
IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 71, NO. 2, FEBRUARY 2024 531

Causal Connectivity Network Analysis of Ictal
Electrocorticogram With Temporal Lobe Epilepsy

Based on Dynamic Phase Transfer Entropy
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Abstract—Temporallobe epilepsy (TLE) has been con-
ceptualized as a brain network disease, which generates
brain connectivity dynamics within and beyond the tem-
poral lobe structures in seizures. The hippocampus is a
representative epileptogenic focus in TLE. Understanding
the causal connectivity in terms of brain network during
seizures is crucial in revealing the triggering mechanism of
epileptic seizures originating from the hippocampus (HPC)
spread to the lateral temporal cortex (LTC) by ictal electro-
corticogram (ECoG), particularly in high-frequency oscilla-
tions (HFOs) bands. In this study, we proposed the unified-
epoch dynamic causality analysis method to investigate the
causal influence dynamics between two brain regions (HPC
and LTC) at interictal and ictal phases in the frequency
range of 1–500 Hz by introducing the phase transfer entropy
(PTE) out/in-ratio and sliding window. We also proposed
PTE-based machine learning algorithms to identify epilep-
togenic zone (EZ). Nine patients with a total of 26 seizures
were included in this study. We hypothesized that: 1) HPC is
the focus with the stronger causal connectivity than that in
LTC in the ictal state at gamma and HFOs bands. 2) Causal
connectivity in the ictal phase shows significant changes
compared to that in the interictal phase. 3) The PTE out/in-
ratio in the HFOs band can identify the EZ with the best
prediction performance.

Index Terms—Phase transfer entropy (PTE) out/in-ratio,
ictal electrocorticogram (ECoG), epileptogenic zone (EZ)
identification, machine learning.
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I. INTRODUCTION

E PILEPSY, one of the most common chronic neurolog-
ical disorders characterized by unpredictable recurrent

seizures, is a typical network disorder [1], [2], [3]. Temporal
lobe epilepsy (TLE), which is the most common form of fo-
cal epilepsy, is increasingly considered a network disease that
leads to brain connectivity change within and without temporal
lobe [4], [5], [6], [7]. A growing literature suggests that brain
disorders may be related to abnormal connections and brain
network instability between connected brain regions [8], [9],
[10]. Hence, to advance the therapeutic management of epilepsy,
a detailed understanding of connectivity of brain activity is
required [11].

Electrocorticography (ECoG) is one of the procedures used
for recording brain activity with high spatial and spectral res-
olution in epilepsy diagnosis [12]. Effective connectivity (EC)
refers to the influence of one neural system over the other [13]. It
can reveal changes in the connectivity of brain activity in terms
of direction and strength. EC is commonly evaluated by the
vector autoregressive (VAR) model-based measures such as the
Granger causality (GC) score [14], the partial directed coherence
(PDC) [15], and the directed transfer function (DTF) [16]. An
early study has used the DTF to identify seizure onset zone
(SOZ) for the ictal intracranial electroencephalography (iEEG)
with mesial temporal seizure based on the analyzed propagation
patterns [17]. The follow-up research has proposed the inte-
grated DTF (IDTF) to extend analysis of SOZ localization for the
iEEG with seizures originating from both the mesial temporal
structures and the lateral temporal neocortex [18]. A different
study has applied an extension of the DTF termed as adaptive
directed transfer function (ADTF) to the SOZ identification
based on electrocorticography (ECoG) interictal spike recorded
from the patients with intractable epilepsy [19]. Surveys such
as [20], [21] have developed a modified version of the ADTF to
localize the ictal onset zone for iEEG with refractory epilepsy.
Moreover, one study has performed the GC analysis on the ictal
iEEG of the high-frequency band for SOZ localization [22].

However, it is well known that the VAR model is estab-
lished on the assumption that the signal processed is quasi-
stationary [23]. Concerns have been raised about the limita-
tions of EC estimation for non-stationary signals. Recently,
the model-free transfer entropy (TE)-based method, the phase
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TABLE I
SUMMARY OF INFORMATION FOR NINE PATIENTS

transfer entropy (PTE), has been proposed to analyze the non-
stationary epileptic EEG [24], [25]. In a related study, the
PTE and graph theory have been employed to evaluate the
stereo-electroencephalography (SEEG) with TLE and detect the
epileptogenic zone (EZ) [26]. However, there is little litera-
ture on detailed information on how the information flow is
transported and what the information flow strength is between
selected brain regions before and during seizures for TLE,
particularly in high-frequency oscillations (HFOs).

In this article, we proposed the unified-epoch phase trans-
fer entropy (PTE)-based dynamic methods to investigate the
time-varying causal connectivity changes of ECoG recordings
with TLE seizures among multiple electrodes located in selected
brain regions, including the hippocampus (HPC) and the lateral
temporal cortex (LTC). In particular, we introduced the PTE
out/in-ratio to evaluate the strength of the causal influence to
overcome the limitation of the various numbers of electrodes for
each patient. Besides, we introduced the unified-epoch approach
to address the problem resulting from the time-variance of
seizure duration. We employed three machine learning algo-
rithms to distinguish the HPC and LTC electrodes, in which the
HPC electrodes analyzed were labeled to EZ by epileptologists.
Moreover, we proposed leave-one seizure-out cross-validation
(LOSOCV), segment-wise approach, and electrode-wise mea-
sure to estimate the identification performance of EZ. In this
study, we will demonstrate how PTE-based dynamic measures
can be used to estimate the strength and the preferred direction
of the information flow between HPC and LTC over the epochs
before and during the seizure. We will also test the feasibility
of PTE-based machine learning models for EZ identification.
We hypothesize that: 1) HPC shows a significant increase in the
causal influence from seizure onset, making it toward surround-
ing structures at gamma and HFOs bands. 2) PTE out/in-ratio
at the HFOs band can be a promising biomarker for identifying
EZ.

II. MATERIALS AND METHODS

A. Participants

Between June 2014 and December 2019, 36 patients with
pharmaco-resistant TLE underwent ECoG using the subdural

electrodes before focus resection in Juntendo University Hospi-
tal. We selected the ictal ECoG based on the following four in-
clusion criteria: 1) ictal semiology was focal impaired awareness
seizure, suspected to originate from the mesial temporal lobe;
2) seizure onset was found in the HPC with rhythmic spikes or
paroxysmal fast activity; 3) Engel’s classification of class 1; and
4) the etiologies were not focal cortical dysplasia, brain tumor,
vascular disease, or uregria. For analysis, we identified the ictal
ECoG data of 26 seizures from nine patients comprising four
males and five females to analyze. We conducted a retrospective
analysis and obtained data using an opt-in/opt-out method. The
registration and analysis were approved by the ethics committee
of Juntendo University (16-163), and the study was conducted
following the Declaration of Helsinki.

Table I summarizes the information regarding gender, age
at onset, age at surgery, side, symptom, pathology, follow-up
month, Engel’s classification outcome, number of seizures per
patient during ECoG recording, and the number of electrodes
located in the regions of the HPC and LTC. The age at onset
varied from 6 to 56 years, whereas the age at surgery ranged from
24 to 57 years. Hippocampus sclerosis pathology was identified
in four patients (44.4%), amygdala enlargement pathology in
four patients (44.4%), and gliosis pathology in one patient
(11.1%). Seven patients had the outcome of Engel Class Ia,
one patient was in Engel Class Ib, and one patient was with
Engel Class Ic after the evaluation by Engel’s classification of
postoperative [27], [28]. Furthermore, the number of seizures
for each patient varied from one to six.

B. ECoG Acquisition

The ECoG recordings were acquired using Neuro Fax digital
video EEG system (Nihon Kohden, Inc., Tokyo, Japan) with a
sampling frequency of 2000 Hz for all nine patients. The number
of electrodes for each patient varied, ranging from 40 to 94. The
four contacts covering the HPC and 24 contacts covering the
LTC regions were selected for the analysis, except for one patient
with 48 contacts in the LTC. And there were five LTC electrodes
with bad ECoG quality and were not included in this study. In
addition, we defined the interictal phase as two minutes before
the seizure onset and the ictal phase as from the seizure onset
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to the end of the seizure with variant durations of 37 s–100 s
(62.31 s±18.71 s). The four selected HPC electrodes are the EZ
electrodes, which are the electrodes where the seizure begins.

C. ECoG Preprocessing

Before estimating the characteristics of effective connectivity,
we filtered the ECoG signal using the two-way least squares
zero-phase finite impulse response (FIR) filter by introducing the
function of eegfilt.m from the EEGLAB toolbox and order =
3× fix(Fs/locutoff) [29]. To observe the dynamics in a
high-frequency resolution, we introduced the narrow bandwidth
filtering measure to perform the filtering process. Specifically,
the range of 1–80 Hz was divided into 79 subbands by a bandpass
filter with a bandwidth of 1 Hz, and that of 80–500 Hz was
divided into 84 subbands using a bandpass filter with a band-
width of 5 Hz. We introduced the frequency response and total
harmonic distortion (THD) analysis to assess the performance
of the 1 Hz-bandpass FIR filter. The THD was computed using

THD(%) =
√

PHarmonics

PFundamental
× 100, in which PHarmonics and

PFundamental were the power of harmonic components and the
power of fundamental component [30]. Supplementary Fig. S1
demonstrates that the proposed FIR filter exhibits a high ampli-
tude response, a relatively linear phase response, and minimal
ripples across each 1 Hz subband within the frequency range
of [1 Hz, 80 Hz]. These characteristics indicate that the filter
effectively maintains the signal’s strength while minimizing
distortions in the time-domain representation. Supplementary
Fig. S2 further supports the effectiveness of the proposed filter.
In Supplementary Fig. S2(A), we present the THD values for
each fundamental frequency in the range of [1 Hz, 80 Hz],
utilizing the proposed 1 Hz-bandpass filter. The average THD
across all fundamental frequencies is reported as 0.059%. This
reveals that the filter significantly reduces distortion, resulting
in a cleaner and more accurate representation of the signal.
Building upon this evidence, Supplementary Fig. S2(B), (C1),
and (C2) display the THD values across different electrodes,
specifically highlighting the reduction in harmonic components
of both a sinusoidal wave and an ECoG data at the specific
fundamental frequency of 10.5 Hz. These additional findings
provide further support for the effectiveness of the proposed
filter. Collectively, these findings indicate that the proposed
filter effectively lowers THD levels and produces signals with
improved cleanliness and fidelity.

Because the time duration of the ictal phase was case-various,
we proposed the approach of unified-epoch with fixed overlap to
estimate the chronological changes of features at each band for
each seizure. The fixed overlap measure was applied to avoid the
non-calculated segment resulting from an inappropriate or small
time window size. In this study, the overlap was set to 80%, and
the number of epochs was 600 and 185 for each seizure in the
interictal and ictal phases, respectively.

D. Phase Transfer Entropy Out/In-Ratio

PTE is a non-parametric, Wiener-Granger Causality
principle-based phase-specific directed effective connectivity

measure [14], [31], [32]. It explains the improvement of uncer-
tainty in predicting the future of the target signal when the past
of both the source signal and target signal are known, compared
to when only considering the past of the target signal. The
calculation of the PTE for a given past source signalX(t), a past
target signal Y (t), and a given delay δ is defined as follows [25],
[33]:

PTE
(δ)
X→Y

=
∑

p(θy(t+ δ))p(θy(t))p(θx(t)) log
p( θy(t+δ)|θy(t),θx(t))

p( θy(t+δ)|θy(t)) ,

(1)

where θX(t), θY (t), and θY (t+ δ) are the instantaneous phase
time series of X(t), Y (t), and Y (t+ δ), respectively. p(θx(t)),
p(θy(t)), and p(θy(t+ δ)) indicate the marginal probability
mass function of θX(t), θY (t), and θY (t+ δ), respectively. The
probabilities are obtained by introducing the histogram method
to bin occurrences of single, pairs, or triplets of phase estimates
in an epoch [25]. The bin width is defined as h = 3.49σ/N

1
3

based on Scott’s approach [34], where h, σ, and N denote the
bin width of the phase time series, the standard deviation of a
directional variable [35], and the number of sampling points,
respectively. The number of histogram bins is therefore set to
2π/h. In addition, the prediction delay δ is also set to the number
of times the phase flips across time and electrodes [36]. Because
the number of electrodes of the two regions (HPC and LTC) for
each patient varies, the PTE out/in-ratio value was employed to
evaluate the causal influence from designated source electrodes
to target electrodes. The definition of PTE out/in-ratio values is
as follows:

ratio =

∑Nch

j=1,i�=j PTE
(δ)
i→j∑Nch

j=1,j �=i PTE
(δ)
j→i

, (2)

where ratio denotes the PTE out/in-ratio. Nch indicates the
number of electrodes.

This study applied the PTE out/in-ratio method to evaluate the
effective connectivity between all pairs of electrodes in the HPC
and LTC of each epoch at each narrow band for each seizure.
To reduce the numerical instability resulting from our proposed
segmentation measure, the moving average filter approach was
performed using a smoothing window with 11 points at each
narrow frequency band [37]. Owing to the number of electrodes
and the location of electrodes being patient-various, we proposed
the approach of region-region network analysis to evaluate
the dynamics of causal influence between pairs of the region
of interest (ROI) along with the time for each seizure. Two
ROIs were included in this analysis which were the HPC and
LTC, generating two directions, including the direction from
HPC to LTC and vice versa. In addition, we computed the
direct causal connectivity of the two region-region directions
at each narrow frequency band for each seizure. To construct
the network connectivity between ROIs for this type of seizure,
the out/in-ratio time series of each direction computed based
on our proposed method were normalized along with time by
calculating the amount of increase and decrease based on the
median interictal out/in-ratio values at each band for each seizure
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and averaged over seizures for each band. Compared to the mean,
the median is less sensitive to extreme values and can be used to
minimize the effect of abnormal brain activity. And the median
is a nonparametric measure that serves as a reference for a signal.
We therefore use median values for normalization in this study.
For the designated type of seizure and each of the two direc-
tions, the chronological dynamics of the full-frequency network
connectivity was graphically represented by a connectogram.
In addition, we proposed a node-region analysis measure to
investigate the time-variant changes of causal connectivity to
investigate the changes in the causal influence exerted by one
designated electrode to one given region for an individual case.

E. Statistical Analysis

The non-parametric Mann-Whitney U test was performed to
examine the significant difference between the median values
in the interictal phase and the transient values in the ictal phase
across seizures at each of 785 epoch for each of 163 frequency
subbands. The number of samples for each group was 26. p
values were set to 0.05, 0.01, and 0.005 to denote significant
levels and were represented by hot and cold colors from light
to dark in the connectogram. The Kruskal-Wallis H test was
applied to compare the classification metrics among the three
classifiers. The effect size metric was estimated by common
language effect size (CLES) for the Mann-Whitney U test [38].
The eta-squared measure (η2H ) was computed to evaluate the
effect size for the Kruskal-Wallis H test [39]. To mitigate the
potential issue of the multiple comparisons problem (MCP) aris-
ing from a large number of Mann-Whitney U test comparisons
(163×785), we also implemented the false discovery rate (FDR)
correction. This correction helps control the increased chance
of obtaining false positives and maximizing statistical power
when conducting numerous statistical tests simultaneously [40].
Specifically, we applied the Benjamini-Hochberg procedure to
adjust the p-values resulting from these statistical tests [41].

F. Classifiers

Three machine learning classifiers, namely light gradient
boosting machine (lightGBM), support vector machine (SVM)
with radial basis function (RBF) kernel, and SVM with linear
kernel, were employed to identify EZ based on the PTE out/in-
ratio features. In detail, the normalized PTE out/in-ratio values
for all electrodes at each selected frequency band for each epoch
were extracted as input. The size of the input of each epoch
was Nelectrode ×Nsubband, in which Nelectrode and Nsubband

were the number of electrodes and the number of subbands at
the selected band. There were a total of 771 electrodes (EZ
electrodes: 104, non-EZ electrodes: 667) for all 26 seizures in
this study. All the classifiers run on iMac Pro (2017) configured
with the processor of Intel Xeon W-2191B.

1) Light Gradient Boosting Machine Model: LightGBM
is a state-of-the-art supervised learning model implemented with
a novel distributed gradient boosting framework. Gradient-based
one-side sampling technology and histogram-based algorithm
have been applied in LightGBM. The former improves the
model accuracy by focusing on samples with more significant

gradients. In contrast, the latter arranges continuous features
to discrete bins for acceleration and memory-saving [42]. In
addition, the model has been recently applied to detect seizure
onset zone in patients with focal cortical dysplasia (FCD) [43],
[44], [45]. In this study, we employed the LightGBM Python
package to conduct classification based on selected PTE out/in-
ratio features for 26 seizures [46]. We set the parameter of class
weight to balanced mode to automatically adjust the weight
of each class. Besides, we employed a random search for hy-
perparameter optimization by tuning values of the four crucial
parameters: the number of leaves for each tree, the boosting
learning rate, the minimal number of data in one leaf, and the
maximum tree depth. The values of these four parameters were
set to [35, 40, 45, 50, 55, 60, 65], [0.01, 0.05, 0.1, 0.15], [20, 40,
60, 100], and [4, 6, 8, 10], respectively.

2) Support Vector Machine Model: SVM is a supervised
machine learning model that uses a kernel function to project
features on a high-dimensional feature space and selects the
optimal hyperplane in feature space to distinguish samples of
binary-class effectively [47]. It has been applied to detect SOZ
using EEG in related studies [48]. In this study, we employed
SVM with two standard kernels, linear and RBF kernels, to
identify EZ.

G. Leave-One Seizure-Out Cross-Validation

To obtain a reliable and unbiased evaluation of the model
performance, we proposed the LOSOCV to estimate the perfor-
mance of the PTE out/in-ratio-based machine learning model
for EZ identification. This approach involved training a classifi-
cation model on the PTE out/in-ratio features of 25 seizures and
applying the trained model to predict the EZ for the remaining
seizure. This process is repeated for each of the 26 seizures, al-
lowing for an estimation of the classification model performance
on a per-seizure basis. To uncover potential biases and provide a
more comprehensive evaluation of model’s performance across
different seizure, we employed the LOSOCV and time series
nest cross-validation (TSNCV) to assess the accuracy for each
seizure. The normalized PTE out/in-ratio time series for all
seizures were split into ten folds in TSNCV.

H. Segment-Wise and Electrode-Wise Evaluations

In this study, we introduced a segment-wise evaluation ap-
proach to estimate the classification performance over time.
Five standard evaluation metrics, namely specificity, sensitivity,
precision, F1 score, and area under the curve (AUC), were
introduced to measure the performance of EZ identification of
each segment for each seizure. The formulas to calculate the
metrics were as follows:

Sensitivity =
TP

TP + FN
, (3)

Specificity =
TN

TN + FP
, (4)

Precision =
TP

TP + FP
, (5)
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F1 score =
2TP

2TP + FP + FN
, (6)

FPR =
FP

FP + TN
, (7)

where true positive (TP), false positive (FP), true negative (TN),
and false negative (FN) denoted the number of correctly iden-
tified EZ electrodes from all EZ electrodes, the number of cor-
rectly identified non-EZ electrodes from all non-EZ electrodes,
the number of incorrectly identified EZ electrodes from all EZ
electrodes, and the number of incorrectly identified non-EZ elec-
trodes from all non-EZ electrodes for each segment, respectively.
AUC was the area under the curve of sensitivity against the FPR
at various threshold settings.

For individual seizures, we proposed the electrode-wise eval-
uation measure to assess whether one electrode was EZ or not at
each segment to observe the prediction performance of each
electrode. We used 1 and 0 to represent electrodes with the
actual labels with EZ and non-EZ, respectively. The electrode
was identified as EZ when the prediction label returned to 1
and displayed yellow. In contrast, the electrode was identified
as non-EZ when the prediction label returned to 0 and displayed
purple, shown in Supplementary Fig. S7.

III. RESULTS

A. Dynamic Global Out/In-Ratio Patterns (Interictal vs
Ictal)

Owing to the duration of the ictal phase being variant with
the range of duration of 37 s–100 s, to illustrate the global
causal connectivity dynamics for all seizures, we estimated
the strength and direction of the causal influence between the
HPC and the LTC for all the 26 seizures by employing the
region-region unified-epoch PTE-based analysis approach and
normalized measure. Firstly, we estimated the PTE out/in-ratio
of two directions (HPC→ LTC and LTC→ HPC) of each epoch
for each seizure. Then, we established the causality patterns
of the two directions for the type of seizure at each band by
averaging out/in-ratio cross seizures along with time, resulting
in a single dynamic evaluation of the preferred direction of
out/in-ratio. We showed the causality patterns by a connec-
togram, in which the horizontal axis, vertical axis, hot color,
and cold color denote the time range, frequency range, directed
causal connectivity increase compared to interictal phase, and
directed causal connectivity decrease when compared to that in
the interictal phase, respectively.

As described in Fig. 2 and Supplementary Fig. S3, in all 26
seizures, a significant increase of the out/in-ratio is found in
a wide range of high-frequency bands (gamma, ripple, and fast
ripple bands) from HPC to LTC (p<0.005, CLES>0.2), whereas
a decrease in the frequency range of 10–30 Hz (p<0.005,
CLES>0.7), compared with the average values at the interictal
phase (Fig. 2 (A1) and (B1), Supplementary Fig. S3(A1)). In
addition, a significant increase in the out/in-ratio driven by
HPC is preceding in the preictal phase (the last interictal spike)
before seizure onset in the fast ripple band (Fig. 2 (B1)). This
significant increases originating from HPC spread to almost all

the frequency bands in the termination of seizures. However, a
significant decrease in the out/in-ratio is found in the direction
from LTC to HPC above 30 Hz (p<0.005, CLES>0.7). In the
range of 10–30 Hz, the out/in-ratio sending by LTC demonstrates
a significant increase from seizure onset to the middle of seizures
(p<0.005, CLES>0.7) (Fig. 2 (A2) and (B2), Supplementary
Fig. S3(A2)).

We applied the Benjamini-Hochberg procedure to adjust the
p-values obtained from the above numerous Mann-Whitney U
tests to control FDR when conducting multiple comparisons.
As displayed in Supplementary Fig. S4, we observed significant
differences between the interictal and ictal phases in most of
the HFOs bands (p<0.005, CLES>0.7). These results provide
strong evidence for the presence of meaningful effects. How-
ever, upon examining the adjusted p-values, we found that the
significance levels for the differences in the gamma band were
reduced compared to the uncorrected p-values.

B. Results of Classification

It is observed from Fig. 2 that there are profound, significant
differences in the PTE out/in-ratio between HPC and LTC in
the ictal phase at gamma, ripple, and fast ripple bands. This
study proposed a PTE-based LightGBM classification model
and the LOSOCV to distinguish EZ and non-EZ in the ictal
phase at the three bands for all 26 seizures. Five metrics (AUC,
sensitivity, specificity, precision, and F1 score) were used to
evaluate classification performance. The mean and standard
deviation values show the results. Table II summarizes the
average classification results using LightGBM and LOSOCV
based on the PTE out/in-ratio features at the three bands for
all 26 seizures. The results were obtained by taking averages
across all 26 seizures and all segments in the ictal phase. The
result illustrates that the evaluation values at the fast ripple
band in the ictal phase are the highest compared to those at
gamma and ripple bands. The AUC, sensitivity, specificity,
precision, and F1 score values are 0.883, 0.876, 0.869, 0.732,
and 0.772, respectively. Furthermore, using three models, we
employed the box and swarm plot measures to present the five
classification metrics of 26 leave-one-seizure-out tests in three
bands. Furthermore, we performed the Kruskal-Wallis H and
Mann-Whitney U tests to evaluate the significant statistics. As
displayed in Supplementary Fig. S5, there is statistically differ-
ent among the three models using the metrics of AUC (p<0.05,
η2H = 0.058), sensitivity (p<0.05, η2H = 0.139), and F1 score
(p<0.05, η2H = 0.071) in gamma band and using the specificity
in ripple band (p<0.05, η2H = 0.106), particularly between the
LightGBM and the SVM with linear kernel models based on the
metrics of AUC (p<0.05, CLES=0.697), sensitivity (p<0.05,
CLES=0.788), and F1 score (p<0.05, CLES=0.717) in gamma
band and based on the specificity in ripple band (p<0.05,
CLES=0.700). It is significant different between the SVM with
linear kernel and the SVM with RBF kernel models based on
sensitivity (p<0.05, CLES=0.340) in gamma band and based
on F1 score (p<0.05, CLES=0.374) in ripple band. In contrast,
no statistical difference is found in the HFOs bands among the
three models.
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Fig. 1. Scheme of unified-epoch dynamic PTE analysis method for ECoG with TLE. The upper figure presents the raw ECoG recordings during
seizures, including the interictal phase with two minutes and the ictal phase from the onset to the end. The lines colored brown and green denote
the ECoG recordings located in the HPC and LTC, respectively. There are three steps for analysis, comprising filtering, segmentation, and dynamic
PTE out/in-ratio computation approach. The ECoG in the interictal phase (120 s) and ictal phase (37–100 s) were divided into 600 and 185 epochs
by the data-based time window with 80% overlap, respectively. The lower figures indicate the information flow images series using region-region
unified-epoch PTE-based dynamic analysis measure. The x-axis and y-axis represent the electrode index, and the deep red color denotes the
higher PTE out/in-ratio value in the information flow image. ratio(i, j) represents the information flow from electrode j to electrode i. The parts
circled by a yellow rectangle present the ratio part with two directions of HPC → LTC and LTC → HPC, representing the direction from HPC to LTC
and the direction from LTC to HPC, respectively.

TABLE II
CLASSIFICATION RESULTS USING THREE MACHINE LEARNING ALGORITHMS AND LOSOCV IN ICTAL PHASE FOR ALL 26 SEIZURES
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Fig. 2. Average normalized PTE out/in-ratio and significant changes of two directions over time for 26 seizures at full frequency bands with
the range of 1–500 Hz. X-axis denotes the time for interictal and ictal phases, and the y-axis represents the frequency band. HPC → LTC and
LTC → HPC represent the out/in-ratio direction from HPC to LTC and from LTC to HPC, respectively. The orange line denotes the time points of
seizure onset. (A1) and (A2) are the average normalized dynamic PTE out/in-ratio of 26 seizures for the two directions. Hot and cold colors denote
the increase and decrease values, respectively. (B1) and (B2) are the dynamic significant changes between the interictal and ictal phases at full
frequency bands for the two directions, respectively. Hot and cold colors denote the significant causality increase and decrease, respectively. The
significant levels are set to 0.05, 0.01, and 0.005. Colors from light to dark represent different significant levels.

We subsequently examined the accuracy of EZ identification
using LOSOCV and TSNCV at the fast ripple band in the ictal
phase for each of the 26 seizures. As shown in Supplementary
Table SI, the model performance using LOSOCV shows higher
model performance with an average accuracy of 0.871. The
accuracy of multiple seizures within a given patient such as
Pt5 and Pt6 shows similarity using two cross-validation (CV)
measures.

Moreover, to provide a more comprehensive evaluation of the
proposed EC approach, we compared the performance between
the proposed PTE out/in-ratio and the common DTF method,
using the ECoG data and machine learning models that were
previously used to evaluate the proposed PTE out/in-ratio. As
shown in Supplementary Table SII, the classification metric
values of DTF are lower than those of the proposed EC approach.

Furthermore, to examine the impact of different overlap
values on the classification results of the proposed method,
two more overlap values (60% and 40%) were introduced to
conduct the same analysis process. The obtained results were
used to compare with the classification results using overlap of
80% in each of three bands (gamma, ripple, and fast ripple).
The Kruskal-Wallis H test was employed to test the statistical
significant differences of AUC and F1 values among the three
overlap values. As shown in Supplementary Fig. S6, there is no
significant difference among three overlap values, suggesting
that the various overlap values may not yield different classifi-
cation results.

C. Results of Global Chronological Classification

Because epileptic activity in the ictal phase is complex and
time-variant, this may cause the classification results to change

dynamically over time. Hence, we proposed a segment-wise
measure to evaluate the dynamic classification performance
along the time window at the fast ripple band for all 26 seizures.
As described in Fig. 3, the global trend of classification eval-
uations shows an increase from seizure onset, then becomes
stable during the early seizure stage, and declines slowly from
the middle of seizure to the termination of seizure. In particular,
the classification performance during the seizure stage from
the 37th to the 96th segment, with values almost higher than
0.8 (highlighted by yellow color background), outperforms the
remaining segments.

D. Results of Chronological EZ Electrodes Identification
for Every Seizure

Results in Fig. 3 have illustrated the global classification
performance at the fast ripple band conducted by the LightGBM
and LOSOCV based on the PTE out/in-ratio features in the ictal
phase. Owing to the case variance in evaluation, we proposed
an electrode-wise evaluation measure. We combined it with the
segment-wise approach to estimate the chronological prediction
performance over the segment at a fast ripple band for each of
the 26 seizures. In addition, as displayed in Supplementary Fig.
S7, eleven seizures (No.2, No.5, No.11, No.12, N0.13, No.14,
No.15, No.18, No.20, No.22, and No.25) achieved good predic-
tion performance during the whole ictal phase. However, seven
seizures (No.4, No.6, No.7, No.8, No.16, No.19, No.21) showed
a higher incorrect non-EZ detection rate from all the non-EZ
electrodes during the first 50 segments after seizure onset. In
contrast, six seizures (No.1, No.3, No.10, No.17, No.24, and
No.26) displayed a higher incorrect non-EZ detection rate after
the 100th segment. Furthermore, two seizures (No.9 and No.23)
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Fig. 3. Global chronological classification evaluations at fast ripple band in the ictal phase for 26 seizures using LightGBM and LOSOCV. X-axis
denotes the segment index in the ictal phase. Y-axis represents the evaluation values. Lines with different colors indicate different evaluation
matrices. The yellow background denotes the segment range from 23rd to 80th.

exhibited negative predictions for the total segments of the ictal
phase.

E. Results of Typical Seizure

It is observed from Supplementary Fig. S7 that seizure No.2
can achieve one of the best predictions, whereas the classification
performance of seizure No.9 is the worst. Consequently, we
proposed a node-region analysis approach to investigate the
time-variant changes of PTE out/in-ratio to investigate the causal
connectivity dynamics being sent from an electrode in a given
region to another given region for individual seizure. Further-
more, we showed the raw ECoG and chronological normalized
PTE out/in-ratio of each electrode for seizures No.2 and No.9.
As shown in Supplementary Fig. S8, for seizure No.2, the
normalized PTE out/in-ratio values of HPC electrodes increase,
whereas the ratio of LTC electrodes decreases in the ictal phase.
Moreover, this increase occurs before seizure onset, almost dur-
ing the last interictal spike. However, there are almost no appar-
ent changes in the out/in-ratio from the interictal to ictal phases
for seizure No.9. Furthermore, the videos in Supplementary
Fig. S9 and Supplementary Fig. S10 present the chronological
changes of the causal influence between pairs of electrodes in
the fast ripple band for the representative cases (Seizure No.2
and No.9). In this video, the raw ECoG and corresponding
connectogram in fast ripple band were displayed on the left and
right sides, respectively. Selected parts surrounded by brown
and blue colors are the normalized out/in-ratio in the directions
from HPC to LTC (HPC→LTC) and from LTC to HPC (LTC→
HPC), respectively. In addition, the video of seizure No.2 reveals
that the directional connectivity values increase from HPC at
seizure onset and then spread to LTC. Besides, there exists a
decrease in the out/in-ratio exerted from LTC after seizure onset.
However, this phenomenon is not prominent, as shown in the
video for seizure No.9.

IV. DISCUSSION

We proposed a quantitative causal influence analysis method,
which is a unified-epoch PTE-based dynamic analysis method,
to investigate the causal influence dynamics of ictal ECoG

between connected brain regions (HPC and LTC) with TLE. We
demonstrated that it was the most pronounced that the causal
influence from HPC exerts to LTC in the ictal phase at the fast
ripple band. Based on the overall trend, the time-varying PTE
out/in-ratio showed a rise toward the ictal from the interictal
phase, with the evaluation of most individual patients acting in
accordance with this. In addition, we employed three machine
learning models (LightGBM, SVM with linear kernel, and SVM
with RBF kernel) and LOSOCV to identify EZ, and we pro-
posed segment-wise and electrodes-wise measures to evaluate
the chronological classification performance of individual elec-
trodes. The results showed that the PTE out/in-ratio of electrodes
covering in HPC could be a suitable parameter for identifying
the EZ.

Effective connectivity is an informative measure to investi-
gate the mechanism of information transmission and process in
epileptogenic networks [49]. Standard methods used in studying
effective connectivity for TLE include DTF, PDC, TE, and
PTE. However, methods such as PDC and DTF rely on the
assumption that the signal processed is quasi-stationary and
linear. TE and PTE are non-parametric methods and can be used
to analyze non-linear and non-stationary signals. However, TE is
computationally costly and depends on several prior parameters
when compared with PTE [25]. In addition, PTE, as phase-based
directed connectivity, is not only robust to noise and mixing
linear in EEG, which may result in false positive, but also for
large-scale and frequency band-limited analysis [36].

Moreover, for detailed dynamic analysis of the continuous
brain interaction time-varying dynamics during a seizure with
TLE, the approach of the sliding window with overlapping is
introduced in this study. Fig. 2 showed the significant dynamics
of two directions, particularly, the prominent changes in fast
ripple band in the direction from HPC to LTC. HPC is understood
to be the primary region covering electrodes of the seizure onset
zone for TLE patients. We illustrated that the strongest PTE
out/in-ratio strength occurred in HPC when compared with LTC
in gamma and HFOs bands for the ictal phase; thus being in
line with the finding of previous literature that the higher causal
connectivity values were observed within the epileptic focus for
TLE in the ictal state [19], [26].
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In addition, to overcome the limitation that the number of
electrodes for each patient is varied, we proposed the metric
of PTE out/in-ratio to evaluate the information flow for each
node and region by summing and taking the average. We subse-
quently found that the connection difference is more significant
in gamma and HFOs bands for two selected regions from Fig. 2.
More information was sent than received for HPC in gamma and
HFOs bands. Both information from and toward the two regions
were strengthened in the ictal phase, whereas the difference in
information flow value between regions decreased from the in-
terictal to the ictal phase, suggesting a compensatory mechanism
within epileptogenicity [50].

In the statistical analysis, we conducted the FDR correc-
tions to address the potential issue of MCP in the multiple
Mann-Whitney U tests comparisons. The FDR correction results
revealed that the significance level for the differences in the
gamma band between the interictal and ictal phases was reduced
compared to the uncorrected p-values. This suggests that the
observed differences in the gamma band may not be as robust as
initially indicated. Interestingly, our classification results also
showed lower accuracy in the gamma band compared to the
HFOs bands. This finding aligns with the reduced significance
levels in the gamma band indicated by the FDR correction.
This indicates that the differences observed in the gamma band
may not be as reliably associated with the interictal and ictal
phases as the differences observed in the HFOs bands. Overall,
the application of FDR corrections allowed us to better control
the false positive rate in our statistical analysis and provided a
more accurate interpretation of the results. It underscores the
importance of considering multiple factors when evaluating
the associations between different (frequency, epoch)-pairs and
the interictal and ictal phases.

For the evaluation approach, we introduced the LOSOCV to
assess the generalization capability of the model by evaluating
its performance on unseen seizure data. However, there is a
possibility that the model performance may be overestimated
if seizure patterns are similar across seizures within a given
patient. To address this concern, we also employed the TSNCV
to examine the potential impact of within-patient correlations,
contributing to a more comprehensive interpretation of the
model performance. Our results mitigate the concerns that the
LOSOCV measure may result in the accuracy similarities across
seizures within a given patient. Future studies are required by
expanding the dataset to include more seizures from a diverse
set of patients.

The holistic analysis for all 26 seizures exhibits a general pat-
tern of how the directed connectivity changes. We subsequently
performed the individual analysis on typical seizures. Our results
showed that the HPC sent the most information, consistent with
the average global pattern illustrated above. More interestingly,
a significant increase in the PTE out/in-ratio originated from
HPC at gamma and HFOs bands and a significant decrease sent
from LTC below 30 Hz was captured at the seizure onset, indi-
cating a possible sign for predicting seizure onset. In addition,
the transient decrease in the PTE out/in-ratio at seizure onset
supports the explanation made in the survey that the decreased

synchronization at seizure onset correlated to epileptic focus
with good outcomes in patients [51].

It has been proposed that seizure occurs due to an imbalance
of neural activities between excitation and inhibition [52], [53].
Our findings that more information is sent than received in the
HPC during the seizure suggest the disruptions in the excitation-
inhibition balance. The imbalance of information flow within
the HPC may result in the transmission of excessive neuronal
activity and the propagation of the seizure. Furthermore, the
findings that the significant increase in the out/in-ratio arose at
the middle or end of the seizure support the opinion that except
for post-burst inhibition, simultaneous and opposing enhance-
ment of excitation and inhibition contributes to the termination
of a focal seizure [54]. It is known that the end of a typical
focal seizure is characterized by periodic synchronous bursts
with large amplitude [55]. A related survey suggests that the
increased neuronal synchronization at the start of the second
half of the seizures may promote seizure termination by driving
extended neuronal networks simultaneously into a prevention
mode [56], sustained by our findings.

However, there are three limitations included in this study.
One concern about the findings is a larger number of cases to
strengthen generalizability in future research. Besides, regarding
the complexity of information flow dynamics at the ictal phase
compared to the interictal phase, the ECoG signal at the ictal
state is expected to be subdivided into smaller states for further
study. Lastly, although the PTE out/in-ratio plays an important
role in analyzing the directed connectivity between regions,
a comprehensive methodology study would be warranted to
interpret the pathological mechanism of various seizures.

V. CONCLUSION

Understanding the brain connectivity mechanism of TLE
seizure among brain regions is challenging research. In this
study, we employed the effective connectivity computation
method named PTE out/in-ratio to investigate the informa-
tion transmission dynamics between two selected regions from
the interictal to the ictal phase. In addition, we proposed the
unified-epoch dynamic analysis methods by introducing the
sliding window with overlap on the PTE out/in-ratio to dynam-
ically analyze the connectivity in each small window. More
importantly, we employed machine learning algorithms and
combined them with LOSOCV to identify EZ. This study
mainly entails three findings: 1) Significant increase of the
PTE out/in-ratio originating from HPC was observed in gamma
and HFOs in the ictal phase when compared to the average
interictal PTE out/in-ratio values. 2) In the ictal phase, the
significant increase in the PTE out/in-ratio sent by HPC spread
across LTC. Simultaneously, the significant increase in the PTE
out/in-ratio that originated from LTC occurred in the band
range of 10–30 Hz. 3) The classification performance con-
ducted by LightGBM based on the PTE out/in-ratio features
at the fast ripple band in the ictal phase outperformed that
of another classifier based on the features in the gamma and
ripple bands.
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