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Abstract: Today, artificial intelligence (AI) and data analytics have gained a significant position in the field of engineering 

for solving complex problems, especially in the medical domain. In particular, machine learning techniques such as artificial 

neural networks (ANN), Bayesian learning, and clustering algorithms have demonstrated remarkable results in classification 

and prediction tasks. These methods are increasingly applied in biomedical applications, enhancing the accuracy of diagnostic 

systems and enabling the effective analysis of large and complex datasets. As a result, biomedical data can now be accessed 

and processed more efficiently.Biological signals such as motor imagery (MI), electroencephalography (EEG), 

electrocorticography (ECoG), and electrocardiography (ECG), which play a critical role in clinical decision making, are now 

analyzed using machine learning algorithms. This integration enables more accurate and rapid decision making processes, 

particularly in areas such as brain signal classification, epileptic seizure detection, cardiac arrhythmia identification, and early 

breast cancer diagnosis — all of which are vital for human health.In addition, AI based approaches are being utilized in 

security and biometric identification systems, which are critical components of healthcare services, achieving high levels of 

accuracy. In light of these advancements, AI powered classification and prediction systems continue to make a profound 

impact in both the medical and engineering fields.This study reviews various biomedical signal processing studies conducted 

using AI based machine learning techniques. The selected studies were examined in terms of the materials used, 

methodologies applied, domains from which the data were obtained, and their reported performance metrics. The scope was 

limited to academic research published over the past 15 years. Furthermore, the practical use of these systems in clinical 

diagnosis is also discussed. 
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1. Introduction 

In recent years, artificial intelligence (AI) technologies, which have shown remarkable progress in the 

scientific community, have brought about significant transformations across various domains. 

Particularly in the field of healthcare an area of critical importance to human life AI has contributed 

substantially to the detection and resolution of medical problems. Today, AI plays a pivotal role in 

healthcare services, especially in biomedical signal processing and consequently in disease diagnosis 

and classification processes. AI based systems are capable of performing computational operations at 

speeds and levels of precision beyond human perception, enabling the detection of subtle signal 

characteristics such as noise, artifacts, and high dimensional data complexity. Biomedical signals are 

generally classified as electrocardiogram (ECG), electroencephalogram (EEG), and electromyogram 

(EMG). These signals reflect the dynamic changes in human physiology and play an essential role in the 

monitoring, classification, and prognostic assessment of both chronic and acute diseases. Through the 

intelligent processing and analysis of these data, artificial intelligence provides accurate, scalable, and 

automated solutions, thereby offering efficient and reliable decision support mechanisms in the field of 

health informatics and biomedical information systems. 

In particular, when examined from the perspectives of machine learning and deep learning models, 

artificial intelligence has produced promising results in the classification of biomedical signals, anomaly 

detection, and early diagnosis tasks (Alqudah & Moussavi, 2025). The AI assisted analysis of signals 

that play a crucial role in the cardiovascular system, such as the electrocardiogram (ECG), 

photoplethysmogram (PPG), and phonocardiogram (PCG), significantly enhances diagnostic accuracy. 

During these analytical processes, the preprocessing stages, including noise reduction, normalization, 

and artifact mitigation—are of critical importance in terms of overall system performance and diagnostic 

reliability (Jia et al., 2024). 
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On the other hand, inadequate data presents a significant problem in the healthcare sector for diseases 

related to the nervous system. Synthetic data generation methods are often employed to address this 

issue. In this context, Generative Adversarial Networks (GAN) and Temporal GAN transfer learning 

techniques are widely used. Studies that have increased model accuracy and sensitivity by augmenting 

epileptic seizure data, and also achieved low false alarm rates in tests with real data (Rasheed, et al., 

2020), and synthetic data have increased model sensitivity and overall accuracy in situations with limited 

SEEG (stereo EEG) resources (Ganti, Chaitanya, Balamurugan, Nagaraj, Balasubramanian, & Pati, 

2022) serve as examples of these issues. 

From a theoretical perspective, AI based biomedical signal processing systems are expected to have a 

profound impact on various aspects of medical science. This impact can be categorized under three main 

dimensions: early diagnosis and classification capability, generalizability and model reliability, and 

interpretability and clinical transparency. The first dimension, early diagnosis and classification 

capability, refers to the system’s ability to detect time frequency patterns that are often imperceptible to 

the human eye (Diogo et al., 2023). The second dimension, generalizability and model reliability, 

emphasizes the system’s capacity to maintain consistent performance across different patient groups, 

datasets, and clinical conditions (Loh et al., 2022). The third dimension, interpretability, pertains to the 

transparency of model decisions, enabling clinicians to use AI driven systems with confidence—an 

essential factor for clinical acceptance and regulatory compliance (Amann et al., 2020; Abgrall et al., 

2024). Furthermore, AI driven biomedical systems hold considerable potential in improving the 

accessibility of healthcare services. In regions with limited medical resources, mobile health (mHealth) 

applications and wearable sensor technologies enable local analysis of physiological signals, facilitating 

decentralized diagnostic support (Vaquerizo Villar & Barroso García, 2025). However, translating these 

theoretical advantages into practical clinical deployment remains challenging due to several technical 

and ethical constraints. Among the major limitations are variability in data quality, sensor placement 

artifacts, lack of labeled datasets, risk of overfitting, real time processing constraints, as well as ethical, 

privacy, and regulatory approval issues (Nazir et al., 2023). 

This study presents various disease prediction approaches by employing multiple variants of supervised 

machine learning algorithms, along with a comparative analysis of their diagnostic performance metrics. 

In recent years, such approaches have gained considerable attention within the domains of disease 

prediction, medical informatics, and data science. This growing interest has been driven by the 

widespread adoption of computer based technologies in the healthcare sector and the increasing 

availability of medical datasets for research and model development purposes. The research primarily 

focuses on machine learning algorithms such as Support Vector Machines (SVMs), Logistic Regression 

(LR), and Artificial Neural Networks (ANNs), which are typically utilized within a supervised learning 

framework. The main objective is to identify which methods in the current literature demonstrate 

superior performance in AI driven biomedical signal processing. Moreover, the study discusses the 

limitations of these systems and their potential impact on clinical diagnostic processes. 

 

2. Literature Review 

AI based biomedical signal processing has led to a significant transformation in clinical diagnostic 

systems in recent years. Within this context, ten academic studies were examined in detail. These studies 

were analyzed based on their subject focus, the type of disease related data used, and the machine 

learning algorithms applied. The review revealed that in the analysis of EEG, ECG, and ECoG signals, 

both time–frequency domain and nonlinear analytical methods were prominently utilized (Gajic et al., 

2015; Iscan, Dokur & Demiralp, 2011). In the classification of electrocardiographic signals, innovative 

approaches such as the integration of learning vectors with spectral information yielded promising 

results (Dutta, Chatterjee & Munshi, 2011). Moreover, Support Vector Machines (SVMs) and Artificial 

Neural Networks (ANNs) were frequently employed particularly in motor imagery classification tasks 

achieving high accuracy when combined with diverse feature extraction techniques (Siuly, Li & Wen, 

2014; Rathipriya, Deepajothi & Rajendran, 2013). Additional studies demonstrated the effectiveness of 
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AI in technical applications such as system fault detection (Rahmatian et al., 2013) and its potential use 

in security domains like biometric authentication via brainwave analysis (Blondet et al., 2014). 

Comprehensive reviews on the implementation of deep learning architectures in healthcare data analysis 

have also been published, highlighting the expanding role of these models in medical informatics 

(Alqudah & Moussavi, 2025; Sbrollini & Saibene, 2025). Research focusing on signal preprocessing 

and noise reduction emphasized that these stages are determinant factors affecting the final classification 

accuracy (Jia et al., 2024). Furthermore, it has been stated that the success of automated diagnostic 

systems depends not only on the architecture of the algorithm itself but also on the accuracy of error 

correction mechanisms and decision support frameworks (Belciug & Gorunescu, 2014; Ltifi et al., 

2012). Finally, several studies have underscored the necessity of addressing both technical advancements 

and decision reliability simultaneously in the development of AI driven biomedical signal processing 

systems (Belciug et al., 2010). 

 

3. Materials and Methods 

In the field of artificial intelligence, a wide range of algorithms are utilized for biomedical signal 

processing. An examination of the literature indicates that while some algorithms are frequently 

employed, others are used less commonly depending on the specific application context. In general, the 

frequency of algorithm usage is strongly influenced by their performance metrics. Therefore, 

performance comparison studies based on different algorithms are frequently conducted, both to achieve 

accurate diagnostic outcomes and to ensure computational efficiency. In this study, various research 

works focusing on biomedical signal processing and their corresponding performance evaluations were 

analyzed. Table 1. presents a summary of the reviewed studies, including details about the signal types, 

materials, and methods utilized in each work. 

 

Table 1. Signal type, materials and methods of studies in the field of biomedical signal processing 

Source Signal Type Material Method 

Gajic et al. (2015) EEG EEG recordings 

(neurological 

patterns) 

Time frequency analysis, wavelet 

transform, feature extraction, and 

classification 

Iscan, Dokur & 

Demiralp (2011) 

EEG EEG data 

(cognitive state 

detection) 

Nonlinear analysis, chaotic measures, and 

classification using Artificial Neural 

Networks (ANN) 

Dutta, Chatterjee & 

Munshi (2011) 

ECG ECG recordings 

including cardiac 

arrhythmia 

Spectral feature supported learning 

vectors, classification via SVM 

Siuly, Li & Wen 

(2014) 

EEG EEG motor 

imagery datasets 

Time frequency feature extraction, 

classification using SVM and ANN with 

high accuracy 

Rathipriya, 

Deepajothi & 

Rajendran (2013) 

EEG EEG data (motor 

imagery) 

Noise reduction, multi feature sets, 

comparative analysis using SVM and 

ANN 

Rahmatian et al. 

(2013) 

Technical / 

Medical 

Signal 

Technical signals 

from medical 

equipment 

Fault detection and system behavior 

analysis using Artificial Neural Networks 

Blondet et al. (2014) EEG Subject specific 

EEG recordings 

Biometric analysis for identity 

authentication, feature extraction, and 

classification 

Sbrollini & Saibene 

(2025) 

ECG / EEG Large scale 

biomedical 

datasets 

Deep learning based review focusing on 

classification and segmentation 
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Jia et al. (2024) EEG / ECG High noise 

clinical signals 

Preprocessing techniques (filtering, ICA), 

noise reduction, and classification 

performance analysis 

Belciug & 

Gorunescu (2014) 

Clinical data 

/ signals 

Clinical decision 

support datasets 

Error correction strategies, classification 

modeling with decision support 

architectures 

Ltifi et al. (2012) Clinical data 

/ signals 

Patient records 

and signal based 

datasets 

Decision trees and probabilistic 

classification methods 

Belciug et al. (2010) Biomedical 

signals 

Various 

biomedical signal 

datasets 

Reliability analysis of AI based decision 

models with multi validation strategies 

 

The information presented in Table 1. corresponds to studies conducted in this field between 2010 and 

2025. An examination of the table indicates that the most frequently utilized type of biomedical signal 

is the Electroencephalogram (EEG). In addition to EEG, Electrocardiogram (ECG), clinical data and 

signals, as well as various technical or medical signal types and health related datasets have also been 

employed in computational analyses. A review of recent studies reveals a growing preference for EEG 

and ECG data in biomedical signal processing research. Given the prevalence of EEG data, it is 

particularly important to examine these signals in greater depth. EEG recordings are widely used for the 

detection of epileptic seizures. However, manual analysis of EEG recordings is often time consuming, 

labor intensive, and prone to human error. Therefore, there is a strong need for automated and efficient 

methods to identify such activities accurately. Figure 1. illustrates an example flow diagram depicting 

the sequential steps involved in such an automated detection methodology. 

 

 
Figure 1. Structure of the new technique, preprocessing, feature extraction, dimensionality reduction 

and classification (Gajic, D. et al., 2015). 
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The diagram is derived from a study focusing on EEG signal processing. In this framework, the process 

begins with signal acquisition followed by a preprocessing stage. In the second stage, feature extraction 

is performed across four frequency domains and five sub bands. The third stage involves dimensionality 

reduction, while the fourth stage introduces the first classifier. At this point, non pathological EEG 

signals representing healthy brain activity are separated from the dataset, and a secondary classification 

step is applied to the remaining pathological EEG signals. In the subsequent phase, non epileptic 

abnormal EEG signals are classified into one group, while epileptic EEG signals are categorized into 

another, thereby completing the classification pipeline. This technique, unlike conventional methods 

used in similar research domains, demonstrates the ability to detect epileptic seizures more rapidly and 

accurately (Gajic et al., 2015). It also holds strong potential for real time seizure detection in future 

studies. Furthermore, applying this method across different experimental conditions and diverse patient 

groups could enhance its generalizability and clinical robustness. 

 

4. Findings 

The previous section examined the disease, algorithms used, and performance data of the studies. The 

results of the analysis are presented in Table 2. 

 

Table 2. Diseases studied and algorithms used in the presented articles. 

No Author (Year) Disease / Application Algorithm Used Performance 

1 Gajic et al. (2015) Epileptic activity (EEG) 
Time–frequency analysis, 

nonlinear methods 
98.7% 

2 Dutta et al. (2011) ECG beat classification 
Cross spectrum + Learning 

Vector Quantization (LVQ) 
95.24% 

3 Iscan et al. (2011) 
EEG signal 

classification 

Time–frequency features + 

Artificial Neural Network (ANN) 
90% 

4 Siuly et al. (2014) 
Motor imagery 

(EEG/BCI) 

Modified CC LR algorithm + 

three feature sets 
93.4% 

5 
Rahmatian et al. 

(2013) 

Transformer insulation 

fault detection 
ANN + k NN regression 97% 

6 
Rathipriya et al. 

(2013) 

Motor imagery 

(ECoG/BCI) 
Support Vector Machine (SVM) 95.72% 

7 
Blondet et al. 

(2014) 

Identity authentication 

via EEG 

Two different approaches 

(unspecified) 
90% 

8 
Belciug & 

Gorunescu (2014) 

Automated medical 

diagnosis 

Error corrected ANN + Bayesian 

approach 
>95% 

9 
Sbrollini & 

Saibene (2025) 

Deep learning for 

classification/segmentati

on 

Deep learning (classification, 

segmentation, review) 
Review study 

10 Jia et al. (2024) 
Enhancement of noisy 

EEG/ECG signals 

Preprocessing techniques 

(filtering, ICA), classification 

analysis 

Comparative 

study 

11 
Belciug et al. 

(2010) 
Breast cancer recurrence Clustering based approach 

84.07%, 

66.48%, 

79.04%, 

78.10% 

12 Ltifi et al. (2012) Decision support system Bayesian Networks 74% 
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The table presents the performance metrics of twelve studies that were previously examined in the 

materials and methods section. An analysis of these values indicates that each study achieved an 

accuracy rate of at least 70% or higher, with the majority reporting performance levels exceeding 90%. 

The classification models that predominantly utilized EEG and ECG signals demonstrated notably high 

performance outcomes. In addition, the reviewed studies highlight the feasibility of developing biometric 

authentication systems, artificial neural network–based models, and dynamic decision support systems 

using AI driven biomedical signal processing approaches. These advancements suggest that the 

integration of such intelligent systems into medical practice has the potential to significantly enhance 

the overall quality and efficiency of healthcare services. 

 

5. Discussion and Conclusion 

The utilization of artificial intelligence (AI) and machine learning (ML) techniques in medical diagnosis 

and the analysis of biomedical signal data has begun to establish a fundamental role within the healthcare 

domain. These technologies enable the generation of more accurate and rapid clinical outcomes while 

simultaneously minimizing diagnostic errors. Moreover, AI and ML facilitate the implementation of 

critical applications in both healthcare delivery and security systems. The applicability of biometric 

authentication, artificial neural networks, and dynamic decision support systems within the medical field 

holds significant potential for enhancing the quality and reliability of healthcare services. Particularly, 

the processing of brain related signals such as electroencephalogram (EEG) and electrocorticogram 

(ECoG) data, which represent vital neurological activity has yielded promising results in early disease 

detection and the development of innovative technologies such as brain–computer interfaces (BCIs). 

These advancements mark a transformative step toward more intelligent and adaptive healthcare 

systems. 

An examination of the reviewed studies reveals that time frequency based analyses and nonlinear 

methods used for the detection of epileptic seizures achieve remarkably high accuracy rates, with 

reported performances reaching up to 98%. Similarly, EEG classification methods based on motor 

imagery tasks have demonstrated accuracy levels exceeding 90%, highlighting their critical role in the 

development of brain–computer interface (BCI) systems. In particular, approaches employing Support 

Vector Machines (SVMs) and cross correlation techniques have yielded strong results, underscoring the 

potential applicability of such systems in clinical rehabilitation processes. From a healthcare perspective, 

EEG signals have also been utilized in biometric security systems for clinical validation purposes. These 

signals are individual specific, allowing the constructed systems to achieve high levels of security and 

robust identity verification. Studies have reported accuracy rates of up to 90%, demonstrating that these 

AI driven biometric frameworks offer safer and more tamper resistant alternatives compared to 

traditional authentication methods. Consequently, such systems represent a promising direction for 

integrating secure and intelligent biometric authentication into future medical and healthcare 

infrastructures. 

Furthermore, the integration of methods such as Artificial Neural Networks (ANNs), Bayesian learning 

algorithms, Support Vector Machines (SVMs), and clustering techniques into medical diagnostic 

processes has produced successful results in the detection of various diseases, including breast cancer, 

cardiovascular disorders, and diabetes. Among these, ANN architecture enhanced with error correction 

mechanisms have demonstrated improved reliability and robustness in diagnostic decision making. In 

addition, k means and other clustering based approaches have been effectively utilized to predict disease 

recurrence, thereby enhancing the predictive performance of healthcare data analytics and supporting 

clinical decision making. These findings indicate that AI and ML algorithms are not confined to 

theoretical exploration but are increasingly contributing to the practical enhancement of healthcare 

services through real world diagnostic and prognostic applications. 

In conclusion, the application of machine learning (ML) and artificial intelligence (AI) based methods 

to biomedical data has enabled revolutionary advancements in healthcare by making medical diagnostic 

systems more accurate, rapid, and reliable. The studies presented in the literature suggest that, with the 
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integration of larger datasets and more sophisticated algorithms, these approaches can contribute even 

more substantially to clinical practice in the future. In particular, models developed for the processing 

of EEG and ECoG signals in the early diagnosis of neurological disorders have demonstrated high 

accuracy and effective performance. Similarly, deep learning based approaches applied to motor imagery 

classification show significant potential for use in Brain Computer Interface (BCI) systems designed to 

assist individuals with impaired motor functions. Moreover, EEG based biometric systems, leveraging 

the individual specific nature of brain signal patterns, are increasingly being employed in secure identity 

verification applications. The integration of Bayesian learning, Artificial Neural Networks (ANNs), and 

Support Vector Machines (SVMs) into medical diagnostic workflows has contributed to reducing error 

rates and enhancing system reliability. Additionally, clustering based approaches aimed at predicting 

disease recurrence have facilitated the development of early warning mechanisms within healthcare data 

systems, supporting proactive and data driven medical decision making. 

 

Acknowledgments 

This study was presented orally at the 12th International Management Information Systems Conference 

(IMISC 2025) within the scope of the TÜBİTAK's Scientific Activities Organizing in Country 2223-B 

Support Program, 23-25 October 2025, Ankara Medipol University, Ankara, Turkey. 

 

Author Contributions: Conceptualization, H.Ö. and M.T.; Methodology, H.Ö. and M.T.; Investigation, 

H.Ö. and M.T.; Writing – Original Draft Preparation, H.Ö. and M.T.; Writing – Review & Editing, H.Ö. 

and M.T.; Supervision, H.Ö.and M.T. 
 

Funding: This research received no external funding. 

Conflicts of Interest: The authors declare no conflict of interest. 

 

References 

Abgrall, G., Holder, A. L., Chelly Dagdia, Z., Zeitouni, K., & Monnet, X. (2024). Should AI models be explainable to 

clinicians?. Critical Care, 28(1), 301. 

Alqudah, A. M., & Moussavi, Z. (2025). A Review of Deep Learning for Biomedical Signals: Current Applications, 

Advancements, Future Prospects, Interpretation, and Challenges. Computers, Materials & Continua, 83(3), 3753 

3841. 

Amann, J., Blasimme, A., Vayena, E., Frey, D., Madai, V. I., & Precise4Q Consortium. (2020). Explainability for artificial 

intelligence in healthcare: a multidisciplinary perspective. BMC medical informatics and decision making, 20(1), 310. 

Belciug, S., & Gorunescu, F. (2014). Error correction learning for artificial neural networks using the Bayesian paradigm. 

Application to automated medical diagnosis. Journal of Biomedical Informatics, 52, 329–337. 

https://doi.org/10.1016/j.jbi.2014.07.013 

Belciug, S., Salem, A., Gorunescu, F., & Gorunescu, M. (2010). Clustering based approach for detecting breast cancer 

recurrence. IEEE Xplore. https://doi.org/10.1109/isda.2010.5687211 

Blondet, M. V. R., Khalifian, N., Kurtz, K. J., Laszlo, S., & Jin, Z. (2014). Brainwaves as authentication method: Proving 

feasibility under two different approaches. IEEE Xplore. https://doi.org/10.1109/nebec.2014.6972734 

Diogo, V., Ferreira, H., & Prata, D. (2023). Early diagnosis of alzheimer's disease using machine learning: a multi diagnostic, 

generalizable approach. IBRO Neuroscience Reports, 15, S391 S392. 

Dutta, S., Chatterjee, A., & Munshi, S. (2011). Identification of ECG beats from cross spectrum information aided learning 

vector quantization. Measurement, 44(10), 2020–2027. https://doi.org/10.1016/j.measurement.2011.08.014 

Gajic, D., Djurovic, Z., Gligorijevic, J., Di Gennaro, S., & Savic Gajic, I. (2015). Detection of epileptiform activity in EEG 

signals based on time frequency and non linear analysis. Frontiers in Computational Neuroscience, 9. 

https://doi.org/10.3389/fncom.2015.00038 



 

Özkişi &Topaloğlu                                                  2 (2) 2025 
 

64 

Ganti, B., Chaitanya, G., Balamurugan, R. S., Nagaraj, N., Balasubramanian, K., & Pati, S. (2022). Time series generative 

adversarial network approach of deep learning improves seizure detection from the human thalamic SEEG. Frontiers 

in Neurology, 13, 755094. 

Iscan, Z., Dokur, Z., & Demiralp, T. (2011). Classification of electroencephalogram signals with combined time and 

frequency features. Expert Systems With Applications, 38(8), 10499–10505. 

https://doi.org/10.1016/j.eswa.2011.02.110 

Jia, Y., Pei, H., Liang, J., Zhou, Y., Yang, Y., Cui, Y., & Xiang, M. (2024). Preprocessing and Denoising Techniques for 

Electrocardiography and Magnetocardiography: A Review. Bioengineering, 11(11), 1109. 

Loh, H. W., Ooi, C. P., Seoni, S., Barua, P. D., Molinari, F., & Acharya, U. R. (2022). Application of explainable artificial 

intelligence for healthcare: A systematic review of the last decade (2011–2022). Computer methods and programs in 

biomedicine, 226, 107161. 

Ltifi, H., Trabelsi, G., Ben, M., & M, A. (2012). Dynamic Decision Support System Based on Bayesian Networks. 

Internatıonal Journal of Advanced Research In Artıfıcıal Intellıgence, 1(1). 

https://doi.org/10.14569/ijarai.2012.010105 

Nazir, S., Dickson, D. M., & Akram, M. U. (2023). Survey of explainable artificial intelligence techniques for biomedical 

imaging with deep neural networks. Computers in Biology and Medicine, 156, 106668. 

Rahmatian, M., Vahidi, B., Ghanizadeh, A., Gharehpetian, G., & Alehosseini, H. (2013). Insulation failure detection in 

transformer winding using cross correlation technique with ANN and k NN regression method during impulse test. 

International Journal of Electrical Power & Energy Systems, 53, 209–218. 

https://doi.org/10.1016/j.ijepes.2013.04.020 

Rasheed, K., Qadir, J., O’Brien, T. J., Kuhlmann, L., & Razi, A. (2021). A generative model to synthesize EEG data for 

epileptic seizure prediction. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 29, 2322 2332. 

Rathipriya, N., Deepajothi, S., & Rajendran, T. (2013). Classification of motor imagery ecog signals using support vector 

machine for brain computer interface. 2013 Fifth International Conference on Advanced Computing (ICoAC), 45, 63–

66. https://doi.org/10.1109/icoac.2013.6921928 

Sbrollini, A., & Saibene, A. (2025). AI Based Biomedical Signal Processing. Applied Sciences, 15(15), 8153. 

Siuly, Li, Y., & Wen, P. P. (2014). Modified CC LR algorithm with three diverse feature sets for motor imagery tasks 

classification in EEG based brain–computer interface. Computer Methods and Programs in Biomedicine, 113(3), 767–

780. https://doi.org/10.1016/j.cmpb.2013.12.020 

Vaquerizo Villar, F., & Barroso García, V. (2025). Artificial Intelligence for Biomedical Signal Processing. Bioengineering, 

12(7), 753. 

 

 

 

 


