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CWT/DWT

Bounded variation
Maximum / Minimum
Mean

Power / Power Ratio
Spectral entropy

Variance

FT

Maximum / Minimum

Mean
Peak frequency

Power / Power Ratio
Spectral entropy
Variance / Value range

Connectivity
Phase Locking Value

Detrended Fluctuation
Energy

Fisher information
Fractal dimension
Higuchi Fractal dimension

Time-resolved features

Hurst exponent

Kurtosis

Line length

Nonlinear energy

Petrosian fractal dimension

Skewness /SVD entropy

Lyauponov exponent Zero

crossings

Maximum / Minimum / Mean / Median

Hjorth activity / complexity / mobility
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Method

Accuracy

Sensitivity

Specificity

Class Weight

67.8%
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Gaussian Noise[7]
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85%

Frequency Shift
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Undersampling

69%

62%

76%

1 AuolA FFQAQH ol s, EEY

=
MES HEF AL, doleie) 2RYe Asts o auns
o
=

=

ol

2oyt 175980 1941 24w doleE F8siol
ShallowFBCSPNet[8],  Deep4Net[8],  EEGNet[9] EG‘I}
Auto-sklearn[10,11]7]8F HAlz]{d B®E AFSE X|ofj x7]X

& tsdes FAsHRT & die 2ddYT AR EﬂOlEi*i‘%
AHgstod dde ﬁﬁé‘é}?‘;i}% oA S et &5 &
ZHARL Holg B2 oW g Ay =2 2as =5
& Qg Zloz ridigd.

6. AFALZ

o] =22 201995 AHE(TsH]|EHHEAR)O] fjPo 2 st
AR ks o} ol A+ (No.
NRF-2019R 1A2C1088900)

FaEd
[1] Urigien, J. A., & Garcia-Zapirain, B. (2015). EEG artifact
removal—state-of-the-art and guidelines. Journal of neural
engineering, 12(3), 031001.
[2] Gratton, G. (1998). Dealing with artifacts: The EOG
contamination of the event-related brain potential. Behavior
Research Methods, Instruments, & Computers, 30(1), 44-53.
[3] Klementieva, O., Willén, K., Martinsson, I., Israelsson, B.,
Engdahl, A., Cladera, J., ... & Gouras, G. K. (2017). Pre-plaque
conformational changes in Alzheimer's disease-linked AR and
APP. Nature communications, 8(1), 1-9.
[4] Binder, L. I., Guillozet-Bongaarts, A. L., Garcia-Sierra, F., &
Berry, R. W. (2005). Tau, tangles, and Alzheimer's disease.
Biochimica et Biophysica Acta (BBA)-Molecular Basis of Disease,
1739(2-3), 216-223.
[5] Roy, Y., Banville, H., Albuquerque, I., Gramfort, A., Falk, T.
H., & Faubert, ]. (2019). Deep learning-based
electroencephalography analysis: a systematic review. Journal of
neural engineering, 16(5), 051001.
[6] Craik, A., He, Y., & Contreras-Vidal, J. L. (2019). Deep
learning for electroencephalogram (EEG) classification tasks: a
review. Journal of neural engineering, 16(3), 031001.
[7] Wang, F., Zhong, S. H., Peng, ]., Jiang, J., & Liu, Y. (2018,
February). Data augmentation for eeg-based emotion recognition
with deep convolutional neural networks. In International
conference on multimedia modeling (pp. 82-93). Springer, Cham.
[8] Schirrmeister, R. T., Springenberg, J. T., Fiederer, L. D. ].,
Glasstetter, M., Eggensperger, K., Tangermann, M., ... & Ball, T.
(2017). Deep learning with convolutional neural networks for
EEG decoding and visualization. Human brain mapping, 38(11),
5391-5420.
[9] Lawhern, V. J., Solon, A. J., Waytowich, N. R., Gordon, S.
M., Hung, C. P., & Lance, B. J. (2018). EEGNet: a compact
convolutional neural network for EEG-based brain-computer
interfaces. Journal of neural engineering, 15(5), 056013.
[10] Feurer, M., Klein, A., Eggensperger, K., Springenberg, ].,
Blum, M., & Hutter, F. (2015). Efficient and robust automated
machine learning. Advances in neural information processing
systems, 28.
[11] Feurer, M., Eggensperger, K., Falkner, S., Lindauer, M., &
Hutter, F. (2020). Auto-sklearn 2.0: Hands-free automl via
meta-learning. arXiv preprint arxXiv:2007.04074.



