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Abstract

Epileptic electroencephalography (EEG) can exhibit progressive rhythm slowing across seizure evo-
lution and postictal recovery. How fast ictal activity and slower recovery-related processes generate
this fast-to-slow rhythm transition within recurrent seizure cycles remains poorly understood. This
study aimed to reproduce and explain this spectral evolution using a dynamical model. To pro-
vide an empirical reference, we characterized spectral evolution in 33 seizures from 11 patients using
time-frequency analysis. Within-patient analysis showed ictal slowing followed by retained relative
low-frequency weighting during early postictal recovery, whereas postictal trajectories varied across
patients. We developed a Dual-Component Epileptic EEG (DCE) model comprising two coupled sub-
systems: one generates fast ictal discharges and spontaneous interictal-ictal transitions; the other
governs transitions among fast spikes, spike—wave discharges, and slow waves. The model qualita-
tively reproduced the fast-to-slow rhythm transition and delineated interictal, ictal, and postictal
phases. Three parameter families regulated distinct transition features: timescale ratios set spectral
span, filtering rates governed temporal organization, and connectivity coefficients shaped oscillatory-
regime composition by shifting bifurcation thresholds. In simulations of two coupled DCE nodes,
coupling strength controlled the extent of recruited rhythm slowing, and recruited events exhibited
longer model-defined postictal durations than spontaneous events. By linking recurrent interictal-ictal
switching with spectral evolution, the DCE model provides a unified dynamical account of fast-to-
slow rhythm transitions and their variability. Its model-defined ictal-postictal boundary may support
patient-specific estimation of electrographic seizure offset. Inter-node differences in rhythm slowing
and postictal duration may serve as candidate dynamical signatures for distinguishing driving from
recruited nodes in epileptic networks.

Keywords: epilepsy, electroencephalography (EEG), spectral evolution, seizure dynamics, postictal
recovery, spike-wave discharge

1 Introduction

Epilepsy is a chronic neurological disorder char-
acterized by spontaneous and recurrent seizures,
which arise from abnormal neuronal discharges

in the brain. Electroencephalography (EEG) pro-
vides a macroscopic window into the collective
rhythmic activity of neuronal populations, playing
an essential role in seizure detection, presurgical
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evaluation, and epileptic network analysis (Wong
et al. 2023; Rosenow and Liiders 2001; Bartolomei
et al. 2008). Clinical and electrophysiological stud-
ies use specific EEG markers to characterize
epileptiform activity and, particularly in focal
epilepsy, support delineation of the epileptogenic
zone. These markers span diverse timescales: low-
voltage fast activity (LVFA) and high-frequency
oscillations (HFOs) represent fast epileptiform
activity (Perucca et al. 2014; Frauscher et al. 2017;
Zijlmans et al. 2012); interictal epileptiform dis-
charges (IEDs), such as spikes and sharp waves,
capture abnormal paroxysmal events (De Curtis
et al. 2001; Kane et al. 2017); and spike—wave dis-
charges (SWDs), slow waves, and direct-current
shifts involve slower rhythmic activity or sus-
tained potential shifts (Sitnikova 2010; Sheybani
et al. 2025; Lee et al. 2020). These structured dis-
charge patterns in epileptic EEG are not merely
isolated signal abnormalities but reflect specific
pathophysiological interactions among neuronal
populations whose relative contributions change
as a seizure progresses (Destexhe 1998). Therefore,
epileptic EEG can be regarded as a temporally
organized, multi-timescale process rather than a
collection of independent electrographic events.
This multi-timescale organization gives rise to rich
spectral dynamics that may provide insights into
mechanisms underlying seizure initiation, prop-
agation, termination, and recovery (Jirsa et al.
2014; Wendling et al. 2016).

These spectral dynamics are particularly evi-
dent as EEG rhythms evolve across the ictal and
postictal periods. During the ictal period, seizures
often initiate with LVFA or fast tonic discharges
in the gamma band and then evolve into slower
clonic activity in the theta band (Perucca et al.
2014; Demont-Guignard et al. 2009; Wendling
et al. 2003). After seizure termination, EEG activ-
ity does not immediately return to the interic-
tal baseline; instead, the postictal state is com-
monly characterized by suppression or slowing of
EEG rhythms, with delta slowing representing
the most prominent postictal EEG change (So
and Blume 2010; Pottkamper et al. 2020). These
clinical observations indicate that the dominant
rhythms of epileptic EEG tend to shift toward
lower-frequency bands over the course of seizure
evolution and postictal recovery. Quantitative
analyses further support this view. Ictal propaga-
tion is accompanied by organized time—frequency

structures (Hu et al. 2026), and seizure termi-
nation involves systematic spectral reorganiza-
tion, including decreased spectral entropy and
increased delta activity (Sanz-Garcia et al. 2017).
These findings suggest that postictal slowing
should not be viewed as spectrally isolated from
the preceding seizure, but may instead represent
the slow terminal segment of a continuous down-
ward spectral trajectory that begins during seizure
evolution and extends into postictal recovery. In
this study, we refer to this continuous down-
ward ictal-to-postictal spectral trajectory as the
fast-to-slow rhythm transition.

This spectral trajectory may reflect specific
neural processes engaged at different stages of a
seizure: fast activity at seizure onset, progressive
rhythm slowing during seizure evolution, and sub-
sequent slow-wave recovery have been associated
with local activation of epileptic networks, large-
scale synchronization, and postictal network reor-
ganization, respectively (Bartolomei et al. 2008;
Wendling et al. 2003; Tomlinson et al. 2018).
Characterizing this spectral trajectory may there-
fore provide insights into the mechanisms under-
lying seizure dynamics. Clinical and experimental
studies primarily establish associations between
spectral EEG features and brain regions or clin-
ical states. On their own, they do not provide
a unified dynamical account of how this trajec-
tory is generated or how fast- and slow-timescale
processes interact during its evolution. Computa-
tional models can complement these studies by
representing latent neural processes with a small
number of state variables and parameters, thereby
linking macroscopic EEG phenotypes to candidate
neuronal and biophysical mechanisms (Wendling
et al. 2016; Saggio et al. 2020).

Many mechanistic models of epileptic EEG are
based on neural mass models (NMMs) (Wilson
and Cowan 1972), which have reproduced spe-
cific epileptiform discharges observed in clinical
EEG, such as fast ictal activity in temporal lobe
epilepsy and SWDs in absence epilepsy (Wendling
et al. 2002; Goodfellow et al. 2011; Taylor and
Baier 2011). In addition to particular waveform
classes, NMM-based studies have also modeled
waveform evolution and frequency trajectories,
including the downward chirp of fast-onset activ-
ity in focal epilepsy (Nevado-Holgado et al. 2012;
Kayabas et al. 2024). Moreover, the Epileptor pro-
vides a canonical low-dimensional description of



spontaneous seizure onset and offset through tran-
sitions between interictal and ictal states (Jirsa
et al. 2014). However, how interactions between
fast ictal activity and slower recovery-related
processes generate a continuous ictal-to-postictal
spectral trajectory within recurrent seizure cycles
remains insufficiently understood. To address this
gap, we propose a phenomenological dynami-
cal model, named the Dual-Component Epilep-
tic EEG (DCE) model, to capture this spectral
evolution. The model comprises two coupled sub-
systems operating on different timescales: the
first describes fast ictal activity and spontaneous
interictal-ictal transitions, whereas the second
describes transitions among fast spikes, SWDs,
and slow waves. The second subsystem is moti-
vated by observations that fast ictal discharges
and spike—wave complexes can overlap and evolve
continuously during seizures (Aung et al. 2026).
Through nonlinear interactions between the two
subsystems, the DCE model links progressive ictal
rhythm slowing to postictal slow activity while
preserving spontaneous interictal-ictal switching.
The primary novelties and contributions of this
work are as follows:

® We characterize the fast-to-slow rhythm transi-
tion and its variability in clinical EEG and show
that the DCE model qualitatively reproduces its
principal spectral features.

e Within the DCE framework, coupled dynam-
ics generate recurrent interictal-ictal-postictal
cycles in which the fast-to-slow rhythm tran-
sition unfolds across the ictal and postictal
phases.

® We investigate the variability of the rhythm
transition and establish a parameter-to-
phenotype decomposition, showing that three
functionally distinct parameter families control
different aspects of the transition.

® We extend the analysis to two coupled DCE
nodes and characterize recruitment-induced
rhythm transitions, showing that coupling
strength governs the extent of rhythm slowing
in the recruited node and that recruited events
exhibit longer postictal durations than events in
the driving node.

The rest of this paper is organized as follows.
In Section 2, we introduce the DCE model step
by step. In Section 3, we present the clinical char-
acterization, simulation results, and dynamical

analyses. In Section 4, we discuss the implications
and limitations of these findings and outline future
extensions. In Section 5, we draw conclusions.

2 Models and methods

2.1 Model overview:
dual-component epileptic EEG
model

The DCE model is developed to reproduce the
progressive slowing of EEG rhythms across seizure
evolution and postictal recovery. To achieve this,
the model design is motivated by two signal-
level observations. First, fast ictal discharges arise
and terminate spontaneously, reflecting the recur-
rent nature of epileptic seizures. Second, fast
ictal discharges and spike—wave complexes fre-
quently overlap and evolve continuously during
seizures (Aung et al. 2026). Accordingly, as illus-
trated in Fig. 1(a), the DCE model comprises two
subsystems that capture these two temporal com-
ponents. Subsystem I (z1,y1,21) generates fast
ictal activity and governs spontaneous interictal—
ictal transitions, whereas Subsystem IT (22, yo, 22)
governs transitions among fast spikes, SWDs, and
slow waves. The two subsystems are nonlinearly
coupled to enable mutual modulation between
fast and slow components, thereby allowing the
model to generate diverse rhythmic patterns. In
this sense, the DCE model is a phenomenological
model designed to describe the spectral evolution
of epileptic EEG rather than to simulate neuronal
populations in biophysical detail.

2.2 Subsystem I: fast ictal
discharges and interictal—ictal
transitions

Subsystem I is designed to generate fast ictal
discharges and spontaneous interictal-ictal tran-
sitions. A canonical phenomenological model of
square-wave bursting provides a compact descrip-
tion of such alternations between quiescent and
active regimes (Jirsa et al. 2014; Ermentrout and
Terman 2010). Its explicit separation of fast and
slow dynamics provides a tractable framework for
analyzing these recurrent state transitions. Based
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(a) Dual-Component Epileptic EEG (DCE) model (b) Component 1: fast ictal discharge (x4)
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Fig. 1 Architecture and isolated-subsystem dynamics of the Dual-Component Epileptic EEG (DCE) model. (a) Schematic
of the DCE model. Subsystem I generates fast ictal activity through z; and y; and recurrent interictal-ictal transitions

through the ultraslow variable z;. Subsystem II generates

spike—wave discharge (SWD)-related dynamics through the fast

variables x2,y2 and the slower variable z2. The timescale ordering is shown below the schematic. The two subsystems

interact through fi(x1,z2,21) (blue path) and fa(z1,21)

(orange path), defined in Section 2.4. Physiological annotations

indicate possible qualitative interpretations of the model variables; see Sections 2.2 and 2.3 for details. (b) Time series of
z1 from isolated Subsystem I, showing recurrent seizure-like bursts. (c) Time series of x2 from isolated Subsystem II at
p = 2.8, 4.8, and 6.8, showing fast spikes, SWDs, and slow waves, respectively. Horizontal and vertical scale bars indicate
model time and amplitude, respectively; both are dimensionless. AMPA, a-amino-3-hydroxy-5-methyl-4-isoxazolepropionic
acid; NMDA, N-methyl-D-aspartate; GABA, y-aminobutyric acid.

on this, Subsystem I is defined as follows:

dry  —fi(z1) +y1 — 21 + 20

kil 1
dt Taq ’ (1)
%: _91_5$%+yo’ (2)

dt Ty
dzy _ —z1 + h(zy; Zo)’ 3)

dt T

where
Ji(zy) in’—?’z%a (4)
—x1—0.5

h(zx1;20) = z0+3/ (1 + exp (a:101>> , (5)

with the timescales satisfying 7,, = 7,, < 7,.
The fast variables x1 and y; generate oscillatory
activity in the (x1,y1) phase plane, corresponding
to fast ictal discharges, whereas the slow vari-
able z; shifts the zj-nullcline (dglit1 = 0) and
thereby controls transitions between active (ictal)
and silent (interictal) phases. The parameters xg
and yo act as constant bias terms in the sub-
system. Importantly, the parameter z; controls
the degree of epileptogenicity: for zy < 2.95,
the subsystem generates spontaneous fast ictal
discharges and is said to be epileptogenic; for
zo > 2.95, it remains near equilibrium and is said
to be non-epileptogenic. Unless stated otherwise,

all parameters are taken from Table 1. Simula-
tion results for Subsystem I at the default value
2o = 2.6 are shown in Fig. 1(b), where the subsys-
tem produces recurrent seizure-like bursts. This
parameter-based definition of epileptogenicity is
used in Section 3.4 when constructing driving and
recruited nodes in the coupled analysis.

Although Subsystem I is phenomenological,
its dynamics admit a qualitative physiological
interpretation. The fast variables x; and y; cap-
ture rapid ictal activity, whereas 2z; provides
ultraslow modulation of seizure recurrence. This
timescale separation is motivated by the distinc-
tion between fast neuronal discharges and slower
processes regulating network excitability (Jirsa
et al. 2014). Extracellular ionic regulation, includ-
ing glial potassium buffering, provides a pos-
sible physiological basis for such slow modula-
tion (Frohlich et al. 2010).

2.3 Subsystem II: spike-wave
discharge dynamics

Subsystem II generates spike-wave discharges
and slow-wave activity through fast excitatory—
inhibitory interactions coupled to slower
inhibitory feedback. This effective fast—slow archi-
tecture is motivated by thalamocortical models



Table 1 Default parameter values for the DCE model.

Parameter Value Equation Parameter Value Equation
Taq 0.3 (1) Coz 23 (6)
Tur 0.3 (2) Cya -15 (6)
Tay 1300 (3) C.s -10 (6)
Zo 3.1 (1) Cry 35 (7)
20 2.6 (3) D 4.8% (6)
Txo 1 (6) q -4 (7)
Tys 1 (7) r 0 (3)
Tes 80 (8) Y1572 0.001, 0.015 (10)

2The tabulated value of p applies only when Subsystem II is simulated in isolation. In the full DCE model, p is defined by the

function fa(x1,21) in Eq. (10).

of SWD generation (Destexhe 1998; Steriade
and Contreras 1998). Following a reduced tha-
lamocortical model based on the Wilson-Cowan
formalism (Wang et al. 2012), Subsystem II is
written as follows:

@ _ —T2+ S(Crzra + Cyyya + Crpza + )
dt Tay ’

dt Tys
dza _ —224 S(Cpem2 + 1) ()
dt Ty ’

where the timescales satisfy 7., ~ 7,, < T,,
and S(-) denotes the sigmoidal activation func-
tion, S(u) = 1/(1 + exp[—(u — 4)]). Here, z2 and
Yo are interpreted as effective fast-timescale vari-
ables associated with excitatory and inhibitory
population activity, respectively, whereas zo is
interpreted as an effective slow-timescale variable
associated with inhibitory feedback. The fast vari-
ables govern the rapid spike component of SWDs,
whereas zo governs the subsequent slow-wave com-
ponent. This separation between spike and wave
timescales enables Subsystem II to generate SWD-
like waveforms. The connectivity coeflicients Cj;
define interactions among these variables: C,, >
0 controls self-excitation of x9; Cypy > 0 and
Cy> > 0 couple z2 to y2 and zo; and Cy, < 0
and C,, < 0 provide inhibitory feedback to xs.
The fast—slow feedback architecture has a qual-
itative analogue in thalamocortical models with
fast excitation and inhibition and slower GABAEg-
mediated feedback (Wang et al. 2012). The inputs

P, q, and r set the excitability of the correspond-
ing effective populations. Unless stated otherwise,
all parameters are taken from Table 1. The input
p is the main control parameter for Subsystem II.
As shown in Fig. 1(c), varying p enables Subsys-
tem II to generate distinct waveforms, including
fast spikes, SWDs, and slow waves.

2.4 Nonlinear coupling between
subsystems

The two subsystems are coupled bidirectionally
so that the fast ictal component and the spike—
wave and slow-rhythm components can modulate
each other during the seizure-like bursts in Sub-
system I.

Influence of Subsystem II on Subsystem I

To allow the firing activity generated by Sub-
system II to shape the fast ictal discharges in
Subsystem I, the function fi(z;) in Eq. (1) is
replaced by a state-dependent function:

fi(z1, 22, 21)

x3 — 3232, z1 <0,

(2.’1’52 — 0.6(2’1 — 4)2 — 1.3)371, X1 Z 0.
(9)
At 21 = 0, both branches of f; evaluate to zero,
so the function is continuous across the switch-
ing boundary. However, its one-sided derivatives
at x1 = 0 are generally unequal: the left deriva-
tive is zero, whereas the right derivative is 2xo —
0.6(z1 — 4)? — 1.3. Thus, f; is continuous but
only piecewise differentiable. Through this cou-
pling, x5 from Subsystem II modifies the positive
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branch of the xi-nullcline and thereby changes
the amplitude envelope of fast ictal activity in
Subsystem I. The zj-dependent term acts as a
slow phase-dependent gate, allowing the envelope
modulation to vary across seizure evolution while
constraining its amplitude to a bounded range.

Influence of Subsystem I on Subsystem II

Conversely, the SWD-generating subsystem is
embedded into the interictal-ictal framework of
Subsystem I. During the interictal period, Subsys-
tem II should produce only isolated spikes rather
than sustained oscillations. To embed the SWD
dynamics into the interictal-ictal framework of
Subsystem I, the external input p in Eq. (6) is
redefined as a time-dependent drive:

p = fa(wy1,21) = 3.392; — 6.46

t
2.571/ e‘”l(t_s)xl(s) ds, 2% >0,
+ e
2.572/ 6772(“8)331(5) ds, %21 <0
0
(10)

The linear term 3.39z; — 6.46 in Eq. (10) links
p to the slow variable z; of Subsystem I, while
the convolution term implements low-pass filter-
ing of the fast ictal activity x; in Subsystem I.
The two filtering rates v; and 7, are used during
the rising and falling phases of zi, respectively,
allowing the filtered drive to Subsystem II to
accumulate and decay with distinct temporal pro-
files. This asymmetry is systematically analyzed
in Section 3.3.2.

After coupling the two subsystems, the sim-
ulated EEG of the whole DCE model is defined
as x1 + 2xo. The six core state variables possess
characteristic timescales that satisfy

Tor R Ty < Ty N Tyy K Tz K Tays (11)
providing the multi-timescale structure required
to generate ultrafast ictal discharges, fast spikes
and slow waves in SWDs, and ultraslow mod-
ulation of the seizure phase within a unified
framework.

2.5 Simulation methods

The DCE model is implemented in MATLAB
R2022a. To account for background EEG fluc-
tuations, zero-mean Gaussian white noise is

added to the model equations. Specifically, mutu-
ally independent Wiener processes enter directly
into Egs. (1), (2), (6), (7), and (8), with
diffusion intensities of 0.0001, 0.0001, 0.0015,
0.0015, and 0.00004, respectively. No stochas-
tic input is applied to z;. The numerical sys-
tem is advanced jointly using a fixed integration
step of h = 0.025. At each step, the deter-
ministic drift is approximated using the classi-
cal fourth-order Runge-Kutta method, whereas
the state-independent additive Wiener increment
is incorporated once in Euler—-Maruyama form.
The complete stochastic formulation and numer-
ical integration scheme are provided in Sup-
plementary Section S1. A standalone MATLAB
implementation of this numerical formulation is
available at https://github.com/Fengzhang1998/
Dual-Component-Epileptic- EEG-model.

It should be noted that the integration step
h = 0.025 is defined in dimensionless model
time, and one simulation sample is recorded at
each integration step. For comparison with the
clinical EEG analyzed in Section 3.1, whose sam-
pling frequency is 512 Hz, the simulated output is
assigned a sampling frequency of 512 Hz, such that
512 simulation samples correspond to 1 s. This
fixed conversion is applied uniformly to all simu-
lations when constructing the time and frequency
axes for time—frequency analysis and when report-
ing simulated durations in seconds. It does not
alter the model equations or numerical integra-
tion and should not be interpreted as a biophysical
calibration of the model timescales.

3 Results

3.1 Characterization of the
fast-to-slow rhythm transition
in clinical EEG

Earlier studies have documented ictal rhythm
slowing and postictal delta activity, motivating
our definition of the fast-to-slow rhythm transi-
tion. Here, we characterized clinical EEG spectral
evolution across the ictal and early postictal peri-
ods to examine the relationship between these
phenomena. This analysis provided an empiri-
cal reference for the DCE model and assessed
variability across seizures and patients.

The clinical EEG data analyzed here were
obtained from the publicly available Siena Scalp
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EEG dataset (Detti 2020), which contains 47
annotated seizures from 14 patients (Supplemen-
tary Table S1), recorded at 512 Hz using the
international 10-20 electrode system. Most nom-
inal acquisition passbands reported in the EDF
metadata covered 2-30 Hz (Supplementary Table
S2); we therefore adopted this frequency range for
cross-patient spectral analysis. Recordings were
included when their nominal high-pass cutoff was
below 2 Hz and their low-pass cutoff was at
or above 30 Hz, yielding 33 seizures from 11
patients. Patient PNOO was selected for detailed
illustration because its recordings clearly dis-
played the spectral evolution motivating the com-
putational model. Participant information and
recording selection are detailed in Supplementary
Section S2.1.

Although the postictal state may persist for
minutes to hours (Pottkamper et al. 2020), our
analysis focused on spectral evolution around
the immediate ictal-postictal transition. For each
seizure of duration D, the analysis window
extended from the clinically annotated seizure
onset to D seconds after the annotated seizure
offset, thereby including the complete annotated
ictal period and an equally long interval of
early postictal recovery. We quantified spectral
evolution using both short-time Fourier trans-
form (STFT) and continuous wavelet transform
(CWT). Three complementary spectral features
were calculated from linear spectral power over
2-30 Hz. The spectral centroid (SC) is the power-
weighted mean frequency, and the median fre-
quency (MF) divides the analyzed spectral power
into equal halves. The low-frequency ratio (LFR)
is the proportion of 2-8 Hz power within the total
2-30 Hz power. It reflects the relative contribution
of delta/theta activity within the analyzed portion
of the delta-to-beta range. Transform parameters
for STFT and CWT, spectral feature equations,
and absolute-power calculations are detailed in
Supplementary Section S2.2.

Fig. 2(al,a2) shows simultaneous EEG record-
ings from T5 and O2 during the same seizure in
Patient PN0O. The matched enlarged views reveal
more prominent rapid fluctuations in T5 than
02 (Fig. 2(a3,a4)). This waveform difference is
consistent with the stronger broadband fast ictal
activity in T5 shown by the STFT spectrograms
(Fig. 2(b)). The CWT spectrograms revealed the
lower-frequency evolution more clearly. During the

later ictal interval, spectral power shifted toward
lower frequencies, with low-frequency activity per-
sisting beyond the annotated offset (Fig. 2(c)).
This evolution was visible in both electrodes
despite their different levels of fast ictal activ-
ity. Correspondingly, SC and MF decreased and
LFR increased over the later ictal portion of the
event (Fig. 2(d)). This example illustrates ictal
slowing and its relationship to early postictal
spectral activity under contrasting ictal waveform
expression within the same seizure.

We next examined whether this pattern
recurred across seizures in Patient PNOO. Four
of its five annotated seizures met the harmo-
nized 2-30 Hz passband criterion. For each eligible
seizure, channel-level descriptors were interpo-
lated to a common event-relative axis and sum-
marized across eligible EEG channels using the
pointwise median, with onset at 0, offset at 1, and
the end of the matched postictal interval at 2.
Median-based aggregation reduces sensitivity to
extreme channel-level values (Wilcox and Rousse-
let 2023) and has been used to summarize EEG
spectral measures across channels (Comsa et al.
2019). For phase comparisons, the early ictal, late
ictal, and early postictal windows were defined as
normalized times 0.10-0.40, 0.70-1.00, and 1.00—
1.30, respectively. Ictal slopes were calculated over
0-1, and full-window slopes over 0-2 (Supple-
mentary Table S3). All four PNOO seizures had
negative ictal slopes for SC and MF and posi-
tive ictal slopes for LFR (Fig. 3(a—c)). In each
event, early postictal SC and MF remained lower,
and LFR higher, than in the early ictal window
(Supplementary Table S3). Postictal trajectories
nevertheless varied, with a pronounced transient
rebound in Seizure 2. Additionally, dominant-
frequency trajectories supported ictal slowing and
retained early postictal low-frequency activity,
consistent with the SC, MF, and LFR results
(Supplementary Section S2.4 and Fig. S1). Using
STFT instead of CWT also yielded negative ictal
SC slopes and lower early-postictal than early-
ictal SC values in all four PNOO events, although
the absolute SC values and detailed trajecto-
ries differed between methods (Supplementary
Fig. S2).
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Fig. 2 Ictal-to-postictal spectral evolution in two EEG channels during one PNOO seizure. (a) Simultaneous EEG record-
ings from T5 (al) and O2 (a2) during the fourth annotated seizure, with amplitudes in pV. Gray boxes mark the common
late-ictal window (1065-1068 s) enlarged in (a3,a4), respectively. The two electrodes share identical axis limits within each
column. (b) Short-time Fourier transform (STFT) spectrograms for T5 (bl) and O2 (b2), displayed over 0.1-255 Hz on
linear frequency axes. (c) Continuous wavelet transform (CWT) spectrograms for the same electrodes (c1,c2), displayed
over 0.1-255 Hz on logarithmic frequency axes. Color bars in (b,c) show transform magnitudes in arbitrary units (a.u.) on
linear color scales; horizontal guides in (c) indicate frequency-band boundaries. (d) CWT-derived spectral centroid (SC,
d1), median frequency (MF, d2), and low-frequency ratio (LFR, d3), calculated from linear power over 2-30 Hz. SC and MF
are in Hz; LFR is the dimensionless fraction of 2-8 Hz power within 2-30 Hz. Blue and orange curves denote T5 and O2,
respectively. All horizontal axes show seconds from the recording start. Dashed vertical lines mark the annotated onset and
offset: red in (al,a2,d), white in (b,c). Preictal activity and the wider display band provide context for the 2-30 Hz analysis.
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Fig. 3 Relative spectral evolution and absolute-power changes across four PNOO seizures. (a—c) Continuous wavelet
transform (CWT)-derived spectral centroid (SC), median frequency (MF), and low-frequency ratio (LFR), respectively,
calculated over 2-30 Hz. SC and MF are in Hz; LFR is the dimensionless fraction of 2-8 Hz power within 2-30 Hz. (d—f)
Absolute CWT power within 2-8 Hz, 8-30 Hz, and 2-30 Hz, respectively, expressed in decibels (dB) relative to 1 uV?2.
Wavelet normalization and scale weighting are specified in Supplementary Section S2.2. Colored curves show the four
passband-compatible seizures, each summarized by the pointwise median across eligible EEG channels; black curves show
their within-patient mean. Power is converted to dB before channel and event aggregation. Event colors are consistent across
panels. Approximately 10-s Gaussian smoothing is used only for display, not for slope or phase-window calculations. The
horizontal axes show normalized event time: 0 denotes onset, 1 the annotated offset, and 2 the end of the duration-matched
postictal interval. Dashed vertical lines mark the offset. Blue, orange, and green shaded bands identify the early ictal (EI,
0.10-0.40), late ictal (LI, 0.70-1.00), and early postictal (EP, 1.00-1.30) comparison windows, respectively. Individual-seizure
changes and slopes, together with across-seizure variability and confidence intervals for the within-patient mean effects, are
reported in Supplementary Table S3.

To distinguish relative spectral redistribution
from changes in signal magnitude, we also exam-
ined absolute power in these four events (Fig. 3(d—
f)). Power within 2-8 Hz increased from the early
to the late ictal window in every event, with
larger increases in dB than those within 8-30 Hz.
During early postictal recovery, both bands and
total power were lower than in the late ictal win-
dow, although 2-8 Hz power remained above its
early ictal level. Thus, the relative shift toward
lower frequencies was accompanied by increased
low-frequency power during ictal evolution and
reduced power in both bands during early postic-
tal recovery.

The above analyses of the PNOO recordings
illustrate the fast-to-slow rhythm transition as
ictal slowing followed by retained relative low-
frequency weighting during early postictal recov-
ery. This pattern links spectral evolution during
the seizure to slow activity persisting beyond the
annotated offset. For the extended analysis of 33
seizures from 11 patients, seizure-level trajectories
were averaged within each patient, with patients
serving as the independent statistical units. Ictal
SC and MF slopes were more often negative and
LFR slopes positive across patients, indicating
a tendency toward ictal slowing. However, early
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postictal changes differed in direction, with rel-
ative low-frequency weighting retained in some
patients but not consistently across the cohort.
In some patients, early-postictal SC and MF
were higher and LFR lower than their early-ictal
values. Patient-level SC, MF, and LFR compar-
isons did not reach significance after multiple-
testing correction (Supplementary Section S2.5
and Table S4).

Taken together, these observations identify a
clinically observed spectral pattern while high-
lighting variability in its expression across seizures
and patients, motivating a dynamical explana-
tion of the fast-to-slow rhythm transition and its
variability. In the following sections, we use the
DCE model to investigate how coupled fast and
slow processes generate and modulate this spectral
evolution within recurrent seizure-like events.

3.2 The DCE model generates the
fast-to-slow rhythm transition

The clinical EEG observations in Section 3.1 illus-
trate a spectral pattern of ictal slowing followed
by retained relative low-frequency weighting dur-
ing early postictal recovery. This spectral pattern
provides an empirical reference for the fast-to-
slow rhythm transition we aimed to model. Here,
we examine how the DCE model can generate a
spectral trajectory linking ictal slowing to early
postictal slow activity. We first characterize the
simulated EEG generated by the DCE model, then
illustrate the multi-timescale dynamics responsi-
ble for its spectral evolution, and finally introduce
model-based definitions of the interictal, ictal, and
postictal periods within the DCE framework.

3.2.1 Simulated EEG exhibits a
structured fast-to-slow spectral
trajectory

Fig. 4(a) shows the simulated EEG generated by
the DCE model, which exhibits spontaneous and
recurrent seizure-like events separated by inter-
vals of low-amplitude background activity. These
events are organized by the ultraslow variable z;
(Fig. 4(a2), red line) in Subsystem I, whose rise
and fall govern the alternation between the active
and background states. A representative seizure-
like event and its CWT spectrogram are shown
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in Fig. 4(b). The simulated EEG exhibits a struc-
tured waveform evolution during the seizure-like
event. Fast ictal-like discharges dominate the early
part of the event. As the event progresses, spike-
like activity and spike—wave complexes emerge
and become increasingly prominent, followed by
slow-wave oscillations that dominate the late
phase. In parallel, the increasing contribution of
slower waveform components shifts spectral power
progressively toward lower frequencies, producing
a downward spectral trajectory in the spectrogram
that qualitatively reproduces the principal spec-
tral dynamics observed in the clinical recordings
(Fig. 2(c)). Enlarged waveforms and aligned com-
ponent trajectories are provided in Supplementary
Section S3.1 and Fig. S3(b-d).

The waveform evolution in the simulated EEG
reflects the hierarchical organization of three
waveform-related timescales in the DCE model.
The timescale 7., governs the fast ictal discharges
generated by Subsystem I, 7,, governs the spike
component of SWDs generated by Subsystem II,
and 7., governs the slower wave component, with
Tyy < Tgy K Tz,. These three waveform timescales
determine the frequency range available to the
simulated EEG spectral evolution, whereas the
ultraslow timescale 7,, organizes the recurrence of
seizure-like events. Thus, the DCE model embeds
a structured waveform evolution within sponta-
neously recurring events rather than reproducing
only a single discharge pattern.

For comparison, we also implemented the orig-
inal Epileptor model as specified by Jirsa et
al. (2014). The model generates recurrent seizure-
like events, but its within-event spectral structure
remains comparatively stationary and exhibits
limited systematic frequency evolution (Supple-
mentary Section S4 and Fig. S4). This qualita-
tive comparison illustrates that the DCE model
incorporates additional dynamics that organize
spectral evolution within seizure-like events. As
shown below, this evolution arises from p-driven
transitions among the oscillatory regimes of Sub-
system II.

3.2.2 A p-driven oscillatory-regime
cascade generates rhythm
slowing

To determine how the variable p organizes wave-
form evolution in the DCE model, we performed
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shading denotes model-defined interictal, ictal, and postictal periods, respectively. The open square marks 77, the local
minimum of p preceding sustained increase. The open triangle marks 75, the upward crossing of THyave by p; the open
circle marks T3, the subsequent downward crossing of THgpike. (b) Enlarged EEG from one event (bl) and its continuous
wavelet transform (CWT) spectrogram (b2). Color denotes CWT magnitude in arbitrary units; frequency is in Hz on a
logarithmic axis. Vertical dashed lines mark the model-defined ictal boundaries. (¢) Equilibrium values and local oscillatory
maxima and minima of 2 versus p. Black, blue, red, and green curves denote equilibrium, fast spikes, spike—wave discharges
(SWDs), and slow waves, respectively. Dashed lines mark the bifurcation thresholds THgpike = 0.43, THswp = 3.03, and
THwave = 5.12, also shown in (a2). Time in (a,b) is expressed in seconds using the rescaling described in Section 2.5. a.u.,

arbitrary units.

a one-parameter bifurcation analysis of Subsys-
tem II using p as the continuation parameter. The
resulting bifurcation diagram of zs is shown in
Fig. 4(c). Three bifurcation points delimit qual-
itatively distinct dynamical regimes; we refer to
their coordinates along the p-axis as the bifurca-
tion thresholds THgpike, THswp, and THy,ye. For
p < THgpike, the deterministic subsystem remains
at a non-oscillatory equilibrium, although stochas-
tic perturbations in the full DCE model can evoke
isolated spike-like events. Above this threshold,
Subsystem II exhibits three oscillatory regimes:
fast spikes for THgpike < p < THswp, SWDs
for THswp < p < THyave, and slow waves for
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p > THyave. Under the default parameter set-
ting in Table 1, these bifurcation thresholds are
THspike = 0.43, THSWD = 3.037 and THwave =
5.12.

From the perspective of the DCE model, p is
not externally prescribed but is controlled by the
coupling function fa(z1,21) defined in Eq. (10).
As a seizure-like event evolves, the increase in z;
and the accumulated low-pass-filtered contribu-
tion of 1 cause p to rise (Fig. 4(a2), blue line).
The resulting p trajectory sequentially crosses
THgpike;, THswp, and THyaye, driving Subsys-
tem II from the spike regime through the SWD
regime and eventually into the wave regime. This
oscillatory-regime cascade progressively increases
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the dominant waveform timescale and thereby
generates the downward shift of spectral power
observed in Fig. 4(b2).

Because p is constructed from both z; and
the filtered fast activity xp, the oscillatory-regime
cascade is endogenously embedded within the
recurrent seizure dynamics organized by Subsys-
tem I. Therefore, the ultraslow variable z; orga-
nizes when seizure-like events arise, whereas p
organizes how their waveform and spectrum evolve
within each event. Although the simulated EEG
is read out as the linear combination x; + 2z,
the two components are generated by nonlin-
early coupled rather than independent dynamics.
The fast-to-slow spectral trajectory therefore can-
not be attributed to a simple superposition of
independently generated fast and slow oscillations.

3.2.3 Interictal—ictal-postictal cycle in
the DCE model

The clinical example in Fig. 2(c) shows ictal slow-
ing followed by persistent low-frequency activity
beyond the annotated seizure offset. To relate
these successive spectral features within the DCE
framework, we define model-based interictal, ictal,
and postictal periods from the p trajectory, as
shown in Fig. 4(a2), where the oscillatory-regime
thresholds are taken from Fig. 4(c).

Because each rise in z; initiates a new seizure-
like event and is accompanied by an almost simul-
taneous rise in p (Eq. (10), p depends linearly on
z1), we define the onset of the ictal period as the
moment when p begins to increase (77, marked by
the open square in Fig. 4(a2)). During the inter-
val following T7, the oscillatory activity gradually
slows as p continuously increases. Motivated by
the persistence of low-frequency activity after the
annotated offset in the clinical example (Fig. 2(c)),
we define the onset of the postictal period as the
moment when p exceeds the wave-regime thresh-
old THyave (T2, marked by the open triangle).
Accordingly, the interval (T3, T5) is defined as the
ictal period. After Ty, p continues to increase for a
short duration, maintaining the slow-wave regime.
Subsequently, as z; decreases and the simulated
EEG returns toward low-amplitude background
activity, p also begins to decrease. We define the
onset of the interictal period as the moment when
p returns below the spike-regime threshold THgpike
(T5, marked by the open circle). The interval
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(T, T5) is therefore defined as the postictal period.
Together, these definitions establish a complete
interictal-ictal-postictal cycle in the DCE model.

It should be noted that during the model-
defined postictal period (T5,T3), the effective
drive p subsequently declines from the wave
regime through the SWD and spike regimes. Pas-
sage through the spike regime permits transient
spike-like activity before p falls below THgpike
and Subsystem II returns to the non-oscillatory
regime. We describe this recovery activity as pos-
tictal spikes in the model, qualitatively consistent
with reports of residual spikes after clinical seizure
termination (Pottkamper et al. 2020). Enlarged
waveforms illustrating these spikes are provided
in Supplementary Section S3.1 and Fig. S3(d3).
Moreover, further analysis of the coupling dynam-
ics, including the modulation of the Subsystem I
oscillation envelope by Subsystem II, is provided
in Supplementary Section S3.2.

In summary, the DCE model generates the
fast-to-slow rhythm transition through a hierar-
chy of waveform timescales and an endogenous
p-driven cascade across spike, SWD, and wave
regimes. Coupling the p dynamics to the ultraslow,
z1-driven seizure cycle embeds this event-level
spectral evolution within a long-term interictal—
ictal-postictal cycle. In the following section, we
examine how distinct parameter families con-
trol the spectral span, temporal organization,
and oscillatory-regime composition of this rhythm
transition.

3.3 Parameter-to-phenotype
decomposition of the
fast-to-slow rhythm transition

In Section 3.2, we showed that the DCE model
reproduces the fast-to-slow rhythm transition via
p-driven oscillatory-regime transitions in Sub-
system II. Although this transition is gener-
ated by the same underlying mechanism, clinical
heterogeneity across patients and seizures can
produce variation in its spectral and temporal
features. We therefore asked how such variabil-
ity is organized in the parameter space of the
DCE model. We decomposed the rhythm transi-
tion into three phenotypic dimensions—spectral
span, temporal organization, and oscillatory-
regime composition—and investigated how these
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Fig. 5 Effects of timescale separation on the spectral span of simulated rhythm transitions. (al—a3) Continuous wavelet
transform (CWT) spectrograms at 7z, /7z, = 0.2, 0.5, and 1, respectively, with 7., = 1 fixed. From left to right, decreasing
timescale separation makes the high- and low-frequency components less clearly separated, resulting in a less distinct fast-
to-slow spectral transition. Color bars show CWT magnitude in arbitrary units (a.u.) on a common scale. Frequency is
in Hz on logarithmic axes. Vertical dashed lines mark the model-defined ictal-postictal boundary. (b) Spectral centroid
(SC) trajectories for the examined values of 7, /7s,, displayed in Hz on a logarithmic vertical axis. Colored curves denote
different ratios; the bold black curve denotes the default ratio of 0.3. Normalized times 0, 1, and 2 mark ictal onset, the
ictal-postictal boundary, and the end of the analyzed postictal interval, respectively. (c,d) Spectral-span measures versus
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the onset-to-end mean-frequency difference, Af = fonset — fend, defined in Section 3.3.1. Both measures are in Hz; markers
and error bars denote means and standard deviations across detected seizure-like events. Note that the vertical scale in
panel (d) is substantially smaller than that in panel (c).

dimensions are controlled by distinct parameter time—frequency structure of the rhythm transi-
families within the DCE model. tion. Specifically, we fixed 7,, = 1 and focused on
two ratios: 7, [Tz, and 74, /7, .

The spectrograms of seizure-like events gen-
erated at different values of 7., /7., are shown
in Fig. 5(al-a3). When the timescale separation
is pronounced (7, /72, = 0.2; Fig. 5(al)), the
spectrogram exhibits two well-separated spectral

3.3.1 Timescale separation controls
spectral span

The first dimension—the spectral span of the components: an early high-frequency band and a
rhythm transition—is governed by the degree of late low-frequency band, with a clear gap between
separation among the model’s intrinsic timescales. them that reflects the orderly transition from fast
As introduced in Section 2, a defining feature of to slow rhythmic activity. As 7., /7., increases,
the DCE model is its multi-timescale structure. the two components progressively overlap. When
Three waveform-related timescale parameters are T2y /Ta, = 1 (Fig. 5(a3)), the transition becomes
Tays Tag, aNd Ty, satisfying 7,, < 74, < 7. less separable and appears as a broadband oscil-
Specifically, 7,, governs the timescale of fast latory event. To quantify this effect, we computed
ictal discharges, while 7,, and 7,, govern the the SC trajectories across different 7., /7., val-
fast-spike and slow-wave components of SWDs, ues (Fig. 5(b)). At seizure onset, the trajectories
respectively. Together, these parameters define are highly divergent, with smaller ratios corre-
the spectral bandwidth available to the rhythm sponding to higher initial SC values. Although
transition. Here, we examined how the degree the trajectories originate from markedly different

of separation among these timescales shaped the
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initial SC values, they converge toward a similar
low-frequency endpoint during seizure evolution
and postictal recovery. This convergence indicates
that 7, primarily determines the upper spectral
bound of the rhythm transition. Fig. 5(c) sum-
marizes the dependence of the spectral span on
Tey [ Tzs- Both ASC = max(SC)—min(SC) and the
onset-to-end frequency difference Af = fonset —
fena decrease monotonically as 7., /7., approaches
1, where fonset and fonq are the mean frequency
over the first and last 5% of the ictal-postictal
time window, respectively. The decline is steeper
where the timescale separation is larger (lower
Tz, /Tas ), indicating that the spectral span is sen-
sitive to changes in the degree of separation when
the two timescales are far apart.

Whereas 7., determines the upper spectral
bound, the slow timescale 7,, determines the
lower bound. As shown in Fig. 5(d), we varied
T,, and evaluated ASC and Af as functions of
Tay/Tzo- As T., decreases (i.e., T;,/T., increases),
the low-frequency band of the slow-wave com-
ponent shifts upward, compressing the spectral
span from below. Consequently, both ASC and
Af decrease with increasing 7., /7,,. It should be
noted that the decline of ASC and Af in Fig. 5(d)
is more gradual than that in Fig. 5(c). This dif-
ference arises because, with 7,, = 1 fixed, the
examined values of 7,, are considerably larger
than those of 7,,, making the ratio 7., /7., vary
over a much narrower relative range than 7., /7,.,.
Hence, within the parameter ranges examined
here, the spectral span appears more sensitive to
variations in 7., than in 7,,.

Taken together, the degree of timescale separa-
tion, quantified by the ratios 7, /7, and 74, /7.,
determines the spectral span of the rhythm tran-
sition, with the upper and lower spectral bounds
controlled by the fastest and the slowest waveform
timescales, 7, and 7,,, respectively. These results
suggest that the spectral span of the transition is
set by the hierarchical timescale organization of
the DCE model.

3.3.2 Filtering rates control temporal
organization

Section 3.3.1 established that timescale ratios set
the spectral bandwidth within which the rhythm
transition unfolds. We next examined the second
phenotypic dimension, the temporal organization
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of this transition, which is controlled by the fil-
tering rate constants 7; and 7. introduced in
Section 2.4. These parameters govern the rates
at which the slow variable p rises during ictal
buildup and decays during postictal recovery. As
illustrated in Fig. 6(a), increasing v; (panel (a2))
relative to the default value (panel (al)) accel-
erates the rise of p, causing it to reach the
THyave more rapidly. Conversely, decreasing ~yo
(panel (a3)) slows the decay of p, delaying its
return below the THgpie. Here, we systemati-
cally varied v; and v, to dissect their respective
roles in shaping the temporal organization of the
ictal-postictal cycle.

We first varied ; while holding v = 0.015
fixed. For each parameter combination, we ran the
DCE model, detected seizure-like events using the
z1- and p-based criteria described in Section 3.2.3,
and extracted the ictal duration (7% —71) and pos-
tictal duration (75 — T»). As shown in Fig. 6(b),
the ictal duration decreases monotonically with
increasing i, consistent with the expectation
that faster filtering accelerates p accumulation.
However, the total ictal-postictal cycle duration
remains nearly constant, implying a correspond-
ing increase in postictal duration. This behavior
can be understood from the role of z;. Because
the overall cycle structure of the DCE model
is governed by 21, whose dynamics are indepen-
dent of 1, the moment at which p begins to
decrease (i.e., the moment at which z; begins
to decrease) remains approximately fixed. Conse-
quently, an earlier T5 does not simply shorten the
ictal phase; it reallocates a portion of the fixed
ictal-postictal window from the ictal to the pos-
tictal phase, without substantially changing the
overall cycle duration. We next varied - while
holding ; = 0.001 fixed. As shown in Fig. 6(c),
the postictal duration decreases monotonically as
~2 increases, whereas the ictal duration remains
nearly constant. This is because T is determined
by 71 before 5 becomes operative; the total
ictal-postictal cycle duration therefore shortens
as postictal recovery accelerates. These results
identify o as a dedicated regulator of postictal
recovery: it controls the speed of postictal recovery
without affecting the ictal phase.

Since 1 and v, control opposite phases of
the ictal-postictal cycle, a natural question is
whether their combined effect can be captured by
a single asymmetry parameter. To explore this,
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Fig. 6 Effects of filtering rates on model-defined ictal and postictal durations. (al—a3) Effective drive p (black, blue, and
red, respectively; left axis) and ultraslow variable z; (gray; right axis). Panel (al) uses the default filtering rates, y1 = 0.001
and 2 = 0.015. Relative to this reference, panel (a2) increases v1 to 0.005 while keeping 2 unchanged, accelerating the
rise of p and shortening the ictal period. Panel (a3) decreases v2 to 0.005 while keeping 1 unchanged, slowing the decay of
p and prolonging the postictal period. Pink and yellow shading denotes ictal and postictal periods. Open squares, triangles,
and circles mark T (onset of sustained p increase), T> (upward wave-threshold crossing), and T3 (subsequent downward
spike-threshold crossing), respectively. Horizontal dashed lines mark THgpiie = 0.43, THgwp = 3.03, and THwave = 5.12;
SWD denotes spike—wave discharge. (b,c) Ictal duration Th — T} (blue circles), postictal duration T3 — T (red squares), and
their sum (black diamonds) versus v1 and 72, respectively. The other rate is fixed at its default value. Vertical dashed lines
indicate the default rates. (d) Ictal-to-postictal duration ratio, (To — T1)/(T3 — T2), versus the filtering-rate ratio v2 /1.

The curves are calculated from the 1 sweep in panel (b) (blue circles) and the 2 sweep in panel (c) (red squares).

we plotted the ictal-to-postictal ratio against the
parameter ratio v2/7; in Fig. 6(d), using the
data from Fig. 6(b,c) on a common axis. Two
features are noteworthy. First, both curves show
an overall increasing trend: increasing ~ys/v1—
whether by decreasing v, or increasing ~yo—
increases the ictal/postictal ratio. Second, the two
curves exhibit markedly different slopes: the curve
obtained by varying 7; is steep, whereas the curve
obtained by varying ~s is shallow. Consequently,
parameter pairs (71, y2) with the same ratio s /1
can nevertheless produce substantially different
temporal compositions of the ictal-postictal cycle.
This divergent behavior underscores that v, and
72 are functionally independent parameters whose
effects cannot be reduced to a single asymmetry
measure.

Taken together, the two filtering rate con-
stants provide independent control over distinct

temporal aspects of the rhythm transition. Specif-
ically, v1 determines how rapidly the fast-to-slow
rhythm transition proceeds and thereby influences
the temporal partitioning of the ictal-postictal
cycle, whereas 75 primarily regulates the duration
of postictal recovery without substantially affect-
ing ictal evolution. This separation of functions
enables the DCE model to independently tune
seizure evolution and postictal dynamics, thereby
providing a model mechanism for generating tem-
poral variability in the rhythm transition.

3.3.3 Bifurcation thresholds control
oscillatory-regime composition

The third phenotypic dimension, the composi-
tion of oscillatory regimes, is shaped by the
locations of the bifurcation thresholds THgpike,
THswp, and THy.ve in p-space. As p drives Sub-
system II through the spike, SWD, and wave
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Fig. 7 Cross-timescale coupling controls bifurcation thresholds and oscillatory-regime composition in Subsystem II. (a,c)
Two-parameter bifurcation diagrams in the (p,C.z) and (p,Cz:) planes, respectively. Blue, red, and green curves locate
the spike, spike-wave discharge (SWD), and wave thresholds, THpjke, THswp, and THywave. Horizontal dashed lines mark
the default values C., = —10 and Cy. = 20. Increasing |C.z| widens the spike regime, whereas increasing C. narrows
it. (b,d) Simulations at C,; = —20 and C,. = 100, respectively, with the other coupling coefficient at its default value.
Upper traces show the simulated EEG, z1 + 2z2, in arbitrary units (a.u.). Lower traces show z1 (red, left axis) and p (blue,
right axis). Panel (b) illustrates an extended spike-dominated interval; panel (d) illustrates the near-merger of the spike
and SWD thresholds. Dashed horizontal lines in the lower plots mark the corresponding oscillatory-regime thresholds. Blue,
pink, and yellow shading denotes model-defined interictal, ictal, and postictal periods, respectively.

regimes, these thresholds shape the relative occu-
pancy and availability of each oscillatory regime
during the rhythm transition. To examine how
cross-timescale coupling modulates these thresh-
olds, we performed two-parameter continuation
analyses in the (p, C.;) and (p, C.) planes. These
two parameters were selected because they form
the reciprocal coupling between the fast variable
x2 and the slow variable z3 (Egs. (6) and (8)) in
Subsystem II and are therefore directly relevant to
the cross-timescale interactions underlying SWD
dynamics.

Fig. 7(a) shows the dependence of the three
thresholds on C,,. All three thresholds increase
approximately linearly with |C,.|, but with
markedly different slopes. THgpie is nearly insen-
sitive to C,,: before Subsystem II enters the
spike regime, zo remains close to zero, rendering
the inhibitory term C., - z2 in Eq. (6) negligi-
ble regardless of the value of C,,. By contrast,
THswp and THyave are strongly modulated by
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C..: by the time p approaches the SWD thresh-
old, the slow variable zy is fully activated, and
the inhibitory term C,, - zo constitutes a sub-
stantial negative contribution to the net input in
Eq. (6). Stronger inhibition (larger |C,,|) there-
fore demands a larger p to overcome this suppres-
sion, shifting THgwp and THyaye to higher values.
As a result of this differential sensitivity, increas-
ing |C..| selectively expands the spike regime
while leaving the SWD regime largely unchanged.
From the perspective of the rhythm transition, a
wider spike regime requires a larger increment of p
to reach the SWD regime, leading to an extended
spike-dominated phase before organized spike—
wave complexes emerge (Fig. 7(b)). Conversely,
reducing |C,| allows spike-wave complexes to
appear at lower p, compressing the spike phase.
Fig. 7(c) shows the dependence on Cj. Since
C,. and C,, correspond to functionally opposite
connections in Subsystem II, Fig. 7(c) exhibits an
overall trend opposite to that of Fig. 7(a): all three
thresholds increase with C,,. The parameter C,,



mainly affects the width of the spike regime, with a
relatively weak influence on the width of the SWD
regime. Notably, as C,, increases, THgpike rises
at an accelerating rate. At Cy, =~ 100, THgpike
and THgwp merge, eliminating the intermediate
spike regime altogether, and the system transi-
tions directly from the quiescent state into SWD
upon crossing the merged threshold. From the per-
spective of the rhythm transition, this represents
an extreme case in which spike—-wave complexes
appear immediately at seizure onset, with no pre-
ceding large-amplitude spikes (Fig. 7(d)). Taken
together, the bifurcation structure of Subsystem II
determines the temporal allocation of oscillatory
regimes during the rhythm transition. By shifting
the boundaries between oscillatory regimes, C.,
and C, regulate not only the relative proportion
of each regime but also whether a given regime is
expressed.

Overall, Sections 3.3.1-3.3.3 establish a
three-dimensional parameter-to-phenotype map-
ping for the DCE model. These dimensions,
although parameterized independently, jointly
shape the observable fast-to-slow rhythm tran-
sition: timescale ratios define the spectral range
over which the transition can unfold, bifurcation
thresholds partition the p-trajectory into regime-
specific intervals, and filtering rates determine
how rapidly the system traverses these intervals.
This decomposition provides a compact frame-
work for understanding how the DCE model can
generate diverse rhythm-transition patterns from
a common dynamical architecture.

3.4 Coupled DCE nodes:
recruitment-induced rhythm
transitions

The analyses above focused on an isolated, intrin-
sically epileptogenic DCE model (zp < 2.95),
in which fast-to-slow rhythm transitions arise
together with spontaneous seizure-like events. In
the epileptic brain, however, seizure activity can
propagate across cortical regions and recruit ini-
tially non-epileptogenic tissue into ictal dynam-
ics (Proix et al. 2018). We therefore extended
the analysis to two coupled DCE nodes and
asked: when an epileptogenic node drives a non-
epileptogenic node into a seizure via inter-node
coupling, does the recruited seizure exhibit the
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same fast-to-slow rhythm transition as the spon-
taneously generated one? To investigate this, we
constructed a two-node coupled system in which
two DCE models, denoted Node 1 and Node 2,

interact through their ultraslow variables z%l)

252). The state equation for z; (Eq. (3)) was mod-
ified to incorporate an inter-node coupling term,
as follows:

and

a1 : N
A = L )

o 12
+K-(a:(1)—x§]))}, (12)

i,j €{L.2}, i #J,

(4)

where z; ®

and x7’ are state variables of Node 1,

z(()i) sets its epileptogenicity, and K > 0 is the
inter-node coupling strength.

3.4.1 Recruitment mode map

We first constructed a recruitment mode map
for the two coupled DCE nodes and clarified the
dynamical mechanism encoded by the coupling
term in Eq. (12). Node 1 was set to high epilep-
togenicity (zél) = 2.6) to generate spontaneous
seizures, whereas Node 2 was configured to be non-
epileptogenic (zéz) > 2.95) so that seizure activity
in Node 2 could emerge only via recruitment.
We performed simulations across a broad grid of
(2'62), K) parameter combinations and categorized
the resulting recruitment dynamics. As shown in
Fig. 8(a), four qualitatively distinct recruitment
modes emerged within the (282)
plane:

, K) parameter

® One-to-one entrainment: Seizure events in
the two nodes are quasi-synchronized; each
seizure in Node 1 reliably triggers a correspond-
ing seizure in Node 2.

¢ Many-to-one recruitment: Two or more suc-
cessive seizures in Node 1 are required to initiate
a single seizure in Node 2.

® No recruitment: Discharges from Node 1
cannot trigger any seizure activity in Node 2.

® Suppression: Node 1 not only fails to recruit
Node 2, but is itself suppressed by Node 2;
consequently, neither node generates seizure
activity.
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Fig. 8 Recruitment modes and coupling-induced nullcline shifts in two coupled DCE nodes. (a) Recruitment-mode map

versus coupling strength K and Node 2 epileptogenicity parameter 282), with zél) = 2.6 fixed. Colors in the (K, z,

6)

parameter plane identify four recruitment modes: one-to-one entrainment (I, blue), many-to-one recruitment (II, green),
no recruitment (III, orange), and suppression (IV, red). Open circles identify parameter combinations for the EEG traces

below (Node 1, blue; Node 2, red). The black arrow marks the path 262) = 3.25 analyzed in Sections 3.4.2 and 3.4.3. a.u.,
arbitrary units. (b) State trajectories and z1-nullclines (dz1/dt = 0, green surfaces) in the (z1, z2, z1) state space. Panel (b1)
shows the uncoupled reference. A downward nullcline shift accelerates interictal z; decay and promotes seizure onset (b2);
an upward shift accelerates ictal z1 increase and promotes termination (b3). Red trajectory segments highlight the affected
portions relative to the blue reference. Double arrows indicate faster z; evolution than single arrows; dotted double-headed
arrows indicate the enlarged separation from the shifted nullcline.

These four modes occupy contiguous domains in
the (z(()Q),K ) parameter plane, collectively form-
ing the recruitment mode map. Notably, when the
coupling strength K is sufficiently large, only one-
to-one entrainment and suppression are accessible,
both of which are characterized by convergence of
the two nodes’ seizure dynamics toward a com-
mon pattern. This convergence is qualitatively
consistent with clinical observations of increased
synchronization within epileptic networks (Bar-
tolomei et al. 2004). The coupling formulation in
Eq. (12) embodies this network homogenization

18

principle at the timescale of the ultraslow home-
ostatic variable z;. In detail, the coupling term
K- (acgz) — :vgj )) dynamically shifts the z;-nullcline
(dz1/dt = 0) of each node, generating a driv-
ing force that pushes each node’s discharge state
toward that of the other.

To illustrate the dynamics introduced by the
coupling term, we consider a representative sce-
nario in which Node 1 is in the ictal state (elevated

2D (1

, rising z;"’) whereas Node 2 is in the inter-

ictal state (suppressed 33:([2), falling z:EQ)). The
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Fig. 9 Coupling-dependent recruitment of slow-wave activity in two model nodes. (a) Percentages of detected seizure-
like events classified by the highest oscillatory regime reached by the effective drive p. Orange bars denote events reaching
the spike-wave discharge (SWD) regime, THswp < pmax < THwave; red bars denote events reaching the wave regime,

Pmax > THwave. Panels (al,a2) show the driving Node 1 and recruited Node 2, respectively, with z(()l) = 2.6 and 262) = 3.25.
Each percentage uses the detected events at the corresponding coupling strength K as its denominator; blank regions
indicate no detected events. (b) Peak drive pmax for individual events in Node 1 (b1l) and Node 2 (b2). Each point denotes
one event. Horizontal dashed lines mark THgpike = 0.43 (blue), THgwp = 3.03 (orange), and THyave = 5.12 (red). Vertical
dotted lines in (b2) separate truncated transitions (0.5 < K < 0.85), coexistence of truncated and complete transitions
(0.85 < K < 1), and complete transitions (K > 1). Complete transitions reach the wave regime; truncated transitions do

not.

relationship between the two discharge states and
the zi-nullcline in state space is illustrated in
Fig. 8(bl). (For clarity, we do not distinguish
between interictal and postictal states in this null-
cline analysis.) From the perspective of Node 2,
the coupling term K- (a:gz) —mgl)) is negative, which
shifts the z@—nullcline downward (Fig. 8(b2)),
accelerates the interictal decay of 252)7 and thereby
promotes seizure onset. Conversely, the coupling
term K - (xgl) - m§2)) is positive for Node 1,
which shifts its zgl)—nullcline upward (Fig. 8(b3))
and thereby promotes seizure termination. Over-
all, the inter-node coupling exerts a balancing,
convergence-promoting effect that drives the dis-
charge states of the two nodes to converge. At
sufficiently strong coupling, this convergent effect
becomes dominant, locking both nodes into unified
seizure dynamics, as observed in the one-to-one
entrainment or suppression regimes on the right
side of the recruitment mode map.
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3.4.2 Coupling strength determines
whether recruited rhythm
transitions reach the slow-wave
regime

The recruitment mode map in Fig. 8(a) illus-
trates how a non-epileptogenic Node 2 can be
driven to generate seizure activity by an epilep-
togenic Node 1, and classifies distinct recruit-
ment patterns based on node epileptogenicity and
inter-node coupling strength. We then examined
whether the recruited seizures in Node 2 exhib-
ited the same fast-to-slow rhythm transition as
the spontaneous seizures of Node 1. To do so,
we fixed Node 2’s epileptogenicity at 282) =3.25
(the parameter path marked by the black arrow in
Fig. 8(a)) and swept the coupling strength K over
the interval [0,2.5], covering the full trajectory
from no recruitment to stable one-to-one entrain-
ment. For each value of K, we detected all seizure
events in both nodes, extracted the peak value of
the slow variable p within each seizure window,
and classified each event according to the highest
oscillatory-regime threshold (THgpike, THgwp, or
THyave) reached by its pmax.
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We first quantified how far rhythm slowing
progressed within each seizure event. We refer
to this property as rhythm transition complete-
ness: a transition is classified as complete when
Pmax > THyave and the event expresses the full
spike-to-SWD-to-wave sequence. A transition is
classified as truncated when pp.x remains below
THyave, such that slow-wave activity is absent.
As illustrated in Fig. 9(a,b), Node 1 and Node 2
exhibit markedly different degrees of rhythm tran-
sition completeness as coupling strength varies.
The epileptogenic Node 1 exhibits complete three-
regime rhythm transitions (pmax > THyaye) for all
seizures across the entire range of K (Fig. 9(al)),
with only a mild reduction in pmax as K ini-
tially increases (Fig. 9(bl)). In contrast, the
rhythm transition completeness of the recruited
Node 2 displays a pronounced dependence on K
(Fig. 9(a2)):

e Truncated rhythm transition (0.5 < K <
0.85): Node 2 is recruited to generate seizures,
but each recruited seizure reaches only the
SWD regime (THswp < Pmax < THyave). The
recruitment-induced rhythm transition is there-
fore truncated: spike-wave complexes appear,
whereas the slow-wave oscillatory component is
absent.

® Coexistence of truncated and complete
transitions (0.85 < K < 1): Node 2 gradu-
ally produces recruited seizures that extend into
the wave regime (Pmax > THyave), and the pro-
portion of such complete events increases with
K.

e Complete rhythm transition (1 < K <
2.5): All recruited seizures in Node 2 reach
the wave regime, producing complete three-
regime transitions whose oscillatory composi-
tion matches that of spontaneous seizures in
Node 1.

Consistent with this coupling-dependent pro-
gression toward slow-wave activity, pmax in Node 2
increases from below to above THyave as K
increases (Fig. 9(b2)). This trend is opposite to
the slight pmax reduction observed in Node 1
(Fig. 9(bl)), further reflecting the balancing,
convergence-promoting effect of the coupling term
in Eq. (12). As coupling increases, recruited tran-
sitions progress from the SWD regime into the
wave regime, making their oscillatory composi-
tion increasingly similar to that of spontaneous
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seizures in the driving node. The inter-node cou-
pling therefore promotes convergence not only
in macroscopic seizure synchronization but also
in the fine-grained oscillatory composition within
individual seizure events.

3.4.3 Recruited events exhibit longer
model-defined postictal
durations

Having established that coupling strength deter-
mines how far recruited rhythm transitions
progress toward slow-wave activity, we next exam-
ined model-defined postictal duration. Given that
the pmax of a truncated rhythm transition is lower
than that of a complete one, one might expect
recruited seizures with truncated transitions to
have a shorter postictal duration than sponta-
neous seizures. Simulations reveal the opposite
trend. Fig. 10(a) shows the simulated EEG and p
trajectories for the two DCE nodes at K = 0.8.
For the truncated rhythm transition in Node 2,
whose pgix does not cross THayve, we define the
onset of the postictal period as the moment when
p begins to decrease. Even though these recruited
events in Node 2 lack the wave regime, their pos-
tictal recovery duration is markedly longer than
that of the spontaneous seizures in Node 1. More-
over, as shown in Fig. 10(b), the postictal periods
of recruited seizures in Node 2 remain consis-
tently longer than those of spontaneous seizures in
Node 1 across the full range of K, even when both
nodes exhibit complete rhythm transitions under
strong coupling.

This systematic difference in postictal dura-
tion is associated with the delay between the
two nodes’ seizure-termination times. Comparison
of the EEG traces in Fig. 10(al,a2) shows that
when Node 1’s seizure terminates, Node 2’s seizure
is still ongoing. During the interval (T2(1),T2(2)),
highlighted in Fig. 10(a3), Node 1 enters the pos-
tictal state (z%l) falling) while Node 2 remains
in the ictal state (zf) rising). The coupling term
in Eq. (12), which acts to align the two nodes’

discharge states, accelerates the decay of z§1)
and thereby drives p() rapidly toward THspike,
compressing Node 1’s postictal recovery window.
Once Node 2 enters its postictal period at T2(2),
both z%l) and z§2) decay simultaneously. The
coupling-mediated driving force then diminishes,
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Fig. 10 Postictal-duration differences and termination lags in two coupled model nodes. (a) Simulations at coupling

strength K = 0.8, with epileptogenicity parameters zél) = 2.6 and zéz) = 3.25. Panels (al,a2) show the simulated EEG
for the driving Node 1 (blue) and recruited Node 2 (red); panel (a3) shows their effective drives p. Blue, pink, and yellow
shading denotes model-defined interictal, ictal, and postictal periods. Horizontal dashed lines mark the spike (blue, 0.43),
spike-wave discharge (orange, 3.03), and wave (red, 5.12) thresholds. The highlighted interval (T2<1),T2(2)) marks the lag
between termination times T2(1> and T2(2> of the two nodes. For complete transitions, 75 is the upward wave-threshold
crossing; for truncated transitions, including Node 2 here, it is the onset of p decline. (b) Mean postictal duration, T5 — Tb,
versus K for Node 1 (blue circles) and Node 2 (red squares). The recovery endpoint T3 is the subsequent downward spike-
threshold crossing. (c) Mean termination lag, ATy = T2(2) - TQ(I), versus K. Black squares and error bars denote the mean

and standard deviation across detected event pairs, respectively. In (b,c), pink and green shading marks truncated and
complete transitions in Node 2, respectively; the unshaded interval 0.85 < K < 1 contains both.

and Node 2’s postictal recovery proceeds largely with stronger coupling but remains substantial,
unperturbed. Under inter-node coupling, postic- reflecting the irreducible temporal lag inherent to
tal duration is therefore not solely determined the recruitment dynamics.

by the pmax attained during the seizure, but is Taken together, the two-node analysis reveals
additionally modulated by the seizure termina- two coupling-dependent differences between spon-
tion lag AT, = T2(2) — T2(1) between nodes, which taneous and recruited seizure-like events. First,
selectively compresses the driving node’s postic- coupling strength determines how far recruited
tal interval. Furthermore, this lag is an intrinsic rhythm transitions progress toward slow-wave
feature of the recruitment dynamics and persists activity: weak coupling produces truncated tran-
at all coupling strengths. As shown in Fig. 10(c), sitions lacking slow-wave components, whereas
AT, decreases monotonically with increasing K stronger coupling yields transitions that reach the
but converges to an asymptotic value near 15 s wave regime and become comparable to those of
rather than vanishing entirely. Consequently, the the driving node. Second, recruited events exhibit
postictal duration difference in Fig. 10(b) narrows longer model-defined postictal durations than

spontaneous events in the driving node because
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1072 of a persistent termination lag between the two
1073 nodes. These model-derived spectral and temporal
1074 differences may serve as candidate dynamical sig-
1075 natures for distinguishing driving from passively
1076 recruited nodes in epileptic networks, subject to
1077 clinical validation.

1078

1079 4 Discussion

1080
1081 Epileptic EEG reflects biophysical processes oper-

1082 ating over widely separated timescales, giving rise
1083 to rich rhythmic and spectral dynamics. Pre-
1084 vious studies have documented the slowing of
1085 rhythmic discharges during seizure evolution and
1086 prominent delta activity after seizure termina-
1087 tion (Perucca et al. 2014; Demont-Guignard et al.
1088 2009; Pottkamper et al. 2020; So and Blume
1089 2010). Quantitative studies have also character-
1090 ized ictal harmonic structures (Hu et al. 2026) and
1091 linked postictal reductions in spectral entropy to
1092 increased relative delta power (Sanz-Garcia et al.
1093 2017). These observations motivate investigating
1094 how fast ictal activity and slower recovery-related
1095 processes interact to generate the fast-to-slow
1096 rhythm transition. To this end, we developed the
1097 multi-timescale DCE model, which couples fast
1098 ictal activity with SWD-related dynamics while
1099 preserving spontaneous interictal-ictal switching.
1100 The simulated EEG qualitatively captures pro-
1101 gressive ictal rhythm slowing and the persistence
1102 of slow activity into a model-defined postictal
1103 phase. The model thus provides a unified dynam-
1104 ical account of this spectral evolution within
1105 recurrent seizure cycles.

1106 The within-patient analysis illustrates ictal
1107 rhythm slowing followed by retained relative low-
1108 frequency weighting during early postictal recov-
1109 ery (Fig. 3). The extended cohort analysis reveals
1110 variability in postictal spectral trajectories across
1111 patients (Supplementary Table S4). These obser-
1112 vations motivate viewing ictal slowing and subse-
1113 quent low-frequency activity as successive compo-
1114 nents of a continuous spectral trajectory spanning
1115 the ictal and early postictal periods. Previous
1116 studies likewise indicate that electrophysiologi-
1117 cal recovery can extend beyond seizure termi-
1118 nation (Fisher and Schachter 2000; Pottkamper
1119 et al. 2020; Bratu et al. 2024). The continua-
1120 tion of spectral evolution beyond seizure offset
1121 is compatible with a transition into a dynami-
1122 cally distinct postictal state (Kramer et al. 2012;
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Bauer et al. 2017). Changes in discharge morphol-
ogy, background activity, spectral entropy, and
synchronization provide complementary informa-
tion about seizure termination (Pottkamper et al.
2020; Sanz-Garcia et al. 2017; Kramer et al. 2012).
Postictal slow activity can also be accompanied by
residual spikes (Pottkamper et al. 2020). Within
the DCE model, the continuously evolving effec-
tive drive p organizes waveform evolution, with
oscillatory-regime thresholds used to distinguish
model phases. During subsequent postictal recov-
ery, the effective drive p declines through the SWD
and spike regimes, permitting transient postictal
spikes before falling below the spike threshold.
These model-generated spikes provide a quali-
tative counterpart to residual postictal activity
(Supplementary Section S3.1 and Fig. S3(d3)).
Their relationship to flickering between ictal and
postictal states near seizure termination remains
to be established (Kramer et al. 2012). The model
thus links ictal slowing, postictal slow activity, and
transient recovery spikes while retaining a distinct,
model-defined ictal-postictal boundary.

Within the DCE framework, the fast-to-slow
rhythm transition emerges from reciprocal nonlin-
ear coupling between the two subsystems rather
than from a simple superposition of indepen-
dent fast and slow oscillations. On the one
hand, the activity of Subsystem I, represented
by x1, is low-pass filtered and combined with
the ultraslow variable z; to form the effective
drive p for Subsystem II. As p increases dur-
ing a seizure-like event, it drives Subsystem II
successively through the spike, SWD, and wave
regimes, thereby increasing the dominant oscilla-
tory timescale and shifting spectral power toward
lower frequencies. On the other hand, the activ-
ity of Subsystem II, represented by x5, reshapes
the x1-nullcline and thereby modulates the ampli-
tude envelope of fast ictal activity in Subsys-
tem I. The simulated rhythm transition therefore
arises from coordinated changes in waveform,
oscillatory regime, and amplitude envelope. This
reciprocal organization is consistent with clini-
cal observations that fast ictal discharges and
spike—wave complexes can overlap and evolve
continuously (Aung et al. 2026). Although the
DCE model is phenomenological, its architecture
draws on physiologically motivated descriptions
of epileptic activity. Subsystem I represents an



effective fast-discharge component, whereas Sub-
system II follows a reduced thalamocortical archi-
tecture in which fast excitation and inhibition
interact with slower inhibitory feedback to gen-
erate SWDs (Destexhe 1998; Steriade and Con-
treras 1998; Wang et al. 2012). In particular,
GABAg-mediated inhibition provides a physiolog-
ical motivation for the slow feedback represented
by z2 (Destexhe 1998; Otis and Mody 1992). How-
ever, zy is an effective dynamical variable rather
than a quantitative representation of a receptor-
specific current. In the DCE model, rhythm
slowing arises from evolving state variables and
p-driven regime transitions under fixed connec-
tivity and timescale parameters. These results
explain how interacting fast and slow compo-
nents can organize spectral evolution; linking this
evolution to changes in specific neurotransmit-
ter systems requires independent physiological
validation. Other processes, including ionic and
metabolic regulation, adenosine-mediated sup-
pression, and postictal hypoperfusion or hypoxia,
may also contribute to seizure termination and
recovery but are not explicitly represented in the
model (Frohlich et al. 2010; Pottkamper et al.
2020; Liou et al. 2020; Farrell et al. 2016).

The parameter analysis in Section 3.3 revealed
how heterogeneous fast-to-slow rhythm transitions
can emerge from a common dynamical archi-
tecture. Specifically, three functionally distinct
parameter families control different aspects of the
transition: timescale ratios determine its spec-
tral span, the filtering rates y; and o govern its
temporal organization, and the connectivity coef-
ficients C,, and C,, shape the availability and
relative occupancy of the spike, SWD, and wave
regimes. This parameter-to-phenotype mapping
extends the node-level representation of the DCE
model beyond a single epileptogenicity parame-
ter, allowing nodes with similar seizure propensi-
ties to exhibit distinct rhythm-transition pheno-
types. This flexibility could support richer node-
level parameterization when fitting heterogeneous
EEG phenotypes across brain regions or patients
and suggests a potential application in patient-
specific estimation of electrographic seizure offset.
Specifically, DCE parameters could first be iden-
tified from clinician-annotated training seizures
by fitting their spectrotemporal trajectories and
aligning the model-defined ictal-postictal bound-
ary with the annotated offsets. For subsequent
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seizures, the fitted model could be used to recon-
struct the latent trajectory p(t), whose upward
crossing of the wave-regime threshold derived from
the fitted bifurcation structure would provide a
model-based estimate of seizure offset. Realizing
this application will require formal identifiability
and uncertainty analyses, reliable state estima-
tion, and validation against expert annotations
in held-out seizures (Raue et al. 2009; Villaverde
et al. 2022; Hashemi et al. 2020). Assigning
physiological meaning to the fitted parameters
would additionally require validation against inde-
pendent physiological measurements (Vattikonda
et al. 2021).

The two-node analysis in Section 3.4 extends
the DCE framework from isolated-node dynamics
to a minimal setting of inter-node seizure recruit-
ment. The recruitment-mode map in Fig. 8(a)
shows that local epileptogenicity and inter-node
coupling jointly determine whether the two
nodes exhibit one-to-one entrainment, many-to-
one recruitment, recruitment failure, or suppres-
sion. For the intrinsically non-epileptogenic node,
this map indicates that it can remain silent,
respond only after repeated driving events, or
become entrained depending on coupling strength.
Within the recruitment regime, coupling strength
further governs how far recruited rhythm transi-
tions progress through the spike, SWD, and wave
regimes, a property quantified here as rhythm
transition completeness. As shown in Fig. 9(a,b),
at weak coupling, the p trajectories of recruited
events reach only the SWD regime, producing
truncated transitions without a slow-wave com-
ponent. As coupling increases, an increasing pro-
portion of recruited events cross the wave-regime
threshold, eventually producing complete transi-
tions resembling those of the driving node. Cou-
pling therefore shapes not only whether recruit-
ment occurs, but also the internal oscillatory
composition of recruited seizure-like events. These
behaviors are consistent with the broader view
that seizure propagation and termination emerge
from interactions between local dynamics and net-
work connectivity (Proix et al. 2018; Vattikonda
et al. 2021; Proix et al. 2017). It should be noted
that the coupling implemented here is an effective
symmetric interaction acting through the dynam-
ics of the ultraslow variable z; in each node, rather
than a reconstruction of directed axonal pathways
or conduction delays.
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1174 From the perspective of epileptic network anal-
1175 ysis, the simulations in Sections 3.4.2 and 3.4.3
1176 suggest that rhythm transition completeness and
1177 postictal duration may provide complementary
1178 information about node roles. Rhythm transi-
1179 tion completeness captures a spectral dimension
1180 of recruitment, describing how far an event pro-
1181 gresses toward slow-wave activity. Weak cou-
1182 pling produces truncated transitions in which
1183 the recruited node does not enter all oscillatory
1184 regimes expressed by the driving node, whereas
1185 stronger coupling progressively reduces this spec-
1186 tral difference. It may therefore reflect recruit-
1187 ment strength, but cannot serve as a coupling-
1188 independent marker for distinguishing driving
1189 from recruited nodes. Postictal duration provides
1190 a second, temporal dimension. In the tested two-
1191 node configurations, the model predicts longer
1192 postictal durations in recruited events than in
1193 spontaneous events in the driving node. Clini-
1194 cal intracranial studies have associated distributed
1195 seizure propagation with stronger postictal delta
1196 activity and altered global connectivity (Tomlin-
1197 son et al. 2018), while SEEG studies indicate
1198 that electrophysiological recovery can substan-
1199 tially outlast the seizure itself (Bratu et al. 2024).
1200 These findings motivate investigating regional dif-
1201 ferences in postictal recovery, although they do
1202 not directly establish the predicted duration dif-
1203 ference between driving and recruited regions.
1204 Together with the model results, they raise the
1205 possibility that recruited regions contribute to
1206 postictal dysfunction even when seizure initiation
1207 is driven elsewhere. Rhythm transition complete-
1208 ness and postictal duration may consequently
1209 serve as candidate dynamical signatures for distin-
1210 guishing actively driving from passively recruited
1211 nodes, subject to clinical validation. This model-
1212 level distinction may relate to, but should not
1213 be equated directly with, the clinical distinc-
1214 tion between epileptogenic and propagation zones.
1215 Relating these electrophysiological features to
1216 postictal symptoms additionally requires consid-
1217 eration of behavioral, vascular, and metabolic
1218 processes beyond the current model, including
1219 hypoperfusion and hypoxia (Farrell et al. 2016).
1220 Validation will require SEEG or other spatially
1221 resolved recordings with independently identified
1222 seizure-onset and recruited regions, using a com-
1223 mon recovery criterion across regions.

1224
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Methodologically, a central contribution of this
study is to treat the EEG time—frequency repre-
sentation as a dynamical phenotype to be gen-
erated and explained, rather than solely as a
feature space for seizure detection or classification.
In many studies of seizure detection and pre-
diction, time—frequency measures are commonly
extracted as descriptive features or used as inputs
to machine-learning models, including deep neu-
ral networks (Alotaiby et al. 2014; Xu et al. 2024;
Zhang et al. 2024). Existing generative models, by
contrast, have addressed distinct aspects of epilep-
tic dynamics. NMMs have reproduced specific
epileptiform patterns, including fast ictal activ-
ity and SWDs, and have related these patterns
to changes in excitation, inhibition, and popula-
tion coupling (Wendling et al. 2002; Goodfellow
et al. 2011; Taylor and Baier 2011). The Epilep-
tor model provides a low-dimensional descrip-
tion of spontaneous seizure onset and offset and
has enabled patient-specific modeling of seizure
propagation through whole-brain networks (Jirsa
et al. 2014; Proix et al. 2017). Other models
have described within-seizure waveform evolu-
tion, progressive ictal slowing, seizure termina-
tion, or postictal suppression through trajectories
in parameter space, critical transitions, adaptive
inhibition, or network plasticity (Nevado-Holgado
et al. 2012; Kramer et al. 2012; Bauer et al.
2017; Liou et al. 2020). In particular, Kayabas
et al. (2024) modeled the decreasing frequency of
fast-onset activity using a physiologically moti-
vated NMM. That gamma-band chirp is distinct
from the longer ictal-to-postictal spectral redistri-
bution emphasized here. The DCE fast component
can show a local increase in frequency at seizure
onset and does not reproduce that specific down-
ward chirp. Its overall spectral slowing reflects
changes in waveform composition and relative
component amplitudes. The DCE model should
therefore be viewed as complementary to these
approaches. Its specific contribution is to combine
recurrent interictal-ictal switching, a progressive
spike-to-SWD-to-wave cascade, and an explicit
postictal recovery interval within a unified dynam-
ical framework. In this way, the DCE model links
observable EEG time—frequency patterns to tran-
sitions among its dynamical regimes. Its ability to
autonomously generate recurrent interictal-ictal—
postictal cycles may facilitate future fitting to
long-term EEG recordings.



This study has several limitations. First, the
clinical analysis was limited to a single scalp EEG
dataset and early postictal recovery. The observed
between-patient variability highlights the need for
independent scalp and intracranial EEG stud-
ies to assess the prevalence and generalizabil-
ity of this spectrotemporal pattern. Second, the
DCE variables are phenomenological rather than
quantitative measurements of specific neuronal
or synaptic processes. Although this abstraction
limits direct physiological interpretation, the com-
pact model structure facilitates explicit dynamical
analysis of rhythm interactions across timescales.
Finally, the two-node system represents only a
minimal network extension and does not incor-
porate directed anatomical connectivity. Future
work will construct patient-specific large-scale
whole-brain models based on DCE nodes, param-
eterize inter-node coupling using individual struc-
tural connectomes, and estimate node-level model
parameters by matching simulated spectral phe-
notypes to multichannel EEG recordings (Proix
et al. 2018; Vattikonda et al. 2021; Proix et al.
2017). Such extensions will enable direct testing
of whether transition completeness and postictal
duration provide additional information for distin-
guishing actively driving from passively recruited
regions.

5 Conclusion

Clinical EEG analysis provided an empirical ref-
erence for the fast-to-slow rhythm transition,
linking ictal slowing with retained relative low-
frequency weighting during early postictal recov-
ery. The expression of this spectral pattern varied
across seizures and patients. The proposed Dual-
Component Epileptic EEG (DCE) model qualita-
tively reproduced the principal spectral features
of this pattern within recurrent interictal-ictal-
postictal cycles. Mechanistically, the transition
emerged from nonlinear coupling between fast
ictal activity and SWD-related dynamics, with the
effective drive p organizing a cascade through the
spike, SWD, and wave regimes. Parameter anal-
yses further decomposed rhythm-transition vari-
ability into three dimensions: spectral span, tem-
poral organization, and oscillatory-regime compo-
sition. In the two-node simulations, coupling con-
trolled the extent of rhythm slowing in recruited
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events, which exhibited longer model-defined pos-
tictal durations than spontaneous events in the
driving node. These spectral and temporal dif-
ferences suggest candidate dynamical signatures
for distinguishing actively driving from passively
recruited regions, pending validation in spatially
resolved clinical recordings. Together, these find-
ings provide a unified dynamical framework for
investigating the generation, variability, and net-
work modulation of ictal-to-postictal spectral evo-
lution. The autonomous recurrence and node-level
rhythmic flexibility of the DCE model may sup-
port future fitting to long-duration EEG record-
ings and extensions to patient-specific whole-brain
models.

Supplementary information. The supple-
mentary material provides the stochastic for-
mulation and numerical implementation of the
DCE model (Section S1), extended clinical EEG
methods and analyses (Section S2), component-
level simulations and controlled coupling analyses
(Section S3), and a qualitative comparison with
the original Epileptor model (Section S4).
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