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Abstract. Epilepsy is a prevailing disease that affects people from different age brackets and
demographic backgrounds. It leads to uncontrollable onset of seizures and can result in severe
neurological injuries. In this paper, we devised a novel seizure prediction system as a real-time
early warning system for patients. By using real-time transmissible, portable, and wireless
devices, we can acquire raw data from scalp electroencephalogram (EEG) without any pre-
processing for the input. After pre-processing, the data is fed into selected prediction algorithms
based on literature review and a combination of methodologies. After times of iteration, our
result shows a promising performance, with an accuracy rate of 100% Bonn dataset. We further
designed a hardware data acquisition apparatus (with our program built-in) to smooth and
ameliorate the data acquisition process when eliminating overmuch electrodes, which may serve
as a promising seizure onset detecting device in the new era.
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1. Introduction

According to the latest update from the International League Against Epilepsy (ILAE) [1], epilepsy is
identified by recurrent epileptic seizure symptoms due to abnormal brain activities. Epilepsy affects
more than 50 million patients worldwide; patients may lose consciousness and go into convulsion[2].
More than a quarter of Grand mal seizure patients have seizure-related severe injuries that demand
hospitalization or surgical intervention, and 30% of epilepsy patients’ seizures are uncontrollable with
anti-epileptic drugs [3, 4]. Unpredictable seizure onset may result in social isolation and poor quality of
life.[4]

There are several characteristics of seizure signals: electrocerebral inactivity, spike and sharp wave
complexes, rhythmic hypersynchrony, and a continuous discharge of polymorphic waveforms with
variable amplitude and frequency[5]. During a seizure event, the delta (0—4Hz) and theta (4—8Hz)
subwaves in an EEG signal exhibit high magnitude and low frequency[5].

The video-electroencephalography (VEEG) and epilepsy monitor unit are the golden standard of
seizure diagnosis [6]. Self-report of symptoms is not always possible because patients can only
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recognize half of their seizure onsets[7, 8]; idiopathic epilepsy involves absence seizures in which
patients pause their tasks and lose awareness. This method requires manual monitoring from human
experts, which makes the process unaffordable and impractical for common households, and it makes
the situation worsen that patients have to do the seizure monitoring test under hospitalization conditions.
Consequently, ambulatory seizure monitoring systems with high accuracy and portability are in high
demand.

Currently, most ambulatory seizure monitoring systems are based on intracranial
electroencephalography (iEEG), which requires long-term electrode implantation under the scalp that
has many drawbacks: in the study, one-third of iEEG patients exhibited signs of procedural headaches,
and some even suffered from device-related postoperative nausea, seroma, and device migration within
months after implantation [9].

Due to the inconvenience associated with VEEG and the high inflammatory responses induced by
iEEG, there is a growing trend towards using non-invasive methods for predicting seizures, such as real-
time physiological signal monitoring wristbands and scalp EEG. These methods are safer compared to
iEEG since it involves no surgery on patients’ skulls and patients can wear the prediction system for
extended time periods. These methods could adapt to the high demand for wearable devices in domestic
environments [ 10—13], especially for parents to monitor their children with epilepsy [14]. The wristband
that achieved state-of-art performance is “Empatica,” which is commercially available. By monitoring
accelerometers and electrodermal activity data, the sensitivity of correct seizure warnings can reach
about 93% among thirty patients [15, 16]. However, non-EEG-based equipment like “Empatica” has
reached a plateau in terms of potential enhancements and lacks the sensitivity to detect minor voltage
fluctuations in patients with epilepsy; consequently, ambulatory scalp EEG detection system is favored
in the literature since it includes more psychological information and make more accurate prediction.

Though there is extensive research on using scalp EEG to conduct seizure warnings, there is still a
bottleneck in the cost-effective and efficient EEG hardware implementation[17]. Scalp EEG is multi-
dimensioned, non-linear, and non-stationary[18], classifying them requires extraction of complicated
information from seizure systems. Currently, deep learning models and traditional feature engineering
are the two main genres for seizure prediction tasks[19, 20]. For deep learning models [9, 21-27], the
advantage is that deep neural networks can automatically extract the features needed and be transferred
to other tasks with ease. However, deep learning models need to have large datasets and human-selected
hyperparameters[28, 29]. Even worse, the deep learning methods can be easily disturbed by unexpected
noise, which causes the model to give wrong answers with high confidence [30]. The users of the deep
learning algorithms, who are EEG analysts or patients, lack computer science knowledge, so they cannot
trust the algorithms no matter how high the accuracy is. The deep learning algorithms cannot be
interpreted by humans, which limits its usage [31]. Traditional feature engineering could also achieve
accurate warnings. The widely used mathematically designed features in the literature include empirical
model decomposition [32], Fourier Transform [33], wavelet transform [34-36], etc. These features are
manually devised based on the characteristics of the task. For the long-investigated epilepsy
classification task, there are already numerous proposed features that can separate seizure and non-
seizure data. So that the time cost for manual feature selection is decreased. Further, the change in feature
value is meaningful and can be interpreted, because of its mathematical nature. Another benefit is that
the dimension of the data can have a significant reduction, reducing the computational costs of seizure
warning, and making it more suitable to be implemented in ambulatory seizure warning systems.

As a result, this paper proposed a continuous ambulatory seizure detection system for grand mal
seizure, incorporating previously defined mathematical features for seizure detection. The validation of
this seizure warning algorithm proposed in this paper was conducted on public datasets.
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2. Methods

2.1. Hardware Systems

Many hardware systems are used in the neurological data acquisition system [13, 19, 37]. In the paper,
the wireless data acquisition apparatus is used in figure 1(c). The change of electric potential in the brain
is gathered through a 3.5 mm signal acquisition cable (Shenzhen Setolink Electronics Co, LTD ST-EC11-
C51). The signal is then transferred to the wireless receptor board using the convertor in figure 1(b).
After amplification, analog input is converted to digital signals. The data is transmitted by Wi-Fi through
a Serial Peripheral Interface[38]. The computer receptor software is used to present all the data. After
receiving the data, the prediction application will analyze the acquired data and give users feedback on
whether there are oncoming seizures. The flowchart of the processing model is illustrated in figure 1(a).
The forehead electrodes will be used at the FP1 and FP2 locations, as defined in the international 10-20
system [39]. The position of electrodes is further explained in figure 1(d).

In the EEG signals there are artifacts, which are not generated by the brain are called artifacts. There
are two main groups of artifacts: 1) physiology artifacts and 2) technical artifacts. The most significant
impact on the data is the ocular signal, which has a wide frequency range, high amplitude, and significant
impact on forebrain signal-gathering processes [40]. Besides, various muscle activity, cardiac activity,
respiration, and metabolisms including sweating may all affect the precision of the data being gathered.
Another potential source of error is the non-physiological artifacts, such as mechanical movements of
cables [41], 5S0Hz AC electromagnetic interferences, and the distortion of data within the device.

To remove artifacts, the data gathered from the electrodes will go through pre-processing before they
are used as the input for the algorithms. Butterworth bandpass filters [42] are used for extracting the
valid signals. Since the characteristic seizure waves dominantly at frequencies between 1Hz~30Hz[43],
we set the filter range between 0.2Hz and 30Hz to remove environmental artifacts, including those
occurring at low frequencies, such as breathing, eye movements, and arbitrary direct current offset and
slow drifts, and at high frequencies, such as muscle contractions, stimulators, and the powerline
interference.

(a) Sensor I Electrodes }—-ol Convert 3.5 mm to FPC I—-I RHD2132 Amplifier Board }——-I Wi-Fi I

|® ©

User Device lReturn results }¢—| Filter and classification |<—| Master Computer Software |¢—| Wi-Fi |

Figure 1. (a) The flowchart of the epilepsy prediction system. (b) The conversion board was used to
convert the data gathered from the 3.5 mm cables to the amplifier board. (c) Picture of the amplifier
board. (d) The location of each electrode. The two green electrodes are FP1 and FP2; the red electrode
is the reference electrode; the large green electrodes are the ground electrodes.

2.2. Datasets

In this paper, we trained the proposed model and evaluated it on the Bonn EEG time series dataset [44]
published and publicly available on Bonn University’s Epileptology Department website [45]. The
dataset was from surface EEG recordings from healthy volunteers and intracranial EEG recordings from
epilepsy patients when they are having seizures or in the interictal phase. All channels are separated and
in a random series. Each piece of recording has a duration of 23.5 seconds with a frequency of 173.61
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Hz. All artifacts are removed by selected human experts. The pre-processing code for this research paper
was gathered from Professor Manoosh Samiei and his lab [46].

2.3. Feature Extraction
This paper uses six features that were proposed in the literature to classify seizure and non-seizure EEG
signals. The features included have been used in various biomedical areas, such as genetic sequence
analysis and recognition of heart failure[47, 48], as well as epilepsy detection [49, 50]. The detailed
definitions of these features are listed in [51].

- Detrended Fluctuation Analysis (DFA)

- Petrosian Fractal Dimension (PFD)

- Fisher Information (Fisher Info)

- Spectral Entropy (Spectral En)

- Hjorth Fractal Dimension (HFD)

- Singular Value Decomposition Entropy (SVD En)

2.4. Seizure Importance Ranking

A Random Forest Classifier [52] is used to compare different features’ importance scores for further
feature selection. The importance scores are calculated from the Gini Impurity in the models. The
detailed methods are defined in [53]

2.5. Model: Feature Classifications

After the extraction of six chosen features, the data is fed into various machine learning classification
models, such as AdaBoost, Naive Bayes, Quadratic Discriminant Analysis, Nearest Neighbours, Linear
SVM, Radial Basis Function SVM, Gaussian Process, Decision Tree, Random Forest, and Neural
Network. The best-performing models are decision trees, random forests, and AdaBoost.

2.6. Model Evaluation
Models are evaluated based on accuracy and sensitivity [17].

True positive + True negative

Accuracy = — - - -
y True positive + False Negative + True negative + False Negative

The confusion matrices were also included to demonstrate the performances of the model.
3. Results

3.1. Feature extraction

The average feature values are shown in figure 2(a). There are significant differences for the features
extracted in each group (p<.0001) tested using an independent t-test. The importance scores were
calculated, and the Fisher Information is the most significant feature for classifications (figure 2(b))

3.2. Classification and seizure warning

The results for seizure prediction are shown in Figure 2(c). The best-performed model (AdaBoost,
Random Forests, Decision Tree, Gaussian Process) reached an accuracy of 100% on the Bonn dataset,
showing their capability to classify the seizure and non-seizure data. The results are higher than the other
models using this dataset.

We chose the AdaBoost [54] algorithm in the system because it can find flexible margins between
margins through different classes and, thus, has a higher generalization ability. Although Decision Tree
Classifier (DTC) [55] and Random Forest Classifiers [56] (Random Forest Classifier is an optimization
of the Decision Tree algorithms) are among the 100% accuracy models, they are not used in the epilepsy
warning systems because there are a few disadvantages when using a decision tree. For example, they
are not as accurate as the other classifiers when doing other tasks. Furthermore, the success of the
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specific DTC implementation has a significant impact on DTC performance. Since a tiny alteration to
the training datasets may have a significant impact on the output prediction, they are typically less robust

than other approaches. [57].
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Figure 2. (a) Six features extracted for the two groups of seizure patients and the comparison of the
mean of features from seizure and non-seizure groups. (b) The importance scores were calculated from
random forests classifiers. (c) Confusion Matrix for different classification models. AdaBoost and
Decision Tree perfectly qualified this task with an accuracy of 100%.

3.3. Ambulatory seizure detection system

The trained model is incorporated into the seizure warning application in the computer. Once a seizure
is detected, the computer application would update the warning status as “seizure onset,” and the clients
and their caregivers would receive notification about the seizure onset.

4. Discussion

As mentioned in the literature review, there are many approaches to providing accurate seizure warning
to patients. This study set out to address the need for ambulatory seizure warning systems and utilized
selected algorithms to give correct predictions.

The analysis of extracted features demonstrated that the feature extracted is significantly different,
leading to possibilities of accurate prediction. These feature values are in line with the assumption that
the brain exhibits randomness during normal stages and shows deterministic chaos when neurons have
synchronized discharge [58].

The algorithms utilized in this study offer certain benefits over other models that use the same dataset.
While models employing wavelet decomposition have achieved accuracy rates of up to 99.1%[59], and
those using principal component analysis have reached 98.75% accuracy[60], another model that applies
a random forest after empirical mode decomposition has attained 99.4% accuracy[61]. Remarkably,
Sharma’s group achieved a perfect accuracy rate of 100% using LS-SVM and fractional dimension[62].
However, the model presented in this study is advantageous as it requires fewer computational resources
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than deep learning models, resulting in faster prediction speeds. The algorithm presented in this study is
already incorporated in the continuous ambulatory seizure detection system, capable of 24-hour
detection and processing of the data on computer-based software.

The seizure warning system proposed in this study can increase the convenience of seizure detection
systems because only electrodes on the forebrain (FP1 and FP2) were used to gather data. The proposed
algorithm is computationally easier and reliable enough that could be implemented in computer
applications.

While our study provides promising results for the development of a new seizure prediction system,
it is important to acknowledge its limitations. Firstly, our study was the Bonn dataset used in this study
is relatively small (with a sample size of 500 EEG segments). Moreover, the manually-extracted features
may not scale well for the entire epilepsy patient population [63]. Besides, the algorithms are patient-
dependent studies because of the high variability of EEG data [21]. This limits the generalizability of
our findings and may not fully represent the diverse range of seizure patients. Future studies with larger
and more diverse samples are needed to validate our findings and ensure the effectiveness of our
algorithm across different populations. Secondly, our study is recruiting real patients to test the
algorithms, and currently, the findings are not validated on human patients. The use of real patient data
could provide a more accurate and realistic evaluation of the performance of our seizure prediction
system. It’s crucial to note that individual differences among patients, such as variations in seizure types
and frequencies, can significantly impact the effectiveness of seizure prediction algorithms. Therefore,
future research should aim to test these algorithms in real-world clinical settings with actual patients.

In the future, the system can be improved in the following aspects. Change the configuration of the
electrode acquiring system: Gather information for the primary motor cortex, having more precise
monitoring of the tonic chronic seizure onset. What’s more, larger datasets can be used in the future
model, and the classification can include the pre-ictal stages.

5. Conclusion

Epilepsy patients currently have a high demand for convenient devices that could notify their care-giver
to preclude further injury and seizure-related death. This paper devised a new scalp EEE gathering
hardware system, capable of filtering irrelevant distortion of data. Using the light-weighted design, this
equipment would monitor seizure onset for patients with minimum burden to life, with the cost and
easiness to use that incomparably outperform the traditional i-EEG or VEEG based seizure warning
system. We found that using FP1 and FP2 electrode positions, scalp EEG signals could be received
without the need for conducting resin, supporting continuous data acquisition. Secondly, to complete
the seizure system, we combined feature extraction techniques reported in the literature, which when
combined, could result in distinguishable classification of seemingly arduous seizure onset EEG
classification issues. The extracted features later were inputted for several machine learning
classification models, and the model with the highest accuracy and generalizability (AdaBoost) was
selected for the final seizure prediction model, with an extraordinary accuracy rate of 100%, fully
capable clinical application. The entire seizure warning and prediction systems are incorporated into the
computer application.

The present study highlights the need for more clinical data to validate the effectiveness of the
research design. It is essential to gather data from FP1 and FP2 positions to improve the accuracy of
seizure warning systems. Moreover, the availability of more data is likely to lead to new discoveries and
improvements in seizure warning systems.

6. Data and code availability

Python programming language was used to process the data. The data and code supporting this study’s
findings are available upon reasonable request.

98



References

[1] Fisher RS, Acevedo C, Arzimanoglou A, et al. ILAE Official Report: A practical clinical
definition of epilepsy. Epilepsia 2014; 55: 475-482.

[2] Daoud H, Bayoumi MA. Efficient Epileptic Seizure Prediction Based on Deep Learning. IEEE
Trans Biomed Circuits Syst 2019; 13: 804-813.

[3] World Health Organization. Neurological disorders: public health challenges. World Health
Organization, 2006.

[4] Beniczky S, Wiebe S, Jeppesen J, et al. Automated seizure detection using wearable devices: A
clinical practice guideline of the International League Against Epilepsy and the International
Federation of Clinical Neurophysiology. Clinical Neurophysiology 2021; 132: 1173-1184.

[5] McGroggan N. Neutral network detection of epileptic seizures in the electroencephalogram. PhD
Thesis, University of Oxford, 2001.

[6] Shih JJ, Fountain NB, Herman ST, et al. Indications and methodology for video-
electroencephalographic studies in the epilepsy monitoring unit. Epilepsia 2018; 59: 27-36.

[7] Elger CE, Hoppe C. Diagnostic challenges in epilepsy: seizure under-reporting and seizure
detection. The Lancet Neurology 2018; 17: 279-288.

[8] Epilepsy: Accuracy of Patient Seizure Counts. ARCH NEUROL,; 64.

[91 Cook MJ, O’Brien TJ, Berkovic SF, et al. Prediction of seizure likelihood with a long-term,
implanted seizure advisory system in patients with drug-resistant epilepsy: a first-in-man study.
The Lancet Neurology 2013; 12: 563-571.

[10] Schulze-Bonhage A, Sales F, Wagner K, et al. Views of patients with epilepsy on seizure
prediction devices. Epilepsy & Behavior 2010; 18: 388-396.

[11] Hoppe C, Feldmann M, Blachut B, et al. Novel techniques for automated seizure registration:
Patients’ wants and needs. Epilepsy & Behavior 2015; 52: 1-7.

[12] Vande Vel A, Smets K, Wouters K, et al. Automated non-EEG based seizure detection: do users
have a say? Epilepsy & Behavior 2016; 62: 121-128.

[13] Hasan TF, Tatum WOI. Ambulatory EEG Usefulness in Epilepsy Management. Journal of
Clinical Neurophysiology 2021; 38: 101.

[14] Video Transcript | Support Program for Parents of Teens with Epilepsy | CDC,
https://lwww.cdc.gov/epilepsy/toolkit/transcripts/yana_trnscrpt.htm (accessed 27 March 2023).

[15] Regalia G, Onorati F, Lai M, et al. Multimodal wrist-worn devices for seizure detection and
advancing research: Focus on the Empatica wristbands. Epilepsy Research 2019; 153: 79-82.

[16] Caborni C, Migliorini M, Onorati F, et al. Convulsive Seizure detection improved by setting
different parameters for active/rest periods. An evaluation using Embrace Smartwatch.

[17] Rasheed K, Qayyum A, Qadir J, et al. Machine Learning for Predicting Epileptic Seizures Using
EEG Signals: A Review. IEEE Rev Biomed Eng 2021; 14: 139-155.

[18] Huang NE, Shen Z, Long SR, et al. The empirical mode decomposition and the Hilbert spectrum
for nonlinear and non-stationary time series analysis. Proceedings of the Royal Society of
London Series A: Mathematical, Physical and Engineering Sciences 1998; 454: 903-995.

[19] Sargolzaei S, Cabrerizo M, Goryawala M, et al. Scalp EEG brain functional connectivity networks
in pediatric epilepsy. Computers in Biology and Medicine 2015; 56: 158-166.

[20] Usman SM, Khalid S, Akhtar R, et al. Using scalp EEG and intracranial EEG signals for
predicting epileptic seizures: Review of available methodologies. Seizure 2019; 71: 258-2609.

[21] Dissanayake T, Fernando T, Denman S, et al. Deep Learning for Patient-Independent Epileptic
Seizure Prediction Using Scalp EEG Signals. IEEE Sensors J 2021; 21: 9377-9388.

[22] Nasseri M, Pal Attia T, Joseph B, et al. Ambulatory seizure forecasting with a wrist-worn device
using long-short term memory deep learning. Sci Rep 2021; 11: 21935.

[23] Osorio I, Frei MG, Wilkinson SB. Real-Time Automated Detection and Quantitative Analysis of
Seizures and Short-Term Prediction of Clinical Onset. Epilepsia 1998; 39: 615-627.

[24] Shahbazi M, Aghajan H. A GENERALIZABLE MODEL FOR SEIZURE PREDICTION

Proceedings of the 2nd International Conference on Modern Medicine and Global Health
DOI: 10.54254/2753-8818/32/20240806

BASED ON DEEP LEARNING USING CNN-LSTM ARCHITECTURE. In: 2018 IEEE

99



[25]

[26]

[27]

[28]

[29]

[30]
[31]
[32]
[33]
[34]

[35]

[36]
[37]
[38]
[39]
[40]
[41]
[42]

[43]
[44]

[45]

Proceedings of the 2nd International Conference on Modern Medicine and Global Health
DOI: 10.54254/2753-8818/32/20240806

Global Conference on Signal and Information Processing (GlobalSIP). Anaheim, CA, USA:
IEEE, pp. 469-473.

Xu 'Y, Yang J, Zhao S, et al. An End-to-End Deep Learning Approach for Epileptic Seizure
Prediction. In: 2020 2nd IEEE International Conference on Artificial Intelligence Circuits and
Systems (AICAS). Genova, Italy: IEEE, pp. 266-270.

Yang Y, Yuan Y, Zhang G, et al. Artificial intelligence-enabled detection and assessment of
Parkinson’s disease using nocturnal breathing signals. Nat Med 2022; 28: 2207-2215.

Zihlmann M, Perekrestenko D, Tschannen M. Convolutional Recurrent Neural Networks for
Electrocardiogram Classification, http://arxiv.org/abs/1710.06122 (2018, accessed 24 January
2023).

A survey of swarm and evolutionary computing approaches for deep learning | SpringerLink,
https://link.springer.com/article/10.1007/s10462-019-09719-2 (accessed 28 March 2023).
Saufi SR, Ahmad ZA bin, Leong MS, et al. Differential evolution optimization for resilient
stacked sparse autoencoder and its applications on bearing fault diagnosis. Meas Sci Technol

2018; 29: 125002.

Liu X, Xie L, Wang Y, et al. Privacy and Security Issues in Deep Learning: A Survey. |IEEE
Access 2021; 9: 4566-4593.

Li X, Cui L, Zhang G-Q, et al. Can Big Data guide prognosis and clinical decisions in epilepsy?
Epilepsia 2021; 62: S106-S115.

Usman SM, Usman M, Fong S. Epileptic Seizures Prediction Using Machine Learning Methods.
Computational and Mathematical Methods in Medicine 2017; 2017: €9074759.

Fei K, Wang W, Yang Q, et al. Chaos feature study in fractional Fourier domain for preictal
prediction of epileptic seizure. Neurocomputing 2017; 249: 290-298.

Ocak H. Automatic detection of epileptic seizures in EEG using discrete wavelet transform and
approximate entropy. Expert Systems with Applications 2009; 36: 2027-2036.

Gadhoumi K, Lina J-M, Gotman J. Discriminating preictal and interictal states in patients with
temporal lobe epilepsy using wavelet analysis of intracerebral EEG. Clinical Neurophysiology
2012; 123: 1906-1916.

Freestone DR, Karoly PJ, Cook MJ. A forward-looking review of seizure prediction. Current
Opinion in Neurology 2017; 30: 167.

Hosseini M-P, Pompili D, Elisevich K, et al. Optimized Deep Learning for EEG Big Data and
Seizure Prediction BCI via Internet of Things. IEEE Trans Big Data 2017; 3: 392-404.

Introduction to SPI Interface | Analog Devices, https://www.analog.com/en/analog-
dialogue/articles/introduction-to-spi-interface.html (accessed 22 March 2023).

Report of the committee on methods of clinical examination in electroencephalography.
Electroencephalography and Clinical Neurophysiology 1958; 10: 370-375.

Jung T, Makeig S, Humphries C, et al. Removing electroencephalographic artifacts by blind
source separation. Psychophysiology 2000; 37: 163-178.

Islam MK, Rastegarnia A, Yang Z. Methods for artifact detection and removal from scalp EEG:
A review. Neurophysiologie Clinique/Clinical Neurophysiology 2016; 46: 287—305.

Butterworth S. On the theory of filter amplifiers. Wireless Engineer 1930; 7: 536-541.

Cohen MX. Analyzing Neural Time Series Data: Theory and Practice. MIT Press, 2014.

Andrzejak RG, Lehnertz K, Mormann F, et al. Indications of nonlinear deterministic and finite-
dimensional structures in time series of brain electrical activity: Dependence on recording
region and brain state. Phys Rev E 2001; 64: 061907.

The Bonn EEG time series download page. Nonlinear Time Series Analysis,
https:/imwww.upf.edu/web/ntsa/downloads/-/asset_publisher/xvT6E4pczrBw/content/2001-
indications-of-nonlinear-deterministic-and-finite-dimensional-structures-in-time-series-of-
brain-electrical-activity-dependence-on-recording-regi (accessed 13 March 2023).

100



[46]
[47]
[48]
[49]

[50]

[51]
[52]

[53]
[54]

[55]
[56]
[57]
[58]
[59]
[60]

[61]

[62]

[63]

Proceedings of the 2nd International Conference on Modern Medicine and Global Health
DOI: 10.54254/2753-8818/32/20240806

ManooshSamiei/EEG_epilepsy_classification_Bonn_dataset,
https://github.com/ManooshSamiei/EEG_epilepsy_classification_Bonn_dataset (2022,
accessed 25 March 2023).

Bryce RM, Sprague KB. Revisiting detrended fluctuation analysis. Sci Rep 2012; 2: 315.

Peng C -K., Havlin S, Stanley HE, et al. Quantification of scaling exponents and crossover
phenomena in nonstationary heartbeat time series. Chaos 1995; 5: 82-87.

Martin MT, Pennini F, Plastino A. Fisher’s information and the analysis of complex signals.
Physics Letters A 1999; 256: 173-180.

Liu Y, Sourina O. EEG-based subject-dependent emotion recognition algorithm using fractal
dimension. Conference Proceedings - IEEE International Conference on Systems, Man and
Cybernetics 2014; 2014: 3166-3171.

Peng C-K, Buldyrev SV, Havlin S, et al. Mosaic organization of DNA nucleotides. Phys Rev E
1994; 49: 1685-1689.

Belgiu M, Dragut L. Random forest in remote sensing: A review of applications and future
directions. ISPRS Journal of Photogrammetry and Remote Sensing 2016; 114: 24-31.

Breiman L. Random Forests. Machine Learning 2001; 45: 5-32.

Boostani R, Moradi MH. A new approach in the BCI research based on fractal dimension as
feature and Adaboost as classifier. J Neural Eng 2004; 1: 212-217.

Safavian SR, Landgrebe D. A survey of decision tree classifier methodology. IEEE Transactions
on Systems, Man, and Cybernetics 1991; 21: 660-674.

Pal M. Random forest classifier for remote sensing classification. International Journal of Remote
Sensing 2005; 26: 217-222.

Swain PH, Hauska H. The decision tree classifier: Design and potential. IEEE Transactions on
Geoscience Electronics 1977; 15: 142-147.

Li P, Karmakar C, Yearwood J, et al. Detection of epileptic seizure based on entropy analysis of
short-term EEG. PLoS One 2018; 13: e0193691.

Ullah I, Hussain M, Qazi E-H, et al. An automated system for epilepsy detection using EEG brain
signals based on deep learning approach. Expert Systems with Applications 2018; 107: 61-71.

Subasi A, Ismail Gursoy M. EEG signal classification using PCA, ICA, LDA and support vector
machines. Expert Systems with Applications 2010; 37: 8659-8666.

Bhattacharyya A, Pachori RB. A Multivariate Approach for Patient-Specific EEG Seizure
Detection Using Empirical Wavelet Transform. IEEE Transactions on Biomedical
Engineering 2017; 64: 2003-2015.

Sharma M, Pachori RB, Rajendra Acharya U. A new approach to characterize epileptic seizures
using analytic time-frequency flexible wavelet transform and fractal dimension. Pattern
Recognition Letters 2017; 94: 172-179.

Shafiezadeh S, Duma GM, Mento G, et al. Methodological Issues in Evaluating Machine
Learning Models for EEG Seizure Prediction: Good Cross-Validation Accuracy Does Not
Guarantee Generalization to New Patients. Applied Sciences 2023; 13: 4262.

101



