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Topological analysis of brain dynamical signals indicates signatures of seizure susceptibility

. * . . . .
Maxime Lucas®,">" Damien Francois ®,>* Laurent Mombaerts ®,* Cristina Donato,*

Alexander Skupin 45:6. and Daniele Proverbio

7%

' Department of Mathematics and Namur Institute for Complex Systems (naXys), Université de Namur, Namur, Belgium
2CENTAI Institute, Turin, Italy
3Interdisciplinary Centre for Security, Reliability and Trust, University of Luxembourg, 29,
Avenue J.F. Kennedy, 1855 Luxembourg, Luxembourg
4Luxembourg Centre for Systems Biomedicine, University of Luxembourg, 6 Avenue du Swing, 4367 Belvaux, Luxembourg
3Department of Physics and Material Science, University of Luxembourg,
162a, Avenue de la Faiencerie, 1511 Luxembourg City, Luxembourg
®National Center for Microscopy and Imaging Research, University of California San Diego,
Gilman Drive, La Jolla, California 9500, USA
"Department of Industrial Engineering, University of Trento, 9 via Sommarive, 38123 Trento, Italy

® (Received 6 April 2025; accepted 23 July 2025; published 5 December 2025)

Epilepsy is known to drastically alter brain dynamics during seizures (ictal periods), but its effects on
background (nonictal) brain dynamics remain poorly understood. To investigate this, we analyzed an in-house
dataset of brain activity recordings from epileptic zebrafish, focusing on two controlled genetic conditions across
two fishlines. After using machine learning to segment and label recordings, we applied time-delay embedding
and persistent homology—a noise-robust method from topological data analysis (TDA)—to uncover topological
patterns in brain activity. We find that ictal and nonictal periods can be distinguished based on the topology of
their dynamics, independent of genetic condition or fishline, which validates our approach. Remarkably, within
a single wild-type fishline, we identified topological differences in nonictal periods between seizure-prone and
seizure-free individuals. These findings suggest that epilepsy leaves detectable topological signatures in brain
dynamics even outside of ictal periods. Overall, this study demonstrates the utility of TDA as a quantitative
framework to screen for topological markers of epileptic susceptibility, with potential applications across species.
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I. INTRODUCTION

Epilepsy, a neurological disorder affecting millions of peo-
ple worldwide [1], is characterized by recurring seizures (ictal
periods) that disrupt normal brain activity. It is a complex and
multifaceted disorder that demands interdisciplinary research
to understand its causes and mechanisms, develop effective
monitoring and treatment strategies, and ultimately improve
patients’ outcomes. In particular, for patients with established
epilepsy, predicting and detecting seizures from time-series
recordings is critical. Advances in wearable devices now en-
able continuous monitoring of brain activity, and algorithms
based on signal processing [2] and machine learning [3] can
now identify seizures. In addition, detailed dynamical models
of seizure onset can reproduce common patterns of seizures in
various types of epilepsy [4], and a recent study has revealed
cyclic rhythms in seizures [5].

“Contact author: maxime.lucas.work @ gmail.com
fContact author: alexander.skupin@uni.lu
Contact author: daniele.proverbio @unitn.it

Published by the American Physical Society under the terms of the
Creative Commons Attribution 4.0 International license. Further
distribution of this work must maintain attribution to the author(s)
and the published article’s title, journal citation, and DOI.

2643-1564/2025/7(4)/043259(12)

043259-1

In contrast to predicting the next seizure in individuals with
epilepsy, a lasting challenge on longer timescales is to detect
susceptibility to developing epilepsy in individuals who are
not yet epileptic—and thus do not experience seizures. Studies
have shown that in about 25% of cases, epilepsy is acquired
through an evident cause such as a stroke, a head injury, or
a brain tumor [6]. The causes of the remaining 75% of cases
are still largely unknown. Genetic studies may help explain
some of these cases [6], but require extensive screening and
do not integrate information about brain dynamics. A key
question in epileptogenesis is thus whether nonictal brain
dynamics contains signatures of epileptic susceptibility. A
positive answer could open more avenues for detecting latent
epileptic conditions and integrating biological insights with
dynamical system analysis. In this study, we systematically
analyze brain activity from a curated in-house dataset using
dynamical system methods to address this question.

From a dynamical system perspective [7], brain activity
can be viewed as the output of a high-dimensional system,
organized into dynamical attractors corresponding to distinct
brain states (e.g., seizures or background activity). Several
attractors can coexist and transitions between them are trig-
gered by internal or external stimuli [8—10]. The size of an
attractor’s basin of attraction reflects its “attractiveness” and
resilience [11,12]; the larger it is, the more likely the system
will end up in that attractor and the less likely it will leave it. In

Published by the American Physical Society


https://orcid.org/0000-0001-8087-2981
https://orcid.org/0009-0008-4228-9494
https://orcid.org/0000-0002-8653-7348
https://orcid.org/0000-0002-8955-8304
https://orcid.org/0000-0002-0122-479X
https://ror.org/05ezwr821
https://ror.org/036x5ad56
https://ror.org/051tr1y59
https://ror.org/036x5ad56
https://ror.org/036x5ad56
https://ror.org/0168r3w48
https://ror.org/05trd4x28
https://crossmark.crossref.org/dialog/?doi=10.1103/pqr6-znq7&domain=pdf&date_stamp=2025-12-05
https://doi.org/10.1103/pqr6-znq7
https://creativecommons.org/licenses/by/4.0/

MAXIME LUCAS et al.

PHYSICAL REVIEW RESEARCH 7, 043259 (2025)

this framework, seizures can be viewed as dynamics within a
dynamical attractor, with the frequency of seizure occurrence
being linked to the basin size [13]. This perspective provides
one way of explaining why diverse biological mechanisms—
including genetic, infectious, metabolic, or immune factors
[6]—are associated with epileptogenesis: Various conditions
can concur to shape similar attractor dynamics, destabilizing
the “healthy” attractor and making the seizure attractor more
reachable [14,15].

An important aspect of dynamical attractors is their
topology, which captures properties such as overall shape,
connectivity, and the presence of structural features such as
loops or holes. Topological data analysis (TDA), as its name
suggests, is a field that provides tools to study the topology
(or shape) of datasets and time-series recordings [16]. TDA
is robust to noise [17-19] and captures nonlinear features
of dynamical attractors [20], providing richer information
than other methods based on signal processing and state-
space reconstruction [21-23]. Moreover, it is interpretable
thanks to its underlying mathematical theory, thus overcom-
ing the shortcomings of summary statics, machine learning,
and deep learning [3,24,25]. TDA is thus well suited for
high-dimensional data and enables quantitative comparison
of topological features often invisible to traditional methods
like recurrence analysis or time-frequency analysis. Overall,
in combination with time-delay embedding [26], TDA can
aptly reconstruct and analyze the topology of attractors from
time series, which has made TDA increasingly popular in
neuroscience [27-34] and other fields such as physiology or
finance [35-37].

Although TDA has been applied to epilepsy in a handful
of studies, they have focused mainly on seizure detec-
tion [38—40]. These studies, often based on clinical patient
datasets, suffer from limited control over biological conditions
and may lack control cohorts. To address these limitations,
animal models of epilepsy have been developed [41,42],
providing reproducible and controlled conditions for both
microbiological studies and time-series analysis [43,44]. Ze-
brafish (Danio rerio) have emerged as a valuable model
organism for epilepsy research and translational research in
particular [45,46]. Epileptic susceptibility in zebrafish larvae
can arise from genetic mutations or be pharmacologically
induced using convulsant drugs. In addition, brain activity
can be monitored using local field potential (LFP) recordings
[47], and precise knowledge of genetic profiles and laboratory
conditions supports the establishment of high-quality, curated,
and labeled datasets.

In this study, our objective was to quantitatively character-
ize the topology of brain activity, across biological conditions,
to determine whether it can reveal signatures of epileptic
susceptibility. To this end, we used an in-house zebrafish
dataset of LFP recordings, measured during seizures and
background activity from two fishlines, each represented by
a wild type and by a controlled genetic mutation. To char-
acterize the topology of the dynamical attractor associated
with each recording, we reconstructed the attractor using
time-delay embedding, and then computed three topologi-
cal metrics from TDA—total persistence, persistent entropy,
and persistent Betti numbers [48]. First, we validated our
approach by showing that these topological metrics can

TABLE 1. Data summary. For each epileptogenic fishline, either
in variant MUT or in WT, we report the total number of exper-
iments performed N, and the number of experiments discarded
from the analysis Nyop. (see Appendix A). For accepted experiments,
Nace. = Nexpt. — Narop.» We report the total number of seizures Ny,
and background recordings Nyuckgr., and the mean number of seizures
(Mseiz.) = Nseiz. /Nace.- Seizure-free strain WT does not have seizures
and is denoted by stWT.

Fishline Cond. Nexpt. Ndmp. Nﬁeiz. Nbackgr. (nseiz.)
ashll MUT 20 2 46 54 3.7
ashll WT 3 0 20 24 7.3
kengSa MUT 37 11 223 224 8.8
keng5Sa WT 43 1 56 63 4.0
kengSa sftWT 6 0 0 111 0
Total 109 14 488 661 6.0

discriminate between seizures and background, regardless of
fishline and genetic condition. Second, we found that they
cannot distinguish between fishlines except for a specific case:
background activity of mutants, by looking at the homological
dimension 1. This suggests some common topological fea-
tures of the dynamics between fishlines. Finally, we showed
that within a single fishline, individuals that have had seizures,
and are prone to develop new ones, can be distinguished from
those who have not, solely based on the topology of their
dynamics. Our findings highlight TDA’s capacity to detect and
characterize ictal and nonictal states, and suggest that it could
be used to detect seizure susceptibility by looking for altered
dynamical landscapes.

II. METHODS

Here, we summarize the key methodological steps for our
analysis. Further details on each step are provided in the
Appendixes A, B, and C.

A. Experimental data

Experiments were carried out on two epileptogenic fish-
lines that carry mutations (MUT) in either ashll or kcng5a
genes, as well as their WT variants. All strains can exhibit
seizure and nonseizure events. LFP was recorded with a sin-
gle electrode per fish [Fig. 1(a)]. After segmenting the LFP
recordings and labeling them, each time series is thus associ-
ated with a triplet (Fishline, Condition, Event), where each
entry can take two values ({kcngS5a; ashll}, {MUT; WT},
{background; seizure}). In addition, we benchmarked our re-
sults with a fifth strain, a seizure-free wild-type (sfWT) ashll
strain. In total, after discarding 14 experiments out of 109 (due
to experimental disturbances; see Appendix A), we ended up
with 488 time series from seizures and 661 from background
activity (more details in Table I). The number of segmented
background events is in general higher than the number of
seizures since some anomaly was detected but not confirmed
to be an ictal event. Note that there are more experiments for
the kengSa fishline, leading to class imbalance: We took this
into account in the statistical analysis. More details on the data
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FIG. 1. Analysis pipeline. (a) We recorded LFP activity of zebrafish larvae from two different fishlines. (b) Each raw LFP recording
was preprocessed, fed to a machine learning classifier for labeling (i.e., distinguishing “seizure” and “background,” further confirmed by a
trained neuroscientist), and split. (c) From each single-label recording, we reconstructed the associated dynamical attractor using time-delay
embedding: The recording is mapped from time series in a suitable higher-dimensional space. (d) From each dynamical attractor, we compute
a persistence diagram using topological data analysis. From it, we extract three topological metrics: total persistence, persistent entropy, and
persistent Betti numbers. Finally, we compare the topology of brain activity by comparing these three metrics under different biological

conditions: fishline, genetic mutation, and seizure or background activity.

collection and preprocessing can be found in Appendixes A
and B.

B. Analysis pipeline

Figure 1 illustrates the complete analysis pipeline, which
consists of four main steps: (1) experimental recording of
brain activity through LFP under different biological con-
ditions; (2) preprocessing and automated labeling of the
recordings into ictal and nonictal periods, before splitting
them into single-label recordings; (3) reconstruction of the
dynamical attractor associated with each labeled recording us-
ing time-delay embedding; and (4) quantification of attractor
topology using persistent homology. We then compared the
topology of the attractors under different conditions. Further
details can be found in Appendix B.

After experimental recording and segmentation of back-
ground and seizure activities [Figs. 1(a) and 1(b)], we
reconstructed the higher-dimensional dynamics of fish brains
to analyze the topology of the recorded LFP dynamics. Us-
ing time-delay embedding, each single-electrode time series
{x(tp), x(t1), ..., x(ty)} was transformed into a d-dimensional
time series by mapping each point x(#;) to a vector x(t;) =
[x(), x(t; + T), ..., x(t + (d — 1)T)], where t is the delay
and d is the embedding dimension [Fig. 1(c)]. According
to Takens’s theorem, this embedding preserves the topol-
ogy of the underlying attractor, allowing us to represent the
LFP dynamics as a set of points in d-dimensional space,
known in dynamical systems as a dynamical attractor (see
Appendix B).

We analyzed the topology of each attractor using persis-
tent homology, a method that constructs simplicial complexes
(generalization of networks) from a set of data points and
analyzes its topological features across multiple scales. These
topological features can represent connected components of
the simplicial complex (homological dimension 0, Hy) or
holes (homological dimension 1, H;) or higher-dimensional
“holes” in higher homological dimensions. These features are
captured in a persistence diagram [Fig. 1(d)], which encodes
the birth and death of these topological features (rg, rp),
where rp is the birth and rp the death scale of a feature. The
persistence of a feature, say a hole, is given by rp — rg: A
large persistence indicates that this hole is persistent across
many scales and is hence a prominent topological feature.

Visually, the persistence of a topological feature is its dis-
tance to the diagonal [Fig. 1(d)]. Conversely, points close to
the diagonal have low persistence and are often considered
noise.

We then computed three topological metrics to summarize
each diagram: total persistence, persistent entropy, and persis-
tent Betti numbers (see Appendix B for formal definitions).
Total persistence is the sum of persistences of all topological
features in the persistence diagram. A large total persistence
indicates marked topological features that are persistent across
scales. Persistent entropy is a measure of the diversity in the
feature’s persistences, and large persistent entropy indicates
diverse persistences. The persistent Betti number in homolog-
ical dimension k counts the number of associated topological
features across scales, that is, the number of points in the
persistence diagram. A large persistent Betti number indicates
a large number of topological features. We compared these
three metrics to assess differences between fishlines, genetic
variants, and event types.

C. Statistical analysis

Quantitative analysis of the TDA results was conducted
with permutation analyses of variance (ANOVAs) and per-
mutation 7-tests, which were all performed with the standard
value of permutations (5000 vs 9999, respectively), unless
otherwise stated. Post hoc analysis was performed when appli-
cable with pairwise Welch’s 7-tests and Bonferroni corrected
when applicable.

III. RESULTS
A. Topology of LFP dynamics

To begin with, we assessed that TDA was effective to
detect and differentiate topological signatures. In fact, the
data-driven reconstruction of LFP state spaces requires further
quantification and systematic categorization to be automat-
ically processed and segmented. TDA is, in principle, an
effective method to perform such tasks, but its statistical
power in discriminating seizure events and other topological
blueprints still needs assessment.

We thus tested whether there were statistically significant
differences in topology by performing a permutation ANOVA
with three factors: Fishline (ashll vs kcngSa), Condition
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TABLE II. Statistical analysis summary. Significant effects on
the topological metrics total persistence, persistent entropy, and per-
sistent Betti, determined by a three-way permutation ANOVA with
factors Event (background vs seizure), Condition (MUT vs WT), and
Fishline (kcng5a vs ashll), for homological dimensions Hy and H;.
We report the p-value associated with each effect and the effect size
measured by partial eta squared 17127.

Metric Signif. effects p-value 17; (%)
H,
Total persistence
Triple interaction 0.02 0.4
Persistent entropy
Event <1071 58.0
Triple interaction 0.010 0.7
Persistent Betti
Event <1075 58.0
Triple interaction <1071 0.8
H,
Total persistence
Event <1071 24.2
Condition <1071 1.4
Condition:Fishline 0.031 0.5
Triple interaction <1071 1.3
Persistent entropy
Event <1071 66.6
Fishline 0.045 1.3
Condition:Fishline 0.030 0.6
Persistent Betti
Event <1071 74.4
Fishline <1071 2.0
Condition:Fishline 0.033 0.7
Triple interaction <1071 1.2

(mutant vs wild type), and Event (background vs seizure).
We did this for each topological metric and each homology
dimension separately. For this analysis, we used the complete
dataset summarized in Table I except for the seizure-free
group (ashll sfWT). The results are described below and
summarized in Table II. Overall, Event was a significant main
effect with a large effect size in all cases, whereas Condition
and Fishline are main effects (or their interaction is signif-
icant) in much fewer cases and with much smaller effect
sizes.

First, we examined Hy, which represents connected com-
ponents in the attractor. At Hy, for total persistence, permu-
tation ANOVA indicated that there was no main effect of
any of the factors or their pairwise interactions. Only their
triple interaction was significant but with a very small ef-
fect size (p = 0.02, n,z, = 0.004). For both persistent entropy
and persistent Betti numbers, the Event factor was the only
main effect with a large effect size (p < 107", 52 = 0.58).
The triple interaction was also significant for both metrics
(p =0.010 and p < 10713, respectively), but with very small
effect sizes (77[2, = 0.007 and 77,2, = 0.008, respectively). This
indicates that, at the level of connected components (Hy),
the topology differed significantly between background and
seizures in two of the three metrics, explaining approximately

60% of the variance in the data. However, the topology did not
differ between fishlines or genetic conditions.

Second, we examined H;, which represents cycles or
“holes” in the dynamical attractor [like in Fig. 1(e)]. For total
persistence, permutation ANOVA indicated a significant main
effect for both Event, with a large effect size (p < 10715,
n[% =0.242), and Condition, but with a small effect size

(p <107, 77 = 0.014). There was also a significant Con-
dition:Fishline interaction (p = 0.031, 7][2, = 0.005) and triple

interaction (p < 1075, 17[2) = 0.013), both with small effect
sizes. For persistent entropy, Event was a significant main
effect with a very large effect size (p < 107", 7> = 0.666).
Fishline was also a significant main effect, but with a small
effect size (p = 0.045, 77[2, = 0.013). The Condition:Fishline
interaction was significant, but with a very small effect size
(p = 0.030, nf, = 0.006). The results for persistent Betti num-
bers were similar to those for persistent entropy, as observed
for Hy. Both Event and Fishline were significant main effects
(p < 1071 in each case) with a very large effect size for Event
(1712, = 0.744) but a small effect size for Fishline (1712, = 0.02).
There was again a significant Condition:Fishline interaction
(p =0.033, nf, = 0.007) and a significant triple interaction

(p< 1071, nf, = 0.012), both with small effect sizes. Simi-
larly to Hy, these results indicate that, at the level of cycles,
the topology differs significantly between the background and
seizures, explaining between 20% and 75% of the variance in
the data, depending on the topological metric. In particular,
persistent entropy and the persistent Betti number perform
better by explaining substantially more variance from the
Event factor, both in Hy (nf7 = 58% vs no main effect) and
in H; (ni = 66%—-75% vs 77127 = 24.2%).

Overall, these results indicate that the topology of the LFP
dynamics is affected by the three biological factors under
study (the fishline, the genetic condition, and the type of
event) in a complex and intertwined pattern. The topological
metrics that we used allow us to uncover this pattern. In
the following, we focus on three aspects of these results by
performing post hoc analyses.

B. Seizures and background dynamics
are topologically different

The strongest signal—by far—in the above analysis is that
we can automatically discriminate between seizures and back-
ground activity based on the topology of the dynamics, as
indicated by the factor Event being a main effect with high
variance explained by almost all topological metrics. In Fig. 2,
we illustrate this for the mutants of the ash1l1 fishline: The dis-
tribution of topological metrics differs significantly between
seizures and background (as shown by pairwise Welch’s z-
tests, p)10~1%)—except for total persistence in Hy—and the
three topological metrics are consistently higher in back-
ground than in seizures. Pairwise Welch’s 7-tests yield similar
results for the other fishline and genetic mutation, as reported
in Appendix C (cf. Fig. 5).

Overall, these results confirm that the dynamical attractors
associated with “healthy” and “epileptic” activity are altered,
irrespective of the underlying biological condition, and that
TDA is an appropriate tool to discriminate between them.
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FIG. 2. The topology of dynamics discriminates between
seizures and background LFP activity. Example of persistence di-
agrams for a mutant of the ashll fishline during (a) seizure and
(b) background activity. We show three topological metrics—(c)
and (f) total persistence, (d) and (g) persistent entropy, and (e) and
(h) persistent Betti—for seizures and background, in homological
dimensions (c)—(e) 0 and (f)—(h) 1. Pairwise Welch’s z-test indicates a
significant difference in all cases with p < 107'3 (“***%”)_except for
total persistence in Hy where the difference is not significant (“ns”
Here, results are shown for mutants of the ashll fishline—other
fishlines and mutations are reported in Appendix C (cf. Fig. 5).

C. Different fishlines share common topological features
of LFP dynamics under most conditions

A natural next question is whether the topology of the
dynamics can allow us to discriminate between fishlines. The
answer to this question is not as clear-cut as it was in the
case of the event type in the previous section. We found that
under most biological conditions and topological metrics, the
fishlines cannot be distinguished. However, going to homo-
logical dimension 1 (H;) and looking at mutants, the fishlines
do differ significantly, although with small effect sizes. We
detail these results below.

At the level of connected components, Hy, none of the
topological metrics can discriminate between fishlines—
indeed, the permutation ANOVA told us that Fishline was not
a main effect. However, at the level of cycles, H;, Fishline is
a main effect for persistent entropy and the persistent Betti
number, and there is an interaction Condition:Fishline, as
reported in the last section. To better understand this effect, we
performed post hoc analyses in the form of pairwise Welch’s
t-test between the two fishlines, for each (Condition, Event)
subgroup. In Fig. 6, we report that, for seizures, the two fish-
lines differ only significantly in persistent entropy in MUT,
but not in the other two topological metrics, and not in WT.
This is a reflection of the Condition:Fishline interaction found

background H1
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FIG. 3. The topology of dynamics can consistently discriminate
between fishlines only under a very specific lens: background activity
of mutants by looking at H;. We show three topological metrics—(a)
and (d) total persistence, (b) and (e) persistent entropy, and (c) and
(f) persistent Betti—for two genetic conditions—MUT and WT. The
homological dimension is 1, and we show background activity (see
Fig. 6 for seizures). Pairwise Welch’s 7-test indicates a significant
difference in mutants for all three metrics with p < 10713 (‘%35
“ns” denotes no significant differences and “*” indicates 1072 < p <
5x 1072,

by the permutation ANOVA. For background activity, we have
a more consistent signal: The two fishlines differ significantly
in all three metrics in MUT, but only for total persistence
in WT (Fig. 3). In summary, we were able to discriminate
between fishlines only under a very specific lens: only from
the background activity of the mutants by looking at cycles
(H;)—but not from seizures, not from WT, and not from Hj.

Overall, being prone, or having developed seizures, makes
the two genetically different fishlines very close in the topo-
logical space, unraveling a shared dynamics at fundamental
level.

D. Detecting seizure-prone specimen from background

Finally, we asked: Is there any topological difference be-
tween the background activity of fish that have had seizures
and those that have not? Unraveling such differences could
help identify early signs of seizure susceptibility based only
on LFP signals. To test this, we used the background activity
recordings of wild-type kcng5a fishline and compared two
groups: those with seizures (WT) and the seizure-free ones
(sfWT) (see Table I).

Figure 4 shows the comparison between these two groups
for the three topological metrics for Hy and H;. All three met-
rics differ significantly between the WT and sfWT groups, as
indicated by pairwise Welch’s z-tests (all p < 10~7) showing
large effect sizes (n” values between 25% and 35% for H, and
between 37% and 46% for H;). In all cases, the topological
metrics take higher values in WT than in sfWT. The variance
of the sfWT group was also significantly larger in all cases, as
indicated by a pairwise Levene test (Appendix C, Fig. 7). In
addition, we observed that the dynamics of the WT and MUT
groups were topologically more similar to each other than to
the stfWT group (Fig. 8). Surprisingly, this indicates that in this
case, having had a seizure affects the topology of the brain
activity more than having any mutation. Disruptions in the
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FIG. 4. Wild types with (WT) and without (sfWT) seizures can
be discriminated topologically from background LFP dynamics. We
show three topological metrics—total persistence (a, d), persistent
entropy (b, e), and persistent Betti (c,f)—for two populations of a
single fishline (kcng5a): those with and without seizures, in homo-
logical dimensions O (a—c) and 1 (d—f).

attractor landscape can thus help differentiate individuals that
have had seizures (and could have others) from the nonepilep-
tic individuals, and that topological markers may complement
or even surpass certain biomarkers.

IV. DISCUSSION

Our study demonstrates the potential of TDA to reveal
and characterize the dynamical landscapes of epileptic brain
activity. We systematically analyzed the topology of both ictal
(seizure) and nonictal (background) activities in an in-house
dataset of LFP recordings from zebrafish models for epilepsy.
These animal models allowed us to investigate the effect of
different controlled genetic conditions on the brain activity.
By combining time-delay embedding and TDA, we showed
topological differences between seizure and background ac-
tivity, uncovered common features and subtle differences
between genetic conditions, and identified seizure suscepti-
bility from normal background brain activity. These findings
contribute to a growing body of evidence supporting the
hypothesis that seizures emerge from altered dynamical land-
scapes [8,9] shaped by underlying biological conditions [14].

In our analysis, we were able to discriminate between
seizure and background activity based on the topology of
the associated dynamical attractors demonstrating the ap-
plicability of our approach. Background activity exhibited
significantly larger persistent entropy, persistent Betti num-
bers, and total persistence (except for connected components,
Hy), regardless of genetic conditions. This indicates that, even
though the total “topological content” is of similar magnitude
at the level of connected components, topological features
are more abundant and diverse in background activity at the
level of connected components and holes. This suggests that
background dynamics is characterized by more complex topo-
logical structures, while seizure dynamics reflect a reduction
in this complexity, possibly due to pathological synchrony or
a collapse into lower-dimensional attractors.

We also found that dynamical topology did not discrim-
inate between different fishlines or genetic variants in most
cases—not from seizures, wild types, or connected compo-
nents (Hp). This suggests that, for the most part, the brain
activity of the epileptic fish shared common topological

signatures across fishlines and genetic conditions. The only
combination of factors for which we could discriminate be-
tween fishlines was in background activity of mutant fishlines,
by looking at holes (H;). Here, one fishline (ash1l) exhibited
larger total persistence, persistent entropy, and persistent Betti
numbers compared to kcnngSa. In that case, although the
differences between fishlines were significant, the effect sizes
were small. This suggests that, while epilepsy may induce
common topological signatures across species and genetic
mutations, subtle differences may still emerge under specific
conditions, which can be revealed by TDA. These differences
could reflect variations in the way genetic mutations influence
brain activity.

The most striking result is the ability of TDA to distinguish
between seizure-prone and seizure-free individuals within the
same fishline and associated genetic mutation, based solely
on background activity. This finding raises two interesting bi-
ological hypotheses: Either the topological signature found in
the background activity of seizure-prone individuals indicates
the following seizure, or it reflects lasting changes induced
by prior seizures. Both scenarios are compelling: The former
would suggest that TDA could be used as a predictive tool to
detect latent epilepsy before seizures manifest, while the latter
points to the plasticity of brain dynamics and the potential for
seizures to cause persistent alterations to background brain ac-
tivity. Further experiments, particularly longitudinal studies,
are needed to disentangle these possibilities and explore their
implications for early detection and intervention.

A key limitation of our approach toward online usage is its
computational cost, since measuring persistent homology of
dimension k (Hy) requires computing simplices up to k + 1
dimensions. The number of those simplices, for a dataset of
N points, grows exponentially ~O(N**1). For that reason,
most studies using TDA only compute low homological di-
mensions, e.g., 1 or 2 as in the present study. Homological
dimensions 0 and 1, however, are usually fast enough to be
promising for real-time applications [38].

Even today, a significant percentage of epileptic patients
do not fully respond to drug treatment [49]. Our under-
standing of underlying epileptogenetic mechanisms is still
limited and can result in poor screening capabilities and a
lack of specific diagnoses. Quantitative analysis of seizure
susceptibility with TDA has the potential to complement the
clinical approach to epilepsy. It could enhance early screen-
ing, enabling the identification of at-risk patients and timely
initiation of treatment. TDA could also aid in forecasting
seizure onsets, complementing existing approaches [50-52].
Translating these methods to human datasets, such as Elec-
troencephalogram (EEG) or magnetoencephalography (MEG)
recordings, would require assessing the robustness of persis-
tent topological metrics on LFP and EEG signal. It could
open more avenues for detecting latent epilepsy, monitoring
disease progression, or tailoring treatments. Overall, our study
demonstrates that, by bridging dynamical system theory and
neuroscience, TDA provides a different perspective on brain
activity that complements traditional analytical approaches.
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APPENDIX A: DETAILS ON DATA COLLECTION

The time-series data were generated by measuring LFP
recordings in zebrafish (Danio rerio) larvae from a KCNQ5
LoF model keng5a%®® zebrafish and the ASHIL model
ash11¢1%%7 obtained from ZFIN repository.

1. Ethics statement

Zebrafish were handled as described previously in Refs.
[56,57] at the Luxembourg Centre for Systems Biomedicine
(LCSB). The Aquatic Facility at the LCSB is registered as
an authorized breeder, supplier, and user of zebrafish by the
relevant agency of the Government of Luxembourg (Min-
istry of Agriculture, Viticulture and Rural Development).
Experiments using zebrafish larvae at 5 days postfertilization
(dpf) were performed under Gran-Ducal decrees. All prac-
tices involving zebrafish were performed in accordance with
European laws, guidelines, and policies for animal experimen-
tation, housing, and care (European Directive 2010/63/EU on
the protection of animals used for scientific purposes) and
following the principles of the Three Rs. Furthermore, we
carefully comply with Animal Research Reporting of In Vivo
Experiments (ARRIVE) guidelines.

2. Zebrafish husbandry

Adult zebrafish were maintained in the Aquatic Facility
of the Luxembourg Centre for Systems Biomedicine and
housed at 28.5 °C in a 14-h/10-h light/dark cycle according to

standard protocols. Embryos were obtained by natural
spawning and fertilized eggs were selected and raised
at 28°C in 0.3x Danieau’s medium [17 mM NaCl, 2
mM KCI, 0.12 mM MgSO,, 1.8 mM Ca(NOs),;, 1.5 mM
4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES)
(pH 7.5), and 1.2 uM methylene blue]. Developmental staging
was accessed by following the standard procedure [58], and
larvae were used 5 dpf for experiments. The corresponding
genotype (WT vs heterozygous and homozygous) was
accessed by a posteriori sequencing of the corresponding
genes kengSa and ashll, respectively. For the analysis, we use
homozygous mutants (MUT).

3. Local field potential recordings

LFP recordings were performed as previously described in
Ref. [57]. In brief, each 5 dpf larva was placed in 50 ul of
Danieau’s medium in the recording chamber with a transfer
pipette, and then 200 ul of 2% low melting point agar was
added. The chamber was transferred on the stage of a stere-
omicroscope for LFP recordings of a full electrophysiology
system (Scientifica SliceScope Pro 1000) equipped with a
MultiClamp 700B amplifier and Digidata 1550 A digitizer
(Axon instruments, USA). The LFP was recorded at 100 kHz
in current clamp mode by a glass microelectrode (4—10 M£2
resistance) back loaded with extracellular recording solution
and placed under visual guidance in the medial tectal band of
the midbrain.

4. Dataset

The resulting dataset is a collection of time series for
brain activity, along with information about the fishline and
information on the mutation type (WT, heterozygous and
homozygous). The full dataset was first parsed to look for
warnings about experimental issues or potential bias, such as
electrodes not being well placed or signals looking altered.
This initial preprocessing resulted in a few dropouts for each
fishline (Table I).

APPENDIX B: DETAILS ON THE ANALYSIS PIPELINE

The analysis pipeline involves several steps (Fig. 1), in
addition to data collection described above: data processing
for topological data analysis (which includes preprocess-
ing of raw signals, including anomaly detection, automated
time-series segmentation into background and seizure events,
time-delay embedding to reconstruct topological information
using dynamical attractors, and TDA) and statistical analysis
on TDA results. Each step is detailed in the subsections below.

1. Data segmentation and labeling

The original LFP signal was downsampled from 100 kHz,
down to a cutoff frequency of 2000 Hz, discarding frequencies
higher than 4000 Hz that are usually associated with random
noise instead of biologically relevant brain dynamics. Then,
the 50 Hz signal artifact was removed with a notch filter.

The downsampled recording was then analyzed with
an automated anomaly detection pipeline. For this, the
signal was first decomposed into 11 subfrequency ranges,
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through a multiresolution analysis using the maximal overlap
discrete wavelet transform (MODWT) and a Daubechie 4
(db4) wavelet. Wavelet transforms overcome the main limi-
tation of the Fourier transform. The latter characterizes the
original signal in the frequency domain but loses information
on the all-time domain; instead, wavelet transform creates a
representation of the signal in the time and frequency
domains, which allows the localization of time-dependent
information in the signal. The MODWT is a nondecimating
wavelet transform that does not downsample the signal at each
scale during processing and produces time-aligned signals.
This allows for a straightforward correlation between events
in the original signal and in each extracted signal for all sub-
frequency ranges. Daubechie 4 wavelets have two vanishing
moments, easily encode second-order polynomials, and are
widely used to cope with signal discontinuities [59]. The 11
subfrequency ranges were 1000-2000, 500-1000, 250-500,
125-250, 62-125, 31-62 Hz (gamma waves), 16-31 Hz (beta
waves), 8—16 Hz (alpha waves), 4-8 Hz (theta waves), 24 Hz
(high delta waves), and 0-2 Hz (low delta waves).

These decomposed signals were then fed to the anomaly
detection algorithm, which applies an amplitude threshold in
the 62—-125, 31-62, and 16-31Hz subfrequency ranges, as
well as a temporal threshold, to select and extract all seizure
candidates. To detect anomalous signals, the algorithm applies
a threshold to select only the data points above the 95th
percentile as well as a contiguity threshold that filters all
anomalies occurring for less than a second. The amplitude
threshold is applied to each targeted subfrequency range, and
the temporal threshold is applied to all data points selected
through the amplitude threshold in the three subfrequency
ranges simultaneously.

This processing helped to automate the process and to
provisionally assign a “seizure” labeling to anomalies. Back-
ground segments resulted from the time series cropped
between anomalies. After extraction, all candidates were sub-
mitted for expert evaluation to produce labels identifying
anomalies or seizures. Some anomalies did not pass the expert
judgment and were discarded from the seizure set. In these
cases, segmented background time series were not artificially
collated but were kept separate to prevent artifacts.

2. Time-delay embedding

Preprocessing and segmentation yield a set of univariate
time series, with an additional label corresponding to the type
of event (background or seizure). Each time series then passed
for analysis corresponds to the processed measurement of
the electrical activity of a certain fish f; € F', belonging to
one fishline /; € L, during a given event e; € E. Hence, each
postprocessed time series can be considered as an element
a; jx of the tensor dataset A = F x L x E.

To analyze the dynamics of each a; j«, we use a standard
technique from dynamical system theory: time-delay embed-
ding. The method has its theoretical grounds in Takens’s
theorem [26], which provides the conditions to reconstruct a
smooth attractor from observations made with generic func-
tions. Its application is motivated by interpreting the fish’s
brain activity as high-dimensional dynamical systems, of
which the one-dimensional time series is a partial observation.
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FIG. 5. The topology of dynamics discriminates between
seizures and background LFP activity. In complement to Fig. 2, here
we show three more subgroups: (ashll, WT), (kecnq5a-WTa), and
(keng5a-WT). In each case, we show three topological metrics—(a)
and (d) total persistence, (b) and (e) persistent entropy, and (c) and
(f) persistent Betti—for seizures and background, in homological
dimensions (a)—(c) 0 and (d)—(f) 1. Pairwise Welch’s ¢-test indicates a
significant difference in all cases with p < 10713 (“*%%*”) except for
total persistence in Hy where the difference is not significant (“ns”).

The time-delay embedding allows us, to a certain extent, to
reconstruct the full attractor associated with the fish’ brain

dynamics.
In practice, given discrete time series (like the ones ob-
tained from measurements) {xg, X1, ...}, and evenly sampled

time sequences {fy,?,...}, the result of the embedding
is a set of vectors in a d-dimensional state space, X =
{%s Xt4zs o+ o, Xyp@a—1)c ), With i =0, 1, ... Each data point
in X represents the state of the reconstructed brain dynamics
in d dimensions at a given time. For example, processing the
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FIG. 6. Different fishlines display similar topological patterns in
seizures at H;. We show three topological metrics—total persistence,
persistent entropy, and persistent Betti—for two fishlines—ash11 and
kengSa—for seizures in homological dimension 1. Pairwise Welch’s
t-test indicate no significant (“ns”) difference in Hy but persistent

entropy and persistent Betti significantly differ between fishlines
(s,

time series of a sinusoidal oscillation with time-delay embed-
ding results in points forming a circle in a two-dimensional
space. Hence, the shape of the final embedding contains in-
formation about the type of dynamics considered and allows
functional observability of dynamical systems [60].

The method involves two parameters: the delay 7 and
the embedding dimension d. Both parameters are determined
using standard techniques [26,61] implemented in the python
toolbox giotto-tda [62]. The same toolbox is then used to
determine the time-delay embedding of each processed time
series. The distributions of optimal t and d across time series
were quite peaked; we selected a single value—their mean
over all time series—and applied it to all time series.

3. Topological data analysis

Topological data analysis as a field employs concepts from
topology to analyze data. Topology provides mathematical
tools to study and compare the shape properties of objects
(or data), like connected components, and holes in different
dimensions. It thus extracts the topological bases of each
shape, similarly to using basis vectors and corresponding rank
to compare the structure of matrices [48]. A visual example
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FIG. 7. Same as Fig. 4, but showing the results of pairwise
Levene tests, indicating that the sSfWT group has significantly larger
variance, with p < 10715 (‘s
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FIG. 8. Same as Fig. 4, but with the MUT group included (red).
The dynamics of WT and MUT are more similar to each other than
to the sftWT group.

is that of a donut, which is topologically equivalent to a
mug because both display one hole. TDA allows to study
topological properties in clouds of data points, sampled from
dynamical attractors. In particular, the persistent homology
[63,64] technique quantitatively describes the existence, or
persistence, of these holes across several spatial resolution
scales and is robust against noise in the data.

Computing persistent homology consists of two main
steps. First, it connects data points to form a simplicial
complex, a mathematical object that generalizes the notion
of graphs [65]. Simplicial complexes are defined as a set
of nodes—the data points—and a set of simplices, which
represent the connections between two or more nodes. For ex-
ample, a simplex connecting nodes 1, 2, and 3 can be regarded
as a {1, 2, 3} object. This step is usually performed with the
Vietoris-Rips process [66]: After embedding data points in a
suitable space, and given a set of radii {ry, r,, ...} generating
balls {B(r), B(ry), ...} around each data point, the procedure
connects the nodes whose balls 53(r,,) intersect. Each radius
r» corresponds to a resolution scale for analysis: For a very
small r,,,, none of the points will be connected, whereas a large
r» guarantees that all nodes are connected with all the others.
Persistent homology is a multiscale tool that creates a set of
simplicial complexes, each one corresponding to a certain 7.

Then, the persistent homology pipeline outputs a barcode
diagram, or equivalently a persistence diagram [67], which
describes the data topology over the resolution scales. Both
diagrams encode the radii at which a given-dimensional hole
persists, marking the “birth” radius 7 and “death” radius rp
(respectively, the first and last radii that determine a simplicial
endowed with a certain hole). The dimension of homology H,,
counts the number of n-dimensional holes: Hy corresponds to
the number of connected components, H; counts the num-
ber of empty circles (like in the donut case), H, counts the
number of empty spheres, and so on. Here, we focus on H,
and H;. Holes with a longer “lifetime,” that is, more persis-
tent across scales, are typically considered more important,
whereas those with short lifetimes are considered noise.

Finally, each persistence diagram obtained by the proce-
dure above is summarized by extracting three topological
metric: persistent entropy, total persistence, and persistent
Betti numbers. For a persistence diagram D = {(rg,, 'p, ) }nen.
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with rp, < 00, the persistence entropy is defined as

ED) == paIn(py), (B1)

neN

where p, = (rp, —rg,)/Lp. Here, Lp =), y(rp, — rg,) is
the total persistence. Intuitively, Eq. (B1) is a measure of the
entropy of each point in the diagram. The Betti number 8,
counts the number of unique n holes in a simplex. It can be
seen as the total number of unique topological features. While
persistent Betti numbers and total persistence are arguably
more well known [68], we also employ persistent entropy
since it is stable, scale invariant, and more robust to noise [69].

In the present analysis, we apply persistent homology on
the data clouds generated by time-delay embedding and use

all three topological measures. For this task, we use functions
from the giotto-tda python package [62].

APPENDIX C: ADDITIONAL ANALYSIS

In addition to the key figures and results discussed in
the text, we report additional statistical analysis to support
our conclusions. Figure 5 complements Fig. 2 by showing
three more subgroups displaying the same patterns. Figure 6
indicates that different fishlines display similar topological
patterns at Hy but can be discriminated from background at
H,. Figure 7 complements Fig. 4 by analyzing also the vari-
ance, while Fig. 8 provides a direct comparison with the MUT
line as well.
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