

High-order Numerical (DG, 
FDTD, FEM) 

<10⁻³ error on coarse meshes; local  
p-refinement 

Require a base dynamical model;  
expensive for 3-D brain 

 

Table 4: Cross axis comparison: computational cost, biophysical fidelity, and suitability for EEG classification 

Model class Computational cost 
Biophysical 

fidelity 
Suitability for EEG analysis / classifica-

tion 

Phenomenological Low Moderate High (ideal synthetic generators) 

Biophysical (single / 
multicompartment) 

High High 
Moderate (rich features, slow for bulk  

synthesis) 

Network / Multiscale Mid - high 
High (macro-

level) 
High (topology-driven features) 

Machine Learning / Data-Driven Variable (mid - high) Variable 
Highest if enough data, especially in  

hybrid pipelines 

High-order Numerical 
 (DG, FDTD, FEM) 

High 
Tied to base 

model 
Indirect (after forward projection) 

 
indirectly suitable for EEG classification, as their out-
puts must first be projected to sensor space; their 
primary value is to serve as numerically precise refer-
ences that constrain or validate faster surrogates. This 
cross axis view substantiates the recommendation to 
distribute roles across classes rather than to search for 
a single universal model. 

Epileptic dynamics span a continuum from ion 
channel kinetics to whole brain synchrony; no single 
model family resolves all scales at once. Phenomeno-
logical oscillators such as Epileptor 2 provide the best 
speed to variability ratio, making them ideal for gen-
erating large labelled corpora for machine learning 
pipelines. Biophysical single  and multicompartment 
networks maximise mechanistic insight and are indis-
pensable for virtual drug screening, yet their parame-
ter load and runtime limit deployment in bulk simula-
tions. Multiscale connectome based frameworks deliv-
er the highest spatial realism and have already 
achieved a 71% match with stereotactic EEG, but the 
price is extensive MRI/DTI calibration and heavy 
computation. Purely data driven ML approaches cur-
rently set the state of the art in practical seizure fore-
casting, though their opacity and reliance on massive 
datasets call for physics based regularisation to curb 
false positives. Finally, high order numerical solvers 

act as reference grade engines when spatial resolution 
is paramount, serving chiefly to validate coarser sur-
rogates. The analysis therefore advocates a hybrid 
strategy: use fast phenomenological generators for da-
ta augmentation, anchor them with biophysical or 
network models for interpretability, and couple the 
ensemble to explainable ML classifiers – an arrange-
ment that balances computational efficiency, biological 
plausibility, and clinical performance. 

Against this landscape of trade-offs, the Epileptor 
emerges as the most rational choice for practical im-
plementation. Its three-variable structure can be inte-
grated with a fixed-step solver in less than ten milli-
seconds of CPU time per 30-second segment, sufficient 
to generate thousands of realisations for training. A 
minimal set of control parameters allows smooth 
transitions from “normal” to “seizure” and, if required, 
the addition of stochastic noise or a slow ionic varia-
ble, enhancing diversity without rewriting the code 
base. For single-channel mouse data, this variability 
suffices to populate the feature space with amplitude, 
dominant-frequency and spike-morphology variations, 
while the model remains transparent enough to moni-
tor the link between parameters and output – an es-
sential property for interpreting subsequent classifica-
tion results. 
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Against this background we propose the pipeline 
“modelling - feature extraction - classification - trans-
fer,” depicted in Fig. 2. First, statistically diverse nor-
mal and epileptic signals are generated with wide var-
iation of parameters and noise. A broad feature set is 
then computed; its discriminative power is quantified, 
and an optimal subset is selected to train a classifier. 
The final stage transfers the model to in vivo EEG and 
benchmarks it against classical methods. We expect 
that synthetic data augmentation will lower the false-
positive rate, improve generalisation, create a stand-
ardised test bed, and enable rigorous parameter as-
sessment –  thereby mitigating key barriers and rais-
ing the diagnostic value of EEG.  

Figure 2: End-to-end workflow for enhancing EEG diagnos-
tic power 

At the same time, we acknowledge that founda-
tion models and transfer learning can substantially re-
duce the reliance on large labeled EEG cohorts. How-
ever, for seizure forecasting the remaining bottlenecks 
are not fully addressed by pretraining alone: the rare-
event nature of pre-ictal windows, patient-specific 
domain shift (montage, artefacts, sampling rate, scalp 
vs. iEEG) and safety-critical operating points defined 
by false-alarms-per-hour and calibration/latency met-
rics [8, 10, 15, 16, 19]. In this setting, Epileptor-2-
based synthesis is positioned not as a replacement for 
foundation/transfer pipelines, but as a complemen-
tary calibration and interpretability layer enabling 
controlled ablations, counterfactual stress-tests and 
ground-truth event timing for quantitative evaluation. 

The classification problem for epileptic seizures 
has previously been explored using baseline machine-
learning techniques [49]. In the forthcoming experi-
mental work we will replicate that study under a mod-
ified protocol that incorporates model-generated data 
and, employing the same computational toolkit and 
data structure, will compare the resulting perfor-
mance metrics with those reported in [49]. 

Conclusions and Outlook for Clinically Ori-
ented Epilepsy Modelling 

The present review confirms that computational 
epilepsy modelling has evolved from the earliest bio-

physical descriptions of single neurons to multiscale 
platforms and hybrid ML systems capable of integrat-
ing structural, functional and phenomenological data. 
Phenomenological models provide the most favoura-
ble trade-off between computational economy and ac-
curate reproduction of the critical bifurcations that 
underlie seizure transitions; biophysical schemes yield 
deep insights into cellular and ionic mechanisms, 
whereas network-based and data-driven approaches 
elucidate the spatiotemporal organisation of seizures 
and the prospects for personalisation. Collectively, 
these directions outline a multilayered picture of epi-
leptogenesis, yet their systematic integration has hith-
erto remained fragmentary. We therefore position 
model-based synthesis as a calibration and interpret-
ability layer that complements modern foundation-
model and transfer-learning pipelines rather than 
competing with them. 

Against this background, the Epileptor emerges 
as the optimal baseline model for practical implemen-
tation: it captures the full “normal - seizure - post-ictal 
suppression” cycle and generates synthetic signals 
with controllable diversity. The model affords suffi-
cient biophysical plausibility to retain clinical rele-
vance while remaining compact enough to enable rap-
id production of large data sets for machine-learning 
pipelines. 

The practical value of the proposed approach 
rests on three key attributes. First, rapid implementa-
tion and GPU scalability enable the synthesis of tens of 
thousands of traces within hours, a capability that is 
critical for training deep neural networks. Second, the 
small parameter set facilitates patient-specific tuning, 
allowing the model to be adapted to individual signal 
characteristics without labour-intensive inverse mod-
elling. Third, the transparent correspondence between 
parameters and output waveforms enhances the in-
terpretability of classification algorithms, because 
changes in feature vectors can be directly linked to the 
model’s dynamic regime. 

This concept will be further developed by (i) 
constructing a library of synthetic Epileptor signals 
with systematically varied regimes, (ii) optimising the 
feature set for SVM classification, and (iii) benchmark-
ing model performance on both synthetic data and re-
al mouse EEG. Such an integrated approach is ex-
pected to demonstrate that phenomenological dynam-
ics can serve as an efficient yet interpretable data 
source for state-of-the-art automated epilepsy diag-
nostics. 
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ФІЗИЧНІ ПРОЦЕСИ В БІОЛОГІЧНИХ НЕЙРОННИХ МЕРЕЖАХ ПІД ЧАС ЕПІЛЕПТИЧНИХ НАПАДІВ: ОГЛЯД МОДЕЛЕЙ  

Анотація: У статті наведено огляд підходів до виявлення та прогнозування епілептичних нападів за електроенцефалографіч-
ними та інтракраніальними електроенцефалографічними сигналами з акцентом на фізично обґрунтоване моделювання нейро-
нів і нейронних мереж. Актуальність теми зумовлена тим, що сучасні алгоритми машинного та глибокого навчання демонстру-
ють високі показники класифікації, однак їх практичне застосування обмежується міжпацієнтною варіабельністю, дефіцитом ро-
змічених даних, залежністю від попередньої обробки, проблемою хибних тривог і недостатньою інтерпретованістю ознак. У ро-
боті систематизовано основні класи моделей, які застосовуються в обчислювальній епілептології: низьковимірні феноменоло-
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гічні моделі, біофізичні моделі окремих нейронів і мембранних процесів, мережеві та багатомасштабні підходи, методи машин-
ного навчання, а також високоточні чисельні схеми для великомасштабного моделювання. Показано, що біофізичні та багато-
масштабні моделі забезпечують глибше пояснення іонних, синаптичних і мережевих механізмів епілептиформної активності, 
але потребують великої кількості параметрів і значних обчислювальних ресурсів. Натомість феноменологічні моделі, зокрема 
Epileptor та Epileptor-2, забезпечують раціональний компроміс між швидкістю моделювання, керованістю параметрів і здатністю 
відтворювати перехід між нормальним, іктальним та постіктальним режимами. Обґрунтовано, що такі моделі доцільно викорис-
товувати не як заміну реальних ЕЕГ/iEEG-даних, а як джерело контрольованих синтетичних сигналів для калібрування ознак, 
перевірки стійкості класифікаторів і аналізу фізичного походження інформативних характеристик. Запропоновано розглядати 
модельно згенеровані сигнали як допоміжний рівень між експериментальними даними та алгоритмами машинного навчання. 
Такий підхід може підвищити відтворюваність досліджень, покращити інтерпретованість діагностичних ознак і створити основу 
для подальшої розробки компактних систем виявлення та прогнозування епілептичних нападів. 
Ключові слова: електроенцефалографія; іктальний перехід; синтетичні калібрувальні дані; феноменологічна динаміка; 
Epileptor-2; біфуркаційні механізми; мультимасштабний конектом; виділення ознак; калібрування класифікатора; трансферна 
валідація. 


