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Identification of the epileptogenic zone from
long-range temporal correlations of interictal SEEG
activity using machine learning methods
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Abstract—An automated approach for identifying stereo-
electroencephalography (sEEG) channels belonging to the clin-
ically defined epileptic seizure onset zone, based on interictal
activity, is proposed. The study used data from 23 patients with
focal epilepsy, from which a sample of 1974 bipolar channels
was formed, including 235 focal and 1739 non-focal channels. As
interpretable features, long-range temporal correlation measures
were applied, quantified by detrended fluctuation analysis (DFA)
independently in eight frequency bands from 1 to 120 Hz. Logistic
regression, random forest, and support vector machines with
linear and radial basis function kernels were compared. Under
5-fold cross-validation with patient-wise grouping, the best result
was achieved by a linear SVM on eight DFA features (ROC-AUC
= 0.713 £ 0.046). A comparable result was obtained using the
four most informative bands (ROC-AUC = 0.711 + 0.042). The
1-4 Hz and 70-100 Hz bands proved to be the most consistently
informative.

Index Terms—stereo-EEG, epileptogenic zone, long-range tem-
poral correlations, detrended fluctuation analysis, machine learn-
ing, support vector machine

I. INTRODUCTION

Electroencephalographic methods are widely used to study
disturbances of brain dynamics in various neurological and
psychoneurological conditions. The analysis of the spatio-
temporal organization of neural activity is of interest not only
in epilepsy but also in tasks such as post-stroke neurorehabil-
itation [1], the study of depressive disorder [2], [3], autism
spectrum disorders [4], and other conditions accompanied
by changes in the functional organization of brain networks.
This creates a need for quantitative biomarkers that can
be computed directly from neurophysiological data and are
comparable across patients.

Epilepsy is one of the most common neurological disorders:
according to World Health Organization estimates, it affects
approximately 50 million people worldwide [5]. Of particular
interest is the study of the mechanisms underlying pathological
neural activity [6]. In a simplified view, the epileptic process
can be regarded as a state of pathological synchronization

This work is supported from the Russian Science Foundation (project 23-
71-30010)

979-8-3195-2599-4/26/$31.00 ©2026 IEEE

Pavel Chirkin
Plekhanov Russian University
of Economics
Moscow, Russia
chirkin_07.p@mail.ru

Alexander Kuc
Plekhanov Russian University
of Economics
Moscow, Russia
kuts.ak@rea.ru

of neuronal ensembles. This approach makes it possible to
relate the observed changes in neurophysiological signals to
the dynamics of interacting brain elements and to investigate
the mechanisms underlying the emergence of pathological
synchronization using not only experimental data but also
theoretical models [7], [8]. In particular, models of coupled
oscillators make it possible to study how changes in the
dynamical characteristics of individual nodes can contribute
to the formation of a pathologically synchronized state [9].

However, translating these concepts into clinical practice
is considerably more difficult. When examining patients with
drug-resistant focal epilepsy [10], the epileptologist faces two
principal tasks: detecting the onset of an epileptic seizure from
long-term EEG recordings [11], and localizing the epilep-
togenic zone, which determines the feasibility and extent
of surgical intervention [12]. Stereo-electroencephalography
(sEEG), which enables the recording of activity from deep
brain structures, is widely used to address the second task
[13], [14]. The use of interictal activity potentially allows
the pathological features of neural dynamics to be evaluated
without the need to wait for a spontaneous seizure. In partic-
ular, interictal high-frequency oscillations [15] and abnormal
temporal dynamics of seizure-free intracranial recordings [16]
have been shown to mark epileptogenic cortex.

An important requirement for automated methods support-
ing clinical decision-making is not only high discriminative
ability but also the interpretability of the features used [17].
For clinical application, characteristics with a clear physi-
ological and mathematical interpretation are preferable, as
they make it possible to explain why a particular channel
is assigned to a potentially pathological region [18], [19].
One such feature is long-range temporal correlations (LRTC)
[20], quantified using detrended fluctuation analysis (DFA)
[21], [22]. This method makes it possible to quantitatively
describe the scale-invariant structure of temporal dynamics and
to examine its dependence on frequency band, in line with
multiscale approaches to biomedical signal characterization
[23].

The aim of the present study is to evaluate the feasibility of
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automated classification of focal and non-focal SEEG channels
based on multiband DFA features of interictal activity, and to
identify the most effective yet interpretable classifier.

II. MATERIALS AND METHODS
A. Dataset and clinical labeling

Data from 23 patients with focal drug-resistant epilepsy who
underwent long-term invasive SEEG monitoring and for whom
clinical documentation of epileptogenic zone localization was
available were analyzed. The data were obtained at the Pirogov
National Medical and Surgical Center. For all patients, SEEG
recordings were converted to a bipolar montage.

The clinical documentation contained only positively identi-
fied focal contact ranges for each electrode. A bipolar channel
was labeled as focal only if both of its contacts were located
within the same continuous focal range documented for that
electrode. Channels for which only one contact fell within a
documented focal range, or in which both contacts belonged
to two non-adjacent focal sub-ranges of the same electrode,
were considered ambiguous and excluded.

The resulting dataset comprised 1974 bipolar channels: 235
focal and 1739 non-focal (focal class proportion 11.9%). The
classification task was therefore characterized by pronounced
class imbalance, and patient-wise data grouping was essential
to prevent information leakage between training and valida-
tion.

B. sEEG recording and preprocessing

For each patient, a 15-minute interictal sSEEG segment
sampled at 256 Hz was analyzed. To eliminate noise, vol-
ume conduction, and distant reference effects, the channels
were converted into a spatially localized bipolar configuration.
Bipolar channels were constructed sequentially along each
electrode shaft by subtracting the signal of contact 7 4+ 1 from
the signal of contact ¢:

Sbipolar,i(t) - Sz (t) - SiJrl(t) (1)

Channels originating from scalp electrodes or contacts not
associated with the brain were automatically excluded using
regular-expression-based analysis of electrode labels.

The resulting signal was divided into five non-overlapping
180-second windows. Each windowed signal was band-pass
filtered using a finite-impulse-response (FIR) filter, and its
amplitude envelope was obtained using the Hilbert transform.

C. Multiband FIR filtering and envelope extraction

To characterize frequency-dependent dynamics, taking into
account that different spectral components of a complex signal
may exhibit distinct dynamical and synchronization properties
[8], eight spectral bands were formed: 1-4, 4-8, 813, 13-30,
30-50, 50-70, 70-100, and 100-120 Hz. For each band, DFA
was computed independently in each of the five 180-second
windows and then averaged across windows, yielding eight
DFA features per bipolar channel. Additionally, a single-band
baseline variant of 60—-63 Hz was evaluated.

D. Detrended fluctuation analysis

Filtering was performed on the full 15-minute signal prior
to window segmentation. Hamming-windowed finite-impulse-
response (FIR) band-pass filters were applied using two-pass,
zero-phase forward-backward filtering (filtfilt) to prevent phase
distortion. The filter order N was adapted based on the lower
cutoff frequency fp, and the sampling frequency f:

N = {Inin <7.0’ 3.0> -fsJ 2)
fhp

After band-pass filtering, the instantaneous amplitude en-
velope A(t) was computed using the analytic signal obtained
from the Hilbert transform:

z(t) =x(t) + 1 - H{z(t)} 3)

A(t) = [2(8)] = \J22(t) + M { (1)} 4

Extracting the envelope from the continuous 15-minute
recording eliminated the boundary transient artifacts that typ-
ically arise when filtering short windowed segments.

An integrated profile was then constructed for each signal:

k
Y(k)=>Y [A{t)—(4)], k=1,....N (5)

t=1

For a given scale s, the profile was divided into segments of
length s with 50% overlap. Linear detrending was performed
within each segment. The fluctuation for segment v was
defined as:

P = LY Y0 ps sk -0} ©

k=1

The averaged fluctuation function was then calculated:

1 2N, 1/2
F(s) = {2N > Py, s)} (7)

Sy=1

Under power-law scaling F'(s) ~ s*, the DFA exponent f
was estimated as the slope of the linear regression of log F'(s)
on logs. A value of 4 = 0.5 corresponds to uncorrelated
dynamics, whereas p > 0.5 indicates persistent long-range
temporal correlations.

E. Machine learning and validation

Four classifiers were compared: logistic regression, ran-
dom forest, and support vector machines (SVM) with linear
and RBF kernels — all using balanced class weighting to
compensate for the imbalance between the focal and non-
focal classes (=1:7.4). The SVMs were trained within a
pipeline with feature standardization fitted only on the training
portion of each fold. Validation was performed using 5-
fold StratifiedGroupKFold with patient-wise grouping, so that
channels from the same patient never appeared simultaneously
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in the training and validation portions of a given fold. The
resulting metrics — ROC-AUC, PR-AUC for the focal class,
precision, and recall — were computed at each model’s
native decision threshold and averaged across the five folds.
Permutation feature importance (scoring metric: ROC-AUC,
30 repeats), computed on the validation channels of each fold
and averaged across folds, was used to assess the contribution
of individual frequency bands for logistic regression and linear
SVM. Top-N features were selected using only the training
data, via nested validation with patient-wise grouping, to avoid
information leakage into the validation folds.

III. RESULTS

Table I compares the tested configurations on the set of eight
DFA bands together with the single-band baseline variant.
Linear SVM using the set of eight bands achieved the highest
mean ROC-AUC (0.713) among the tested configurations —
numerically higher than logistic regression on the same fea-
tures (0.699) and than the RBF-kernel SVM (0.648). Restrict-
ing the linear SVM to the four most important bands preserved
essentially the same ROC-AUC value (0.711), indicating that
most of the discriminative information is concentrated in a
subset of bands.

TABLE I
COMPARISON OF MODELS (MEAN + STANDARD DEVIATION OVER 5
PATIENT-GROUPED FOLDS, NATIVE DECISION THRESHOLD)

Prec. Rec.
Model ROC-AUC PR-AUC (focal) (focal)
LogReg, 60-63 Hz .7084+.063 .277+.046 .1514.025 .830+.158
LogReg, 8 bands .699+.071 .2814.080 .2204.058 .5564+.174
SVM-lin, 8 bands  .713+.046 .298+.049 .251+.067 .5874.198
SVM-RBE, 8 bands .648+.060 .2524.065 .2344.055 .5204.188
SVM-lin, top-4 7114.042  .2864.042 .2414.059 .5704+.200

Permutation feature importance (Fig. 1) shows an uneven
contribution of the bands for the linear SVM: the 1-4 Hz and
70-100 Hz bands proved to be the most consistently important.
This is consistent with the known role of high-frequency
activity as an interictal marker of epileptogenic tissue [15]
and with the importance of low-frequency and high-frequency
spectral features revealed by interpretability analysis of deep
learning models for epileptic EEG [19].

The evaluation focused on the discriminative ability of the
multiband DFA features and on determining the influence of
continuous signal preprocessing and spatial postprocessing on
classification accuracy.

IV. CONCLUSION

A linear support vector machine trained on eight band-
averaged DFA features computed from interictal SEEG, under
patient-grouped cross-validation, achieved a mean ROC-AUC
of 0.713 £ 0.046, demonstrating good discriminative ability
between focal and presumed non-focal sEEG channels; the
1-4 Hz and 70-100 Hz bands provided the most consistent
contribution.
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30-50 Hz
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13-30 Hz
100-120 Hz ——
8-13 Hz q

—f—

-0.025 0.000 0.025 0.050 0.075 0.100 0.125
Mean decrease in ROC-AUC after permutation
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Fig. 1. Permutation-based importance of band-averaged DFA features for the
linear SVM. Bars show the mean decrease in ROC-AUC after permuting a
feature; error bars reflect variability across the five patient-grouped validation
folds.

Future work will aim to extend the same DFA feature-
extraction methodology to pre-ictal SEEG segments and to
explore the possibility of unsupervised clustering of the DFA
feature space as an additional analysis that does not require
prior class labeling.

Disrupted long-range temporal correlations of high-
frequency background activity serve as a reliable biomarker
of localized cortical pathology, representing a valuable tool
for automated mapping in epilepsy.
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