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To derive critical signal features from intracranial electroencephalograms of epileptic patients in order to design
instructions for feedback-type electrical stimulation systems. The Detrended Fluctuation Analysis (DFA) expo-
nent is chosen as the classification exponent, and the disparities between indicators representing distinct seizure
states and the classification efficacy of rudimentary machine learning models are computed. The DFA exponent

exhibited a statistically significant variation among the pre-ictal, ictal period, and post-ictal stages. The Linear
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Discriminant Analysis model demonstrates the highest accuracy among the three basic machine learning mod-
els, whereas the Naive Bayesian model necessitates the least amount of computational and storage space. The
set of DFA exponents is employed as an intermediary variable in the machine learning process. The resultant
model possesses the capability to function as a feedback trigger program for electrical stimulation systems of the
feedback variety, specifically within the domain of neural modulation in epilepsy.

1. Introduction

An emerging treatment method for mental and neurological dis-
orders, intracranial electrical stimulation, provides substantial thera-
peutic effects for incurable diseases without impairing brain function
[1,2]. The intracranial electrical stimulation system, a significant do-
main within neural modulation technology, has demonstrated remark-
able progress in the treatment of motor disorders such as Parkinson’s
disease [3,4], as well as dependable evidence in the realm of depres-
sion treatment [5,6]. Indeed, surgeons can address these diseases that
share neural pathways by inserting the stimulation electrodes of the
transcranial electrical stimulation system into a common target, such
as the subthalamic nucleus (as is most frequently observed in the treat-
ment of Parkinson’s disease) [7]. Post-operatively, patients can benefit
from fixed frequency stimulation with an electrical stimulator, such as
100 Hz electrical stimulation, which aids in the elimination or reduc-
tion of the disease’s detrimental effects [8]. Nevertheless, in the case of
epilepsy, a condition characterized by intricately unique neural path-
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ways, the utilization of stimulation electrodes on a standardized target
for induction fails to yield optimal outcomes [9]. In light of this, the
stimulation target was modified to correspond with the epileptic lesion.
Further investigation revealed that while electrical stimulation of the
lesion did not appear to have a significant impact during the interictal
phase, it could effectively interrupt this episode before or during its on-
set. Consequently, in pursuit of energy conservation and to preserve the
functionality of brain regions associated with non-seizure lesion sites
unaffected by electrical stimulation, Neuro Pace researchers integrated
the notion of closed-loop control into the blueprint for intracranial elec-
trical stimulators. This resulted in the development of the Responsive
Neuro Stimulation (RNS) system, the pioneering feedback type of elec-
trical stimulation system [10].

While intricate circuit structures may be present in feedback elec-
trical stimulation systems (Fig. 1A), they can be succinctly described
as comprising three components: recording electrodes, stimulating elec-
trodes, and feedback triggers (Fig. 1B). The stimulating electrode will
discharge in response to aberrant signal characteristics detected by the
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Fig. 1. Electronic design for feedback type of epilepsy stimulator. (A) De-
tailed wiring diagram. (B) Simplified block diagram.

recording electrode via the feedback trigger. Initially, enterprise engi-
neers implemented the RNS system by concurrently utilizing three in-
dicators—line length, area, and half wave—to ascertain the presence
of epilepsy seizures, which served as prerequisites for feedback trig-
gers that stimulated electrode discharge. While the concurrent utiliza-
tion of these three indicators yields a detection accuracy approaching
100% [9], the implementation of intricate algorithms necessitates sub-
stantial computational power, leading to escalated energy consump-
tion and hardware performance demands [11]. This is particularly
detrimental for implantable systems that have restricted battery capac-
ity. In light of advancements in machine learning techniques, schol-
ars from various research groups have put forth feedback-triggered
algorithms that leverage machine learning principles to mitigate the
need for substantial computational resources [11-14]. On the contrary,
artificial intelligence approaches that rely on unprocessed data as a
training set necessitate the ingestion of an enormous training dataset
into the implanted system. This not only necessitates a substantial
amount of storage but is also detrimental to implanted systems that
have restricted circuit capacity. Therefore, is there an indicator de-
rived from traditional analytical modeling techniques that can func-
tion as an intermediary variable in machine learning algorithms to
determine the period of a seizure, optimizing storage and computing
power and reducing algorithm complexity while maintaining algorithm
accuracy?

The critical state theory represents a significant trajectory within the
domain of complex science [15]. The observation that the intracranial
electrical signals of individuals with epilepsy progress through three
discrete critical states—pre-ictal, ictal, and post-ictal—is quite intrigu-
ing. The Detrended Fluctuation Analysis (DFA) Exponent represents
the characteristic of long-range temporal correlation (LRTC) [16-18],
which measures scaling behavior emerging from the balanced excita-
tion/inhibition (E/I) network, and reflects the capability of information
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Fig. 2. Feedback stimulators in anatomical localization. (A) A very sim-
plified electrical stimulator with open loop. (B) A very simplified electrical
stimulator with closed loop. (C) DBS with closed loop and integrated to an
all-in-one machine. (D) FCS with closed loop and integrated to an all-in-one
machine.

process in the neuronal network. Therefore, DFA exponent can be used
to analyze the change of the brain state or disorders corresponding to the
variation of network E/I. In detail, previous studies indicated the decline
of DFA exponent during sleep deprivation [18]. Furthermore, multiple
neurological disorders, such as Alzheimer’s diseases [19] or autism [20],
are related with the variation of DFA exponent. So it was chosen as an in-
dicator to differentiate between states preceding and following epileptic
convulsions, in accordance with the critical state theory. The classifica-
tion accuracy of this indicator was verified using the publicly available
OpenNeuro dataset [21]. While the primary objective of this article is to
decrease computational and storage demands, it is still imperative to val-
idate the DFA exponent’s classification accuracy. This is because attain-
ing results that simultaneously minimize the computational and storage
demands of the system and uphold a high level of classification accuracy
is the only thing that holds significance. Additionally, considering the
categorization of stereo electroencephalograms (SEEG) and electrocor-
ticography (ECoG) among patients with epilepsy, we conducted a com-
parative analysis of the DFA exponents’ performance across both data
types. The two data categories correspond to the data sources utilized
for responsive Deep Brain Stimulation (rDBS) and responsive Focal Cor-
tical Stimulation (rFCS), in practical terms. As a result, responsive Deep
Brain Stimulation [22] and responsive Focal Cortical Stimulation [23],
which correspond to open-loop Deep Brain Stimulation and open-loop
Focal Cortical Stimulation, are distinguished in this article (Fig. 2C-D),
to avoid designating them consistently as Responsive Neuro Stimulation
(RNS) (Fig. 2A-B).

The innovation of this article resides in: (1) Dividing respon-
sive Deep Brain Stimulation from responsive Focal Cortical Stimula-
tion instead of naming them RNS together, and proving that there
are substantial distinctions in signal properties between the two data
types, such as SEEG and ECoG. (2) The effectiveness of employ-
ing DFA exponent as a feedback trigger indicator has been estab-
lished, as it demonstrates commendable signal classification capabili-
ties across various epilepsy stages. This research presents a pragmatic
scenario in which critical state theory is implemented. (3) We in-
corporate an intermediary variable utilized in machine learning algo-
rithms for feedback-based electrical stimulation. By performing inter-
mediate variable calculations prior to training machine learning mod-
els, substantial computational and storage demands are significantly
mitigated.
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Table 1
Clinical information of patients without private identifiers.
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participant_id age sex hand outcome engel therapy implant target lesion_status age_onset
sub-HUP060 42 F R F 3A ABLATION SEEG FRONTAL n/a 12
sub-HUP064 21 M L S 1D RESECTION ECOG FRONTAL LESIONAL 3
sub-HUP065 36 M R S 1B RESECTION ECOG TEMPORAL LESIONAL 2
sub-HUP074 25 F L S 1C RESECTION ECOG TEMPORAL LESIONAL 5
sub-HUP075 57 F L F 4A RESECTION ECOG TEMPORAL NON-LESIONAL 52
sub-HUP080 n/a F L F 2C RESECTION ECOG TEMPORAL NON-LESIONAL n/a
sub-HUP086 25 F L S 2A RESECTION ECOG TEMPORAL NON-LESIONAL 17
sub-HUP088 35 F L S 1D RESECTION ECOG TEMPORAL LESIONAL 1
sub-HUP089 n/a n/a n/a S 1B RESECTION ECOG n/a n/a n/a
sub-HUP094 48 F R S 1B RESECTION ECOG TEMPORAL NON-LESIONAL 20
sub-HUP105 39 M R S 1A RESECTION ECOG TEMPORAL LESIONAL 27
sub-HUP106 45 F L S 1B RESECTION ECOG TEMPORAL NON-LESIONAL 24
sub-HUP107 36 M R S 1A RESECTION ECOG TEMPORAL NON-LESIONAL 5
sub-HUP114 n/a n/a n/a F 3A ABLATION ECOG n/a n/a n/a
sub-HUP116 59 F R S 1A ABLATION SEEG MTL LESIONAL 42
sub-HUP123 n/a n/a n/a S 1A RESECTION ECOG n/a n/a n/a
sub-HUP126 n/a n/a n/a S 1A ABLATION ECOG n/a n/a n/a
sub-HUP130 46 F L S 1B ABLATION SEEG MFL NON-LESIONAL 20
sub-HUP134 n/a n/a n/a S 1B RESECTION SEEG n/a n/a n/a
sub-HUP135 37 M R F 2A ABLATION SEEG MTL NON-LESIONAL 34
sub-HUP138 38 M L F 4A ABLATION SEEG MTL LESIONAL 29
sub-HUP139 20 M L S 1A ABLATION SEEG PARIETAL LESIONAL 0
sub-HUP140 47 F L S 1B ABLATION SEEG MTL NON-LESIONAL 26
sub-HUP141 30 M R F 1C ABLATION SEEG MTL NON-LESIONAL 14
sub-HUP142 n/a n/a n/a F 1D ABLATION SEEG n/a n/a n/a
sub-HUP144 n/a n/a n/a S 1D RESECTION SEEG n/a n/a n/a
sub-HUP146 n/a n/a n/a S 1A RESECTION SEEG n/a n/a n/a
sub-HUP148 n/a n/a n/a S 1A ABLATION SEEG n/a n/a n/a
sub-HUP151 n/a M R S 2A ABLATION SEEG MFL NON-LESIONAL n/a
sub-HUP157 25 M L S 1B ABLATION SEEG MTL NON-LESIONAL 16
sub-HUP158 32 M R F 3A ABLATION SEEG INSULAR NON-LESIONAL 7
sub-HUP160 n/a n/a n/a S 1A RESECTION SEEG n/a n/a n/a
sub-HUP162 n/a n/a n/a F 3A ABLATION SEEG n/a n/a n/a
sub-HUP163 42 F L S 1D ABLATION SEEG MTL NON-LESIONAL 32
sub-HUP166 n/a n/a n/a S 3A RESECTION SEEG n/a n/a n/a
sub-HUP171 50 M L F 2A ABLATION SEEG FRONTAL NON-LESIONAL 6
sub-HUP177 42 F R S 1A RESECTION SEEG TEMPORAL NON-LESIONAL 5
sub-HUP187 n/a n/a n/a S 2A ABLATION SEEG n/a n/a n/a
sub-HUP190 25 M L F 3A RESECTION SEEG MTL NON-LESIONAL 12
2. Methods and extracted into three parts corresponding with three stages: before,

2.1. Data selection

The dataset ds004100 [24], which pertained to epileptic seizures,
was acquired from the OpenNeuro public database [21]. This dataset
was obtained from the University of Pennsylvania Hospital and is acces-
sible to researchers for public use [24]. We selected data of 39 patients
(Table 1) from such public datasets. Due to the possibility of multiple
seizures in the same patient, we selected data files from 104 seizures
of these 39 patients, including 62 SEEG files and 42 ECOG files. Due to
the fact that each seizure has three stages including Preictal, Ictal, and
Postictal, we have extracted 20 s of data belonging to each stage from
each data file in the following analysis. The University of Pennsylvania
Hospital offers clinical markers for epileptic channels, in addition to the
unprocessed data.

2.2. Data preprocessing

Sixty-two sEEG files and 42 ECoG files containing the seizure con-
taining Preictal, Ictal, and Postictal periods of epilepsy patients were
collected. Since the data was acquired from North America, we elim-
inated faulty electrodes and 60 Hz power frequency interference us-
ing the eeglab toolbox of the Matlab software [25]. The average sig-
nal was then employed as a point of reference when reassessing the
iEEG data, while the baseline for each channel was eliminated. All data
segments were resampled to 500 Hz. Each data segment was identified
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during and after the epileptic seizure, each of which contained 20s
(10,000 sampling points) for alignment across different data segments
with different length. The extraction of individual segment is shown in
Fig. 3A.

2.3. Detrended fluctuation analysis (DFA) exponent

The DFA exponent measures the characteristic of long-range tempo-
ral correlation (LRTC), which reflects the patterns of neural activity with
slow timescales and network’s capability to store and process informa-
tion over extended periods of time [16-18]. The calculation of the DFA
exponent can be described as follows [18]: First, apply the Hilbert trans-
form on the band-pass filtered data d(k) to get the signal envelope as the
amplitude x(k), where k represents the time point. Then cumulatively
summarize the average-removed amplitude x(k) as y(k):

N
1
Xove = 3 ; x(k) ()

k
k) = D [x(k) = X @
i=1
Next, we define a series of window length Lsequidistantly distributed
on the logarithmic scale; for each window length L in Ls, split y(k)
into non-overlapping fragments with length L and use the least square
method to fit the local linear trend of each fragment:

Yo(k) =ak + b 3)
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Fig. 3. Illustration of the DFA analysis. (A) Identification of different periods before, during and after the epileptic seizure, each of which contains 20 s segment.
(B) illustration of F(L) corresponding with different L in the DFA analysis. DFA exponents were obtained from linear fits in double-logarithmic coordinates aver the
depicted fitting range with linear relation as well as avoiding the influence of filters when estimating the exponent (gray range) [18]. (C) Enlargement of F(L) in the

gray area in Fig. B.

In each time window, y, (k) was subtracted from the primary y(k)and
the fluctuation function F(L) was calculated as a squared deviation func-
tion defined as the average root mean square of the local-detrended cu-
mulative amplitude.

1 N
F(L) =

~ 1; [y = v, )]

F(L) with all different window length L were then calculated. All val-
ues of F(L) and L were transformed into a double-logarithmic coordinate
and the least square method was used for estimating the linear trend be-
tween log(F(L)) and log(L) to calculate the slope of the fitted line as the
DFA exponent. The DFA exponent in different ranges indicates uncorre-
lated signal (DFA exponent > 1), long-scale correlated signal (0.5 < DFA
exponent < 1) and anti-correlated signal (0 < DFA exponent < 0.5).

We calculated the DFA exponent on data fragments in sEEG and
ECoG of single channel in 6 frequncy bands: broad (1-45 Hz) band, delta
(1-4Hz) band, theta (4-8 Hz) band, alpha (8-12Hz) band, beta (12-
30Hz) band and gamma (30-45Hz) band. Data was filtered to these
bands using Hanning window and the 3-order zero-phase non-causal
Butterworth filter. We defined L from 4 sampling points to 8,192 sam-
pling points, equidistantly on a logarithmic scale based on 2. The DFA
exponent was fitted on the log(F(L)) with L ranging from 256 sampling
points (log(L) = 8) to 8192 sampling points (log(L) = 13) that performed
linear, satisfying the conditions for linear fitting and avoiding the influ-
ence of filter, as shown in Fig. 3B-C.

“)

2.4. Classification

Then we classified the different stages before, during and after the
epileptic seizure based on the features of DFA exponents in different
bands. We tested three classification algorithms: Decision Tree (DT)
model [26], Naive Bayesian (NB) model [27] and Linear Discriminant
Analysis (LDA) model [28]. DT represents different possible outcomes
and decision paths through a tree like decision-making process. At each
node, the model selects the best splitting point based on the value of fea-
tures, in order to divide the features into the most discriminative subsets.
NB assumes that all features are independent of each other and classi-
fies them by calculating the probability of features under each category,
selecting the category with the highest probability as the final classifica-
tion result. LDA finds a direction of projection that makes samples of the
same category as close as possible and samples of different categories
as far away as possible to achieve the good classification performance.
The accomplishment of these three classification methods was based on
the function in Matlab: fitctree() for DT, fitcnb() for NB and fitcdiscr()
for LDA.

For training the classifier, we took DFA exponent in all of six bands
(Broad band-Feature 1, Delta band-Feature 2, Theta band-Feature 3, Al-
pha band-Feature 4, Beta band-Feature 5, Gamma band-Feature 6) to
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construct the 1 x 6 feature sample. Three feature samples could be ex-
tracted for individual segment: one corresponding with the DFA expo-
nent before the seizure, one corresponding with the DFA exponent dur-
ing the seizure and one corresponding with the DFA exponent after the
seizure. We randomly divided all samples among all segments into 80%
training set and 20% testing set for 500 times. Classifier training was
completed on the training set and the classification accuracy was exam-
ined on the testing set. We trained and tested the model in SEEG and
ECoG separately. We examined the training time and memory required
by the model. In addition, we alternately deleted one feature, with 1 x5
feature vector left for the same classification task to determine which
feature affected the performance of classification most, identifying the
significant feature in distinguishing the different stages of epilepsy. Fur-
thermore, we compared the classification performance using combina-
tion of DFA features with single DFA feature and classic feature used in
the RNS system.

2.5. Slope of the power spectrum

The aperiodic properties in electrophysiological signals have been
proved to be associated with various types of physiological states, such
as cortical excitaion and inhibition (E/I) [29,30], age [31] and neurode-
generative diseases [32-34]. The aperiodic properties are embodied in
the 1/f-like components of the power spectrum of the neural activity
and can be measured by the slope of power spectrum. In this study we
examined the slope of power spectrum in the low frequency band (1-
15Hz) and in the high frequency band (15-45Hz), respectively. The
slope was determined by linear fitting of the frequency and power in
power spectrum under logarithmic coordinates [35,36].

log(Power) = klog(frequency)+ b )

where k was the slope of the power spectrum for further analysis.
2.6. Statistics

The comparisons of DFA exponent of each frequency band in either
SsEEG or ECoG were taken under three conditions: the DFA exponent
before the seizure (Pre group) vs the DFA exponent during the seizure
(Seizure group); the DFA exponent before the seizure (Pre group) vs the
DFA exponent after the seizure (Post group); the DFA exponent during
the seizure (Seizure group) vs the DFA exponent after the seizure (Post
group). The comparisons of slope of the low frequency band or the high
frequency band were taken under these conditions mentioned above too.
When identifying the key feature for classification, post-hoc comparison
was taken between the accuracy using all features and the accuracy with
feature 1 (broad band DFA exponent) deleted of each model. Two-sides
paired t-test was applied on each comparison. All significances were
judged as P-value < 0.05 after Bonferroni correction.
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The Pearson correlation coefficient and their significance between
broad band DFA exponent and the slope in the low frequency band or
the high frequency band were tested. The significances of the correlation
were judged as P-value < 0.05.

3. Results
3.1. Overview of research contents

During the process of signal analysis, the signals obtained from each
channel are extracted individually for examination. Subsequently, the
corresponding indicators for all channels are tallied. (1) An intuitive
analysis reveals that the signal exhibits discernible fluctuations through-
out the pre-ictal, ictal, and post-ictal phases (Fig. 3A). To differentiate
between distinct characteristics, we employ the DFA exponent as an in-
dicator and utilize numeric values to compare the differences of this
indicator across three phases. (2) Given that SEEG and ECoG represent
distinct classifications of electrical stimulation systems (rDBS and rFCS,
respectively), and that epilepsy signals may exhibit variations in char-
acteristics across frequency bands, we partitioned all data into six lo-
cal groups (1-45 Hz, 1-4 Hz, 4-8 Hz, 8-12 Hz, 12-30 Hz, and 30-45 Hz)
for the purpose of conducting distinct analyses and statistics. (3) To
determine whether this indicator can function as an intermediary vari-
able for machine learning-based automatic classification algorithms, we
classified the three phases in 312 samples out of 104 data segments us-
ing methods including Decision Tree (DT) model, Naive Bayesian (NB)
model, and Linear Discriminant Analysis (LDA) model. We then com-
pared the training results obtained using various simple machine learn-
ing models. (4) Finally, to further assess the interpretability of DFA ex-
ponents as a characteristic of neural signals, we applied the grouping
method described in the second step to Power Spectrum Slope Analy-
sis (PSSA) on all data and statistically analyzed the linear correlation
between the labels derived from PSSA and those derived from DFA ex-
ponents.

3.2. Intermediary variables between data and condition triggers

The DFA exponent quantifies the attributes of Long Term Time Corre-
lation (LRTC), a metric that signifies the capacity of a neural network to
retain and process information for extended durations and corresponds
to patterns of neural activity that occur over slow time scales [16-18].
In the methodology section, a comprehensive account of the calculation
method and mathematical formula utilized to derive this exponent has
been furnished (Fig. 3). The six-element array [DFA - broad band, DFA
- delta band, DFA - theta band, DFA - alpha band, DFA - beta band, DFA
- gamma band] will serve as the intermediate variable between the data
and the triggering condition and as the input variable for machine learn-
ing models. By designating the array samples as the pre-ictal, ictal and
post-ictal periods, respectively, and training them with models includ-
ing Decision Tree model, Naive Bayesian model, and linear discriminant
Analysis model, we will accomplish the automated classification of the
test set. While our objective is to decrease the computational demands
of the system through the incorporation of intermediate variables, it re-
mains imperative to validate the ultimate accuracy that can be attained
with this approach.

3.3. Performance of DFA exponent

First we analyzed the change of DFA exponent in SEEG and ECoG at
six frequency bands: broad band (1-45Hz), delta band (1-4 Hz), theta
band (4-8Hz), alpha band (8-12Hz), beta band (12-30Hz), gamma
band (30-45Hz). The single-channel DFA exponent of these six bands
before, during and after the epileptic seizure in sEEG of one individual
segment is shown in Fig. 4.

The result of DFA exponent in sEEG is shown in Fig. 5. The DFA
exponent exhibited various patterns of change at different frequency
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bands. Specifically, the DFA exponent during the epileptic seizure was
lower compared with the DFA exponent before and after the epileptic
seizure, while the DFA exponent before the epileptic seizure was lower
compared with the DFA exponent after the epileptic seizure at broad
band (Fig. 5A; Pre vs Seizure, p< 0.001; Post vs Seizure, p< 0.001;
Pre vs Post, p< 0.05; Bonferroni corrected) and delta band (Fig. 5B;
Pre vs Seizure, p < 0.001; Post vs Seizure, p < 0.001; Pre vs Post, p <
0.01; Bonferroni corrected). Different from the changes in aforemen-
tioned frequency bands, both the DFA exponent during and after the
epileptic seizure was lower than the DFA exponent before the epilep-
tic seizure at theta band (Fig. 5C; Pre vs Seizure, p < 0.01; Pre vs Post,
p< 0.001; Bonferroni corrected), alpha band (Fig. 5D; Pre vs Seizure,
p< 0.01; Pre vs Post, p< 0.001; Bonferroni corrected) and beta band
(Fig. 5E; Pre vs Seizure, p < 0.001; Pre vs Post, p < 0.01; Bonferroni cor-
rected). In gamma band, the DFA exponent before the epileptic seizure
was lower than the DFA exponent after the epileptic seizure (Fig. 5F;
Pre vs Post, p < 0.05; Bonferroni corrected).

The result of DFA exponent in ECoG is shown in Fig. 6. The DFA ex-
ponent showed different patterns of change at distinct frequency bands
too, but these changes at each band were different from those in sEEG.
The DFA exponent during the epileptic seizure was lower than the DFA
exponent before the epileptic seizure at broad band (Fig. 6A; Pre vs
Seizure, p <0.001; Bonferroni corrected). Conversely, The DFA expo-
nent during the epileptic seizure was higher than the DFA exponent be-
fore and after the epileptic seizure at theta band (Fig. 6C; Pre vs Seizure,
p<0.001; Post vs Seizure, p <0.001; Bonferroni corrected) and alpha
band (Fig. 6D; Pre vs Seizure, p < 0.001; Post vs Seizure, p < 0.001; Bon-
ferroni corrected). In other frequency bands, the DFA exponent didn’t
show significant change before, during and after the epileptic seizure
(Delta band, Fig. 6B; Beta band, Fig. 6E; Gamma band, Fig. 6F; Bonfer-
roni corrected).

In conclusion, the change of DFA exponent was complicated across
different frequency bands, as well as exhibited different patterns be-
tween deep activities with sEEG and cortical activities with ECoG. These
results suggested the complexity of dynamic variation corresponding
with LRTC within the epilepsy network.

3.4. Performance of machine learning models

Next we tried to classify the different stages before, during and after
the epileptic seizure and identify the key feature among the DFA ex-
ponent in different bands. The results of classifying different stages of
epilepsy (before, during and after the epileptic seizure) measured by
classification accuracy on the test datasets are shown in Fig. 7. The
results of classification in sEEG are shown in Fig. 7A-C (Fig. 7A, DT;
Fig. 7B, NB; Fig. 7C, LDA). The results of classification in ECoG are
shown in Fig. 7D-F (Fig. 7D, DT; Fig. 7E, NB; Fig. 7F, LDA). All of
the test accuracy with all features or one feature deleted were higher
than the random level (0.33, black dashed line), demonstrating the suf-
ficient capability of DFA exponent characterizing the different stages of
epilepsy. Furthermore, when the Feature 1 (Broad band DFA exponent)
was deleted, the accuracy showed the most significant decline compared
with deleting other features among all conditions, indicating the signif-
icant role of broad-band DFA exponent in distinguishing the different
stages of epilepsy.

We compared the performances among classification algorithms
from three aspects: classification accuracy, time for training classifier
and memory for classifier. The results of classifying in SEEG are shown in
Table 2 (Classification accuracy, Table 2-1; Time for training classifier,
Table 2-2; Memory for classifier, Table 2-3). In detail, the classification
accuracy of LDA was higher than DT and NB, while the performances of
DT and NB were similar; DT took longer than LDA and LDA took longer
than NB for training the classifier; LDA occupied more memory than DT
and DT occupied more memory than NB for storage. The results of clas-
sifying in ECoG are shown in Table 3 (Classification accuracy, Table 3-1;
Time for training classifier, Table 3-2; Memory for classifier, Table 3-3).
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Table 2-1
Classification accuracy.

All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree 0.57 +£0.07 0.54+0.08 0.57 £0.07 0.58 +£0.07 0.58 +£0.08 0.57 £0.07 0.59+0.08
Naive Baysesian 0.59+0.08 0.53+0.08 0.63 +0.07 0.61+0.08 0.58 +0.08 0.55+0.08 0.59+0.08
Linear Discriminant Analysis 0.67 +£0.07 0.65+0.08 0.67 +£0.07 0.67 +£0.07 0.67 +0.07 0.65+0.07 0.64+0.07
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Fig. 7. Classification accuracy. (A) Decision Tree (DT) model in sEEG data. (B) Naive Bayesian (NB) model in sEEG data. (C) Linear discriminant analysis (LDA)
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Table 2-2

Time for training classifier (ms).

All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree 2.79£0.55 2.77 +0.69 2.76 +£0.63 2.77 £0.58 2.88+0.70 2.86+0.62 2.83+0.55
Naive Baysesian 1.89+0.47 1.83+0.29 1.80+0.19 1.73+0.07 1.71+£0.08 1.71+£0.06 1.77 £0.11
Linear Discriminant Analysis 2.50+1.14 2.42+0.34 2.70£0.57 2.53+0.53 2.64+£0.61 3.02+1.83 2.50+0.38
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Table 2-3

Memory for classifier (kb).
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All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree
Naive Baysesian

Linear Discriminant Analysis

139.12+5.03
125.32+0
148.02+0

135.51+4.87
111.98+0
136.15+0

130.07 +£5.52
111.98+0
136.15+0

130.35+4.92
111.98+0
136.15+0

129.77 +5.38
111.98+0
136.15+0

130.30 +5.07
111.98+0
136.15+0

132.05+4.82
111.98+0
136.15+0

Table 3-1

Classification accuracy.

All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree
Naive Baysesian

Linear Discriminant Analysis

0.61+£0.09
0.55+0.10
0.73+0.08

0.54+0.09
0.48 +0.08
0.62+0.09

0.62+0.09
0.54+0.10
0.73+0.08

0.58 +£0.09
0.51+0.09
0.69+0.08

0.62+0.10
0.56 +0.09
0.72+0.08

0.62+0.09
0.59 +0.09
0.72+0.08

0.61+0.10
0.57+0.10
0.64+0.08

Table 3-2

Time for training classifier (ms).

All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree
Naive Baysesian

Linear Discriminant Analysis

2.38+0.39
1.87+£0.20
2.71+£0.63

2.58 +0.50
1.83+0.24
2.37+0.34

2.35+0.46
1.74+0.13
2.42+0.37

2.74+0.71
1.75+0.14
2.37£0.37

2.77 +0.44
1.74+0.09
2.34+0.28

2.34+0.47
1.75+0.10
2.36 £0.38

2.28+£0.43
1.71+0.07
2.42+0.32

Table 3-3

Memory for classifier (kb).

All Features

Delete Feature 1

Delete Feature 2

Delete Feature 3

Delete Feature 4

Delete Feature 5

Delete Feature 6

Decision Tree 102.19 +4.02 101.54+4.08 95.86 +3.88 96.59 + 4.06 97.99 + 4.47 96.15+4.10 96.51 +3.56
Naive Baysesian 98.32+0 87.98+0 87.98+0 87.98+0 87.98+0 87.98+0 87.98+0
Linear Discriminant Analysis 124.02+0 115.15+0 115.15+0 115.15+0 115.15+0 115.15+0 115.15+0
Table 4-1 3.5. Slope analysis of power spectrum
Classification accuracy with RNS feature of sEEG.
Line Length Area Bandpass In addition, we considered the slope of the power spectrum corre-
sponding with the aperiodic or the 1/f-like components of the neural ac-
Decision Tree 0.67+0.07 0.5410.07 0.58+0.07 tivity. Here we analyzed the slope of the low frequency range (1-15Hz)
Naive Baysesian 0.54 £0.07 0.37 +0.07 0.64+0.07 ty. A Yy P q . Y 8
Linear Discriminant Analysis 0.47£0.06 0.33+0.08 0.61=0.07 and the high frequency range (15-45Hz), respectively. The results of
the slope analysis are shown in Fig. 8.
The power spectrum of neural activity before, during and after the
epileptic seizure in sEEG is shown in Fig. 8A, following the compari-
Table, 4-2 . . son of slope in the low frequency range shown in Fig. 8B and high fre-
Classification accuracy with RNS feature of ECoG. L. h
quency range in Fig. 8C. In the low frequency range, the slope during the
Line Length Area Bandpass epileptic seizure was higher than the slope before and after the epilep-
Decision Tree 0.58 +0.09 0.56+0.09 0.52+0.08 tic seizure, and the slope before the epileptic seizure was higher than
Naive Baysesian 0.54+0.08 0.36 +0.08 0.57 +0.09 the slope after the epileptic seizure (Fig. 8B; Pre vs Seizure, p < 0.001;
Linear Discriminant Analysis 0.50+0.09 0.45+0.09 0.56+0.08 Post vs Seizure, p < 0.001; Pre vs Post, p < 0.001; Bonferroni corrected).

Specifically, the classification accuracy of LDA was higher than DT, and
the accuracy of DT was higher than NB; LDA spent comparable time
with DT, longer than NB for training the classifier; Similar with the per-
formances in sEEG, LDA occupied more memory than DT, as well as DT
occupied more memory than NB for storage. Furthermore, the classifi-
cation performance of combination of multiple DFA features was higher
than the performance of feature used in the RNS system (Table 4) or
the single (Table 4-2, Table 5-2) DFA feature (Table 5), suggesting the
significance of feature combination.

Overall, LDA had the highest classification accuracy among all of
three algorithms. NB had the lowest classification accuracy, but it re-
quired the shortest training time and least storage assumption.When
using them in practice, various factors evaluating the algorithm per-
formances should be comprehensively considered.
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Conversely, in the high frequency band, the slope during the epileptic
seizure was lower than the slope before and after the epileptic seizure,
and the slope before the epileptic seizure was lower than the slope after
the epileptic seizure (Fig. 8C; Pre vs Seizure, p < 0.001; Post vs Seizure,
p< 0.001; Pre vs Post, p< 0.001; Bonferroni corrected).

The power spectrum of neural activity before, during and after the
epileptic seizure in ECoG is shown in Fig. 8D, following the comparison
of slope in the low frequency range shown in Fig. 8E and high frequency
range in Fig. 8F. Similar with the results in sEEG, the slope during the
epileptic seizure was higher than the slope before and after the epileptic
seizure, and the slope before the epileptic seizure was higher than the
slope after the epileptic seizure in the low frequency (Fig. 8E; Pre vs
Seizure, p < 0.001; Post vs Seizure, p< 0.001; Pre vs Post, p< 0.001;
Bonferroni corrected). Opposite to the low frequency band, the slope
during the epileptic seizure was lower than the slope before and after
the epileptic seizure, and the slope before the epileptic seizure was lower
than the slope after the epileptic seizure in the high frequency. (Fig. 8F;
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Table 5-1
Classification accuracy with single DFA feature of sEEG.
Feature 1 Feature 2 Feature 3 Feature 4 Feature 5 Feature 6
Decision Tree 0.49+0.07 0.43+0.08 0.40+0.07 0.32+0.06 0.44 +0.07 0.35+0.07
Naive Baysesian 0.53+0.07 0.46 +0.07 0.41+£0.08 0.40+0.07 0.43+£0.08 0.44+0.08
Linear Discriminant Analysis 0.54+0.08 0.43+0.07 0.36 +£0.07 0.39+0.07 0.42+0.08 0.35+0.07
Table 5-2
Classification accuracy with single DFA feature of ECoG.
Feature 1 Feature 2 Feature 3 Feature 4 Feature 5 Feature 6
Decision Tree 0.40+0.09 0.33+£0.08 0.48 +£0.09 0.48+0.09 0.34+0.08 0.37 £0.09
Naive Baysesian 0.46 +0.09 0.36 +0.09 0.48 +0.09 0.50+0.10 0.43+0.09 0.40+0.09
Linear Discriminant Analysis 0.37 £0.09 0.29 +0.08 0.44+0.09 0.49+0.10 0.30+0.08 0.33+0.09
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Fig. 8. Slope of power spectrum before, during and after the epileptic seizure. (A) Power spectrum in sEEG. (B) Comparison of slope in the low frequency
band (1-15Hz) in sEEG. (C) Comparison of slope in the high frequency band (15-45Hz) in sEEG. (D) Power spectrum in ECoG. (E) Comparison of slope in the low
frequency band (1-15Hz) in ECoG. (F) Comparison of slope in the high frequency band (15-45Hz) in ECoG. ***p < 0.001; Two-sides paired t-test after Bonferroni

corrected. Error bar represents SEM.

Pre vs Seizure, p < 0.001; Post vs Seizure, p < 0.001; Pre vs Post, p <
0.001; Bonferroni corrected).

Furthermore, we examined the relationship between the slope of
power spectrum and DFA exponent in Fig. 9. The correlation between
the broad-band DFA exponent and the slope in the low frequency band
as well as the high frequency band in sEEG is shown in Fig. 9A and
B, respectively. The broad-band DFA exponent was negatively corre-
lated with the slope in the low frequency band (Fig. 9A, r = —0.54,p <
0.001), while was positively correlated with the slope in the high fre-
quency band (Fig. 9B, r = 0.33, p < 0.001). The correlation between
the broad-band DFA exponent and the slope in the low frequency band
as well as the high frequency band in ECoG is shown in Fig. 9C and 9D,
respectively, both of which didn’t reach the significant level (Fig. 9C, r
= -0.12,p = 0.16; Fig. 9D, r = 0.05, p = 0.58).

4. Discussion
4.1. Performance requirements for feedback circuits

Ever since the inception of bioelectronic device development, energy
provision and safety concerns have been formidable obstacles. While

111

wireless charging technology has been employed in clinical trials and
scientific research pertaining to specific implantable medical devices, it
is still advantageous for patients to minimize the frequency of charges
in terms of energy provision. Heat generation, volume, and biocompati-
bility are all factors that electronic device developers must take into ac-
count with regard to security [37,38]. Circuit-related concerns primar-
ily encompass heat generation and volume. The optimization of power
consumption and volume has emerged as a viable strategy to contem-
plate. When considering algorithm design, a design solution that reduces
both algorithm complexity and data complexity can concurrently alle-
viate the power consumption and volume constraints by lowering the
computational performance requirements of the chip and the storage
performance requirements of the disk. The long-term autocorrelation
coefficient is employed as an intermediary variable in the training of
machine learning models in this article. The utilization of the long-term
autocorrelation index in conjunction with a six-element array simpli-
fies the algorithm complexity necessary for traditional algorithms or di-
rect training of raw data, while still accurately representing the critical
states of epileptic electroencephalography. By decreasing the volume of
training sets that require to be seared into the feedback type electrical
stimulation system, electronic device safety was ensured.
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Fig. 9. Correlation between broad-band DFA exponent and slope of power
spectrum. (A) Correlation between broad-band DFA exponent and slope in the
low frequency band in sEEG. (B) Correlation between broad-band DFA expo-
nent and slope in the high frequency band in sEEG. (C) Correlation between
broad-band DFA exponent and slope in the low frequency band in ECoG. (D)
Correlation between broad-band DFA exponent and slope in the high frequency
band in ECoG.

4.2. Comparison between rDBS and rFCS

In light of the fact that RNS can be subdivided into rDBS and
rFCS, the data types of SEEG and ECoG must be discussed separately.
Based on the evaluation outcomes of the machine learning model, it is
evident that the ECoG model exhibits superior performance in compari-
son to the SEEG model. This disparity may indicate that feedback corti-
cal stimulation is a more appropriate approach for managing focal corti-
cal lesions. In fact, the Slope Analysis of the Power Spectrum might have
provided confirmation of this phenomenon. Our charts indicate that the
Power Spectral Slope of ECoG data exhibits greater variation across dis-
tinct seizure states. Furthermore, the ECoG curve undergoes substantial
fluctuations at approximately 4 Hz and 30 Hz. The findings of this study
indicate that the signal properties of ECoG might be more appropriate
for identifying feedback triggering conditions. Moreover, these distinc-
tions entirely demonstrate the need to divide RNS into two distinct cat-
egories—rDBS and rFCS—and to train the data independently, even in
the absence of any evaluation of the training outcomes produced by the
two data types’ superiority or inferiority.

4.3. Algorithm design of feedback trigger

Following a discussion of the efficacy of DFA exponents in describ-
ing epileptic states, the outcomes of training a simple machine learning
model with DFA exponents as intermediate variables are presented in
this article. When attempting to define the epileptic state, DFA expo-
nent of neural signal can be likened to the speed of a small ball. During
the post phase of the ictal, the diminutive ball is positioned atop the
mountain, possessing the least amount of kinetic energy and the slowest
velocity. The small ball descends to the precipice, gains kinetic energy,
and accelerates in velocity as time passes. The moment the epileptic
seizure commences, the diminutive ball descends towards the ground
at its maximum velocities and kinetic energies. The ball returned along
the ascent to the mountain peak subsequent to the seizure, where its
kinetic energy underwent a conversion back into gravitational potential
energy. The utilization of DFA exponent permits the organic division of
distinct critical states of neural activity. These states can be utilized as a
prerequisite for commencing electrical stimulation or incorporated into
the algorithm that automatically activates feedback triggers. To validate
the viability of this algorithm for automatic triggering, we performed
preliminary research on automatic classification methods based on in-
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termediate variables using three simple machine learning models on ran-
domly partitioned datasets: the Decision Tree model, the Naive Bayesian
model, and the Linear Discriminant Analysis model. We have not yet ex-
tended machine learning methods to deep neural network models [39]
and generative neural network models [40], despite our limited knowl-
edge and expertise in this area. Nonetheless, the optimization of classifi-
cation accuracy through the utilization of deep learning and generative
learning will continue to be a subject of interest in future research for
quite some time.

4.4. Significance of this investigation

Before proceeding, this article divides RNS into two categories based
on the stimulation targets: rDBS and rFCS. Future research will be able
to characterize the various types of intracranial electrical stimulators
with greater precision thanks to this classification. Furthermore, clas-
sifying signals according to their distinct characteristics, such as SEEG
and ECoG, is also imperative. We earnestly request that scholars from
other research organizations adopt our refined classification system as
a means to mitigate perplexity and uncertainty inherent in the paper’s
description. The second step was to feed the machine learning model
an array of DFA exponents as intermediate variables, thereby validating
the viability of this machine learning method via intermediate variables.
As a result of DFA exponent’s biological correlation, the machine learn-
ing model we developed possesses excellent biological interpretability.
In the interim, the utilization of intermediate variables for training pur-
poses obviates the necessity to input the enormous amounts of data ac-
quired from intracranial electrophysiological monitoring into intricate
models or machine learning frameworks. By significantly diminishing
the computational and storage demands of the system, this methodol-
ogy effectively contributes to the assurance of implanted device safety.
Methods and evidence are presented to support the use of DFA expo-
nents in feedback electrical stimulation systems. Additionally, the con-
cept of training models using intermediate variables is elaborated upon.

4.5. Neurobiological challenges faced by feedback based electrical
stimulation systems

As discussed in this article, the DFA exponent and the logarithmic
spectral slope are only indicative of specific characteristics of an epilep-
tic data; the neurobiological principles underlying these characteristics
remain unknown to researchers [41]. The neural activity mechanisms
that result in a sustained reduction in long-range temporal correlation
of signal features in seizure phases remain unclear to the public. Simul-
taneously, the issue of neural modulation and the cessation of seizures
in epilepsy patients in response to a specific frequency band of electri-
cal stimulation remains obscure [42], as does the mechanism underly-
ing the alleviation or resolution of tremors and neurodegeneration in
Parkinson’s patients. The neurobiological principles underlying epilep-
tic seizures remain obscure, as does the rationale behind the efficacy
of specific frequency bands of electrical stimulation in the treatment of
neurological and psychiatric disorders. In most cases, post-validation is
required to demonstrate the efficacy of a particular neural recording or
modulation technique; this validation may be merely statistically sig-
nificant and not physiologically significant. Nevertheless, after numer-
ous iterations across the annals of humankind, deep brain stimulation
has emerged as the preeminent therapeutic approach for Parkinson’s
disease. Despite the lack of clarity surrounding feedback-based electri-
cal stimulation, there remains optimism that such systems may one day
contribute to the resolution of epilepsy issues in humans.

4.6. Future prospects and constraints of this research
Already mentioned in the preceding section are the deficiencies and

drawbacks of this article. Due to our lack of familiarity with the train-
ing methods of deep neural network models and generative neural net-
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work models, the greatest flaw of this article is that we did not use
the six-element array trained and tested in previous three models for
these models. However, we are well aware of the enormous classifica-
tion accuracy potential of deep neural network models and generative
neural network models. Nevertheless, the argument put forth in this
article remains valid, and the utilization of DFA exponent to automati-
cally classify the critical state of epilepsy is effective. As is observed, the
change of broad-band (1-45Hz) DFA exponent was similar across dif-
ferent periods in both sEEG and ECoG, suggesting the overall variation
of network E/I before, during and after the seizure. In detail, the DFA
exponent during the seizure was lower than the DFA exponent before
and after the seizure, indicating the more serious breakdown of network
E/I balance during the epilepsy seizure. After the seizure, the DFA ex-
ponent increased corresponding with the recovery of E/I balance of the
brain network. Utilizing DFA exponents as intermediate variables dur-
ing training in three simple machine learning models can significantly
reduce the storage and computational demands of feedback-based elec-
trical stimulation systems while maintaining a high level of classification
accuracy. This has the potential to yield significant benefits for patients.
The lack of clarity regarding the neurobiological principles underlying
the DFA exponent is an additional shortcoming of this article, as it ob-
scures crucial prior knowledge. Nevertheless, the efficacy of the DFA
exponent as a biomarker suffices to justify its application in the de-
velopment of feedback electrical stimulation systems. As a result, our
objectives for forthcoming investigations are twofold: firstly, to employ
DFA exponent in the training process of deep neural network models or
generative neural network models; and secondly, to conduct biological
experiments that elucidate the fundamental biological principles under-
lying the long-range temporal correlation.

5. Conclusion and implications

Numerous studies have demonstrated that electrical stimulation has
an improvement effect on various neurological and psychiatric disor-
ders. Especially in the field of Parkinson’s disease, deep brain stimula-
tion has become a prominent field of treatment. Early electrical stim-
ulation was open-loop, and doctors only needed to place the electrode
connecting the wire directly on the target nucleus and regulate them
according to fixed stimulation parameters. Later, researchers found that
from the perspective of electrophysiological signals, Parkinson’s disease
usually manifests as abnormalities in the Beta frequency band [43]. Dy-
namically adjusting stimulation parameters based on the signal char-
acteristics of the Beta frequency band may further improve treatment
effectiveness, such as further enhancing the patient’s motor precision.
Therefore, dynamically adjusting stimulus parameters, from open loop
to closed loop, has become a major background in the field of neural
regulation.

The mechanism of each neurological and psychiatric disease is dif-
ferent, so the treatment plans for different diseases are also different.
Epilepsy is usually a internal disorder, in which patients take medica-
tions such as levetiracetam, lamotrigine, carbamazepine, and sodium
valproate to alleviate seizure frequency and symptoms. But about one-
third of patients could not be cured through medication [44], especially
for temporal lobe and hippocampal epilepsy, and 80% of patients are
drug-resistant in such two types. For patients with drug-resistant na-
ture, resection of cortical lesions and thermal coagulation of deep lesions
have become common surgical treatments. However, there are some le-
sions that could not be destroyed, such as the hardened bilateral hip-
pocampus. If both hippocampus are destroyed simultaneously, patients
will lose their long-term memory ability forever. Therefore, for these
special epilepsy patients, electrical stimulation seems to be the only op-
tional choice. However, even with the use of electrical stimulation as
a treatment option, the situation of epilepsy is different from that of
Parkinson’s disease, and the electrophysiological signal characteristics
and electrical stimulation targets of these two diseases are completely
different.
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The lesions and circuits of Parkinson’s disease are clear, while the le-
sions of epilepsy are highly individualized, as if any lump of brain tissue
could become the source of epilepsy. Therefore, in the field of epileptic
electrical stimulation, there have always been two different sounds. The
first sound is to ignore the issue of individualized lesions and uniformly
stimulate the thalamus [2,22] as the center of the Papez circuit. The
second sound is that since the lesion is highly individualized, we stim-
ulate it wherever it is. The stimulation parameters for different targets
are similar, but the biomarkers for identifying seizure status are dif-
ferent. However, regardless of which sound is correct, the significance
of automatically identifying seizure status is that although open-loop
electrical stimulation according to fixed stimulus parameters seems to
alleviate seizure frequency and symptoms, could we block this seizure if
we perform electrical stimulation or adjust stimulus parameters when it
is about to occur? If we perform electrical stimulation or adjust stimula-
tion parameters when the seizure has already begun, could we alleviate
this seizure or make it end faster? These scientific questions constitute
the demand for closed-loop neural regulation in the field of epilepsy, so
we need to use automated methods to enable machines to understand
when patients are about to have seizures and when they are currently
having seizures.

Therefore, our research has clear implications for clinical practice.
The important role of biomarkers and machine learning models in neural
electrical stimulation or other treatment options is that they enable ma-
chines to understand human instructions and automate their execution.
Machines are accurate and precise, as doctors may fatigue, but machines
do not. Besides, it is unlikely that patients will undergo long-term man-
ual real-time monitoring by doctors, but they could wear machines that
have been validated for safety during a long time. Of course, safety is
also a crucial issue that biomarkers and machine learning models need
to face before being applied in clinical settings. We must conduct exten-
sive theoretical verification and clinical trials to ensure the safety and
reliability of these machine instructions.
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