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ABSTRAK 

Tekanan boleh ditakrifkan sebagai perasaan ketegangan dan tekanan di sekeliling yang 

berpunca daripada pelbagai faktor persekitaran, psikologi, dan sosial yang melibatkan 

manusia dalam tindak balas fizikal dalaman atau luaran dan keadaan emosi. Secara 

amnya, keadaan tekanan dikategorikan dari segi tahap tekanan yang kebiasaannya 

menggunakan tiga tahap tekanan iaitu tekanan tahap rendah, tekanan tahap sederhana dan 

tekanan tahap tinggi. Walaubagaimanapun, tiga tahap tekanan ini menjadi satu limitasi 

untuk kaedah yang sedia ada. Oleh itu, kajian ini bertujuan untuk mengatasi limitasi ini 

dan mengenal pasti kaedah yang lebih baik untuk mengektraksi ciri EEG dan 

mengkategorikan keadaan tekanan secara mendalam. Cadangan utama kajian ini terletak 

kepada pembaharuan kategori tahap tekanan dari tiga tahap kepada enam tahap 

menggunakan konsep terbaharu skala pecahan berdasarkan skala kuantiti yang 

dipengaruhi oleh MCCA dan prestasi persamaan multimodal. Konsep sisihan piawai 

(STD) yang membahagikan skala kuantiti, juga membawa kepada pembaharuan proses 

dan mengenal pasti tahap tekanan. Kelemahan prestasi Matthew Correlation Coefficient 

(MCC) boleh dilihat daripada prestasi ketepatan . Malah, multimodal jarang dibiacarakan 

dari segi parameter. Justeru, MCCA dan persamaan multimodal ini telah menjadi satu 

platform untuk penambahbaikan prestasi ketepatan yang akan menjadi sebahagian 

sumbangan kajian ini. Kajian ini memperkenalkan konsep baharu iaitu Advanced 

Matthew Correlation Coefficient (MCCA) dan menggunakan konsep six sigma untuk 

memberikan prestasi ketepatan yang tinggi dan peningkatan kategori tahap tekanan. 

Kajian ini fokus untuk perkembangan tiga tahap kepada enam tahap mengunnakan skala 

pecahan tahap tekanan yang dipengaruhi oleh Advanced Matthew Correlation Coefficient 

(MCCA) dan prestasi persamaan multimodal. Selain daripada itu kajian ini menggunakan 

kaedah pra-pemprosesan isyarat dan mengasingkan isyarat EEG kepada jalur frekuensi 

seperti Delta, Theta, Alpha, dan Beta. Pengekstrakan ciri EEG secara langsung 

meghasilkan dua puluh satu ciri termasuk fungsi statistik dan bukan statistik. 

Pengekstrakan ciri-ciri ini digunakan dalam fungsi MCCA dan Multimodal. Kajian ini 

menggunakan Support Vector Machine (SVM), Random Forest (RF) dan k- Nearest 

Neighbor (k-NN) untuk proses pengesahan dalam peningkatan tahap tekanan. Daripada 

penemuan itu, RF memperoleh ketepatan purata prestasi terbaik 85% ±10% dalam teknik 

10-Fold dan K-Fold berbanding dengan SVM dan k-NN. Kesimpulannya, kajian ini telah 

memperharui kaedah untuk kategori tahap tekanan dan dan pegekstrakan ciri EEG.  

Rangka kerja MCCA yang ditubuhkan dan enam konsep sigma berjaya menyumbangkan 

prestasi ketepatan yang lebih tinggi, berbanding tiga kategori tahap tekanan yang sedia 

ada. Keputusan juga menunjukkan prestasi Random Forest lebih bagus berbanding SVM 

dan k-NN. Justeru, kajian ini akan memberi implikasi kepada pelbagai penggunaan dan 

bidang, kerana menggunakan persamaan yang lebih efektif yang membawa kepada 

perkembangan kategori tahap tekanan dengan hasil prestasi ketepatan yang dicapai lebih 

daripada 95%.  
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ABSTRACT 

Stress is a response to various environmental, psychological, and social factors, resulting 

in strain and pressure on individuals. Categorizing stress levels is a common practise, 

often using low, medium, and high stress categories. However, the limitation of only three 

stress levels is a significant drawback of the existing approach. This study aims to address 

this limitation and proposes an improved method for EEG feature extraction and stress 

level categorization. The main contribution of this work lies in the enhanced stress level 

categorization, which expands from three to six levels using the newly established 

fractional scale based on the quantities' scale influenced by MCCA and multimodal 

equation performance. The concept of standard deviation (STD) helps in categorizing 

stress levels by dividing the scale of quantities, leading to an improvement in the process. 

The lack of performance in the Matthew Correlation Coefficient (MCC) equation is 

observed in relation to accuracy values. Also, multimodal is rarely discussed in terms of 

parameters. Therefore, the MCCA and multimodal function provide the advantage of 

significantly enhancing accuracy as a part of the study's contribution. This study 

introduces the concept of an Advanced Matthew Correlation Coefficient (MCCA) and 

applies the six-sigma framework to enhance accuracy in stress level categorization. The 

research focuses on expanding the stress levels from three to six, utilizing a new scale of 

fractional stress levels influenced by MCCA and multimodal equation performance. 

Furthermore, the study applies signal pre-processing techniques to filter and segregate the 

EEG signal into Delta, Theta, Alpha, and Beta frequency bands. Subsequently, feature 

extraction is conducted, resulting in twenty-one statistical and non-statistical features. 

These features are employed in both the MCCA and multimodal function analysis. The 

study employs the Support Vector Machine (SVM), Random Forest (RF), and k-Nearest 

Neighbour (k-NN) classifiers for stress level validation. After conducting experiments 

and performance evaluations, RF demonstrates the highest average accuracy of 85%–

10% in 10-Fold and K-Fold techniques, outperforming SVM and k-NN. In conclusion, 

this study presents an improved approach to stress level categorization and EEG feature 

extraction. The proposed Advanced Matthew Correlation Coefficient (MCCA) and six-

sigma framework contribute to achieving higher accuracy, surpassing the limitations of 

the existing three-level categorization. The results indicate the superiority of the Random 

Forest classifier over SVM and k-NN. This research has implications for various 

applications and fields, providing a more effective equation to accurately categorize stress 

levels with a potential accuracy exceeding 95%. 



 

v 

TABLE OF CONTENT 

DECLARATION 

TITLE PAGE  

ACKNOWLEDGEMENTS ii 

ABSTRAK iii 

ABSTRACT iv 

TABLE OF CONTENT v 

LIST OF TABLES ix 

LIST OF FIGURES xi 

LIST OF SYMBOLS xiv 

LIST OF ABBREVIATIONS xv 

LIST OF APPENDICES xvii 

CHAPTER 1 INTRODUCTION 1 

1.1 Background of The Study 1 

1.2 Problem Statement 7 

1.3 Objective of Study 10 

1.4 Contribution of The Study 10 

1.5 Scope and Limitation 12 

1.6 Organization of The Thesis 14 

CHAPTER 2 LITERATURE REVIEW 15 

2.1 Introduction 15 

2.2 Background of a Stress Questionnaire Study 16 

2.3 Background of Physiological Measurements Study 17 

2.4 Exploring The Used of Simulated Music for EEG Studies 18 

2.5 Background of Pre-Processing EEG Signal 20 

2.6 The Relevance and Implications of Signal Processing for EEG Study 23 

2.6.1 Background of Frequency Domain for EEG study 24 

2.6.2 Background of Time Frequency Domain for EEG study 25 



 

vi 

2.7 Background of EEG Signal Features Extraction 27 

2.8 Matthews Correlation Coefficient (MCC) 33 

2.9 Exploring The Use of Multimodal Approaches in Physiological 

Measurement 34 

2.10 Implementation of The Classifier on EEG Signal 36 

2.10.1 Support Vector Machine (SVM) 38 

2.10.2 k-Nearest Neighbors (k-NN) 39 

2.10.3 Random Forest (RF) 40 

2.11 Background of Performance Measurement 41 

2.11.1 Accuracy 41 

2.11.2 Sensitivity 42 

2.11.3 Specificity 42 

2.11.4 Precision 43 

2.12 Background Study of Stress Indices 44 

2.13 Summary of Literature Review 45 

CHAPTER 3 METHODOLOGY 48 

3.1 Introduction 48 

3.2 Data Collection 54 

3.2.1 Self-Stress Questionnaire 54 

3.2.2 Experiment Setup 55 

3.2.3 Experimental Procedure 59 

3.2.4 Experimental Device 61 

3.2.5 Simulated Music Implementation for EEG Signal 62 

3.3 The Method of Pre-Processing EEG Signal 62 

3.3.1 Filtered EEG Signal 63 

3.3.2 EEG Signal Segmentation 63 

3.4 The Method of Signal Processing 64 

3.4.1 The Utilization of The Frequency Domain 64 



 

vii 

3.4.2 The Utilization of Time Frequency Domain 64 

3.5 A Comprehensive Methodological Approach for Features Extraction 65 

3.5.1 Features Extraction Based on Frequency Domain 66 

3.5.2 Features Extraction Based on the Time Frequency Domain 67 

3.6 Matthews Correlation Coefficient Advanced (MCCA) 68 

3.6.1 Arousal and Valence 70 

3.6.2 MCC 71 

3.6.3 Six Sigma 71 

3.6.4 Establish MCCA 72 

3.7 Methodological Framework for Multimodal Implementation 72 

3.8 Methodological Approaches for Classification 74 

3.8.1 Classifier in The Frequency Domain 75 

3.8.2 Classifier in Time Frequency Domain 76 

3.8.3 SVM Classifier 77 

3.8.4 RF Classifier 77 

3.8.5 k-NN Classifier 78 

3.9 Enhancement of Stress Indices 78 

3.10 Summary of Methodology 79 

CHAPTER 4 RESULTS AND DISCUSSION 80 

4.1 Introduction 80 

4.2 Result of ISMA Questionnaire Indices 81 

4.3 Data of Pre-processing EEG Signal 83 

4.3.1 Result of Filtered EEG Signal 83 

4.3.2 Result of EEG Signal Segmentation 86 

4.4 Result of Signal Processing Analysis 90 

4.4.1 Result of Frequency Domain 91 

4.4.2 Result of Time Frequency Domain 93 

4.5 A Results-driven Approach to Feature Extraction 96 



 

viii 

4.5.1 EEG Signal Features Extraction Based on Frequency Domain 97 

4.5.2 EEG Signal Features Extraction Based on Time Frequency Domain 98 

4.6 Result of MCCA 99 

4.7 Result of Multimodal 104 

4.8 Evaluating Performance Results for Classifiers 107 

4.8.1 Classifier Result for Frequency Domain 108 

4.8.2 Classifier Result for Time Frequency Domain 115 

4.9 Result of Enhancement Stress Indices 130 

4.10 Summary of Result and Discussion 132 

CHAPTER 5 CONCLUSION 136 

5.1 Introduction 136 

5.2 Conclusion 136 

5.3 Recommendation and Future Work 138 

REFERENCES 140 

APPENDICES 160 

 

 



 

 140 

REFERENCES 

Ahn, J. W., Ku, Y., & Kim, H. C. (2019). A novel wearable EEG and ECG recording 

system for stress assessment. Sensors, 19(9), 1991. 

https://doi.org/10.3390/s19091991 

Ahuja, R., & Banga, A. (2019). Mental stress detection in university students using 

machine learning algorithms. Procedia Computer Science, 152, 349–353. 

https://doi.org/10.1016/j.procs.2019.05.007 

Akbari, H., Sadiq, M. T., Ur Rehman, A., Ghazvini, M., Naqvi, R. A., Payan, M., Bagheri, 

H., & Bagheri, H. (2021). Depression recognition based on the reconstruction of 

phase space of EEG signals and geometrical features. Applied Acoustics, 179, 

108078. https://doi.org/10.1016/j.apacoust.2021.108078 

Akhonda, M. A. B. S., Levin-Schwartz, Y., Bhinge, S., Calhoun, V. D., & Adali, T. 

(2018). Consecutive independence and correlation transform for multimodal fusion: 

Application to EEG and Fmri Data. 2018 IEEE International Conference on 

Acoustics, Speech, and Signal Processing (ICASSP) (pp. 2311-2315). 

https://doi.org/10.1109/ICASSP.2018.8462031 

Akkermans, J., Schapiro, R., Müllensiefen, D., Jakubowski, K., Shanahan, D., Baker, D., 

Busch, V., Lothwesen, K., Elvers, P., Fischinger, T., Schlemmer, K., & Frieler, K. 

(2018). Decoding emotions in expressive music performances: A multi-lab 

replication and extension study. Cognition and Emotion, 33(6), 1099–1118. 

https://doi.org/10.1080/02699931.2018.1541312 

Al Ghayab, H. R., Li, Y., Siuly, S., & Abdulla, S. (2018). Epileptic seizures detection in 

EEGs blending frequency domain with information gain technique. Soft Computing, 

23(1), 227–239. https://doi.org/10.1007/s00500-018-3487-0 

Al-Hadeethi, H., Abdulla, S., Diykh, M., Deo, R. C., & Green, J. H. (2020). Adaptive 

boost LS-SVM classification approach for time-series signal classification in 

epileptic seizure diagnosis applications. Expert Systems with Applications, 161, 

113676. https://doi.org/10.1016/j.eswa.2020.113676 

 Al-Qerem, A., Kharbat, F., Nashwan, S., Ashraf, S., & Blaou. (2020). General model for 

best feature extraction of EEG using discrete wavelet transform wavelet family and 

differential evolution. International Journal of Distributed Sensor Networks, 16(3), 

155014772091100. https://doi.org/10.1177/1550147720911009 

Al-Quraishi, M. S., Elamvazuthi, I., Tang, T. B., AL-Qurishi, M., Parasuraman, S., & 

Borboni, A. (2021). Multimodal Fusion approach based on EEG and EMG signals 

for lower limb movement recognition. IEEE Sensors Journal, 1–1. 

https://doi.org/10.1109/jsen.2021.3119074 

Al-Salman, W., Li, Y., & Wen, P. (2021). Detection of k-complexes in EEG signals using 

a multi-domain feature extraction coupled with a least square support vector 

machine classifier. Neuroscience Research, 172, 26–40. 

https://doi.org/10.1016/j.neures.2021.03.012 



 

 141 

Al-Shargie, F., Tang, T. B., Badruddin, N., & Kiguchi, M. (2017). Towards multilevel 

mental stress assessment using SVM with ECOC: an EEG approach. Medical & 

Biological Engineering & Computing, 56(1), 125–136. 

https://doi.org/10.1007/s11517-017-1733-8 

Alipour, Z. M., Khosrowabadi, R., & Namazi, H. (2018). Fractal-based analysis of the 

influence of variations of rhythmic patterns of music on human brain response. 

Fractals, 26(05), 1850080. https://doi.org/10.1142/s0218348x18500809 

AlShorman, O., Masadeh, M., Heyat, M. B. B., Akhtar, F., Almahasneh, H., Ashraf, G. 

M., & Alexiou, A. (2022). Frontal lobe real-time EEG analysis using machine 

learning techniques for mental stress detection. Journal of Integrative Neuroscience, 

21(1), 020. https://doi.org/10.31083/j.jin2101020 

Ambaye, G. A. (2020). Time and frequency domain analysis of signals : A review. 

International Journal of Engineering Research and Technology, 9(12), 271–76. 

https://doi.org/ 10.17577/ijertv9is120127 

Amin, S. U., Muhammad, G., Abdul, W., Bencherif, M., & Alsulaiman, M. (2020). Multi-

CNN feature fusion for efficient EEG classification. 2020 IEEE International 

Conference on Multimedia & Expo Workshops (ICMEW). 

https://doi.org/10.1109/icmew46912.2020.9106021 

Anjum, M. F., Dasgupta, S., Mudumbai, R., Singh, A., Cavanagh, J. F., & Narayanan, N. 

S. (2020). Linear predictive coding distinguishes spectral EEG features of 

Parkinson’s disease. Parkinsonism & Related Disorders, 79, 79–85. 

https://doi.org/10.1016/j.parkreldis.2020.08.001 

Antoniou, E., Bozios, P., Christou, V., Tzimourta, K. D., Kalafatakis, K., G. Tsipouras, 

M., Giannakeas, N., & Tzallas, A. T. (2021). EEG-based eye movement recognition 

using brain–computer interface and random forests. Sensors, 21(7), 2339. 

https://doi.org/10.3390/s21072339 

Anuragi, A., & Sisodia, D. S. (2020). Empirical wavelet transform based automated 

alcoholism detecting using EEG signal features. Biomedical Signal Processing and 

Control, 57, 101777. https://doi.org/10.1016/j.bspc.2019.101777 

Anuragi, A., & Singh Sisodia, D. (2019). Alcohol use disorder detection using EEG 

Signal features and flexible analytical wavelet transform. Biomedical Signal 

Processing and Control, 52, 384–393. https://doi.org/10.1016/j.bspc.2018.10.017 

Arpaia, P., Moccaldi, N., Prevete, R., Sannino, I., & Tedesco, A. (2020). A wearable EEG 

instrument for real-time frontal asymmetry monitoring in worker stress analysis. 

IEEE Transactions on Instrumentation and Measurement, 69(10), 8335–8343. 

https://doi.org/10.1109/tim.2020.2988744 

Arrufat‐Pié, E., Estévez‐Báez, M., Estévez‐Carreras, J. M., Machado‐Curbelo, C., 

Leisman, G., & Beltrán, C. (2021). Comparison between traditional fast Fourier 

transform and marginal spectra using the Hilbert–Huang transform method for the 

broadband spectral analysis of the electroencephalogram in healthy humans. 

Engineering Reports. https://doi.org/10.1002/eng2.12367 



 

 142 

Arsalan, A., Majid, M., Butt, A. R., & Anwar, S. M. (2019). Classification of perceived 

mental stress using a commercially available EEG headband. IEEE Journal of 

Biomedical and Health Informatics, 23(6), 2257–2264. 

https://doi.org/10.1109/jbhi.2019.2926407 

Asif, A., Majid, M., & Anwar, S. M. (2019). Human stress classification using EEG 

signals in response to music tracks. Computers in Biology and Medicine, 107, 182–

196. https://doi.org/10.1016/j.compbiomed.2019.02.015 

Attar, E. T., Balasubramanian, V., Subasi, E., & Kaya, M. (2021). Stress analysis based 

on simultaneous heart rate variability and EEG monitoring. IEEE Journal of 

Translational Engineering in Health and Medicine, 9, 1–7. 

https://doi.org/10.1109/jtehm.2021.3106803 

Bachmann, M., Päeske, L., Kalev, K., Aarma, K., Lehtmets, A., Ööpik, P., Lass, J., & 

Hinrikus, H. (2018). Methods for classifying depression in single channel EEG 

using linear and nonlinear signal analysis. Computer Methods and Programs in 

Biomedicine, 155, 11–17. https://doi.org/10.1016/j.cmpb.2017.11.023 

Bagherzadeh, Y., Baldauf, D., Pantazis, D., & Desimone, R. (2019). Alpha synchrony 

and the neurofeedback control of spatial attention. Neuron, 105(3), 577-587. 

https://doi.org/10.1016/j.neuron.2019.11.001 

Balasubramanian, G., Kanagasabai, A., Mohan, J., & Seshadri, N. P. G. (2018). Music 

induced emotion using wavelet packet decomposition—An EEG study. Biomedical 

Signal Processing and Control, 42, 115–128. 

https://doi.org/10.1016/j.bspc.2018.01.015 

Baumgartl, H., Fezer, E., & Buettner, R. (2020). Two-level classification of chronic stress 

using machine learning on resting-state EEG recordings. AMCIS 2020 Proceedings. 

Retrieved from 

https://aisel.aisnet.org/amcis2020/data_science_analytics_for_decision_support/dat

a_science_analytics_for_decision_support/27 

Beeraka, S. M., Kumar, A., Sameer, M., Ghosh, S., & Gupta, B. (2021). Accuracy 

enhancement of epileptic seizure detection: A deep learning approach with hardware 

realization of STFT. Circuits, Systems, and Signal Processing, 41, 461-484. 

https://doi.org/10.1007/s00034-021-01789-4 

Bentes, C., Peralta, A. R., Viana, P., Martins, H., Morgado, C., Casimiro, C., Franco, A. 

C., Fonseca, A. C., Geraldes, R., Canhão, P., Pinho e Melo, T., Paiva, T., & Ferro, 

J. M. (2018). Quantitative EEG and functional outcome following acute ischemic 

stroke. Clinical Neurophysiology, 129(8), 1680–1687. 

https://doi.org/10.1016/j.clinph.2018.05.021 

Bota, P. J., Wang, C., Fred, A. L. N., & Plácido Da Silva, H. (2019). A review, current 

challenges, and future possibilities on emotion recognition using machine learning 

and physiological signals. IEEE Access, 7, 140990–141020. 

https://doi.org/10.1109/ACCESS.2019.2944001 

 



 

 143 

Brown, J. B. (2018). Classifiers and their Metrics Quantified. Molecular Informatics, 

37(1-2), 1700127. https://doi.org/10.1002/minf.201700127 

Cai, H., Han, J., Chen, Y., Sha, X., Wang, Z., Hu, B., Yang, J., Feng, L., Ding, Z., Chen, 

Y., & Gutknecht, J. (2018). A pervasive approach to EEG-based depression 

detection. Complexity, 1–13. https://doi.org/10.1155/2018/5238028 

Cai, H., Chen, Y., Han, J., Zhang, X., & Hu, B. (2018). Study on Feature selection 

methods for depression detection using three-electrode EEG data. Interdisciplinary 

Sciences: Computational Life Sciences, 10(3), 558–565. 

https://doi.org/10.1007/s12539-018-0292-5 

Candia-Rivera, D., Catrambone, V., Barbieri, R., & Valenza, G. (2022). Functional 

assessment of bidirectional cortical and peripheral neural control on heartbeat 

dynamics: A brain-heart study on thermal stress. NeuroImage, 251, 119023. 

https://doi.org/10.1016/j.neuroimage.2022.119023 

Cassani, R., Estarellas, M., San-Martin, R., Fraga, F. J., & Falk, T. H. (2018). Systematic 

review on resting-state EEG for Alzheimer’s disease diagnosis and progression 

assessment. Disease Markers, 2018, 1–26. https://doi.org/10.1155/2018/5174815 

Çetin, V., Özekes, S., & Varol, H. S. (2020). Effects of Digital filtering on the 

classification performance of steady-state visual evoked potential based brain-

computer interfaces. Balkan Journal of Electrical and Computer Engineering, 108–

113. https://doi.org/10.17694/bajece.654288 

 Chakladar, D. D., Kumar, P., Roy, P. P., Dogra, D. P., Scheme, E., & Chang, V. (2021). 

A multimodal-Siamese Neural Network (mSNN) for person verification using 

signatures and EEG. Information Fusion, 71, 17–27. 

https://doi.org/10.1016/j.inffus.2021.01.004 

Chao, H., Dong, L., Liu, Y., & Lu, B. (2019). Emotion recognition from multiband EEG 

Signals using CapsNet. Sensors, 19(9), 2212. https://doi.org/10.3390/s19092212 

Chaudhary, M., Mukhopadhyay, S., Litoiu, M., Sergio, L. E. & Adams, M. S. (2020). 

Understanding brain dynamics for color perception using wearable EEG headband. 

Proceedings of the 30th Annual International Conference on Computer Science and 

Software Engineering (CASCON '20) (pp. 13–22). 

Chicco, D., Jurman, G. (2020). The advantages of the Matthews correlation coefficient 

(MCC) over F1 score and accuracy in binary classification evaluation. BMC 

Genomics, 21, 6. https://doi.org/10.1186/s12864-019-6413-7 

Chicco, D., Tötsch, N. & Jurman, G. (2021). The Matthews correlation coefficient 

(MCC) is more reliable than balanced accuracy, bookmaker informedness, and 

markedness in two-class confusion matrix evaluation. BioData Mining, 14, 13. 

https://doi.org/10.1186/s13040-021-00244-z 

Ciprian, C., Masychev, K., Ravan, M., Manimaran, A., & Deshmukh, A. (2021). 

Diagnosing schizophrenia using effective connectivity of resting-state EEG data. 

Algorithms, 14(5), 139. https://doi.org/10.3390/a14050139 



 

 144 

Cooney, C., Korik, A., Folli, R., & Coyle, D. (2020). Evaluation of hyperparameter 

optimization in machine and deep learning methods for decoding imagined speech 

EEG. Sensors, 20(16), 4629. https://doi.org/10.3390/s20164629 

 Crosswell, A. D., & Lockwood, K. G. (2020). Best practices for stress measurement: 

How to measure psychological stress in health research. Health Psychology Open, 

7(2), 205510292093307. https://doi.org/10.1177/2055102920933072 

Čukić, M., Stokić, M., Simić, S., & Pokrajac, D. (2020). The successful discrimination 

of depression from EEG could be attributed to proper feature extraction and not to 

a particular classification method. Cognitive Neurodynamics, 14(4), 443–455. 

https://doi.org/10.1007/s11571-020-09581-x 

Craig, G. &Williams, B. (2012). Six Sigma For Dummies. (2nd ed.). John Wiley & Son 

Inc. 

Dash, D. P., Kolekar, M. H., & Jha, K. (2021). Surface EEG based epileptic seizure 

detection using wavelet based features and dynamic mode decomposition power 

along with KNN classifier. Multimedia Tools and Applications. 

https://doi.org/10.1007/s11042-021-11487-7 

Dehzangi, O., & Taherisadr, M. (2018). EEG based driver inattention identification via 

feature profiling and dimensionality reduction. Internet of Things, 107–121. 

https://doi.org/10.1007/978-3-030-02819-0_9 

Dhabhar, F. S. (2018). The short-term stress response – Mother nature’s mechanism for 

enhancing protection and performance under conditions of threat, challenge, and 

opportunity. Frontiers in Neuroendocrinology, 49, 175–192. 

https://doi.org/10.1016/j.yfrne.2018.03.004 

Dong, E., Zhou, K., Tong, J., & Du, S. (2020). A novel hybrid kernel function relevance 

vector machine for multi-task motor imagery EEG classification. Biomedical Signal 

Processing and Control, 60, 101991. https://doi.org/10.1016/j.bspc.2020.101991 

 Dwi Saputro, I. R., Maryati, N. D., Solihati, S. R., Wijayanto, I., Hadiyoso, S., & 

Patmasari, R. (2019). Seizure type classification on EEG signal using support vector 

Machine. Journal of Physics: Conference Series, 1201(1), 012065. 

https://doi.org/10.1088/1742-6596/1201/1/012065 

Dzedzickis, A., Kaklauskas, A., & Bucinskas, V. (2020). Human emotion recognition: 

Review of sensors and methods. Sensors, 20(3). https://doi.org/10.3390/s20030592 

Edla, D. R., Mangalorekar, K., Dhavalikar, G., & Dodia, S. (2018). Classification of EEG 

data for human mental state analysis using Random Forest Classifier. Procedia 

Computer Science, 132, 1523–1532. https://doi.org/10.1016/j.procs.2018.05.116 

Fasil, O. K. & Rajesh, R. (2019). Time-domain exponential energy for epileptic EEG 

signal classification. Neuroscience Letters, 694, 1–8. 

https://doi.org/10.1016/j.neulet.2018.10.062 

 



 

 145 

Fedotchev, A., Parin, S., Polevaya, S., & Zemlianaia, A. (2021). EEG-based musical 

neurointerfaces in the correction of stress-induced states. Brain-Computer 

Interfaces, 9(1), 1–6. https://doi.org/10.1080/2326263x.2021.1964874 

Fernandez Rojas, R., Huang, X., & Ou, K.-L. (2019). A machine learning approach for 

the identification of a biomarker of human pain using fNIRS. Scientific Reports, 

9(1). https://doi.org/10.1038/s41598-019-42098-w 

Gabdullin, N., & Ro, J.-S. (2019). Novel non-linear transient path energy method for the 

analytical analysis of the non-periodic and non-linear dynamics of electrical 

machines in the time domain. IEEE Access, 7, 37833–37854. 

https://doi.org/10.1109/access.2019.2905856 

Galvão, F., Alarcão, S. M., & Fonseca, M. J. (2021). Predicting exact valence and arousal 

values from EEG. Sensors, 21(10), 3414. https://doi.org/10.3390/s21103414 

Gao, Q., Wang, C., Wang, Z., Song, X., Dong, E., & Song, Y. (2020). EEG based emotion 

recognition using fusion feature extraction method. Multimedia Tools and 

Applications, 79(37-38), 27057–27074. https://doi.org/10.1007/s11042-020-09354-

y 

Garcia-Martinez, B., Martinez-Rodrigo, A., Alcaraz, R., & Fernandez-Caballero, A. 

(2021). A review on nonlinear methods using electroencephalographic recordings 

for emotion recognition. IEEE Transactions on Affective Computing, 12(3), 801–

820. https://doi.org/10.1109/taffc.2018.2890636 

Gaur, P., Pachori, R. B., Wang, H., & Prasad, G. (2018). A multi-class EEG-based BCI 

classification using multivariate empirical mode decomposition based filtering and 

Riemannian geometry. Expert Systems with Applications, 95, 201–211. 

https://doi.org/10.1016/j.eswa.2017.11.007 

Ghimatgar, H., Kazemi, K., Helfroush, M. S., & Aarabi, A. (2019). An automatic single-

channel EEG-based sleep stage scoring method based on hidden Markov Model. 

Journal of Neuroscience Methods, 324, 108320. 

https://doi.org/10.1016/j.jneumeth.2019.108320 

Giannakakis, G., Grigoriadis, D., Giannakaki, K., Simantiraki, O., Roniotis, A., & 

Tsiknakis, M. (2019). Review on psychological stress detection using biosignals. 

IEEE Transactions on Affective Computing, 1–1. 

https://doi.org/10.1109/taffc.2019.2927337 

Gligor, Ș., & Mozoș, I. (2019). Indicators of smartphone addiction and stress score in 

university students. Wiener klinische Wochenschrift, 131(5-6), 120–125. 

https://doi.org/10.1007/s00508-018-1373-5 

Gomez-Gil, J., San-Jose-Gonzalez, I., Nicolas-Alonso, L. F., & Alonso-Garcia, S. 

(2011). Steering a Tractor by Means of an EMG-Based Human-Machine Interface. 

Sensors, 11(7), 7110–7126. https://doi.org/10.3390/s110707110 

 

 



 

 146 

Gonzalez-Carabarin, L., Castellanos-Alvarado, E. A., Castro-Garcia, P., & Garcia-

Ramirez, M. A. (2021). Machine Learning for personalised stress detection: Inter-

individual variability of EEG-ECG markers for acute-stress response. Computer 

Methods and Programs in Biomedicine, 209, 106314. 

https://doi.org/10.1016/j.cmpb.2021.106314 

Goyal, Ishita, and Anmol Mehta. (2021). Acquisition , pre-processing, and feature 

extraction of EEG signals to convert it into an image classification problem. 

International Research Journal of Engineering and Technology (IRJET), 8, 203–6. 

Retrieved from https://www.irjet.net/archives/V8/i2/IRJET-V8I237.pdf 

Grubov, V. V., Sitnikova, E. Y., Pavlov, A. N., Khramova, M. V., Koronovskii, A. A., & 

Hramov, A. E. (2015). Time-frequency analysis of epileptic EEG patterns by means 

of empirical modes and wavelets. SPIE Proceedings. 

https://doi.org/10.1117/12.2178898 

Gürsel Özmen, N. (2021). EEG analysis of real and imaginary arm movements by 

spectral coherence. Uludağ University Journal of the Faculty of Engineering, 109–

126. https://doi.org/10.17482/uumfd.793775 

Guo, K., Chai, R., Candra, H., Guo, Y., Song, R., Nguyen, H., & Su, S. (2018). A Hybrid 

fuzzy cognitive map/support vector machine approach for EEG-based emotion 

classification using compressed sensing. International Journal of Fuzzy Systems, 

21(1), 263–273. https://doi.org/10.1007/s40815-018-0567-3 

Gupta, A., Bhushan, B., & Behera, L. (2018). Short-term enhancement of cognitive 

functions and music: A three-channel model. Scientific Reports, 8(1), 15528. 

https://doi.org/10.1038/s41598-018-33618-1 

Gupta, R., Alam, M. A., & Agarwal, P. (2020). Modified support vector machine for 

detecting stress level using EEG signals. Computational Intelligence and 

Neuroscience, 2020, 1–14. https://doi.org/10.1155/2020/8860841 

Gupta, V., & Pachori, R. B. (2018). A new method for classification of focal and non-

focal EEG signals. Advances in Intelligent Systems and Computing, 235–246. 

https://doi.org/10.1007/978-981-13-0923-6_20 

Gursel Ozmen, N., Gumusel, L., & Yang, Y. (2018). A biologically inspired approach to 

frequency domain feature extraction for EEG classification. Computational and 

Mathematical Methods in Medicine, 2018, 1–10. 

https://doi.org/10.1155/2018/9890132 

Hamada, M., Zaidan, B. B., & Zaidan, A. A. (2018). A systematic review for human EEG 

brain signals based emotion classification, feature extraction, brain condition, group 

comparison. Journal of Medical Systems, 42(9). https://doi.org/10.1007/s10916-

018-1020-8 

 

 

 



 

 147 

Hamatta, H. S. A., Banerjee, K., Anandaram, H., Shabbir Alam, M., Deva Durai, C. A., 

Parvathi Devi, B., Palivela, H., Rajagopal, R., & Yeshitla, A. (2022). Genetic 

algorithm-based human mental stress detection and alerting in Internet of Things. 

Computational Intelligence and Neuroscience, 2022, 1–7. 

https://doi.org/10.1155/2022/4086213 

Haputhanthri, D., Brihadiswaran, G., Gunathilaka, S., Meedeniya, D., Jayarathna, S., 

Jaime, M., & Harshaw, C. (2020). Integration of facial thermography in EEG-based 

classification of ASD. International Journal of Automation and Computing, 17(6), 

837–854. https://doi.org/10.1007/s11633-020-1231-6 

Hasan, M. D. & Kim, J. M. (2019). A hybrid feature pool-based emotional stress state 

detection algorithm using EEG signals. Brain Sciences, 9(12), 376. 

https://doi.org/10.3390/brainsci9120376 

He, H., Zhao, W., & Fujimoto, K. (2019). Identification of EEG-based music emotion 

using hybrid COA features and t-SNE. Proceedings of the 2019 9th International 

Conference on Biomedical Engineering and Technology - ICBET’ 19. 

https://doi.org/10.1145/3326172.3326183 

Hosseini, M., Powell, M., Collins, J., Callahan-Flintoft, C., Jones, W., Bowman, H., & 

Wyble, B. (2020). I tried a bunch of things: The dangers of unexpected overfitting 

in classification of brain data. Neuroscience & Biobehavioral Reviews, 119, 456–

467. https://doi.org/10.1016/j.neubiorev.2020.09.036 

Hosseini, M.-P., Hosseini, A., & Ahi, K. (2021). A review on machine learning for EEG 

signal processing in bioengineering. IEEE Reviews in Biomedical Engineering, 14, 

204–218. https://doi.org/10.1109/rbme.2020.2969915 

Hsiao, F.-J., Chen, W.-T., Pan, L.-L. H., Liu, H.-Y., Wang, Y.-F., Chen, S.-P., Lai, K.-

L., & Wang, S.-J. (2021). Machine learning–based prediction of heat pain sensitivity 

by using resting-state EEG. Frontiers in Bioscience-Landmark, 26(12), 1537–1547. 

https://doi.org/10.52586/5047 

Hsu, J.-L., Zhen, Y.-L., Lin, T.-C., & Chiu, Y.-S. (2017). Affective content analysis of 

music emotion through EEG. Multimedia Systems, 24(2), 195–210. 

https://doi.org/10.1007/s00530-017-0542-0 

Hu, X., Li, F. & Ng. J. T. D. (2018). On the relationships between music-induced emotion 

and physiological signals. Proceedings of the 19th International Society for Music 

Information Retrieval Conference (pp. 362–369). 

https://doi.org/10.5281/zenodo.1492425  

Hu, X., Chen, J., Wang, F., & Zhang, D. (2019). Ten challenges for EEG-based affective 

computing. Brain Science Advances, 5(1), 1–20. 

https://doi.org/10.1177/2096595819896200 

Iqbal, T., Elahi, A., Wijns, W., & Shahzad, A. (2022). Exploring unsupervised machine 

learning classification methods for physiological stress detection. Frontiers in 

Medical Technology, 4. https://doi.org/10.3389/fmedt.2022.782756 

 



 

 148 

Islam, M. R. & Ahmad, M. (2019). Wavelet analysis based classification of emotion from 

EEG signal. 2019 International Conference on Electrical, Computer and 

Communication Engineering (ECCE). https://doi.org/10.1109/ecace.2019.8679156 

Jacobsen, S., Meiron, O., Salomon, D. Y., Kraizler, N., Factor, H., Jaul, E., & Tsur, E. E. 

(2020). Integrated development environment for EEG-driven cognitive-

neuropsychological research. IEEE Journal of Translational Engineering in Health 

and Medicine, 8, 1–8. https://doi.org/10.1109/jtehm.2020.2989768 

Javaid, H., Kumarnsit, E., & Chatpun, S. (2022). Age-related alterations in EEG network 

connectivity in healthy aging. Brain Sciences, 12(2), 218. doi: 

10.3390/brainsci12020218  

Jayaraj, R., & Mohan, J. (2021). Classification of sleep apnea based on sub-band 

decomposition of EEG signals. Diagnostics, 11(9), 1571. 

https://doi.org/10.3390/diagnostics11091571 

Jayarathne, I., Cohen, M., & Amarakeerthi, S. (2020). Person identification from EEG 

using various machine learning techniques with inter-hemispheric amplitude ratio. 

PLOS ONE, 15(9), e0238872. https://doi.org/10.1371/journal.pone.0238872 

Jiang, Y., Li, W., Hossain, M. S., Chen, M., Alelaiwi, A., & Al-Hammadi, M. (2020). A 

snapshot research and implementation of multimodal information fusion for data-

driven emotion recognition. Information Fusion, 53, 209–221. 

https://doi.org/10.1016/j.inffus.2019.06.019 

Jiang, Z., & Zhao, W. (2021). Fusion algorithm for imbalanced EEG data processing in 

seizure detection. Seizure, 91, 207–211. 

https://doi.org/10.1016/j.seizure.2021.06.023 

Jukic, S., Saracevic, M., Subasi, A., & Kevric, J. (2020). Comparison of ensemble 

machine learning methods for automated classification of focal and non-focal 

epileptic EEG signals. Mathematics, 8(9), 1481. 

https://doi.org/10.3390/math8091481 

Kang, J., Cai, E., Han, J., Tong, Z., Li, X., Sokhadze, E. M., Casanova, M. F., Ouyang, 

G., & Li, X. (2018). Transcranial Direct Current Stimulation (tDCS) can modulate 

EEG complexity of children with autism spectrum disorder. Frontiers in 

Neuroscience, 12, 201. https://doi.org/10.3389/fnins.2018.00201 

Katmah, R., Al-Shargie, F., Tariq, U., Babiloni, F., Al-Mughairbi, F., & Al-Nashash, H. 

(2021). A review on mental stress assessment methods using EEG signals. Sensors, 

21(15), 5043. https://doi.org/10.3390/s21155043 

Keelawat, P., Thammasan, N., Kijsirikul, B., & Numao, M. (2019). Subject-Independent 

emotion recognition during music listening based on EEG using Deep 

Convolutional Neural Networks. 2019 IEEE 15th International Colloquium on 

Signal Processing & Its Applications (CSPA). 

https://doi.org/10.1109/cspa.2019.8696054 

 



 

 149 

Keelawat, P., Thammasan, N., Numao, M., & Kijsirikul, B. (2019). Spatiotemporal 

Emotion Recognition using Deep CNN Based on EEG during music listening. 

Retrieved from  arXiv:1910.09719  

Keelawat, P., Thammasan, N., Numao, M., & Kijsirikul, B. (2021). A Comparative study 

of window size and channel arrangement on EEG-emotion recognition Using Deep 

CNN. Sensors, 21(5), 1678. https://doi.org/10.3390/s21051678 

Khare, S. K., Bajaj, V., & Acharya, U. R. (2021). SPWVD-CNN for automated detection 

of schizophrenia patients using EEG signals. IEEE Transactions on Instrumentation 

and Measurement, 70, 1–9. https://doi.org/10.1109/tim.2021.3070608 

Kirthana Kunikullaya, U., Sasidharan, A., Vijayadas, Bhushan Kumar, A., Sanjeeva 

Vernekar, M., Kunnavil, R., Goturu, J., Prakash, V. S., & Murthy, N. S. (2021). P-

EG008. Electroencephalographic changes on passive listening to 3 Indian classical 

music scales. Clinical Neurophysiology, 132(8), e79–e80. 

https://doi.org/10.1016/j.clinph.2021.02.166 

Kumari, R. S. S., & Abirami, R. (2019). Automatic detection and classification of 

epileptic seizure using radial basis function and power spectral density. 2019 

International Conference on Wireless Communications Signal Processing and 

Networking (WiSPNET). https://doi.org/10.1109/wispnet45539.2019.9032800 

 Kumar, J. L. M., Rashid, M., Musa, R. M., Mohd Razman, M. A., Sulaiman, N., Jailani, 

R. & Abdul Majeed, A. P. P. (2021). The classification of EEG-based winking 

signals: a transfer learning and random forest pipeline. PeerJ, 9, e11182. 

https://doi.org/10.7717/peerj.11182 

Kusumaningrum, T. D., Faqih, A., & Kusumoputro, B. (2020). Emotion recognition 

based on DEAP database using EEG time-frequency features and machine learning 

methods. Journal of Physics: Conference Series, 1501, 012020. 

https://doi.org/10.1088/1742-6596/1501/1/012020 

Lakhan, P., Banluesombatkul, N., Changniam, V., Dhithijaiyratn, R., Leelaarporn, P., 

Boonchieng, E., Hompoonsup, S., & Wilaiprasitporn, T. (2019). Consumer grade 

brain sensing for emotion recognition. IEEE Sensors Journal, 19(21), 9896–9907. 

https://doi.org/10.1109/jsen.2019.2928781 

Lemay, V., Hoolahan, J., & Buchanan, A. (2019). Impact of a yoga and meditation 

intervention on students' stress and anxiety levels. American Journal of 

Pharmaceutical Education, 83(5), 7001. https://doi.org/10.5688/ajpe7001 

Lestari, F. P. A., Pane, E. S., Suprapto, Y. K., & Purnomo, M. H. (2018). Wavelet based-

analysis of alpha rhythm on EEG signal. 2018 International Conference on 

Information and Communications Technology (ICOIACT). 

https://doi.org/10.1109/icoiact.2018.8350673 

Li, L., Cai, H., Han, H., Jiang, Q. & Ji, H. (2019). Adaptive short-time Fourier transform 

and synchrosqueezing transform for non-stationary signal separation. Signal 

Processing, 166, 107231. https://doi.org/10.1016/j.sigpro.2019.07.024 

 



 

 150 

Li, W., Hu, X., Long, X., Tang, L., Chen, J., Wang, F., & Zhang, D. (2020). EEG 

responses to emotional videos can quantitatively predict big-five personality traits. 

Neurocomputing, 415, 368–381. https://doi.org/10.1016/j.neucom.2020.07.123 

Liao, C.-Y., Chen, R.-C., & Tai, S.-K. (2018). Emotion stress detection using EEG signal 

and deep learning technologies. 2018 IEEE International Conference on Applied 

System Invention (ICASI) (pp. 90-93). https://doi.org/10.1109/ICASI.2018.8394414 

Lin, X.-J., Zhang, C.-Y., Yang, S., Hsu, M.-L., Cheng, H., Chen, J., & Yu, H. (2020). 

Stress and its association with academic performance among dental undergraduate 

students in Fujian, China: A cross-sectional online questionnaire survey. BMC 

Medical Education, 20(1). https://doi.org/10.1186/s12909-020-02095-4 

Liu, S., Liu, X., Yan, D., Chen, S., Liu, Y., Hao, X., Ou, W., Huang, Z., Su, F., He, F., & 

Ming, D. (2022). Alterations in patients with first-episode depression in the eyes-

open and eyes-closed conditions: A resting-state EEG study. IEEE Transactions on 

Neural Systems and Rehabilitation Engineering, 30, 1019–1029. 

https://doi.org/10.1109/tnsre.2022.3166824 

Lo, Y., Hsiao, Y.-T., & Chang, F.-C. (2022). Use electroencephalogram entropy as an 

indicator to detect stress-induced sleep alteration. Applied Sciences, 12(10), 4812. 

https://doi.org/10.3390/app12104812 

Lundy, C., & O'Toole, J. M. (2021). Random convolution kernels with multi-scale 

decomposition for preterm EEG inter-burst detection. 2021 29th European Signal 

Processing Conference (EUSIPCO) (pp. 1182-1186). 

https://doi.org/10.23919/EUSIPCO54536.2021.9616281 

Mahesh, B., Hassan, T., Prassler, E., & Garbas, J.-U. (2019). Requirements for a 

Reference dataset for multimodal human stress detection. 2019 IEEE International 

Conference on Pervasive Computing and Communications Workshops (PerCom 

Workshops). https://doi.org/10.1109/percomw.2019.8730884 

Mahmud, M. S., Ahmed, F., Yeasin, M., Alain, C., & Bidelman, G. M. (2020). 

Multivariate models for decoding hearing impairment using EEG gamma-band 

power spectral density. 2020 International Joint Conference on Neural Networks 

(IJCNN). https://doi.org/10.1109/ijcnn48605.2020.9206731 

Malviya, L., Mal, S., & Lalwani, P. (2021). EEG data analysis for stress detection. 2021 

10th IEEE International Conference on Communication Systems and Network 

Technologies (CSNT). https://doi.org/10.1109/csnt51715.2021.9509713 

Mammone, N., Ieracitano, C., & Morabito, F. C. (2020). A deep CNN approach to decode 

motor preparation of upper limbs from time–frequency maps of EEG signals at 

source level. Neural Networks, 124, 357–372. 

https://doi.org/10.1016/j.neunet.2020.01.027 

Mane, R., Chew, E., Phua, K. S., Ang, K. K., Robinson, N., Vinod, A. P., & Guan, C. 

(2019). Prognostic and monitory EEG-biomarkers for BCI upper-limb stroke 

rehabilitation. IEEE Transactions on Neural Systems and Rehabilitation 

Engineering, 27(8), 1654–1664. https://doi.org/10.1109/TNSRE.2019.2924742  



 

 151 

Mangalasseri, P., Roy, S., Surendran, E., Jayadevan, C., Kumar, AK. M., & Chandran, 

S. (2019). A cross-sectional study on the role of stress in hyperglycemia and the 

effect of Mahatiktaka Kashaya (an Ayurvedic formulation) in its management. AYU 

(an International Quarterly Journal of Research in Ayurveda), 40(2), 114. 

https://doi.org/10.4103/ayu.ayu_200_19 

Martínez-Rodrigo, A., García-Martínez, B., Alcaraz, R., González, P., & Fernández-

Caballero, A. (2019). Multiscale entropy analysis for recognition of visually elicited 

negative stress from EEG recordings. International Journal of Neural Systems, 

29(2), 1850038. https://doi.org/10.1142/S0129065718500387  

Martínez-Tejada, L. A., Puertas-González, A., Yoshimura, N., & Koike, Y. (2021). 

Exploring EEG characteristics to identify emotional reactions under videogame 

scenarios. Brain Sciences, 11(3), 378. https://doi.org/10.3390/brainsci11030378 

McQuilkie, S. (2018, January 22). 10 Tips For Proper Posture At A Desk - Correct Sitting 

Posture. Back Intelligence. Retrieved from https://backintelligence.com/proper-

sitting-posture-at-a-desk/?msclkid=eda1b0b9d0d811ecab28a11cb830c3d7 

Meintjes, A., Lowe, A., & Legget, M. (2018). Fundamental heart sound classification 

using the continuous wavelet transform and convolutional neural networks. Annual 

International Conference of the IEEE Engineering in Medicine and Biology Society, 

2018, 409–412. https://doi.org/10.1109/EMBC.2018.8512284  

Memar, P., & Faradji, F. (2018). A novel multi-class EEG-based sleep stage classification 

system. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 

26(1), 84–95. https://doi.org/10.1109/tnsre.2017.2776149 

Mert, A., & Akan, A. (2016). Emotion recognition from EEG signals by using 

multivariate empirical mode decomposition. Pattern Analysis and Applications, 

21(1), 81–89. https://doi.org/10.1007/s10044-016-0567-6 

Miltiadous, A., Tzimourta, K. D., Giannakeas, N., Tsipouras, M. G., Afrantou, T., 

Ioannidis, P., & Tzallas, A. T. (2021). Alzheimer's disease and frontotemporal 

dementia: A robust classification method of EEG signals and a comparison of 

validation methods. Diagnostics, 11(8), 1437. 

https://doi.org/10.3390/diagnostics11081437  

Mocny-Pachońska, K., Doniec, R. J., Sieciński, S., Piaseczna, N. J., Pachoński, M., & 

Tkacz, E. J. (2021). The relationship between stress levels measured by a 

questionnaire and the data obtained by smart glasses and finger pulse oximeters 

among Polish dental students. Applied Sciences, 11(18), 8648. 

https://doi.org/10.3390/app11188648 

Mohammadi, M., Pouyan, A. A., Khan, N. A., & Abolghasemi, V. (2018). Locally 

optimized adaptive directional time–frequency distributions. Circuits, Systems, and 

Signal Processing, 37(8), 3154–3174. https://doi.org/10.1007/s00034-018-0802-z 

Mozafari, M., Firouzi, F., & Farahani, B. (2020). Towards IoT-enabled multimodal 

mental stress monitoring. 2020 International Conference on Omni-layer Intelligent 

Systems (COINS) (pp. 1-8).  https://doi.org/10.1109/COINS49042.2020.9191392 



 

 152 

Mustafa, M., Zahari, Z. L., & Abdubrani, R. (2021). Optimal accuracy performance in 

music-based EEG signal using Matthew Correlation Coefficient Advanced 

(MCCA). Jurnal Teknologi, 83(6), 53–61. 

https://doi.org/10.11113/jurnalteknologi.v83.16750 

Nagabushanam, P., Thomas George, S., & Radha, S. (2019). EEG signal classification 

using LSTM and improved neural network algorithms. Soft Computing, 24, 998-

10003. https://doi.org/10.1007/s00500-019-04515-0 

Nave, G., Minxha, J., Greenberg, D. M., Kosinski, M., Stillwell, D., & Rentfrow, J. 

(2018). Musical preferences predict personality: Evidence from active listening and 

Facebook likes. Psychological Science, 29(7), 1145–1158. 

https://doi.org/10.1177/0956797618761659 

Ng, W. B., Saidatul, A., Chong, Y. F. & Ibrahim, Z. (2019). PSD-based features 

extraction for EEG signal during typing task. IOP Conference Series: Materials 

Science and Engineering, 557(1), 012032. https://doi.org/10.1088/1757-

899x/557/1/012032 

Nirabi, A., Rahman, F. A., Habaebi, M. H., Sidek, K. A., & Yusoff, S. (2021). Machine 

learning-based stress level detection from EEG signals. 2021 IEEE 7th International 

Conference on Smart Instrumentation, Measurement and Applications (ICSIMA). 

https://doi.org/10.1109/icsima50015.2021.9526333 

Nisar, H., & Hong, S. J. (2017). Study of cognitive flexibility at different stress levels 

with background music. 2017 IEEE Life Sciences Conference (LSC). 

https://doi.org/10.1109/lsc.2017.8268147 

Nissimagoudar, P. C., & Nandi, A. V. (2019). Precision enhancement of driver assistant 

system using  EEG based driver consciousness analysis and classification. Asset 

Analytics, 247–257. https://doi.org/10.1007/978-981-32-9585-8_21 

Oktavia, N. Y., Wibawa, A. D., Pane, E. S., & Purnomo, M. H. (2019). Human emotion 

classification based on EEG signals using Naïve Bayes method. 2019 International 

Seminar on Application for Technology of Information and Communication 

(ISemantic). https://doi.org/10.1109/isemantic.2019.8884224 

Olaitan, O. O. (2020). Central obesity and stress- predisposing factors to hypertension 

among health workers in Jos University Teaching Hospital, Plateau State, Nigeria. 

Current Research in Diabetes & Obesity Journal, 12(4). 

https://doi.org/10.19080/crdoj.2020.12.555845 

Ouf, S., & ElSeddawy, A. I. B. (2021). A proposed paradigm for intelligent heart disease 

prediction system using data mining techniques. Journal of Southwest Jiaotong 

University, 56(4), 220–240. https://doi.org/10.35741/issn.0258-2724.56.4.19 

Padfield, N., Ren, J., Murray, P., & Zhao, H. (2021). Sparse learning of band power 

features with genetic channel selection for effective classification of EEG signals. 

Neurocomputing, 463, 566–579. https://doi.org/10.1016/j.neucom.2021.08.067 

 



 

 153 

Paszkiel, S., Dobrakowski, P., & Łysiak, A. (2020). The impact of different sounds on 

stress level in the context of EEG, cardiac measures and subjective stress level: A 

pilot study. Brain Sciences, 10(10), 728. https://doi.org/10.3390/brainsci10100728 

Patel, R., Gireesan, K., & Sengottuvel, S. (2018). Decoding non-linearity for effective 

extraction of the eye-blink artifact pattern from EEG recordings. Pattern 

Recognition Letters, 139, 42-49. https://doi.org/10.1016/j.patrec.2018.01.022 

Perez-Valero, E., Lopez-Gordo, M. A., & Vaquero-Blasco, M. A. (2021). EEG-based 

multi-level stress classification with and without smoothing filter. Biomedical 

Signal Processing and Control, 69, 102881. 

https://doi.org/10.1016/j.bspc.2021.102881 

Pérez-Zapata, A. F., Cardona-Escobar, A. F., Jaramillo-Garzón, J. A., & Díaz, G. M. 

(2018). Deep Convolutional Neural Networks and Power Spectral Density Features 

for motor imagery classification of EEG signals. Augmented Cognition: Intelligent 

Technologies, 158–169. https://doi.org/10.1007/978-3-319-91470-1_14 

Pise, A. W. & Rege, P. P. (2021). Comparative analysis of various filtering techniques 

for denoising EEG signals. 2021 6th International Conference for Convergence in 

Technology (I2CT) (pp. 1-4).  https://doi.org/10.1109/I2CT51068.2021.9417984 

Plasonja, N., Brytek-Matera, A., & Décamps, G. (2021). French validation of the Weight 

Efficacy Life-Style questionnaire (WEL): Links with mood, self-esteem and stress 

among the general population and a clinical sample of individuals with overweight 

and obesity. PloS one, 16(11), e0259885. 

https://doi.org/10.1371/journal.pone.0259885 

Pratiher, S., Radhakrishnan, A., Sahoo, K. P., Alam, S., Kerick, S. E., Banerjee, Ghosh, 

N. & Patra, A. (2021). Classification of VR-Gaming difficulty induced stress levels 

using physiological (EEG & ECG) signals and machine learning. Retrieved from 

https://doi.org/10.36227/techrxiv.16873471.v1 

Puri, D., Chudiwal, R., Rajput, J., Nalbalwar, S., Nandgaonkar, A., & Wagh, A. (2021). 

Detection of alcoholism from EEG signals using Spectral and Tsallis Entropy with 

SVM. 2021 International Conference on Communication Information and 

Computing Technology (ICCICT). 

https://doi.org/10.1109/iccict50803.2021.9510071 

Purnamasari, P. D., & Junika, T. W. (2019). Frequency-based EEG human concentration 

detection system methods with SVM classification. 2019 IEEE International 

Conference on Cybernetics and Computational Intelligence (CyberneticsCom). 

https://doi.org/10.1109/cyberneticscom.2019.8875677 

Radman, M., Moradi, M., Chaibakhsh, A., Kordestani, M., & Saif, M. (2021). Multi-

feature fusion approach for epileptic seizure detection from EEG signals. IEEE 

Sensors Journal, 21(3), 3533–3543. https://doi.org/10.1109/jsen.2020.3026032 

 

 



 

 154 

Rahman, A., Chowdhury, M. E. H., Khandakar, A., Kiranyaz, S., Zaman, K. S., Reaz, M. 

B. I., Islam, M. T., Ezeddin, M., & Kadir, M. A. (2021). Multimodal EEG and 

keystroke dynamics based biometric system using machine learning algorithms. 

IEEE Access, 9, 94625–94643. https://doi.org/10.1109/access.2021.3092840 

Rahman, M. A., Anjum, A., Milu, Md. M. H., Khanam, F., Uddin, M. S., & Mollah, Md. 

N. (2021). Emotion recognition from EEG-based relative power spectral topography 

using convolutional neural network. Array, 11, 100072. 

https://doi.org/10.1016/j.array.2021.100072 

Rajendran, V. G., Jayalalitha, S., & Adalarasu, K. (2021). EEG based evaluation of 

examination stress and test anxiety among college students. IRBM, 43(5), 349-361. 

https://doi.org/10.1016/j.irbm.2021.06.011 

Ramirez, R., Planas, J., Escude, N., Mercade, J., & Farriols, C. (2018). EEG-based 

analysis of the emotional effect of music therapy on palliative care cancer patients. 

Frontiers in Psychology, 9, 254. https://doi.org/10.3389/fpsyg.2018.00254 

Ramos-Aguilar, R., Olvera-López, J. A., Olmos-Pineda, I., & Sánchez-Urrieta, S. (2020). 

Feature extraction from EEG spectrograms for epileptic seizure detection. Pattern 

Recognition Letters, 133, 202–209. https://doi.org/10.1016/j.patrec.2020.03.006 

Ranjith, C., & Arunkumar, B. (2019). An improved elman neural network based stress 

detection from EEG signals and reduction of stress using music. International 

Journal of Engineering Research & Technology, 12, 16-23. 

Ren, Z., Li, R., Chen, B., Zhang, H., Ma, Y., Wang, C., Lin, Y., & Zhang, Y. (2021). 

EEG-based driving fatigue detection using a two-level learning hierarchy radial 

basis function. Frontiers in Neurorobotics, 15. 

https://doi.org/10.3389/fnbot.2021.618408 

Rizwan, M. F., Farhad, R., Mashuk, F., Islam, F., & Imam, M. H. (2019). Design of a 

biosignal based stress detection system using machine learning techniques. 2019 

International Conference on Robotics, Electrical and Signal Processing Techniques 

(ICREST). https://doi.org/10.1109/icrest.2019.8644259 

Rossi, R., Jannini, T. B., Socci, V., Pacitti, F., & Lorenzo, G. D. (2021). Stressful life 

events and resilience during the COVID-19 lockdown measures in Italy: Association 

with mental health outcomes and age. Frontiers in Psychiatry, 12, 635832. 

https://doi.org/10.3389/fpsyt.2021.635832 

Sabarivani, A., Ramadevi, R., Pandian, R. & Krishnamoorthy, N. R. (2021). Effect of 

data preprocessing in the detection of epilepsy using machine learning techniques. 

Journal of Scientific & Industrial Research, 80(12). 

https://doi.org/10.56042/jsir.v80i12.43160 

Saeedi, M., Saeedi, A., & Maghsoudi, A. (2020). Major depressive disorder assessment 

via enhanced k-nearest neighbor method and EEG signals. Physical and 

Engineering Sciences in Medicine, 43(3), 1007–1018. 

https://doi.org/10.1007/s13246-020-00897-w 

 



 

 155 

Saes, M., Meskers, C. G. M., Daffertshofer, A., de Munck, J. C., Kwakkel, G., & van 

Wegen, E. E. H. (2019). How does upper extremity Fugl-Meyer motor score relate 

to resting-state EEG in chronic stroke? A power spectral density analysis. Clinical 

Neurophysiology, 130(5), 856–862. https://doi.org/10.1016/j.clinph.2019.01.007 

Saha, P. K., Rahman, Md. A., & Mollah, Md. N. (2019). Frequency domain approach in 

CSP based feature extraction for EEG signal classification. 2019 International 

Conference on Electrical, Computer and Communication Engineering (ECCE). 

https://doi.org/10.1109/ecace.2019.8679463 

Salturk, T., & Kahraman, N. (2021). Effects of Environmental factors on EEG based 

person recognition. 2021 International Conference on Innovations in Intelligent 

Systems and Applications (INISTA). 

https://doi.org/10.1109/inista52262.2021.9548640 

Savadkoohi, M., Oladunni, T., & Thompson, L. (2020). A machine learning approach to 

epileptic seizure prediction using Electroencephalogram (EEG) Signal. 

Biocybernetics and Biomedical Engineering, 40(3), 1328–1341. 

https://doi.org/10.1016/j.bbe.2020.07.004 

Schmidt, P., Reiss, A., Duerichen, R., Marberger, C., & Van Laerhoven, K. (2018). 

Introducing WESAD, a Multimodal Dataset for Wearable Stress and Affect 

Detection. Proceedings of the 20th ACM International Conference on Multimodal 

Interaction. https://doi.org/10.1145/3242969.3242985 

Sha’abani, M. N. A. H., Fuad, N., Jamal, N., & Ismail, M. F. (2020). kNN and SVM 

classification for EEG: A review. Lecture Notes in Electrical Engineering, 555–565. 

https://doi.org/10.1007/978-981-15-2317-5_47 

Shah, S. A. A., Zhang, L., & Bais, A. (2020). Dynamical system based compact deep 

hybrid network for classification of Parkinson disease related EEG signals. Neural 

Networks, 130, 75–84. https://doi.org/10.1016/j.neunet.2020.06.018 

Shah, S. A., Fan, D., Ren, A., Zhao, N., Yang, X., & Tanoli, S. A. K. (2018). Seizure 

episodes detection via smart medical sensing system. Journal of Ambient 

Intelligence and Humanized Computing, 11(11), 4363–4375. 

https://doi.org/10.1007/s12652-018-1142-3 

Shalbaf, A., Bagherzadeh, S., & Maghsoudi, A. (2020). Transfer learning with deep 

convolutional neural network for automated detection of schizophrenia from EEG 

signals. Physical and Engineering Sciences in Medicine, 43, 1229-1239. 

https://doi.org/10.1007/s13246-020-00925-9 

Sharma, R., & Chopra, K. (2020). EEG signal analysis and detection of stress using 

classification techniques. Journal of Information and Optimization Sciences, 41(1), 

229–238. https://doi.org/10.1080/02522667.2020.1714187 

 

 

 



 

 156 

Shoeibi, A., Ghassemi, N., Alizadehsani, R., Rouhani, M., Hosseini-Nejad, H., Khosravi, 

A., Panahiazar, M., & Nahavandi, S. (2021). A comprehensive comparison of 

handcrafted features and convolutional autoencoders for epileptic seizures detection 

in EEG signals. Expert Systems with Applications, 163, 113788. 

https://doi.org/10.1016/j.eswa.2020.113788 

Shon, D., Im, K., Park, J. H., Lim, D. S., Jang, B., & Kim, J. M. (2018). Emotional Stress 

State Detection Using Genetic Algorithm-Based Feature Selection on EEG Signals. 

International Journal of Environmental Research and Public Health, 15(11), 2461. 

https://doi.org/10.3390/ijerph15112461  

Shu, L., Xie, J., Yang, M., Li, Z., Li, Z., Liao, D., Xu, X., & Yang, X. (2018). A review 

of emotion recognition using physiological signals. Sensors, 18(7), 2074. 

https://doi.org/10.3390/s18072074 

Siddiqui, M. K., Huang, X., Morales-Menendez, R., Hussain, N., & Khatoon, K. (2020). 

Machine learning based novel cost-sensitive seizure detection classifier for 

imbalanced EEG data sets. International Journal on Interactive Design and 

Manufacturing (IJIDeM), 14(4), 1491–1509. https://doi.org/10.1007/s12008-020-

00715-3 

Silard, A., & Dasborough, M. T. (2021). Beyond emotion valence and arousal: A new 

focus on the target of leader emotion expression within leader‐Member Dyads. 

Journal of Organizational Behavior, 42(9), 1186-1201. 

https://doi.org/10.1002/job.2513 

Sivakumar, P. K., Selvaraj, J., Ramaraj, K., & Sahayadhas, A. (2021). Analysis of Alpha 

and Theta Band to detect driver drowsiness using Electroencephalogram (EEG) 

signals. The International Arab Journal of Information Technology, 18(4). 

https://doi.org/10.34028/18/4/10 

Soufineyestani, M. (2020). Physiological and psychological effects of listening to nursery 

rhymes. Retrieved from https://hdl.handle.net/11299/218678.  

Subasi, A., Tuncer, T., Dogan, S., Tanko, D., & Sakoglu, U. (2021). EEG-based emotion 

recognition using tunable Q wavelet transform and rotation forest ensemble 

classifier. Biomedical Signal Processing and Control, 68, 102648. 

https://doi.org/10.1016/j.bspc.2021.102648 

Sulistiobudi, R. A., Kumaraningtyas, M., Artanti, N. C. & Rahman, A. A. (2021). The 

effect of entertaining movie scenes on positive emotion in distressed students during 

pandemic Covid-19. Open Journal of Science and Technology, 4(4), 178–183. 

https://doi.org/10.31580/ojst.v4i4.2083 

Tan, Y., Sun, Z., Duan, F., Solé-Casals, J., & Caiafa, C. F. (2021). A multimodal emotion 

recognition method based on facial expressions and electroencephalography. 

Biomedical Signal Processing and Control, 70, 103029. 

https://doi.org/10.1016/j.bspc.2021.103029 

 

 



 

 157 

Thammasan, N., Fukui, K. I., & Numao, M. (2016). Fusion of EEG and musical features 

in continuous music-emotion recognition. Retrieved from arXiv preprint 

arXiv:1611.10120. 

Thammasan, N., Fukui, K., & Numao, M. (2016). An investigation of annotation 

smoothing for EEG-based continuous music-emotion recognition. 2016 IEEE 

International Conference on Systems, Man, and Cybernetics (SMC). 

https://doi.org/10.1109/smc.2016.7844747 

Thayill, J., & Shetty, P. (2019). Deep relaxation technique improves sleep quality and 

reduces stress in healthy volunteers during fasting therapy. IOSR Journal of Dental 

and Medical Sciences, 18, 56–62. https://doi.org/10.9790/0853-1812125662 

Theresia Diah, K., Faqih, A., & Kusumoputro, B. (2019). Exploring the feature selection 

of the EEG signal time and frequency domain features for k - NN and weighted k-

NN. 2019 IEEE R10 Humanitarian Technology Conference (R10-HTC)(47129) (pp. 

196-199). https://doi.org/10.1109/r10-htc47129.2019.9042448 

Tiwari, S., Goel, S., & Bhardwaj, A. (2020). Machine learning approach for the 

classification of EEG signals of multiple imagery tasks. 2020 11th International 

Conference on Computing, Communication and Networking Technologies 

(ICCCNT). https://doi.org/10.1109/icccnt49239.2020.9225291 

Tsai, Y. H. H., Bai, S., Liang, P. P., Kolter, J. Z., Morency, L. P., & Salakhutdinov, R. 

(2019, July). Multimodal transformer for unaligned multimodal language 

sequences. Proceedings of the 57th Annual Meeting of the Association for 

Computational Lingustics (pp. 6558-6569). https://aclanthology.org/P19-1656.pdf 

Upadhyay, P. K., & Nagpal, C. (2020). SCG backpropagation based prediction of stressed 

EEG spectrum. 2020 Advances in Science and Engineering Technology 

International Conferences (ASET). 

https://doi.org/10.1109/aset48392.2020.9118324 

Upadhyay, P. K., & Nagpal, C. (2021). Time-frequency analysis and fuzzy-based 

detection of heat-stressed sleep EEG spectra. Medical & Biological Engineering & 

Computing, 59(1), 23–39. https://doi.org/10.1007/s11517-020-02278-7 

Vimala, V., Ramar, K., & Ettappan, M. (2019). An intelligent sleep apnea classification 

system based on EEG signals. Journal of Medical Systems, 43(2), 36. 

https://doi.org/10.1007/s10916-018-1146-8  

Vinayakumar, N. (2019). Evaluation of effectiveness of five point system of yoga on 

stress reduction among different age groups. EPRA International Journal of 

Multidisciplinary Research (IJMR) Peer (September), 101–9. 

Vlenterie, R., Geuijen, P. M., van Gelder, M. M. H. J., & Roeleveld, N. (2021). 

Questionnaires and salivary cortisol to measure stress and depression in mid-

pregnancy. PLOS ONE, 16(4), e0250459. 

https://doi.org/10.1371/journal.pone.0250459 

 



 

 158 

Wang, Y., Ji, S., Yang, T., Wang, X., Wang, H., Zhao, X., & Jinhai, W. (2021). An 

effective method for distinguishing sleep apnea and hypopnea based on ECG 

signals. IEEE Access, 9, 67928–67941. 

https://doi.org/10.1109/access.2021.3077030 

Waruwu, M. M., & Luckyarno, Y. F. (2021). Personal thermal comfort prediction based 

on EEG signal. Journal of Engineering Science and Technology, 16(6), 4582-4599. 

Wei, L., Ventura, S., Lowery, M., Ryan, M. A., Mathieson, S., Boylan, G. B., & Mooney, 

C. (2020). Random forest-based algorithm for sleep spindle detection in infant EEG. 

2020 42nd Annual International Conference of the IEEE Engineering in Medicine 

& Biology Society (EMBC). https://doi.org/10.1109/embc44109.2020.9176339 

Yang, Y., Wu, Q., Qiu, M., Wang, Y., & Chen, X. (2018). Emotion recognition from 

multi-channel EEG through Parallel Convolutional Recurrent Neural Network. 2018 

International Joint Conference on Neural Networks (IJCNN). 

https://doi.org/10.1109/ijcnn.2018.8489331 

Xiao, R., Shida-Tokeshi, J., Vanderbilt, D. L., & Smith, B. A. (2018). 

Electroencephalography power and coherence changes with age and motor skill 

development across the first half year of life. PLOS ONE, 13(1), e0190276. 

https://doi.org/10.1371/journal.pone.0190276 

Xue, J. (2021). EEG analysis with wavelet transform under music perception stimulation. 

Journal of Healthcare Engineering, 2021, 1–7. 

https://doi.org/10.1155/2021/9725762 

Yang, L., Song, Y., Ma, K., & Xie, L. (2021). Motor imagery EEG decoding method 

based on a discriminative feature learning strategy. IEEE Transactions on Neural 

Systems and Rehabilitation Engineering, 29, 368–379. 

https://doi.org/10.1109/tnsre.2021.3051958 

Yang, L., Guan, W., Ma, R., & Li, X. (2019). Comparison among driving state prediction 

models for car-following condition based on EEG and driving features. Accident 

Analysis & Prevention, 133, 105296. https://doi.org/10.1016/j.aap.2019.105296 

Yu, B., Funk, M., Hu, J., Wang, Q., & Feijs, L. (2018). Biofeedback for Everyday Stress 

Management: A Systematic Review. Frontiers in ICT, 5. 

https://doi.org/10.3389/fict.2018.00023 

Yudhana, A., Muslim, A., Wati, D. E., Puspitasari, I., Azhari, A., & Mardhia, M. M. 

(2020). Human emotion recognition based on EEG signal using fast fourier 

transform and k-nearest neighbor. Advances in Science, Technology and 

Engineering Systems Journal, 5(6), 1082–1088. https://doi.org/10.25046/aj0506131 

Zahari, Z. L., Mustafa, M., & Abdubrani, R. (2022). The multimodal parameter 

enhancement of electroencephalogram signal for music application. IAES 

International Journal of Artificial Intelligence (IJ-AI), 11(2), 414. 

https://doi.org/10.11591/ijai.v11.i2.pp414-422 

 



 

 159 

Zahari, Z. L., Mustafa, M., Zain, Z. M., Abdubrani, R., & Naim, F. (2021). The 

enhancement on stress levels based on physiological signal and self-stress 

assessment. Traitement Du Signal, 38(5), 1439–1447. 

https://doi.org/10.18280/ts.380519 

Zanon, C., Brenner, R. E., Baptista, M. N., Vogel, D. L., Rubin, M., Al-Darmaki, F. R., 

Gonçalves, M., Heath, P. J., Liao, H. Y., Mackenzie, C. S., Topkaya, N., Wade, N. 

G., & Zlati, A. (2021). Examining the dimensionality, reliability, and invariance of 

the depression, anxiety, and stress scale-21 (DASS-21) across eight countries. 

Assessment, 28(6), 1531–1544. https://doi.org/10.1177/1073191119887449 

Zeng, C., Lin, W., Li, N., Wen, Y., Wang, Y., Jiang, W., Zhang, J., Zhong, H., Chen, X., 

Luo, W., & Chen, Q. (2021). Electroencephalography (EEG)-based neural 

emotional response to the vegetation density and integrated sound environment in a 

green space. Forests, 12(10), 1380. https://doi.org/10.3390/f12101380 

Zhang, H. (2020). Expression-EEG based collaborative multimodal emotion recognition 

using deep autoencoder. IEEE Access, 8, 164130–164143. 

https://doi.org/10.1109/access.2020.3021994 

Zhang, J., Zhong, Y., Peng, C. & Nichele, S. (2020). Emotion recognition using multi-

modal data and machine learning techniques : A tutorial and review. Information 

Fusion, 59(January), 103–26. https://doi.org/10.1016/j.inffus.2020.01.011. 

Zhao, X., Wang, X., Yang, T., Ji, S., Wang, H., Wang, J., Wang, Y., & Wu, Q. (2021). 

Classification of sleep apnea based on EEG sub-band signal characteristics. 

Scientific Reports, 11(1). https://doi.org/10.1038/s41598-021-85138-0 

Zhao, Y., Cao, X., Lin, J., Yu, D., & Cao, X. (2021). Multimodal affective states 

recognition based on multiscale CNNs and biologically inspired decision fusion 

model. IEEE Transactions on Affective Computing, 1–1. 

https://doi.org/10.1109/taffc.2021.3093923 

Zhou, M., Tian, C., Cao, R., Wang, B., Niu, Y., Hu, T., Guo, H., & Xiang, J. (2018). 

Epileptic seizure detection based on EEG signals and CNN. Frontiers in 

Neuroinformatics, 12. https://doi.org/10.3389/fninf.2018.00095 

Zhu, Q. (2020). On the performance of Matthews Correlation Coefficient (MCC) for 

imbalanced dataset. Pattern Recognition Letters, 136, 71-80. 

https://doi.org/10.1016/j.patrec.2020.03.030 


