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Abstract

Epileptic seizures involve the brain transitioning from a resting state to an abnormal state of synchro-
nized bursting, akin to a bifurcation in dynamical systems where a parameter shift triggers a qualitative
change in behavior. A comprehensive model was previously developed that used dynamical equations
capable of simulating 16 “dynamotypes” of seizures that span the full range of theoretical first-order
dynamics. The current work is a tool to understand and implement this model with the goal of gener-
ating a wide range of synthetic seizures. We present a dynamical atlas of all 16 possible onset–offset
bifurcation combinations, each characterized by distinct features in simulated EEG-like recordings. We
include a tutorial and graphical user interphase that generates diverse simulated seizures. In addition,
we include methods to add realistic noise and filtering effects to enhance their resemblance to human
EEG data. This toolbox has two purposes: it is a practical, educational demonstration of the dynamical
principles underlying seizure bifurcations, and it provides the algorithms necessary to produce large
numbers of realistic, diverse seizure patterns that have similar noise and filtering characteristics as
human EEG. This generative model can aid in training seizure detection algorithms, understanding
brain dynamical behavior for clinicians, and exploring the impact of noise on EEG recordings and detec-
tion algorithms.
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Significance Statement

This work contains a tutorial, atlas, and generative model for a comprehensive, realistic seizure model
based on dynamical theory. This user-friendly tool is designed to teach the theoretical principles under-
lying the model, as well as implement it in order to generate a wide range of simulated seizures that
have the same appearance as human EEG recordings. This work is thus broadly applicable to clinicians,
students, and researchers.

Introduction
Epilepsy is one of the most common and debilitating neurological diseases and avail-

able treatments are inadequate for a large percentage of patients. Technological
advances provide hope for additional treatment options, such as recording devices and
data tools that can generate and analyze long-term electroencephalography (EEG) data.Continued on next page.
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However, one of the primary challenges in epilepsy is that seizure recordings can differ
greatly from one patient to the next. This variability has led clinicians to develop an empir-
ical approach to identifying seizures based on rules that allow a great deal of flexibility, i.e.,
the clinical teaching of identifying “rhythmic patterns that differ from background and
evolve over time and space.” Given such broad guidelines, the heterogeneity of patients,
and the inherently noisy environment of an EEG, it is perhaps not surprising that agree-
ment between EEG experts is limited (Benbadis et al., 2009; Abend et al., 2011).
Without clear definitions of seizures, most attempts to develop classification systems
are based on observational descriptions (Perucca et al., 2014; Lagarde et al., 2019), which
have not yet shown a clear relationship between the specific seizure types and treatment
choices or underlying mechanisms. Classifying seizures remains a major challenge: there
are a wide range of potential patterns, data are difficult to acquire and analyze, it is difficult
to build and annotate multicenter datasets, and it is still unclear which aspects of the sei-
zures are clinically relevant.
Modern computational tools now allow for data-driven classification; however, such

tools require many thousands of examples for training. This strategy can be robust
when analyzing human EEG data (Kaestner and Stacey, 2023; Jing et al., 2023a,b).
However, building a training dataset for human EEG is challenging because it requires
expert labeling, which is impractical with large numbers of seizures and somewhat unre-
liable given the limited agreement between reviewers. Additionally, the “gold standard” of
seizure classification is highly subjective.
One option to help overcome these challenges is to generate a large, labeled seizure

dataset with a gold standard computational model in order to train detection algorithms.
Such a model has several requirements in order to be a valid, realistic training set: (1) it
should generate a wide range of seizure patterns similar to those found in humans; (2) sei-
zures should have similar amplitude and scale as human EEG; (3) noise should be included
in the background activity as well as in the dynamics of the seizure itself; and (4) acquisi-
tion parameters (e.g., filtering and sampling rate) should be similar to those of EEG ampli-
fiers. Recent work (Wang et al., 2024) has begun to generate synthetic, spatiotemporal
seizure patterns at the whole brain scale, but even those large-scale projects are limited
to one single type of dynamical pattern (Jirsa et al., 2014) and are not designed to have
the signal properties of human seizures. To our knowledge, no prior computational model
has been developed that satisfies all of these requirements and produces a variety of sei-
zure morphologies. The goal of this work is to present a comprehensive computational
model that can generate realistic synthetic seizures.
The first step in the process is choosing a seizure model. There is a long history of mod-

eling seizures, primarily concentrated on exploring the effects of specific pathologies
within models (Lytton, 2008; Wendling et al., 2016). While that approach can inform about
mechanisms, it is less likely to generate a broad range of seizures. In the current work, we
use the Saggio–Jirsa model that encompasses a wide range of basic onset and offset
dynamics (Saggio et al., 2017) and is able to create a diversity of bursting patterns that
closely resemble human EEG data. This model focuses on invariant properties of the sei-
zure dynamics, rather than specific biophysical mechanisms. It is based on first principles
of bifurcation theory: the goal is to produce a signal that has the same key dynamical char-
acteristics, agnostic to specific physiological mechanisms. Being independent from
mechanisms is a crucial feature of this approach, because awide range of different pathol-
ogies can produce seizures with similar dynamical characteristics (Jirsa et al., 2014;
Saggio et al., 2020), a phenomenon known as degeneracy (Albantakis et al., 2024). In
essence, this model produces seizures that “look real” without being specific to one
type of epilepsy, which is exactly what is necessary to build a large database of synthetic
seizures. Note however that this model is focused just on the onset and offset of seizures;
it does not describe interictal activity such as spikes nor more complicated ictal dis-
charges such as spike–wave complexes.
The current work uses that model as a basis for several components, all of which are

available for download and are designed for general use. The following components are
available at https://github.com/Dynamotypes-for-Dummies:

1. “Dynamotypes for Dummies tutorial” is the eponymous tutorial written as a
MATLAB Live Editor. It describes the basic approach for generating seizures
with the Saggio–Jirsa model and how it can be used to span a wide range of
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dynamical properties. It also contains an active code that generates each output as a practical demonstration.
Changing parameters (e.g., noise, recording conditions, amplitude, frequency) changes the seizure output directly.
This file is saved as Extended Data 1 as Word and PDF documents, and the MATLAB Live Script can be down-
loaded at this link: https://github.com/Dynamotypes-for-Dummies/dynamotypes-for-dummies-tutorial.

2. Algorithms for realistic noise and filtering. Within the tutorial, we include detailed descriptions of how to generate
realistic noise and filtering characteristics and show how these changes produce realistic seizure outputs.

3. Interactive GUI: We include a separate graphical user interface (GUI) in MATLAB, which allows real-time manipu-
lation of the different parameters as sliders, showing how the model produces the voltage signal. It includes graph-
ics that show how these parameters affect the dynamical properties and the output voltage signal. These files are
on the GitHub repository. It also includes a video and tutorial for how to adjust this GUI to other parameters and
dynamotypes.

4. Dynamotype Atlas: We present an atlas showing multiple examples of each of the 16 dynamotypes, along with a
generative MATLAB code to replicate all atlas figures. These files are on the GitHub repository, and a copy of the
Atlas is saved as Extended Data 2.

5. Database of Atlas Seizures. The 330 seizures from the Atlas are saved in a file “seizure_atlas.mat” on the GitHub
repository.

6. Python code to generate seizures for each dynamotype is also available on the GitHub repository.
7. MATLAB script “create_database.mlx” to generate a wide array of simulated seizures for each class, which can be

adapted to produce larger datasets. This file is saved as Extended Data 3 as Word and PDF documents and is also
on the GitHub repository as a MATLAB Live Script format.

These tools have several purposes. One major goal is to simulate realistic human EEG recordings. Simulated EEG data
could be used for training seizure detection or classification algorithms. A major advantage of this model is that it has spe-
cific labels that define exactly when seizures start and what type of underlying onset dynamics are present, removing the
need for expert labeling and providing a ground truth. Another major goal is to provide teaching about this approach of
generating seizures, practical training on how to implement it, and provide code for other researchers to customize for
their own purposes. The visualizations and user-friendly parameter adjustment also provide tremendous flexibility for a
wide range of applications.

Materials and Methods
Introduction to dynamical theory
Dynamical systems are systems whose state changes over time according to a defined rule. In the context of biological

modeling, dynamical systems are most often realized in two forms: discrete maps and differential equations. This model is
restricted to ordinary differential equations (ODEs).
First-order ODEs consist of equations that relate the time derivative of an independent state variable (which may be a

vector) to the current state of the system and possibly external time-dependent forcing. Our core model contains no exter-
nal forcing. The general form is as follows:

dx
dt

= f(x).

Given starting values for the components of the state variable, known as the initial conditions, the solutions of the ODEs
prescribe a unique trajectory that describes the evolution of the state variables, beginning at the initial condition. Explicit
solutions to ODEs are highly desirable as they tell us the exact value of the state variable at every time point. However,
ODEs can be complex, and their solutions are highly nontrivial, which motivates the so-called qualitative study of
ODEs (in “Dynamotypes for dummies tutorial” section, Brief Introduction to Dynamical Systems).
The qualitative theory of ODEs is concerned with describing the long-term behavior of the dynamical system. Does the

system “settle down” at a certain value? Does it persistently oscillate? Does it exhibit chaos? These questions motivate
the first term of interest, a stable attractor. Attractors are most generally understood as a subset of possible values of the
state variable toward which the system evolves. The attractor is stable in the sense that, given a trajectory initialized on the
attractor, a sufficiently small, arbitrary perturbation away from the attractor results in the system returning to the attractor.
Conversely, a set of states may be unstable, in which case small perturbations result in trajectories which flow away rather
than returning to the attractor, in which case the location can be called a repeller.
The two types of attractors pertinent to this work are stable fixed points and stable limit cycles. So-called chaotic or

strange attractors are explicitly disallowed in our model, as they only exist in systems of three or more dimensions, while
our fast subsystem is only two-dimensional. Furthermore, degenerate solutions like line attractors or centers are not rel-
evant to the present work.
First, fixed points are single states at which the system remains for all time when initialized there. Mathematically, these

are disconnected points at which dx/dt=0. Thus, fixed points are solutions of f(x) = 0.Writing this in components fi(x) = 0,
for all components 1 ≤ i ≤ n. For a single fixed i, the set of states that solves fi(x) = 0 is called a nullcline. Thus, fixed points
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are the intersections of the n nullclines. Fixed points can be either stable, unstable, or saddles. Stability of a fixed point is
assessed by evaluating the Jacobian matrix at the fixed point. The Jacobian is given as follows:

J =

∂f1
∂x1

· · · ∂f1
∂xn

..

. . .
. ..

.

∂fn
∂x1

· · · ∂fn
∂xn

⎡
⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎦
.

The Jacobian evaluated at the fixed point describes the growth or decay of small perturbation. A fixed point is stable when
the real parts of the eigenvalues of the Jacobian are all negative. A fixed point is unstable if the real parts of all eigenvalues
are positive. A fixed point with a mix of eigenvalues with positive and negative real parts is a saddle. If the eigenvalues are
all real, the fixed point is known as a node. If eigenvalues are complex, then we call the fixed point a spiral.
Limit cycles are periodic solutions of ODEs, x(t), such that x(t) = x(t + T ) for some finite period T. Limit cycles can also be

stable or unstable. The stability of limit cycles is assessed via Floquet theory (Encyclopedia of Mathematics, 2025), which
is beyond the scope of this tutorial. Table 1 gives a concise description of attractors and repellers (from “Dynamotypes for
dummies tutorial” section: Brief Introduction to Dynamical Systems; subsection: Long-Term Behavior, Attractors, and
Stability). In a dynamical system, parameters are fixed values that influence the system’s behavior but do not evolve
with time. For example, in the one-dimensional equation, dx/dt = f (x) = ax, a (a real number) is the sole parameter.
Clearly, choosing different parameters will produce distinct dynamics, changing the state trajectories from a given initial
condition. Thus, varying parameters can shift the location of attractors in the state space. Furthermore, the qualitative
dynamics may be altered. Loosely, a qualitative change in dynamics as parameters are varied is known as a bifurcation,
and the parameters that induced the bifurcation are known as bifurcation parameters. In the context of this work, bifurca-
tions can be understood as (1) the creation/annihilation of attractors/repellers or (2) the change in stability of an attractor/
repeller (further elaborated in “Dynamotypes for dummies tutorial” section, Brief Introduction to Dynamical Systems; sub-
section, Bifurcations).

Bifurcation theory as a model of seizures
There are several approaches to model seizures (Wendling et al., 2016), ranging from highly physiological models that

include structure and specific channels (Traub et al., 2005) to mean field approximations that generalize the bulk effects of
excitation and inhibition (Demont-Guignard et al., 2012) to dynamical descriptions that focus on how certain behaviors can
be produced, agnostic to specificmechanisms (Saggio and Jirsa, 2023). Our work uses the latter approach, as introduced
in Saggio et al. (2017). This model is phenomenological: it aims to use the simplest mathematical expression able to repro-
duce some relevant dynamics hypothesized to underlie seizures. It is important to stress that variables and parameters in
phenomenological models are abstract and do not have an obvious biophysical correlate other than one of the variables
reproducing the voltage timeseries. This type of phenomenological approach has been often been used to build
large-scale brain models due to their lower computational burden (Hutchings et al., 2015; Sinha et al., 2017; Lopes et
al., 2020; Hashemi et al., 2021).
As described extensively in prior work (Jirsa et al., 2014; Saggio et al., 2017; Saggio et al., 2020), the underlying phe-

nomenon guiding this model is that seizures are defined by abrupt transitions in dynamics. In the field of dynamical sys-
tems, this type of transition between two states requires proximity to a bifurcation (Izhikevich, 2010). The Saggio–Jirsa

Table 1. Description of attractors and repellers

Attractor/
repellor Description Intuition

Stable fixed
point

A point in a dynamical system where, if the system is
slightly perturbed in any direction, it will return to that
point

Like amarble at the bottom of a bowl—nomatter where you
nudge it, it will roll back to the bottom. Stable because it
always returns to the same spot

Unstable
fixed point

An unstable fixed point is a point in a system that repels
nearby trajectories. If the system is at that point and is
perturbed, it will not return to that point

Like a marble balanced on top of a dome—any tiny push
will cause it to roll away. Unstable because even the
smallest push will move it away

Saddle fixed
point

A point where the system may be attracted in some
directions but repelled in others

Like a marble on a horse saddle—it stays put if moved
front-to-back but rolls off side-to-side. Saddle because
stable in one direction but unstable in another

Stable limit
cycle

A stable limit cycle is a repeating pattern or cycle in a
system that attracts nearby trajectories. If the system is
slightly perturbed, it returns to this cycle

Like a ceiling fan spinning at steady speed—even if slowed
slightly, it returns to original rhythm. Stable because it
settles into repeating motion

Unstable limit
cycle

An unstable limit cycle is a repeating pattern or cycle in a
system that repels nearby trajectories

If you spin a coin perfectly, slight wobble eventually causes
it to fall. Unstable because the spinning motion is hard to
maintain
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model (Saggio et al., 2017) assumes that a seizure’s onset and offset are due to the system going through such bifurca-
tions [see the Supplementary material of Saggio et al. (2020) for how to use the model for input-induced transitions,
another proposed mechanism for transitions]. A feature of this approach is that it is independent of specific mecha-
nism—the bifurcations are invariant and preserved across mechanisms, species, and etiologies (Jirsa et al., 2014).
The Saggio–Jirsa model is based on four different onset [saddle node (SN), SN invariant circle (SNIC), supercritical Hopf

(SupH), subcritical Hopf (SubH)] and offset [saddle homoclinic (SH), SNIC, SupH, and fold limit cycle (FLC)] bifurcations. Each
of these has distinct, well described dynamical properties. Figures 1 and 2 show an illustration of onset and offset dynamics.
The Saggio–Jirsa model results in a taxonomy covering the 16 possible combinations of onset/offset bifurcations

(Izhikevich, 2000), which are called dynamotypes (Saggio et al., 2020). Figure 3 shows a characteristic example of

Time Series              Characteristics                      State Flow                          

Saddle-Node
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(SNIC)

Supercritical
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Subcritical
Hopf
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Saddle-Node
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Figure 1.Onset bifurcations. The top portion of this figure shows a bifurcation diagram of the Saggio–Jirsa model. The lower portion shows visualization of
its onset dynamics. SN onsets can arise with or without direct current (DC) shifts, which were distinguished by the presence of big (LCb) or small (LCs) limit
cycles in state space (Saggio et al., 2017). Bifurcations scale from zero based on square root scaling laws as indicated. The lower right portion of the figure
illustrates the state flow diagrams for key bifurcations, showing how system trajectories evolve through state space during seizure onset. Column A shows
the state space before the bifurcation has occurred, where the system is at rest. Column B shows the state space at the bifurcation. Column C shows the
state space after the bifurcation where the system is in the limit cycle.
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each dynamotype, generated using the methods presented here. Note that the SN (LCb) and SubH onsets, as well as
the SN (LCb) and FLC offsets, all have arbitrary scaling and thus cannot be distinguished from each other in the time
series data.
One key aspect of the original model is fast-slow bursting, which explains both the fast rhythms of oscillations within the

bursting state (i.e., the spiking rate within a seizure) and the slow rhythm of transitions between the bursting and resting
state (i.e., the transition between seizure and rest; Saggio et al., 2017). That model described oscillations in the bursting
state by the time evolution of a fast subsystem (fast variables, x, y). Plotting the x variable over time resembles the voltage
tracing of an EEG, specifically an intracranial electrode that samples from a small region of the brain, such as a stereo-EEG
(SEEG). The transition between resting and bursting states is dictated by the time evolution of a slow subsystem (slow

Time Series           Characteristics                         State Flow
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Invariant Circle

(SNIC)

Saddle-
Homoclinic
(SH LCs)

Supercritical
Hopf
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Trajectory arrow 

Figure 2.Offset bifurcations. The top portion of this figure shows a bifurcation diagram of the Saggio–Jirsa model. The lower portion shows visualization of
its offset dynamics. SH offsets can arise with or without direct current (DC) shifts, which were distinguished by the presence of big (LCb) or small (LCs) limit
cycles in state space (Saggio et al., 2017). Bifurcations scale to zero based on the either square root or logarithmic scaling laws as indicated. The lower right
portion of the figure illustrates the state flow diagrams for key bifurcations, showing how system trajectories evolve through state space during seizure
offset. Column A shows the state space before the bifurcation has occurred, where the system is in the limit cycle. Column B shows the state space at
the bifurcation. Column C shows the state space after the bifurcation where the system is at rest.
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variable, z). The slow subsystem aids in steering the fast subsystem in parameter space so that bursting can occur. These
variables form a system of equations that creates the model (Eq. 1):

ẋ = −y

ẏ = x3 − m2(z) ∗ x − m1(z)− y(n(z)+ x + x2)

ż = Slow Variable.

(1)

The two fast variables x and y produce either rest, oscillations, or both, depending on the values of the three parameters
(µ1, µ2, and ν) in Equation 1. The slow variable z affects how the model moves around parameter space and can induce
bursting in the fast variables. We simulate z using multiple methods described below. Instead of looking at the behaviors
of the fast variables for all possible combinations of the three parameters, for this system, we can, without loss of gener-
ality (Dumortier et al., 1991), restrict the description to those combinations lying on a spherical surface with small enough
radius. This two-dimensional spherical surface creates a “map”with bifurcation curves that partition the surface into sep-
arated “regions” (Fig. 4). Within one region, the fast subsystem exhibits similar behaviors even though quantitative features
may change. For example, a region may be characterized by oscillations, but the specific frequency or amplitude may
change within it. This parameter-spacemap contains regions that correspond to brain states of either seizure, rest, or bist-
ability. One can model movement within the parameter space by varying the input coordinates µ1, µ2, and ν, which will
correspond to navigating around the map. The model’s (i.e., simulated brain’s) activity will change depending on the spe-
cific bifurcations it crosses during this navigation and the region it enters. For instance, if the parameters move the system
from “rest” to “seizure” state by crossing a bifurcation, a seizure will begin. In a bistable region where rest and seizure
states coexist, the system does not necessarily need to leave the region for a seizure to begin. If, initially in the rest state,
the system can transition into a seizure if the appropriate bifurcation curve is met, then the system reverses direction and

Key: Method figures 
were created in 

Hysteresis

Slow-wave

Piecewise
Slow-wave

16 Classes

Figure 3. Sixteen seizure dynamotypes, distinguished by their combination of onset and offset dynamics. Examples herein are generated using the
different techniques described in this work.
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remains in the bistable region. Bistable regions can also generate seizures if input to the system such as noise or stimu-
lation pushes it across the threshold that separates the rest state from the seizure state, without the need for movement on
the map. Overall, this model provides a rational explanation for why some brains are more likely to seize at certain times if
they are closer to an onset bifurcation in parameter space.
One clarification is necessary regarding terminology and labeling. There are bursting paths in which the system first

crosses one bifurcation (e.g. SN), which does not lead directly to oscillations until after another bifurcation is crossed
(e.g., SupH). By the classical definition (Izhikevich, 2000), seizure would be labeled a SupH [Saggio et al. (2017), their
Fig. 8]. However, that distinction is ambiguous in vivo, where the presence of a DC shift is the sine qua none of a SN bifur-
cation, and it may not be possible to ascertain which bifurcation caused the bursting. Therefore, following a recent labeling
convention [Saggio et al. (2020), their Fig. 4C ], showing the same pattern from Saggio et al. (2017; labeled as a SN), we
classify a seizure with a DC shift at onset as a SN (an example is seen in the bottom left of Fig. 4). That is, under conditions
where there are two bifurcations necessary for onset—one that destabilizes the resting state and a second that causes
oscillations—we define the seizure by the first bifurcation. Because of this convention, some of the dynamotypes pro-
posed in Saggio et al. (2017) had not been previously generated, which necessitated developing additional methods.

Generating seizures
To generate a simulated seizure using the Saggio–Jirsa model, we must identify a path through parameter space that

“connects” onset and offset bifurcation curves. We call this path the bursting path; it is the set of parameter values along
which the system varies in order to exhibit the proper sequence of bifurcations that yield a burster. To create a burster of a
particular class, we must find a path that appropriately connects the correct onset and offset bifurcations. Movement of
the system along this path is accomplished by parameterizing the bursting path in terms of the slow variables, z. A sample
bursting path is shown in Figure 5.
We traversed the parameter-space map using three methods to change the slow variable in Equation 1. Each method

functions by changing the parameters µ1, µ2, and ν to define the position of the system on the spherical surface. The first
twomethods, hysteresis-loop bursting, slow-wave bursting using circular paths (Izhikevich, 2000; Golubitsky et al., 2001),
were previously implemented by the Saggio–Jirsamodel (Saggio et al., 2017). Here, we present a third method (slow-wave
piecewise bursting) to simulate noncircular pathways that provide more customizable pathways. Note that because the
parameter-space map is a spherical surface, paths in all three methods are made of arcs and circles.

Hysteresis-loop bursting. In their simplest implementation, the hysteresis-loop bursts follow arc-shaped paths between
an onset bifurcation curve and an offset bifurcation curve, through a bistable region. The hysteresis is produced by the
slow variable receiving feedback from the fast subsystem to drive the transition between states to create a coiled spring-
like path that “pushes or pulls” the system back to resting state as in Saggio et al. (2017; Eq. 2). We used this method to
produce five dynamotypes, summarized in Figure 6. We generated different seizures for each dynamotype by choosing
several different locations on the onset and offset bifurcation arcs:

ẋ = −y

ẏ = x3 − m2(z) ∗ x − m1(z)− y(n(z)+ x + x2)

ż = −c
�����������������������������
(x − xs)

2 − (y − ys)
2 − d∗

√( )
,

(2)

LCs

LCb

Rest / Seizure Bistable region
Active Rest/ Rest Bistable region

Seizure region

Fold Limit Cycle
SH
SN

SubH
SupH

SNIC

Figure 4. Left: Spherical projection of the map, partially transparent. Colored lines represent bifurcations, and shaded areas identify regions where specific
brain states are possible (i.e., seizure and rest). Right, Stylized two-dimensional projection of the same map.
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where d* is a parameter that defines how close the system is to a threshold of excitability for bursting and xs, ys are the
stable fixed points of each fast variable when the system is in the resting state and c is the velocity of the slow variable
(Saggio et al., 2017).

Slow-wave bursting. A simple implementation of slow-wave bursting follows a circular path created by using one point
on the onset curve, one point on the offset curve, and a third point on the sphere. There is no feedback from the fast

Onset Offset

Rest / Seizure Bistable region
Active Rest/ Rest Bistable region

Seizure region
Fold Limit Cycle

SH
SN
SubH

SupH
SNIC

Onset bifurcation
Offset bifurcation

Circular path direction
xsimulation start

xsimulation end

Figure 5. Parameter-space path (left) shown with corresponding simulated seizure trace of the variable x (right).

/SH offset

/SH offset

/SH offset

/ SupH offset

/SupH offset

SN/SH

SN/SH

SN/SH

SubH/FLC

SN/FLC

SN onset /FLC offset

SN onset /SH offset

SubH onset /FLC offset

SN/SupH

SN/ 
SupH

SN/ 
SH

Rest/ Seizure Bistable region
Active Rest/ Rest Bistable region

Seizure region

Fold Limit Cycle
SH

SN
SubH

SupH
SNIC

Onset bifurcation
Offset bifurcation

SN onset

SN onset

SN onset

SN onset

SN onset

Figure 6. Sample hysteresis-loop bursting paths for each dynamotype on the 2D projection of the map (center) as well as the 3D image of the map
and a corresponding seizure generated from the highlighted paths. The transparent sphere has been rotated in each case to highlight the bursting
path in black.
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subsystem; rather, the slow subsystem autonomously travels along the closed path, here at a constant speed as in
Equation 3 (Saggio et al., 2017):

ẋ = −y

ẏ = x3 − m2(z) ∗ x − m1(z)− y(n(z)+ x + x2)

ż = k.

(3)

As before, we generated several examples for each dynamotype by simulating paths that intersect with several points
along each onset and offset curve (see atlas). We produced seven dynamotypes with this method, which are summarized
in Figure 7. All dynamotypes can be produced using this method, but somemust cross additional bifurcations to complete
the circle.

Piecewise bursting. The third method for traversing the map is another implementation of slow-wave bursting. The
piecewisemethod allows the user to customize paths across specific bifurcations and starting/ending points. Thismethod
also uses Equation 3, although the k(t) term is defined differently. To elicit piecewise bursting, we used direct pathways
between four defined points to move through the parameter space. The first point is a point in the rest region. The second
point is on the onset bifurcation curve. The third point is a point in the limit cycle (seizure) region. The fourth point is on the
offset bifurcation curve. Four arcs are created to generate a continuous path between the points. We included delays at
the turning point of some simulations to represent spending longer periods in the bursting state. Note that this method has
a specified beginning and endpoint, which is a different implementation than the prior two and allows the brain to traverse
to new conditions after the seizure, suggesting the plausible situation that the seizure had modified the values of the
parameters. Also note that it is possible to start/stop the other methods in different locations as well if desired, as shown
previously (Saggio et al., 2020; Saggio and Jirsa, 2024). We produced five dynamotypes with this method, which are sum-
marized in Figure 8. One advantage of this approach is to represent specific dynamotypes without also crossing additional
bifurcations. While one could also use a truncated version of slow-wave bursting for this same effect, this piecewise burst-
ing is more versatile because the pathways are not constrained to circles.

Adding noise to the simulation
Model-generated seizures may have realistic dynamics, but they lack a key feature of experimental/clinical seizure

recordings: noise. Real EEG always contains some level of noise, because the brain itself generates background activity
that has a 1/f or “pink” power spectrum (Barry and De Blasio, 2021). There are two primary types of noise present in real

SNIC/SN

SN /SNIC
SNIC/SNIC

SupH/FLC SubH/SupH

SubH/FLC

SubH/SNIC

SN onset /SNIC offset

SN onset /SNIC offset

SNIC onset /SNIC offset

SNIC onset /SH offset

SNIC onset /SupH offset

SN/SNIC SNIC/SupH

Rest/ Seizure Bistable region

Active Rest / Rest Bistable region
Seizure region

Fold Limit Cycle

SH
SN

SubH

SupH

SNIC

Onset bifurcation

Offset bifurcation

Onset/Offset bifurcation

SubHonset /FLCoffset

SupHonset /FLC offset

SubHonset /SNIC offset

SubHonset /SupHoffset

Figure 7. Sample slow-wave bursting paths for each class on the 2D projection of themap (center) as well as the 3D image of themap and a corresponding
seizure generated from the highlighted paths.

Research Article: Methods/New Tools 10 of 20

October 2025, 12(10). DOI: https://doi.org/10.1523/ENEURO.0200-25.2025. 10 of 20

https://doi.org/10.1523/ENEURO.0200-25.2025


EEG recordings: dynamical noise (i.e., noisiness in the brain behavior itself) and background noise (i.e., noise produced by
background brain activity and from the electronics of the acquisition system).

Dynamical noise. We added dynamical noise, or parametric noise, to the model equations in the Euler–Maruyama
update (Eq. 4). This noise represents random voltage fluctuations in the brain that perturb the system, sometimes pushing
the system into or out of the seizure state (Lopes da Silva et al., 2003; Jirsa et al., 2014; Maturana et al., 2020). It is added to
the fast variable x of Equations 1–3, which represents the voltage of the system:

xn+1

yn+1

zn+1

⎡
⎣

⎤
⎦ =

xn
yn
zn

⎡
⎣

⎤
⎦+ tstep

ẋ
ẏ
ż

⎡
⎣

⎤
⎦ +

�������
tstep

√ pinknoise(n)
0
0

⎡
⎣

⎤
⎦. (4)

The effect of dynamical noise depends on the specific path through parameter space. This is because (1) integration
method scales differently for different paths and (2) specific values for noise have produced different effects in different
dynamical regimes. Therefore, for each dynamotype, we created an empirical model for dynamical noise amplitude.
We manually adjusted the noise amplitude for a subset of paths and found the lowest amplitude to create a 5–10% devia-
tion in seizure length across 10 simulated seizures. We fit a surface to the tested points (“linearinterp” in MATLAB). Using
these surfaces, we assigned an appropriate noise amplitude to every simulated path.

Background noise. We also added background/acquisition noise to our simulated seizure data by adding noise directly
to the generated simulated seizure data. This background activity can bemodeled as pink noise, which we generate using
1/f noise with a normal error distribution (Lennon, 2000) and which is simply added to the prior outputs, which are the x
values in the prior equations (Eq. 5):

noisySim = x + pinkNoise ∗a ∗max(x). (5)

We added a range of background noise amplitudes that were scaled to the amplitude of the bursting: α=0% (no noise),
20% (moderate noise), and 40% (high noise). We tested the effect of the added background noise by comparing the power
spectra of simulated seizures with human data (Fig. 9). Without background noise, spectral power dropped very quickly at
frequencies >30 Hz. Adding the background noise caused power to mirror true physiological recordings by increasing the
spectral powermaking a slope of 1/fa (Barry andDeBlasio, 2021). Visual observation of the raw signals corroborated those
results: adding noise makes the simulation look closer to realistic EEG. Background noise can be added using the toolbox
function add_pink_noise() to match physiological data.

Signal processing to simulate physiological recordings
We performed four postprocessing steps to increase the resemblance between model data and human SEEG

recordings.

SN/Sup

SupH/SNIC

SupH/SH

SupH/SupH

SNIC/SupH

SN onset /SupH offset

SNIC onset /SupH offset

SupH onset /SNIC offset

SupH onset /SH offset

SupH onset /SupH offset

Rest/ Seizure Bistable region
ActiveRest/ Rest Bistable region

Seizure region

Fold Limit Cycle
SH

SN

SubH
SupH

SNIC

Onset bifurcation
Offsetbifurcation

Figure 8. Sample piecewise bursting paths for each class on the 2D projection of the map (center) as well as the 3D projection of the map and a
corresponding seizure generated from the highlighted paths.
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First, we normalized the amplitude so that the maximum value was 1 and the minimum value was 0 because the ampli-
tude produced by the dynamical model is arbitrary.
Second, we scaled the simulated seizures so that the spike frequency was consistent with clinical guidelines. The orig-

inal model in Saggio et al. (2017) has arbitrary time; thus for each seizure, we defined the effective sampling frequency for
the tracing to make the spikes during a seizure be between 1 and 30 Hz, as is typical for human seizures.
Third, we filter the time series to simulate the effect of clinical EEG recording systems, based on that sampling fre-

quency. Clinical EEG electrodes are not optimized for accurate DC recordings (Merrill et al., 2005), and their filtering prop-
erties can distort the lower frequencies of EEG signals (Stacey et al., 2013). In addition, most commercial systems have a
high-pass filter 0.1 or higher. This filter removes electrode drift but also distorts DC shifts that can occur during seizures.
To emulate these filtering properties, we applied second-order digital high-pass filters with cutoff frequencies between 0.1
and 1 Hz (Fig. 10).
Fourth, we doubled the dataset by duplicating each simulation with the amplitudes vertically flipped. This removes the

effect of polarity of the spiking, which is arbitrary in SEEG because the dipole of the spiking region can have any
orientation.
Examples of this process are demonstrated in Figures 10 and 11.

Scaling output to physiological data
The simulated seizures generated by our model are not intended to be exact replicas of all human seizure activity but

rather to capture key biological features that are most relevant for seizure onset detection and onset/offset bifurcation
classification. The model’s flexible parameterization enables users to generate a wide range of seizure morphologies
observed in clinical EEG. While one method to treat such data is to use normalized scales and treat the dynamics inde-
pendent of scale, it is also desirable to be able to match the synthetic seizures with physiological data. This model allows
for arbitrary scaling that can bematched to data of interest. Amplitude can be modified by a parameter alpha in the model,
and furthermore, it is fully user-defined, acknowledging the variability introduced by differences in hardware, electrode
placement, and normalization practices. Duration is controllable via the k and k_fast parameters and choice of dynamical
path. The signal-to-noise ratio (relative amplitude between the bursting and the noise signal) is a parameter that can be set
to any arbitrary level. Moreover, the model’s bifurcation-based structure imposes biologically meaningful temporal pat-
terns at onset and offset, which resemble the electrophysiological transitions seen in real seizures. This framework also
allows for systematic generation of underrepresented seizure types, including slow-amplitude growth (e.g., SupH onset),
DC shifts with varying degrees of recovery to the baseline (via postprocessing high-pass filtering), and SNIC bifurcation
onsets that are rare in focal epilepsy (Saggio et al., 2020). These edge cases are commonly missed by traditional machine
learning (ML) models due to limited labeled data. Our simulation platform overcomes this limitation by enabling
large-scale, parameter-swept generation of diverse synthetic seizures, thus mitigating overfitting and improving general-
ization across patient populations. While exhaustive biological replication is not the goal, the model’s design prioritizes
flexibility, interpretability, and practical utility in addressing gaps in seizure detection and classification.
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Figure 9. Left, Power spectral density during interictal periods for raw simulated data, postprocessed simulated data, and human SEEG data. Adding noise
to the simulation adds higher frequencies similar to the human data. Middle, Power spectral density during a seizure for raw simulated data, postprocessed
simulated data, and human SEEG. Note the baseline trace (left) clearly demonstrates a 1/f decay consistent with pink noise, confirming that the implemen-
tation aligns with theoretical expectations in the absence of seizure dynamics. In contrast, during seizure periods (middle), the dynamics of the seizure
dominate the spectrum, naturally overriding the expected 1/f decay. This is to be expected, as seizure activity introduces structured rhythmicity and ampli-
tude modulation that diverge from purely stochastic noise. Right, A human seizure recorded with SEEG (top) compared with simulations without (middle)
and with (bottom) noise. The addition of pink noise to the simulated data makes it look realistic in the time series.
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Figure 10. Top. Human seizure data showing a likely DC shift at the start of a seizure are attenuated in the EEG recording system (data are from a standard
clinical SEEG, a platinum-iridiumSEEG electrode recorded with Natus Quantum amplifier). Middle, The appearance of a DC shift in simulated data. Bottom,
Postprocessing of simulated data using a high-pass filter tomodel electrode drift effects. Simulated data were timescaled and filtered tomatch human data
using the algorithms above.
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Figure 11. Four sample simulated seizures with postprocessing adding three levels of acquisition noise and then electrode filtering.
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Code availability
All of the following files are available for download on GitHub at https://github.com/Dynamotypes-for-Dummies.

1. “Dynamotypes for Dummies Tutorial”: This is a MATLAB Live Script that explains the background of the model. It
explains the mathematical framework behind the model based on several prior works (Bertram et al., 1995;
Izhikevich, 2000; Golubitsky et al., 2001; Jirsa et al., 2014; Strogatz, 2015; Saggio et al., 2017; Crisp et al.,
2020; Saggio et al., 2020; Saggio and Jirsa, 2023; Depannemaecker et al., 2022; Szuromi et al., 2023) and offers
a step-by-step guide to the code, including features like choosing onset and offset points, adding dynamical noise,
and conducting postprocessing. Together, these resources allow researchers to create custom datasets for train-
ing models, further aiding in seizure detection and classification tasks. For users without access to MATLAB,
Extended Data 1 has a Word and PDF version of this document; it allows review of the principles taught but will
not run the simulations.

2. GUI: Interactive GUIs are included to allow users to generate and visualize seizures across three dynamotypes.
These GUIs feature sliders for parameter adjustment and buttons for generating seizures, performing postproces-
sing, and simulating the dynamics of the seizure as a video. The synchronized video simulation highlights the sei-
zure creation process, model dynamics, and postprocessing results, making the tool intuitive and user-friendly. An
example snapshot is shown in Figure 12.

3. Python model code: For readers without MATLAB, a Python code to generate all 16 dynamotypes is provided in
Python. Additionally, three Python scripts—Slowwave.py, Hysteresis.py, and Piecewise.py—are available. These
scripts can independently generate seizures, showcasing specific dynamical behaviors associated with the model.
In order to account for different versions of Python, a video walkthrough is provided to install and run on the online
platform colab.research.google.com.

Figure 12. This figure shows the interface of the GUI. On the left are the parameters for the piecewise GUIs. The right shows the output of pressing the three
buttons Run Simulation, Run Simulation with Postprocessing, and Run Video Simulation, respectively. There is also a button to save the timeseries as a
.mat file.
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4. Atlas: The atlas shows several trajectories for all 16 dynamotypes. It includes aWord document Atlas describing all
16 classes in detail, with figures illustrating five representative paths and seizures for each class, with no noise, low
noise, and high noise. The codemake_atlas.m is provided to generate the atlas, which produces 330 total sample
seizures in the file seizure_atlas.mat, including these representative trajectories. A PDF version of the printed atlas is
present in Extended Data 2. The MATLAB data file of the 330 seizures is present in the GitHub.

5. Generate database: This includes the script create_database.mlx to generate a dataset containing an array of sei-
zures for each class, with the ability to customize the simulation parameters used by the model. A PDF and Word
version of this MATLAB Live Script is provided in Extended Data 3 for users without access to MATLAB.

Results
The provided GUI, tutorial, atlas, and code can generate numerous pathways from all 16 dynamotypes, with a wide

range of noise levels. Producing all 16 dynamotypes required threemethods of producing bursting by traversing the dyna-
mical map, which are each presented below. In the figures, the parameter-space diagrams have a boxed area to compare
between the stylized 2D representation and the true mathematical projection. Each figure has six points: three for onset
(orange) and three for offset (blue). Gray paths represent the bursting paths between five pairs of onset/offset points. The
five paths in state space generate five seizures, which have the corresponding EEG time series shown. There are three
levels (0, low, high) of noise added to each of the five seizures.

Hysteresis-loop example: SN/SH dynamotype
The SN/SH dynamotype has a SN onset bifurcation and a SH offset bifurcation arise in the top portion of the parameter-

space map. This class, which is very common in human intracranial EEG recordings and conserved across multiple spe-
cies, was previously modeled as the Epileptor (Jirsa et al., 2014). In the x time series, this type of seizure creates a DC shift
that begins when the seizure starts and ends when the seizure stops (Fig. 13). Spiking frequency slows down logarithmi-
cally at seizure offset.

Slow-wave example: SNIC/SH dynamotype
This dynamotype has a SNIC onset and a SH offset, characterized by square root scaling of the frequency at onset and

logarithmic frequency scaling at offset, along with a possible DC shift (the chosen trajectories all have a DC shift; Fig. 14).

Piecewise example: SupH/SH dynamotype
This dynamotype has a SupH onset bifurcation and a SH offset bifurcation, which creates increasing amplitude scaling

at onset without a DC shift, then logarithmic frequency scaling at offset that may have a DC shift. The chosen trajectories
all have a DC shift at offset (Fig. 15).

Creating realistic synthetic seizures
The methods above are capable of producing all 16 dynamotypes along several different pathways. This allows simula-

tion of an arbitrarily large number of potential dynamical phenomena. However, the raw output of these models is not real-
istic—a trained electrophysiologist can easily spot that these simulated seizures are “too perfect” (Fig. 14A) and do not
adequately portray seizures found in vivo. Three additional tools were necessary to transform these simulations into real-
istic seizures. The first step was adding pink noise to the signal, which would be expected in brain recordings due to the
background neural activity. As seen in Figure 14B, pink noise adds background activity similar to standard EEG signals.
However, the bursting activity of the seizure itself is still unreasonably ideal—it is very rare to see a seizure with suchmath-
ematical precision. We then add noise to the state variable x (Fig. 14C), which causes irregular stuttering in the spiking that
is common in vivo. Finally, while DC shifts can be seen in some clinical systems, they are always filtered to some degree,
typically lasting less than a few seconds (Ikeda et al., 1999; Saggio et al., 2020). Adding a high-pass filter similar to clinical
systems reduces the length of the DC shift, causing the bursting to return to zero mean within the first eight spikes
(Fig. 14D). As a demonstration of the utility of this tool, we also performed two more iterations with the same parameters
and pathway (Fig. 14E,F), showing how it is straightforward to generate a library of seizures with similar dynamics. The
result is a simulated seizure that has an appearance similar to human intracranial EEG. This final result can then serve
as a template for one pathway of this particular dynamotype. Of note, all simulations in Figure 16 were generated and
saved using in the provided GUI.
The create_database.mlx script is designed to generate a large and diverse dataset of simulated seizures by sweeping

across onset and offset bifurcation curves for various dynamotype classes. It currently performs this sweep using .fit bifur-
cation paths for the hysteresis and slow-wave classes while holding key model parameters—alpha, k, k_fast, and dstar—
constant. The script does not currently support sweeping over these parameters directly. For each point on the bifurcation
curve, the simulation incorporates a low level of dynamical noise, with its value selected fromprefitted .fit models based on
the point’s position along the bifurcation path.
There are several challenges and limitations to be aware of when considering future extensions that include parameter

sweeps over k, k_fast, alpha, sigma, and dstar. First, the relationship between noise, seizure length, and path length is

Research Article: Methods/New Tools 15 of 20

October 2025, 12(10). DOI: https://doi.org/10.1523/ENEURO.0200-25.2025. 15 of 20

https://doi.org/10.1523/ENEURO.0200-25.2025.d2
https://doi.org/10.1523/ENEURO.0200-25.2025.d3
https://doi.org/10.1523/ENEURO.0200-25.2025


nontrivial: noise is typically proportional to seizure duration and trajectory length, meaning that higher noise levels can
degrade the clarity and consistency of the simulated signal. In the hysteresismodel, high noise levels in the bistable regime
can introduce “stuttering” in both the seizure waveform and the x3 variable, which complicates detection and
classification.
Additionally, varying the k parameter has a strong effect on seizure duration. Lower k values often result in prolonged

seizures, which may exceed the default simulation time window—necessitating longer simulation durations to fully cap-
ture seizure termination. Finally, although the parameter values used are intentionally chosen, they are not random nor
universally applicable. Many combinations of k, k_fast, alpha, and dstar will fail to generate valid seizures, so parameter
tuning remains essential to ensure realistic and physiologically meaningful results. Sweeping over additional parameters
such as k, k_fast, alpha, sigma, and dstar is not currently implemented in the script and is left to the user to design and
implement, with the understanding that doing so will require careful parameter tuning and extended simulation durations
to ensure valid and meaningful seizure dynamics.

Discussion
This sample dataset of simulated seizures offers significant value acrossmultiple domains, includingML, diagnostic tool

development, and education. Large datasets are indispensable for trainingML algorithms, and this work represents a tool-
box to generate the first large-scale dataset of seizures labeled by onset and offset bifurcation. Generating simulated data

Figure 13. SN/SH dynamotype trajectories formed with hysteresis bursting. Low noise (left group), medium noise (middle group), and high noise (right
group) show the effects of dynamical noise. High noise in this dynamotype can push the system into/out of the bistable state independently, which makes
some of the seizures shorter in this case. It can also induce seizures spontaneously (data not shown).
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provides a time- and cost-efficient solution to address the scarcity of bifurcation-labeled data. Simulated datasets can
encompass extensive variability without the logistical and ethical challenges associated with clinical data collection.
Synthetic data have important strengths and weaknesses when used to train detection algorithms. One benefit is that

the onset time is mathematically defined (in the hysteresis model when the z parameter is greater than zero, in the slow-
wave and slow-wave piecewise models when the system has crossed an onset bifurcation), removing the uncertainties
that exist in biological data and providing a gold standard when developing the algorithm. By incorporating noise and
recording parameters, our model allows objective measurement of how those recording conditions affect the accuracy
of the detector. The ability to produce large numbers of seizures provides important rigor for ML models, with the added
benefit in this model that it can span multiple dynamotypes (most prior work has focused on a single model, which was a
single dynamotype), multiple parameters, and over an arbitrary range of noise and recording conditions. This model thus
provides the most comprehensive range of synthetic seizures yet published.
On the other hand, synthetic seizures have knownweaknesses: human data are notoriously heterogeneous andmay not

be represented by the model. Amplitude, duration, and frequencies of the modeled data are arbitrary, so training algo-
rithms must ignore specific values. This model does not include interictal patterns like spikes, high-frequency oscillations,
and slowing. Finally, as with any model there is risk that they will misrepresent true physiology, leading to potential false
positives or false negatives when the trained algorithms are applied to human data.
ML algorithms trained on a synthetic seizure dataset could detect and predict onset and offset bifurcations, enhancing

the precision and reliability of diagnostic tools. Prior methods for classifying specific dynamotypes were based on man-
ually selected features (Saggio et al., 2020), but physiological EEG is often very noisy and such classification is difficult.
Modern ML tools are very powerful but require vast datasets, with realistic noise, to train. A major goal of this work is to
provide a toolbox to create a dataset that can identify seizure onset time and dynamotype efficiently. With a large enough

Figure 14. SNIC/SH dynamotype trajectories. In this dynamotype, most of the bursting does not occur in a bistable state (pink, obligatory bursting region),
and thus even high noise (right group) does not affect the bursting characteristics significantly.
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appropriate dataset, tools such as neural networks and reinforcement learning can learn which parts of the signals to
ignore, a key aspect of interpreting EEG accurately. Another possible avenue to handle the noise in EEG is to train a model
on simulated data and then fine-tune the model with a smaller labeled dataset of human EEG data. Improved diagnostic
accuracy enables earlier interventions, which are critical for effective treatment. Additionally, simulated datasets are
invaluable for medical education, providing students and professionals with exposure to diverse bifurcation dynamics,
fostering enhanced diagnostic acumen and better preparation for clinical scenarios. Overall, this dataset advances the
understanding, diagnosis, and treatment of epilepsy and related conditions.
Further variability in the dataset can be achieved by alteringmodel parameters. For instance, in the hysteresis model, the

parameter d∗ plays a pivotal role in determining system behavior. When d∗≤ 0, the system remains in a fixed point, pre-
cluding bursting activity. For small positive d∗, bursting emerges; with an increasing d∗, the ratio between burst and rest
durations grows, transitioning to purely oscillatory behavior for sufficiently large d∗. Similarly, in the hysteresis and slow-
wave models, parameters k, d∗, and c can be modified to influence oscillatory patterns. For instance, c, which controls
path traversal speed, affects the number of oscillations per burst, with faster movements producing fewer oscillations.
Path variability in the hysteresis and slow-wave implementations also hold potential for dataset expansion.
This model is adaptable to explore additional phenomena, such as the effects of stimulation on bifurcations, proximity to

bifurcations, and seizure propagation dynamics.
Prior studies indicate that carefully timed stimulation effectively terminates seizures with a DC shift (SN bifurcation;

Szuromi et al., 2023). However, further investigation could reveal whether specific types of stimulation are more effective
for other onset bifurcations. For example, SubH onset bifurcations, which act as resonators, might require resonant fre-
quency stimulation for termination.
One important limitation to this model is that it only simulates ictal activity. It does not include interictal spikes. It also

does not simulate higher-order behavior such as sequences of oscillations during the ictal state, mixed mode oscillations,

Figure 15. SupH/SH dynamotype trajectories. Similar to Figure 12, the bursting duration is not affected strongly by noise because it occurs in the pink region.
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or bifurcations requiring more than two fast variables. Future work may incorporate such details, but the present work is
primary focused on realistic first-order ictal data.
Perturbationanalysis, asdemonstrated inprevious studies on electrical systems (Chowet al., 1990) and reservoirs (Heppell

et al., 2000), could also be employed to probe the proximity of nearby bifurcations. Such approaches could elucidate the
dynamics underlying seizure transitions. Furthermore, the type of bifurcation has been shown to influence seizure spread
(Wang et al., 2011; Reimbayev and Belykh, 2014; Belykh et al., 2015). Exploring the relationship between the bifurcation
type, spatiotemporal seizure organization, and brain network models (e.g., virtual epileptic patient; Jirsa et al., 2017; Proix
et al., 2017) may yield insights with clinical translation potential. Understanding how dynamotype relates to seizure
propagation and patient-specific modeling could provide a foundation for personalized therapeutic strategies.
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