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Abstract
Background: Surgery is a well‑established treatment for drug‑resistant epilepsy, but outcomes are 
often suboptimal, especially when no lesion is visible on preoperative imaging. A  major challenge 
in determining the seizure’s origin and spread is interpreting electroencephalogram  (EEG) data. 
Accurately tracing the seizure’s signal trajectory, given the brain’s complex behavior, remains a crucial 
hurdle. Materials and Methods: In this study, EEG data from 17  patients were analyzed, using 
the clinical interpretations of the epileptogenic region as the gold standard. Quantification analysis 
of recurrence plots primarily based on variance in recurrence rate was used to identify the regions 
involved during seizures based on investigation of the recurrence phenomena between the regions. 
This method allowed for a stage‑wise analysis across EEG electrodes, highlighting simultaneously 
involved areas. Results: The method effectively distinguished involved from noninvolved regions 
across anterior, posterior, right temporal, and left temporal areas with macro averaged F‑score 
of 95.54. For the anterior region, it achieved an overall accuracy  (correct predictions out of total 
predictions) of 86.96%, sensitivity (ability to correctly identify seizure‑involved regions) of 82.79%, 
and specificity  (ability to correctly identify non‑involved regions) of 86.96%. For the other regions, 
accuracy, sensitivity, and specificity values ranged from 66.0% to 89.13%. Conclusions: This 
approach could pinpoint brain regions involved in seizures at any stage and could be useful for 
clinical monitoring and surgical planning. The method’s simplicity and strong performance suggest it 
is promising for the real‑time application during epilepsy treatment.
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Introduction
The surgical treatment of patients with 
drug‑resistant focal epilepsy depends on 
precisely identifying the brain region 
responsible for seizures. For many years, 
the clinical gold standard for pinpointing 
this region has been through the use 
of intracranial electroencephalography 
recordings to detect the seizure onset 
zone. This zone is typically identified by 
visually inspecting the earliest changes in 
the electroencephalogram  (EEG) traces 
or by detecting localized high‑frequency 
activity at the start of a seizure.[1‑4] Since 
seizures in a single patient can vary over 
time, recent studies have highlighted 
the significance of temporal and spatial 
changes in focal epilepsy.[4‑9] A patient’s 
spatiotemporal seizure dynamics can 
vary significantly, with the progression 

of pathological activity, as observed 
in EEG recordings, differing from one 
seizure to another. Epilepsy is increasingly 
viewed as a dynamic disorder of the 
brain system.[10] Seizure evolutions can 
be described mathematical and statistical 
with various computational models.[4,7,11,12] 
Employing these methodologies, the 
progression of each seizure can be 
envisioned as a trajectory within the 
selected feature space. In addition, seizure 
prediction is more challenging in patients 
who have distinct populations of short and 
long seizures.[6] Brain discharge activity 
has the characteristics of transmission.[13‑18] 
Brain functions as a complex network[9] 
with connections that are active during 
both static and dynamic activities. 
Investigating complex systems can provide 
a deeper comprehension of the complex 
dynamics underlying epileptic seizures. The 
recurrence of a specific activation sequence 
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can be regarded as trajectories  (oscillations) around an 
attractor point in the phase‑space model of any dynamical 
system.[19,20] Disruptions in the neural network activation 
pattern  (e. g., increased excitability, external stimuli, or 
varying inputs) can shift the system’s trajectory, causing 
it to orbit a different attractor. The traditional repeating 
epileptiform activity pattern recorded from EEG or local 
field potentials leads may be the result of activating the 
same circuits in sequence, one after the other.[21] According 
to the discussion of electrographic signatures, the recurrent 
pattern of discharges observed in most epileptic convulsions 
clearly suggests that the same circuit sequence is frequently 
engaged. Whether this is due to a focal oscillating 
generator that initiates activity in downstream circuits,[22] 
a reverberant circuit providing positive feedback,[23] or 
a combination of both remains a topic of matter and 
may differ across different types of epilepsy within the 
spectrum. The recordings from epileptogenic areas were 
less random and more nonlinear dependent than those from 
nonepileptogenic areas.[24,25]

In 1987, Eckmann et al. invented the recurrence plot  (RP), 
a nonlinear analysis technique, to show the fundamental 
dynamical properties of a dynamical system in the phase 
space.[26] A high‑dimensional phase space trajectory was 
projected into a binary matrix, with the value set to 1 
whenever two locations on the trajectory were sufficiently 
close together. This technique has been widely used 
to analyze the brain dynamics changes and transitions 
between states.[27‑31] The potential patterns within RPs 
can be revealed through recurrence quantification 
analysis  (RQA), a statistical quantification approach.[32] 
Recurrence analysis can objectively expose the dynamics 
underlying physiological data since it operates without 
making any assumptions.[33‑38] RQA was reported to be 
effective in epilepsy analysis.[39‑42] Over the past years, 
different measures based on RPs have been proposed and 
applied to the EEG to study epilepsy.[28,43‑45] Similar tests 
also suggested that various epilepsy phases could be 
discriminated on the basis of dynamical features, which 
were employed in automatic categorization of EEG 
epochs or even the prediction of seizures[46‑49] and different 
dynamical scenarios also implied different prospects for 
finding reliable control strategies.[50‑52] Meanwhile, epileptic 
seizures are thought as the result of network disorder.[53‑56] 
Therefore, it is necessary to investigating the dynamical 
interactions between stages as well as regions, and 
identifying the epileptogenic areas accordingly.

In this study, electroencephalograph  (EEG) recordings 
from 17  patients were used, which directly recorded 
electrophysiological activity and clinicians report were 
considered as the gold standard for the epileptogenic region 
identification. The dynamical changes in different states 
and regions were revealed through quantification analysis 
of RPs. Epileptogenic areas were identified by nontrivial 
dynamical characteristics. Meanwhile, analysis of RPs was 

used to demonstrate the recurrence phenomena between 
regions at different stages to identify simultaneous involved 
regions also the sequence of the involved areas in turn 
as seizure evolves. It is helpful for further understanding 
the role of epileptogenic areas from the epileptic network 
perspective, helping the deployment of new prediction and 
seizure abortion devices and surgical planning.

Materials and Methods
Participants

In this study, electroencephalograph  (EEG) recordings 
from 17  patients with focal epilepsy, drug resistant and 
candidate for the surgical treatment were used  (9  male, 
17.82  ±  2.37  years of age). All the participants were 
informed about the study and written informed consent was 
obtained before the data acquisition. The data were recorded 
at Pars hospital in Tehran and was approved by the Medical 
Research Ethics Committee of Tehran University of Medical 
Sciences and. Study design and data recording was done 
based on the Declaration of Helsinki. The demographic 
information of all participants is listed in Table  1. The data 
were acquired using the g. Hiamp MultiChannel Amplifier 
system. 32 EEG channel were recorded using 10‑10 system 
at 500 Hz sampling frequency. A notch filter at 50 Hz and a 
bandpass filter between 0.5–100 Hz were applied during data 
acquisition. In total, 23 seizures belong to the anterior region 
among subjects, 47 seizures related to posterior regions, 16 
seizures related to left temporal, and 9 for right temporal.

Data analysis

After preprocessing the EEG data, quantification analysis 
of RPs showed the dynamical variations in various states 
and areas. Nontrivial dynamical features were used 
to identify epileptogenic zones. In the meantime, the 
recurrence phenomena between regions at various phases 
were demonstrated using the analysis of variance of RPs 
quantifications to identify concurrently involved regions as 
well as the order of the concerned areas in turn.

Preprocessing

First, a IIR and Causal. 5‑70  Hz Butterworth fitter with 
order of 6 and minimum distortion was used to clean 
the recorded data. In order to analyze the patient’s data, 
we divided the signals recorded from the patient in each 
seizure into three main parts; before seizure, during seizure 
and after seizure. The analysis starts from the preictal part 
and continues until the end of the postictal. Figure 1 shows 
the general process of the identification of trajectory of 
epileptic waves between the regions.

Dynamic trajectory

Natural processes in general can show different recursive 
behavior. Returning behavior means when the state of the 
system converges after some time has passed, and this is 
a special feature of certain systems, including nonlinear 
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and chaotic systems. The display of these returns can be 
done based on the analysis of the RPs. Hence, for the 
quantitative analysis of RPs, we aimed to focus on the rate 
of the recursion of states of the system.

The stages of the algorithm mentioned in this study are 
presented as following.

Calculation of the RP

First, delay parameters  (τ) and embedding dimension  (m) 
are calculated with common information algorithm 
false nearest neighbors  (FNNs), respectively, for the 
reconstruction of the phase space.[57]

The essential principle is that, even if they are not actual 
neighbors, a growing number of phase space points will be 
projected into the neighborhood of any phase space point 
as the dimension is decreased. We refer to these points 
as FNNs. The simplest approach determines the minimal 
embedding dimension by calculating the number of these 
FNNs as a function of the embedding dimension.[57,58] The 
dimension where the FNNs vanish must be taken. The 
ratios of the distances for different dimensions between 
the same nearby locations are used in other methods. The 
use of mutual information is a well‑established technique 
for determining the delay.[58] It is the mean of the data 
regarding a value that may be obtained from the present 
value after a delay τ. Where mutual information has the 
least local minimum is the ideal choice for the delay.

Next, we calculate the RP of system representing the brain 
signals. The RP is calculated using a square matrix R that 
contains the repetition or nonrepetition values of the system 
states.

( )lm,  
k,l i k l

m
k,l

R = ‑ Brain signal ‑ Brain signal , 

Brain signal   R , 

ε θ ε

∈



� (1)

k, l = 1,2,..., P.

In the equation 1, P is the number of considered states of 
xk  (t) xk(t), ‖. ‖ is the norm, l the threshold limit and θ the 
Heaviside function. More details on construction of RP’s 
mentioned in.[57,58]

Since Rk, k  =  1  (k  =  1,2,…, N) by definition, the RP has a 
black main diagonal line, the line of identity  (LOI), with 
an angle of π/4. It has to be noted that a single recurrence 
points at  (k, l) does not contain any information about 
the current states at the times k and l. However, from 
the totality of all the recurrence points, it is possible to 
reconstruct the phase space trajectory.

Therefore, a recurrence is defined as a state xk that is 
sufficiently close to xl. This means that those states xk that 
fall into an m‑dimensional neighborhood of size l centered 
at xl are recurrent. These xk are called recurrence points.

Insights into the dynamics of dynamical systems can 
be gained via visual RPs. The drawback of graphical 
displays that lack the resolution to show RPs is that 
viewers must subjectively deduce and understand the 
patterns and structures that are displayed in the RP. In the 
early 1990s, Zbilut and Webber created definitions and 
processes to quantify RP structures in order to overcome 
the methodology’s subjectivity.[32,59] They came up with 
the term RQA and created a set of recurrence variables 
that served as complexity metrics based on diagonal line 
structure in RPs.

=1 l2

1
lm,  P

w k l k,RR = R 
P ‑ P

ε
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The equation 2, shows the recurrence rate  (RR) coefficient 
of RP for each segmented window  (w) of 300  samples of 

Table 1: Demographics number of seizures of subjects 
enrolled in the study

Subject Age 
(mean±SD=17.82±2.37)

Gender 
(male: 9)

Symptom

S1 20 Female Versive ‑ dialeptic
Electrographic

S2 22 Male Visual aura ‑ 
visual loss

S3 21 Male Visual aura
S4 18 Female Dialeptic
S5 14 Male Versive ‑ tonic ‑ 

clonic
S6 16 Female Versive ‑ akinetic

Clonic
S7 17 Male Visual aura ‑ 

dialeptic
Tonic ‑ clonic

S8 20 Male Visual aura
S9 15 Male Dialeptic ‑ versive
S10 14 Male Psychic aura

Complex motor 
seizure

S11 17 Female Visual aura ‑ 
dialeptic
Tonic ‑ clonic

S12 19 Female Visual aura
Tonic

S13 18 Female Visual aura ‑ 
dialeptic
Tonic ‑ clonic

S14 16 Female Discognitive ‑ 
tonic ‑ clonic
Complex motor 
seizure

S15 17 Male Visual aura ‑ 
psychic aura
Hypermotor

S16 17 Female Visual aura
Tonic hypermotor

S17 20 Male Visual aura ‑ 
automotor

SD – Standard deviation



Figure 1: Graphical illustration of general block diagram of the nonlinear approach of extraction of trajectory map between epileptic regions
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the brain signals used in this study (equation 1) which just 
counts or lists the black dots in the RP, omitting the LOI. It 
is associated with the definition of the correlation sum and 
represents the relative density of recurrence points in the 
sparse matrix.[32,58,59]

For the next step, we calculated the time of maximum RR 
relative to the start point of the seizure:

( )max
i iRR = max RR . � (3)

max
i  

 i onsetRR  
= T ‑T .τ � (4)

In the equation 3, max
iRR  is the maximum of the vector 

of RR coefficients of each window in time for a single 
channel i  =  1, 2,…, N. As shown in equation 4, τi is the 
delay in reaching the maximum RR for the channel i from 
the onset.

Hence, in order to obtain the sequence of areas involved in 
seizure evolving using the obtained τi, we can route delay 
as shown in equation 5:

: ( )i

max
Trajectory Lag Index(TLI)  Sort

min
τ

 
 
 

.� (5)

The trajectory can be detected with the trajectory lag index 
(TLI) matrix. Here, we are not able to specify the involved 
areas and only the sequence of propagation of epilepsy 
between electrodes from the onset time and starting area 
could be detected. To detect the involved areas to shape 
the trajectory map as time evolves independent of the 
onset of seizure, we introduced the specific trajectory lag 
index (STLI) which will be explained in next section.

Specific trajectory lag index

As explained in previous section, the TLI matrix could 
only identify the sequence of propagation of epilepsy 

between electrodes. Another problem with TLI is that it 
is dependent to the onset of seizure to identify involved 
region only. We aimed to propose an approach to identify 
dynamic trajectory of seizure as time evolves independent 
of starting point. We hypothesized that there must be 
more variations in RR of involved regions comparing to 
noninvolved. Hence, we combined the analysis of variance 
and RR coefficients to strengthen the algorithm in the form 
of STLI. In this case, after calculating the RR as explained 
in the previous section, we calculated the variance on the 
RR coefficients in segments of time windows. Then, we 
continued the calculation process according to the variance 
values. The advantage of this method is that, in addition to 
the trajectory vector, it also determines the involved areas 
and the radius of the involvement with improved accuracy 
as time evolves but not depending on the seizure onset.

2 2
1

1 1, 2, 1, 2,
i

  RR N  RR
 j i=  w=  . j = …, M, i = …, N.

N
σ σ∑ � (6)

In the equation 6, 2  RR
 jσ  is calculated on the vector of the 

variance of the RR coefficients in the specific window j 
with length of 12 samples for all channels.

2( )
i

RR
j,i wS =max .σ � (7)

22 2: { }
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> × S .

σ σ σ
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As shown in equation 7, Sj,i shows the channel i with 
maximum variance of RR in j‑th window. Then we used 
equation 8 to determine the involved area along with 
determining the radius of involvement around channel 
with maximum RR variance at each window. We used 
equation 9 to calculate the propagation delay between two 
consecutive time windows as STLI.
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In equation 9, we can see that the result of a final vector 
includes the channels that are calculated as the main focus 
of epilepsy in each window w, and it can remain same or 
change during different windows. It is clear that the output 
of this method sometimes will show ping‑pong swings 
in two channels or involvement radius around a centered 
channel, where the seizure center is temporarily stuck 
between two regions for a while.

In order to evaluate the results, we compared the detected 
areas with clinical reports for each subject to examine 
the similarities and differences in areas diagnosed by the 
algorithm and areas involved in epilepsy by the clinicians. 
The accuracy, sensitivity, and specificity along with 
Matthew’s correlation coefficient (MCC) and macro F1‑score 
which is arithmetic mean  (aka unweighted mean) of all the 
per‑class F1 scores, were used as evaluation criteria.

TN +TPAccuracy = 
TN +TP+ FN + FP

.� (10)

TPSensitivity = .
TP+ FN � (11)

TNSpecificity = .
TN + FP � (12)

TP * TN ‑ FP * FN= 
(TP + FP) * (TP + FN) * (TN + FP) * (TN + FN)

MCC

� (13)

2*1‑ = 
2×TP + FP + FN2×TP

TPF score � (14)

Where:

True positive  (TP): Involved EEG channel correctly 
classified as involved.

True negative  (TN): Noninvolved EEG channel correctly 
classified noninvolved.

False positive  (FP): Involved EEG channel wrongly 
classified as non‑involved.

False negative  (FN): Non‑Involved EEG channel wrongly 
classified as involved.

Here, sensitivity is the ability to correctly identify 
seizure‑involved regions and specificity is the ability to 
correctly identify non‑involved regions. Accuracy shows 
correct predictions out of total predictions.

In the next part, the results of the proposed algorithm to 
find the trajectory of epilepsy and compare them with 
clinician’s reports will be mentioned.

Results
In the previous section, we explained the TLI and STLI 
algorithms based on the analysis of variance of RR 

coefficients extracted from the quantification analysis of 
RPs of each EEG channel as STLI.

In this section, we will show the results of nonlinear 
approach focusing on the RR parameter for identifying 
epileptic regions involved and dynamic trajectory of 
epilepsy evolution. First, based on this analysis, we 
calculated the amount of delay in the dynamic trajectory 
separately based on the variance of RR parameters of each 
channel in time windows. According to the obtained delay, 
we extract the trajectory map of involved regions in turn. 
Then, results of evaluation of the proposed algorithm will 
be shown in detecting epileptic areas with regard to the 
gold standard. As shown in Figure  2, we can see the RPs 
for two different EEG channels  (P10 and PO8) at different 
stages before and after the ictal phase.

As shown in Figure 2, it is difficult to visually differentiate 
between the regions based on RPs. Thus, our focus was on 
examining the dynamic behavior of the brain using brain 
signal and their RPs and the quantity extracted from them.

In Figure  3a, we can see the result of RR coefficients in 
segments of EEG channels. Using the RRs, we calculated 
the active areas with a certain radius and then extract the 
line map over time using the RRs variance delay according 
to STLI algorithm. Figure  3b shows the result of analysis 
of variance of RR coefficients in time. Tracing peaks of 
variance of RRs in time between the channels, we could 
shape the trajectory map of involved areas in epileptic 
regions in turn as the time evolves.

According to the explanations given, finally, from the 
variance of the RR, we could obtain the propagation and 
occurrence of epilepsy among different brain regions 
over time. The results obtained from the STLI method 
do not depend on the time of onset of epilepsy and can 
be checked before its onset. The way epilepsy propagates, 
the simultaneity of the activity of the areas and the speed 
of its spread can depend on many factors  [Figure  4]. 
Supplementary materials present the short videos of 
examples of visualization of epileptic propagation 
detection [Supplementary Videos 1 and 2].

As shown in Figure  4, the channels marked in black and 
shown in smaller size were not used during data acquisition 

Table 2: Commarison of results of specific trajectory lag 
index algorithm detected areas and clinicians report as 

gold standard
Predicted by 
STLI algorithm

Expected by GOLD STANDARD
Anterior Posterior LT RT

Anterior 20 1 0 2
Posterior 1 41 4 1
LT 2 1 12 1
RT 0 2 0 7
STLI – Specific Trajectory Lag Index; LT – Left temporal; 
RT – Right temporal



Figure 2: Results of recurrence plot of electroencephalogram (EEG). From left to right at pre‑ictal, ictal and post‑ictal for PO8 and P10, respectively
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from the patient. The remaining channels (yellow and green 
dots) were used to record the patient’s data in the study. 
The channels highlighted in green have been identified 
as seizure‑involved regions by the STLI algorithm. The 
connections between these channels are illustrated by 
separate lines in three colors: red, blue, and pink, also 
extracted by the STLI algorithm. Pink lines represent the 

connections during the preictal phase; red lines indicate 
connections during the ictal phase, and blue lines show 
connections during the postictal phase. These lines are 
plotted over time, allowing for observation of the temporal 
precedence and succession of these connections.

In order to validate the identified areas, it was necessary 
to perform a detailed statistical analysis. This analysis 

Figure 3: Quantification analysis of recurrence plots. (a) Recurrence rate (RR) coefficients of all channels, (b) Variance of RR coefficients. Vertical lines 
define pre‑ictal, ictal and post‑ictal stages in turn

ba



Figure  5: Results of specific trajectory lag index method for detecting 
regions involved in seizure

Figure 4: Trajectory and areas involved in epilepsy based on specific trajectory 
lag index. The image depicts the distribution of electroencephalogram 
(EEG)  channels on the scalp, with each channel represented by a dot, 
accompanied by its respective label
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included the comparison of the areas with expert clinician’s 
reports  (gold standard) in the following. We estimated the 
regions based on four groups of location anterior, posterior, 
left temporal, and right temporal. Hence, in order for 
better comprehension of the comparison between predicted 
areas and areas labeled by the experts, we reformatted the 
whole confusion matrix of the four regions for each one 
of them  [Table  2]. Figure  5 shows the performance of the 
algorithm to detect the regions involved in the process of 
preparation of seizure in the form of one vs all other regions.

As shown in Table  2, the algorithm has performed well in 
finding the epileptic regions according to the clinicians’ 

report. Furthermore, according to Figure  5, we can see 
that the performance of the algorithm in all areas and their 
differentiation from each other is also acceptable. Based on 
the demographics of the patients, the number of people with 
temporal areas (left temporal (LT) and right temporal (RT)) 
involved in seizure is less than the others regions, which 
shows the presence of more errors in the misdiagnosis of 
these areas compared to the other areas. Table 3 shows the 
demographics of regions detected compared to the regions 
based on the clinical report onset region.

Based on this analysis, we calculated the amount of delay 
in the dynamic trajectory separately for each channel. 
Based on the obtained delay, we extracted and drew the 
trajectory map of involved areas in turn [Figure 4].

Hence, the proposed STLI method could investigate the 
involved areas considering their dynamical behaviors 
regarding to the analysis of variance of quantification 
calculated from each RPs of EEG channels.

Discussion
In this translational study, we aimed to develop a method 
considering the complex and nonlinear behavior of the 
brain in epilepsy to investigate the brain regions involved 
in such a way that both the start and end points of the 
seizure can be displayed accurately and also the path 
of the signal trajectory during the development of the 
epileptic signal. In the previous sections, we were able to 
obtain the areas involved in the development of epileptic 
seizure with the resolution of one electrode by using the 
quantitative analysis of RPs. We focused on quantifications 
of RPs to better investigate the dynamical changes during 
propagation of epileptic waves. We mainly focused 
on the RR in RPs as we hypothesized that we must see 
shared dynamic behaviors of regions as seizure propagates 
which will be recurrent in different other regions in time 
or remain steady in a single region for a while. As shown 
in Figure  3a, the RR coefficients for each EEG channel 
that it did not differ between different regions as seizure 

Table 3: Results of comparison of regions detected by 
specific trajectory lag index and gold standards

Subjects Seizure onset region Identified region 
based on STLI

S1 RT ‑ LT ‑ Frontotemporal A‑P‑RT
S2 Posterior P‑RT
S3 Posterior LT‑P
S4 Posterior P‑P‑A
S5 Anterior ‑ posterior A‑P‑LT
S6 Posterior P‑P‑RT
S7 RT ‑ LT ‑ occipital LT‑P‑P
S8 RT ‑ LT LT‑RT‑P
S9 Posterior P‑P‑RT
S10 RT P‑RT‑A‑P
S11 Left occipital P‑LT‑P‑P
S12 Posterior P‑RT‑P
S13 RT ‑ LT LT‑P‑LT‑RT
S14 Posterior P‑A‑LT
S15 RT ‑ LT ‑ posterior LT‑P‑LT
S16 Right side P‑RT‑P
S17 Left posterior temporal P‑A‑P
P – Posterior; A – Anterior; LT – Left temporal; RT – Right temporal; 
STLI – Specific Trajectory Lag Index
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propagates in time and can only detect the regions involved 
from onset point based on sorting channels in reaching 
maximum RR quickly. However, analysis of variance of 
RR coefficients in time windows shows significant changes 
in between specific channels  [Figure  3b]. Thus, as it was 
explained for equation 8 that we are able to determine 
the radios of involvement of neighboring channels of a 
region at each time. Our findings thus lend credence to the 
growing theory that rhythmic activity during seizures may 
have spread from a focal source in numerous brain regions.

Besides, the evaluations of the results of the STLI method 
with clinician’s report as our gold standard were acceptable 
to detect epileptic regions during seizure. Figure  5 shows 
the performance of the algorithm to detect the regions 
involved in the process of preparation of seizure in the 
form of one versus all other regions. We can demonstrate 
that the accurate performance could be achieved for 
discerning involved and noninvolved regions in seizure 
propagation with 95.54 macro averaged F‑score. For the 
anterior region, it achieved an overall accuracy of  (0.86, 
0.87), sensitivity of  (0.82, 0.83), and specificity of  (0.86, 
0.87) and for posterior, right temporal and left temporal 
the STLI had  (accuracy =  [0.87, 0.87], sensitivity  [0.78, 
0.79], specificity =  [0.88, 0.89]),  (accuracy =  [0.77, 
0.77], sensitivity =  [0.66, 0.67], specificity =  [0.69, 
0.70]),  (accuracy =  [0.74, 0.75], sensitivity =  [0.69, 
0.70], specificity =  [0.74, 0.75]), respectively with 95% 
confidence interval. Our results show less accurate 
performance in LT and RT  [Figure  5] regions. It can be 
caused by lack of seizure numbers that has been reported 
while engaging these two areas as explained in previous 
sections and so the misdetection of these two areas leads 
to more error values compared to other regions as we can 
see that can be seen as low MCC for temporal areas. The 
proposed STLI method can be used to analyze the signal 
from preictal stage to postictal to detect seizure onset and 
trajectory of involved areas in time for better understanding 
of seizure occurrence [Figure 4].

In this study, we aimed to detect the dynamic trajectory of 
seizure spread. As explained, we hypothesized that using 
quantification analysis of RPs as a nonlinear approach 
focusing on recurrence of seizure spread shared similar 
dynamics between regions. Thus, we could identify 
involved areas as the time progressed. Many researches 
have used this technique such as RQA and phase 
synchronization to identify the seizure stages or classifying 
healthy subjects.[60‑63] Some studies have reported that RQA 
parameters derived from the RP are useful to categorize 
the EEG signal information as pre‑ictal, ictal and normal 
categories.[62‑65] RP is a sophisticated nonlinear data 
analysis method, and its RQA parameters calculate the 
signals’ salient characteristics.[61] Our results are in line 
with other studies about the ability of RR coefficient in 
tracking the dynamic changes of brain electrical activity 
during seizure.[66-71] Although RR can identify seizure type 

or stage, but it alone cannot identify trajectory of seizure 
spread as discussed earlier. The RR alone can only be 
used to identify set of EEG electrodes that are involved 
in seizure propagation or in another words, electrodes that 
receive shared dynamical behavior in turn. Therefore, we 
could not observe the difference in time in the RR values 
because their averages were almost close to each other 
at different time windows at specific stage to form the 
trajectory. For this, we must know onset and sort the time 
of reaching to maximum RR between channels as the TLI 
method (equation 5). Results of STLI method shows that it 
is the variations of RR that can identify involved regions 
in time. To put it more clearly, when an electrode involves 
in the trajectory of seizure propagation, its state is more 
recurrent than times before or after of it so at that time 
window, the variance of RR rises. Our approach differs 
considerably from standard neurophysiological measures 
of seizure onset in that they rely on phase differences in 
low‑frequency or high gamma activity.[72‑74] The problem 
with approaches relying on phase transition or locking is 
that first as a linear approach they might not be able to 
capture nonlinear and complex behavior of brain activity 
during seizure spread and needs simplified assumptions for 
modeling. Second, the frequency‑based approaches with 
phase differences are limited by spatial aliasing and requires 
low frequency input to avoid ambiguity.[75] Furthermore, 
there might be contradictory findings on how fast or slow 
oscillations are propagating between the patients with 
focal epilepsy. Seizures may remain more focal for much 
longer than has previously been understood or suggested 
by clinical interpretations of the EEG recordings.[72,73,75] 
Our method, which is based on examining changes in the 
dynamical behaviors of such a nonlinear system, which 
may be regarded as a reliable methodology for seizure 
initiation and spread investigation differs significantly from 
conventional neurophysiological measurements of seizure 
detection. As already mentioned, it is extremely sensitive 
and difficult to identify active and implicated epileptic 
regions in drug‑resistant patients who need a particular brain 
region surgically removed. Given the nonlinear nature of 
brain and the dynamic behavior of epileptic waves between 
different areas, there is a possibility of error in removing 
the epileptic onset area. Thus, the interpretability and 
simplicity of our model may be one of its strengths due to 
less computational demands comparing to recent proposed 
approaches to identify seizure dynamic behavior between 
different brain regions based on linear approaches or source 
reconstruction methods which requires more computational 
demands or invasive data.[63,75‑79] Therefore, the simplicity 
of computation for implementation and reliance on 
nonlinear brain signal processing methods, indicate the 
high potential of our method for clinical applications and 
real‑time monitoring even during epilepsy surgery to reduce 
the error in diagnosing the onset area and the area intended 
for surgery and matching clinical symptoms with the areas 
of the brain involved during an epileptic seizure for better 



Farahi, et al.: A nonlinear method to track seizure spread using EEG

Journal of Medical Signals & Sensors | Volume 15 | Issue 7 | July 2025� 9

treatment. Our data provide support for the hypothesis 
that the source of pathologic activity can change location 
over the course of the seizure and is in fact a dynamic 
entity.[72‑75] In accordance with clinical observations, animal 
models, and computer simulations, our data further indicate 
that the seizure source may occasionally even divide 
into several separate entities  [Figure  4, green dots].[80‑82] 
However, we cannot rule out the idea that what seem to 
be two different sources could actually be one source 
sending traveling waves to different cortical locations. 
Our findings imply that the seizure source might be 
dynamic, that the mechanisms controlling its movement 
and dissemination are not yet understood by conventional 
clinical interpretations or simplified modeling approaches, 
and that they might differ among patients with various 
underlying etiologies and seizure locations. The increasing 
recruitment of bigger brain regions may lead the seizure 
source to move. This recruitment may occur locally along 
the cortical sheet or distantly via white matter pathways, 
maybe even including the subcortical regions.[19,83‑86] As the 
traveling waves’ direction of propagation varies in each 
of these scenarios, the source’s position may appear more 
diffuse. However, we found that within a single patient, 
this migration is comparatively stereotyped across seizures. 
The locations identified by our algorithm and clinical 
reports may differ in some ways due to the aforementioned 
factors  [Tables  2 and 3]. Although we were limited to 
using clinical reports to assess our findings in this case, it 
is possible that the aforementioned issues such as source 
instability and dispersion and dynamic behavior could also 
skew the standard clinical interpretation. In the current 
study, we did not consider seizure type since we had lack of 
subjects due to difficulty of recording long term EEG data 
in clinic. Another consideration that should be pointed out 
is that here we detected switching between regions based 
on the changing in variance of RR between channels which 
occurs with a time delay as other researches mentioned 
also.[73‑75,86] Another possible challenge in these studies can 
be the way to choose the number of brain signal recording 
channels, considering that their complex dynamic behavior 
in propagation requires more spatial resolution. In future 
studies, it is necessary to investigate the dynamic trajectory 
of seizure spread and the time delay of these transitions 
considering type of epilepsy, brain region or gender and 
other characteristics of the patients with more subjects and 
high‑density EEG.

Conclusion
In this study, we aimed to provide a method to investigate 
the dynamic trajectory and distribution of seizure with a 
nonlinear approach in patients with epilepsy. The described 
method determines the areas of brain involved seizure and 
the radius of involvement at any moment, and it is not 
dependent on the condition of the onset of epilepsy, but it 
can start investigating before the ictal and also determine 

the moment of onset. It is possible to use the STLI method 
in the clinical monitoring and detection of seizure due to 
its simplicity in implementation for online application and 
promising results of this study.
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