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Abstract 

The nursing monitoring of electroencephalography (EEG) during neurosurgery includes verifying the proper placement of electrodes 

on the patient's scalp and ensuring the accurate display of EEG readings on the monitoring apparatus. This study aims to examine the 

use of machine learning (ML) in EEG monitoring by analyzing the R programming language. The results will provide insights into 

surgical nursing care by evaluating EEG patterns. The preceding evidence was collected following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyzes (PRISMA) guidelines in the present study. The logical analysis of the data was conducted 

using the R programming language. ML algorithms based on usage rate included logistic regression (LR), support vector machine 

(SVM), random forest (RF), artificial neural networks (ANN), and convolutional neural network (CNN). Also, the use of ML in nurs-

ing monitoring of EEG is categorized into three indications rehabilitation measurement (post-operation), delayed cerebral ischemia 

(DCI) detection (pre-operation), hypotension identification (intra-operation), surgical outcomes measurement(post-operation), and sei-

zure prediction. In sum, the algorithm, including LR and SVM, have been frequently utilized in the realm of EEG evaluation, as indi-

cated by the results obtained. 
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1 │ Introduction 

Intraoperative neurophysiological monitoring (IONM) is fre-

quently utilized in neurosurgical interventions to evaluate the op-

erational soundness of specific nervous system components [1]. 

In this regard, electrophysiological techniques such as motor-

evoked potentials (MEPs), electroencephalography (EEG), and 

electromyography (EMG) are most frequently utilized during 

neurosurgical procedures [1]. The conventional definition of 

EEG is the electrical brain activity detected from the scalp of hu-

man beings [2]. During neurologic surgery, EEG oversees the 

brain's electrical activity and maintains it within safe parameters 

throughout the operation [3]. By placing electrodes on the scalp, 

surgeons can observe the EEG readings in real-time and adjust 

their approach accordingly to minimize the risk of complications 

[4]. This method is precious in surgeries that entail the excision 

of brain tumors or epileptogenic foci [5]. 

Within nurse care, machine learning (ML) (a subset of artifi-

cial intelligence (AI)) is being employed with greater frequency 

to identify and analyze a range of medical conditions, including 

diagnoses, complications, prognoses, and recurrence instances 

[6]. In contrast to conventional statistical models, ML can learn 

complex relationships among data actively, enabling it to over-

come the limitations of nonlinearity and maintain stability even 

in datasets with many dimensions [7]. ML can offer a unique 
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benefit in analyzing unstructured data, such as images and other 

types of information [8, 9]. Despite the outstanding performance 

of models on local datasets, numerous researchers have neglected 

to assess their ability to be reproduced in other clinical settings, 

which has restricted the expansion of this potent decision-support 

tool in clinical practice [10]. 

Additionally, the nursing monitoring of EEG during neuro-

surgery includes verifying the proper placement of electrodes on 

the patient's scalp and ensuring the accurate display of EEG read-

ings on the monitoring apparatus [11]. Also, by tracking the pa-

tient's neurological signs, nursing care is essential in determining 

the strategy to find significant brain loci (epileptic focal points) 

and prevent damage to vital points [12]. In order to enhance the 

quality of nursing care during EEG monitoring, various methods 

have been developed to improve the adequacy of hemodialysis 

and prevent complications. Nevertheless, ML has emerged as a 

methodological approach to evaluate EEG patterns [13]. To the 

best of our knowledge, previous literature regarding ML-based 

prediction tasks in the context of EEG nursing monitoring has 

been inadequate in providing comprehensive descriptions. As a 

result, assessing both the benefits and drawbacks of the model 

construction process is essential to offer a summary of the ML 

applications for EEG monitoring. This study aims to examine the 

use of ML in EEG monitoring by analyzing the R programming 

language. The results will provide insights into surgical nursing 

care by evaluating EEG patterns. 

 

2 │ Methods 

2.1 │ Data collection 

The study extracted relevant studies using the Preferred Report-

ing Items for Systematic Reviews and Meta-Analyzes 

(PRISMA) guideline [14]. Between January and July 2023, an 

exhaustive exploration of Scopus, PubMed, and ISI databases 

was carried out using appropriate terms such as "EEG", "electro-

encephalography", "nursing", "monitoring", and "machine learn-

ing" to collect relevant information. Two researchers conducted 

separate searches autonomously utilizing Boolean operators 

"AND" and "OR" to connect keywords. All categories of EEG 

monitoring cases were encompassed. Furthermore, to prevent 

any loss of relevant information, the references of the acquired 

studies were examined, which led to the discovery of 42 related 

cases. In the final step, papers that lacked ML applications and 

cases published before 2015 were eliminated. Ultimately, five 

studies were selected for analysis. 

 

2.2 │ R Programming language plot 

Using the R programming language, a graphical representation 

was generated. R is a programming language specifically de-

signed for statistical computing and graphics backed by the R 

Foundation for Statistical Computing and the R Core Team. The 

language was developed by statisticians Ross Ihaka and Robert 

Gentleman for data analysis and the creation of statistical soft-

ware [15]. 

 

2.3 │ Sankey plot 

A Sankey plot was utilized to depict ML's technical applications 

during EEG monitoring. In a Sankey plot, the indicator's width 

represents the quantity being visualized, and if an indicator is 

twice as broad, it signifies twice the amount being represented. 

Flow diagrams can demonstrate the flow of various elements 

such as energy, materials, water, or costs. To illustrate the directed 

flow, at least two nodes or processes must be depicted on the San-

key chart. As a result, the Sankey plot provides valuable insights 

into values, system structure, and distribution. Due to these ad-

vantages, Sankey plots are an excellent alternative to conven-

tional flow charts and bar charts [16]. 

 

3 │ Results 

3.1 │ ML algorithm 

ML algorithms based on usage rate included logistic regression 

(LR), support vector machine (SVM), random forest (RF), artifi-

cial neural networks (ANN), and convolutional neural network 

(CNN) (Figure 1). 

 

3.2 │ Application of ML in nursing EEG monitoring 

In general, the use of ML in EEG nursing monitoring is catego-

rized into three indications rehabilitation measurement (post-op-

eration), delayed cerebral ischemia (DCI) detection (pre-opera-

tion), hypotension identification (intra-operation), surgical out-

comes measurement (post-operation), seizure prediction (post-

operation) [17-21] (Figure 1). 

 

4 │ Discussion 

The proliferation of ML has been facilitated by advancements in 

AI and computer technology, and in some studies, ML has been 

utilized as a diagnostic tool. Despite the broad range of nursing 

topics to which ML has been applied, there has been a relative 

dearth of research in this area. By examining five papers and uti-

lizing the "R" programming language, we determined the most 

commonly utilized ML algorithm for nursing monitoring of 

EEG. This will enable us to develop robust predictive targets for 

future research endeavors. 
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Figure 1. The Sanky plot of extracted data, the first column indicates the type of ML algorithm, the second column shows the operation 

time and the third column reveals the predicting criteria; note the thickness of the connection lines between the columns. (LR: Logistic 

Regression; SVM: Support Vector Machine; RF: Random Forest; ANN: Artificial Neural Networks; CNN: Convolutional Neural 

Network; DCI: Delayed Cerebral Ischemia; Post-op: Post-operation; Intra-op: Intra-operation; Pre-op: Pre-operation). 

 

In the current investigation, the LR, RF, and SVM were rec-

ognized as the most commonly used ML algorithms for the nurs-

ing monitoring of EEG during neurosurgeries. The LR model 

computes the logistic output based on the input features, and it is 

frequently employed for analyzing binary and ordinal data in 

medical research [22, 23]. Moreover, LR has demonstrated its 

usefulness in estimating and assessing the relative risks of infre-

quent occurrences in both cross-sectional and longitudinal studies 

[24]. Guerrero et al. demonstrated that the LR algorithm could be 

applied for the evaluation of EEG; however, compared to the 

ANN algorithm, this algorithm has a lower accuracy than ANN 

[25]. Based on obtained data, the LR algorithm was predomi-

nantly employed for the pre-operative and post-operative analy-

sis of EEG during neurosurgery. However, the results indicated 

that the ANN algorithm can also examine EEG patterns. Raja-

guru et al. also revealed that the LR accuracy for seizure predic-

tion through EEG was over 90% [26]. Furthermore, Rincón et al. 

recommended the LR algorithm for an exact evaluation of EEG 

to predict seizures [27]. While our results indicated significant uti-

lization of LR, further research is required to evaluate the men-

tioned algorithm. 

Furthermore, SVMs have diverse applications in classifying 

linear and non-linear systems. The dimensionality of the input 

space indirectly affects the quality and complexity of SVM solu-

tions. SVMs possess several salient features, including the capa-

bility to function in high-dimensional spaces, economical 

memory consumption, and efficiency even when the number of 

samples is lesser than the dimensional spaces. Additionally, 

SVMs offer a variety of kernels for decision-making, among 

which a customized kernel can be an intricate option. Using 

SVM for data analysis can overcome the limitations inherent in 

the human ability to identify latent patterns in data [28]. Bin Altaf 

et al. applied the SVM algorithm to detect seizures in EEG pat-

terns [29] and revealed the acceptable accuracy of the algorithm 

for EEG evaluation. Consistent with our results, Perera et al. 

demonstrated that this algorithm can analyze EEG data satisfac-

torily through rehabilitation [30]. 

In the current study, seizure diagnosis was the most frequent 

field identified by ML. The significance of this detection lies in 

the fact that the accurate and prompt diagnosis of seizures can 

pose a challenge, especially when patients experience infrequent 

or atypical seizure episodes [31]. ML algorithms can scrutinize 

vast amounts of data and recognize patterns that may elude 
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human clinicians, thus resulting in more precise and timely diag-

noses [32]. On the contrary, the accurate diagnosis of seizures 

based on EEG has always been challenging due to disturbances 

in electric currents. In this regard, recent studies have demon-

strated that ML can improve the quality of EEG recordings by 

performing precise filtering, thereby enhancing the accuracy of 

seizure diagnosis. Additionally, using ML algorithms in EEG 

analysis can improve nursing care by providing more detailed 

and accurate seizure information for clinicians to base their treat-

ment decisions on [33]. 

Also, the neurosurgical outcome was another field evaluated 

by ML through EEG. In this regard, Senders et al. showed that 

ML can generally be beneficial in evaluating neurosurgical out-

comes [34]. Nonetheless, the assessment of outcomes based on 

EEG is a relatively novel concept that can encompass various as-

pects, such as the examination of seizure occurrence following 

surgery or rehabilitation [17, 19, 20]. In summary, the mentioned 

scenario presents a novel avenue for conducting research at the 

intersection of AI and medicine. 

 

4.1 │ Limitations 

The current study represents the first technical investigation into 

the utilization of ML for nursing monitoring of EEG during neu-

rosurgery. It is important to note that the study is not exempt from 

limitations. Firstly, the review only included English-language 

publications since 2015, which could potentially introduce a bias 

in the findings. Furthermore, the overall low quality of the re-

viewed studies may have influenced the review results in some 

way. Lastly, while the study concentrates on the technical appli-

cation of ML in EEG analysis, there may be valuable information 

in other domains, such as clinical research, that was not explored 

in this study. 

 

4.2 │ Implications for nursing clinical practice 

EEG is a valuable diagnostic tool for monitoring brain activity 

during neurosurgical procedures. However, interpreting EEG as-

sessments can be difficult for healthcare providers. ML shows 

promise in improving the accuracy and efficiency of EEG moni-

toring by automatically identifying patterns and abnormalities in 

brain activity. ML can facilitate the early detection of changes or 

irregularities in brain activity, enabling healthcare providers to 

make timely and well-informed decisions regarding patient care 

and treatment during neurosurgery. Also, Integrating ML into 

EEG monitoring can alleviate the workload of healthcare person-

nel, such as nurses, freeing up their time to attend to other critical 

tasks. By continuously monitoring EEG data, ML algorithms can 

automatically alert healthcare professionals to any significant 

changes or abnormalities in brain activity, minimizing the need 

for manual monitoring and enabling providers to concentrate on 

other aspects of patient care. This can enhance the overall effi-

ciency of healthcare delivery and potentially improve patient out-

comes. 

 

4.3 │ Recommendations for future research 

Based on the data that has been amassed, it seems that ML has 

the potential to be utilized for nursing monitoring of EEG during 

neurosurgery with encouraging outcomes. Nevertheless, addi-

tional technological advancements are required for ML to be con-

sidered a practical assistant for assessment. Furthermore, the fol-

lowing research objectives may be regarded as potential areas for 

exploration in future studies: 1) Detecting the most appropriate 

complementary algorithms to develop the ML-Based concept for 

EEG monitoring; and 2) Development of a bioelectrical-based 

AI instrument for EEG monitoring. 

 

5 │ Conclusions 

The application of ML for nursing monitoring is regarded as a 

promising research field in nursing care. Overall, the data gath-

ered suggests that ML has been employed in several key areas, 

including rehabilitation management, seizure prediction, DCI, 

hypotension detection, and prediction of surgical outcomes. Ad-

ditionally, it may be worthwhile to explore the practicality of de-

veloping an AI instrument for EEG monitoring using algorithms 

such as SVMs and LR. These algorithms have demonstrated po-

tential in the context of EEG monitoring and may be suitable for 

further development of an AI-assisted monitoring tool. However, 

there is still a need for improvement in data management, pre-

processing, and model validation to create practical models that 

can be effectively applied in clinical contexts. Ongoing research 

and development in these areas are essential to enhance the effi-

ciency and effectiveness of ML-supported EEG monitoring in 

clinical practice. 

 

Acknowledgements 

Not applicable. 

 

Authors’ contributions 

Substantial contributions to the conception or design of the work; 

or the acquisition, analysis, or interpretation of data for the work: 

MRZ, KR, SR, TA, MA; Drafting the work or revising it criti-

cally for important intellectual content: MRZ, KR, SR, TA, MA; 

Final approval of the version to be published: MRZ, KR, SR, TA, 

MA; Agreement to be accountable for all aspects of the work in 



Zabihi et al.                                                                                 

7 

 

ensuring that questions related to the accuracy or integrity of any 

part of the work are appropriately investigated and resolved: 

MRZ, KR, SR, TA, MA. 

 

Funding 

Self-funded. 

 

Ethics approval and consent to participate 

Not applicable. 

 

Competing interests 

We do not have potential conflicts of interest with respect to the 

research, authorship, and publication of this article. 

 

Availability of data and materials 

The datasets used during the current study are available from the 

corresponding author on request. 

 

Using artificial intelligent chatbots 

None. 

 

References 

1. Gunter A, Ruskin KJ. Intraoperative neurophysiologic monitoring: 

utility and anesthetic implications. Curr Opin Anaesthesiol. 

2016;29(5):539-543. 

2. Lopes da Silva FH, Gonçalves SI, De Munck JC. Electroenceph-

alography (EEG). In: Squire LR. Encyclopedia of Neuroscience. 

Oxford: Academic Press; 2009. p. 849-855. 

3. Foreman B, Claassen J. Quantitative EEG for the detection of brain 

ischemia. Crit Care. 2012;16(2):216. 

4. Nunes RR, Bersot CDA, Garritano JG. Intraoperative neurophysi-

ological monitoring in neuroanesthesia. Curr Opin Anaesthesiol. 

2018;31(5):532-538. 

5. Bourgeois M, Sainte-Rose C, Lellouch-Tubiana A, Malucci C, 

Brunelle F, Maixner W, et al. Surgery of epilepsy associated with 

focal lesions in childhood. J Neurosurg. 1999;90(5):833-842. 

6. Zhou Y, Yang X, Ma S, Yuan Y, Yan M. A systematic review of 

predictive models for hospital-acquired pressure injury using ma-

chine learning. Nurs Open. 2023;10(3):1234-1246. 

7. Mangold C, Zoretic S, Thallapureddy K, Moreira A, Chorath K, 

Moreira A. Machine Learning Models for Predicting Neonatal 

Mortality: A Systematic Review. Neonatology. 2021;118(4):394-

405. 

8. De Silva K, Mathews N, Teede H, Forbes A, Jönsson D, Demmer 

RT, et al. Clinical notes as prognostic markers of mortality associ-

ated with diabetes mellitus following critical care: A retrospective 

cohort analysis using machine learning and unstructured big data. 

Comput Biol Med. 2021;132:104305. 

9. Zabihi MR, Rashtiani S, Mashayekhi Y, Amirinia F, Gholamkar 

V, Kor S, et al. Applications of machine learning for hemodialysis 

nursing cares based on a machine learning algorithm. J Nurs Rep 

Clin Pract. 2023;1(1):4-9. 

10. Cabitza F, Campagner A. The need to separate the wheat from the 

chaff in medical informatics: Introducing a comprehensive check-

list for the (self)-assessment of medical AI studies. Int J Med In-

form. 2021;153:104510. 

11. Herman ST, Abend NS, Bleck TP, Chapman KE, Drislane FW, 

Emerson RG, et al. Consensus statement on continuous EEG in 

critically ill adults and children, part II: personnel, technical specifi-

cations, and clinical practice. J Clin Neurophysiol. 2015;32(2):96-

108. 

12. McLaughlin MF. Care of the Neurosurgical and Neurointerven-

tional Patient. Drain’s PeriAnesthesia Nursing–E-Book: A Critical 

Care Approach. 2022:468. 

13. Mezzatesta S, Torino C, Meo P, Fiumara G, Vilasi A. A machine 

learning-based approach for predicting the outbreak of cardiovas-

cular diseases in patients on dialysis. Comput Methods Programs 

Biomed. 2019;177:9-15. 

14. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, 

Mulrow CD, et al. The PRISMA 2020 statement: an updated 

guideline for reporting systematic reviews. BMJ. 2021;372:n71. 

15. Gardener M. Beginning R: the Statistical Programming Language. 

Hoboken, NJ: John Wiley & Sons; 2012. 

16. Chen Q, Ning Z, Liu Z, Zhou Y, He Q, Tian Y, et al. Textbook 

Outcome as a measure of surgical quality assessment and prognosis 

in gastric neuroendocrine carcinoma: A large multicenter sample 

analysis. Chin J Cancer Res. 2021;33(4):433-446. 

17. Rajashekhar U, Harish H. Automatic diseases detection and classi-

fication of EEG signal with pervasive computing using machine 

learning. Int J Pervasive Comput Commun. 2023;19(3):432-450. 

18. Megjhani M, Terilli K, Weiss M, Savarraj J, Chen LH, 

Alkhachroum A, et al. Dynamic Detection of Delayed Cerebral Is-

chemia: A Study in 3 Centers. Stroke. 2021;52(4):1370-1379. 

19. da Silva Arriaga IC. Continuous EEG monitoring for the Prediction 

of the Outcome of Traumatic Brain Injury. 2022. 

20. Miron G, Müller PM, Holtkamp M, Meisel C. Prediction of epi-

lepsy surgery outcome using foramen ovale EEG-A machine learn-

ing approach. Epilepsy Res. 2023;191:107111. 

21. Pepi C, Mercier M, Carfì Pavia G, de Benedictis A, Vigevano F, 

Rossi-Espagnet MC, et al. Can Presurgical Interhemispheric EEG 

Connectivity Predict Outcome in Hemispheric Surgery? A Brain 

Machine Learning Approach. Brain Sci. 2022;13(1):71. 

22. Dreiseitl S, Ohno-Machado L. Logistic regression and artificial 

neural network classification models: a methodology review. J Bi-

omed Inform. 2002;35(5-6):352-359. 

23. Bender R, Grouven U. Ordinal logistic regression in medical re-

search. J R Coll Physicians Lond. 1997;31(5):546-551. 

https://pubmed.ncbi.nlm.nih.gov/27380045/
https://pubmed.ncbi.nlm.nih.gov/27380045/
https://pubmed.ncbi.nlm.nih.gov/27380045/
https://taylorslibrary.taylors.edu.my/sites/default/files/Encyclopedia%20Neuroscience%20(SK).pdf
https://taylorslibrary.taylors.edu.my/sites/default/files/Encyclopedia%20Neuroscience%20(SK).pdf
https://taylorslibrary.taylors.edu.my/sites/default/files/Encyclopedia%20Neuroscience%20(SK).pdf
https://pubmed.ncbi.nlm.nih.gov/22429809/
https://pubmed.ncbi.nlm.nih.gov/22429809/
https://pubmed.ncbi.nlm.nih.gov/30020157/
https://pubmed.ncbi.nlm.nih.gov/30020157/
https://pubmed.ncbi.nlm.nih.gov/30020157/
https://pubmed.ncbi.nlm.nih.gov/10223448/
https://pubmed.ncbi.nlm.nih.gov/10223448/
https://pubmed.ncbi.nlm.nih.gov/10223448/
https://pubmed.ncbi.nlm.nih.gov/36310417/
https://pubmed.ncbi.nlm.nih.gov/36310417/
https://pubmed.ncbi.nlm.nih.gov/36310417/
https://pubmed.ncbi.nlm.nih.gov/34261070/
https://pubmed.ncbi.nlm.nih.gov/34261070/
https://pubmed.ncbi.nlm.nih.gov/34261070/
https://pubmed.ncbi.nlm.nih.gov/34261070/
https://pubmed.ncbi.nlm.nih.gov/33705995/
https://pubmed.ncbi.nlm.nih.gov/33705995/
https://pubmed.ncbi.nlm.nih.gov/33705995/
https://pubmed.ncbi.nlm.nih.gov/33705995/
https://pubmed.ncbi.nlm.nih.gov/33705995/
https://www.jnursrcp.com/index.php/junrsrcp/article/view/32
https://www.jnursrcp.com/index.php/junrsrcp/article/view/32
https://www.jnursrcp.com/index.php/junrsrcp/article/view/32
https://www.jnursrcp.com/index.php/junrsrcp/article/view/32
https://pubmed.ncbi.nlm.nih.gov/34108105/
https://pubmed.ncbi.nlm.nih.gov/34108105/
https://pubmed.ncbi.nlm.nih.gov/34108105/
https://pubmed.ncbi.nlm.nih.gov/34108105/
https://pubmed.ncbi.nlm.nih.gov/25626777/
https://pubmed.ncbi.nlm.nih.gov/25626777/
https://pubmed.ncbi.nlm.nih.gov/25626777/
https://pubmed.ncbi.nlm.nih.gov/25626777/
https://pubmed.ncbi.nlm.nih.gov/25626777/
https://books.google.com/books?hl=en&lr=lang_en&id=BoikEAAAQBAJ&oi=fnd&pg=PA468&dq=Care+of+the+Neurosurgical+and+Neurointerventional+Patient.+&ots=SxWIsj2BEz&sig=yKNDjV6F8SR-P1WT72wSX4wEAvk#v=onepage&q=Care%20of%20the%20Neurosurgical%20and%20Neurointerventional%20Patient.&f=false
https://books.google.com/books?hl=en&lr=lang_en&id=BoikEAAAQBAJ&oi=fnd&pg=PA468&dq=Care+of+the+Neurosurgical+and+Neurointerventional+Patient.+&ots=SxWIsj2BEz&sig=yKNDjV6F8SR-P1WT72wSX4wEAvk#v=onepage&q=Care%20of%20the%20Neurosurgical%20and%20Neurointerventional%20Patient.&f=false
https://books.google.com/books?hl=en&lr=lang_en&id=BoikEAAAQBAJ&oi=fnd&pg=PA468&dq=Care+of+the+Neurosurgical+and+Neurointerventional+Patient.+&ots=SxWIsj2BEz&sig=yKNDjV6F8SR-P1WT72wSX4wEAvk#v=onepage&q=Care%20of%20the%20Neurosurgical%20and%20Neurointerventional%20Patient.&f=false
https://pubmed.ncbi.nlm.nih.gov/31319965/
https://pubmed.ncbi.nlm.nih.gov/31319965/
https://pubmed.ncbi.nlm.nih.gov/31319965/
https://pubmed.ncbi.nlm.nih.gov/31319965/
https://pubmed.ncbi.nlm.nih.gov/33782057/
https://pubmed.ncbi.nlm.nih.gov/33782057/
https://pubmed.ncbi.nlm.nih.gov/33782057/
https://books.google.com/books?hl=en&lr=lang_en&id=iJoKYSWCubEC&oi=fnd&pg=PR21&dq=15.%09Gardener+M.+Beginning+R:+the+statistical+programming+language:+John+Wiley+%26+Sons%3B+2012.&ots=59dZzD8C7y&sig=J-4yHgtROeRacpwYMuqUjg03_eQ#v=onepage&q=15.%09Gardener%20M.%20Beginning%20R%3A%20the%20statistical%20programming%20language%3A%20John%20Wiley%20%26%20Sons%3B%202012.&f=false
https://books.google.com/books?hl=en&lr=lang_en&id=iJoKYSWCubEC&oi=fnd&pg=PR21&dq=15.%09Gardener+M.+Beginning+R:+the+statistical+programming+language:+John+Wiley+%26+Sons%3B+2012.&ots=59dZzD8C7y&sig=J-4yHgtROeRacpwYMuqUjg03_eQ#v=onepage&q=15.%09Gardener%20M.%20Beginning%20R%3A%20the%20statistical%20programming%20language%3A%20John%20Wiley%20%26%20Sons%3B%202012.&f=false
https://pubmed.ncbi.nlm.nih.gov/34584369/
https://pubmed.ncbi.nlm.nih.gov/34584369/
https://pubmed.ncbi.nlm.nih.gov/34584369/
https://pubmed.ncbi.nlm.nih.gov/34584369/
https://www.emerald.com/insight/content/doi/10.1108/IJPCC-09-2021-0216/full/html
https://www.emerald.com/insight/content/doi/10.1108/IJPCC-09-2021-0216/full/html
https://www.emerald.com/insight/content/doi/10.1108/IJPCC-09-2021-0216/full/html
https://pubmed.ncbi.nlm.nih.gov/33596676/
https://pubmed.ncbi.nlm.nih.gov/33596676/
https://pubmed.ncbi.nlm.nih.gov/33596676/
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/repositorio-aberto.up.pt/bitstream/10216/145468/2/592064.pdf
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/repositorio-aberto.up.pt/bitstream/10216/145468/2/592064.pdf
https://pubmed.ncbi.nlm.nih.gov/36857943/
https://pubmed.ncbi.nlm.nih.gov/36857943/
https://pubmed.ncbi.nlm.nih.gov/36857943/
https://pubmed.ncbi.nlm.nih.gov/36672052/
https://pubmed.ncbi.nlm.nih.gov/36672052/
https://pubmed.ncbi.nlm.nih.gov/36672052/
https://pubmed.ncbi.nlm.nih.gov/36672052/
https://pubmed.ncbi.nlm.nih.gov/12968784/
https://pubmed.ncbi.nlm.nih.gov/12968784/
https://pubmed.ncbi.nlm.nih.gov/12968784/
https://pubmed.ncbi.nlm.nih.gov/9429194/
https://pubmed.ncbi.nlm.nih.gov/9429194/


Zabihi et al.                                                                                 

8 

 

24. Lumley T, Kronmal R, Ma S. Relative risk regression in medical 

research: models, contrasts, estimators, and algorithms. UW Biosta-

tistics Working Paper Series. 2006. 

25. Guerrero MC, Parada JS, Espitia HE. EEG signal analysis using 

classification techniques: Logistic regression, artificial neural net-

works, support vector machines, and convolutional neural net-

works. Heliyon. 2021;7(6):e07258. 

26. Rajaguru H, Prabhakar SK. Non linear ICA and logistic regression 

for classification of epilepsy from EEG signals. 2017 international 

conference of electronics, communication and aerospace technol-

ogy (ICECA): IEEE; Coimbatore, India. 2017. pp. 577-580. 

27. Rincón AQ, Flugelman M, Prendes J, d'Giano C. Study on epileptic 

seizure detection in EEG signals using largest Lyapunov exponents 

and logistic regression. Rev Argent Bioing. 2019;23(2):17-24. 

28. Cheng-Hong Y, Novaliendry D, Jin-Bor C, Renyaan AS, Lizar Y, 

Guci A, et al. Prediction of mortalityinthe hemodialysis patient with 

diabetes using support vector machine. Rev. Argentina de Clin 

Psic. 2020;29(4):219-232. 

29. Altaf MAB, Zhang C, Radakovic L, Yoo J. Design of energy-effi-

cient on-chip EEG classification and recording processors for wear-

able environments. 2016 IEEE International Symposium on Cir-

cuits and Systems (ISCAS): IEEE; Montreal, QC, Canada. 2016. 

pp. 1126-1129. 

30. Perera H, Shiratuddin MF, Wong KW, Fullarton K. EEG signal 

analysis of real-word reading and nonsense-word reading between 

adults with dyslexia and without dyslexia. 2017 IEEE 30th Interna-

tional Symposium on Computer-Based Medical Systems 

(CBMS): IEEE; Thessaloniki, Greece. 2017. pp. 73-78. 

31. Anzellotti F, Dono F, Evangelista G, Di Pietro M, Carrarini C, 

Russo M, et al. Psychogenic Non-epileptic Seizures and Pseudo-

Refractory Epilepsy, a Management Challenge. Front Neurol. 

2020;11:461. 

32. Ahmad Z, Rahim S, Zubair M, Abdul-Ghafar J. Artificial intelli-

gence (AI) in medicine, current applications and future role with 

special emphasis on its potential and promise in pathology: present 

and future impact, obstacles including costs and acceptance among 

pathologists, practical and philosophical considerations. A compre-

hensive review. Diagn Pathol. 2021;16(1):24. 

33. Natu M, Bachute M, Gite S, Kotecha K, Vidyarthi A. Review on 

Epileptic Seizure Prediction: Machine Learning and Deep Learn-

ing Approaches. Comput Math Methods Med. 

2022;2022:7751263. 

34. Senders JT, Staples PC, Karhade AV, Zaki MM, Gormley WB, 

Broekman MLD, et al. Machine Learning and Neurosurgical Out-

come Prediction: A Systematic Review. World Neurosurg. 

2018;109:476-486.e1. 

 

 

 

 

How to cite this article: Zabihi MR, Rohampour K, 

Rashtiani S, Alizadeh T, Akhoondian M. Applications of 

machine learning for nursing monitoring of electroen-

cephalography. J Nurs Rep Clin Pract. 2024;2(1):3-8. 

https://doi.org/10.32598/JNRCP.23.49.  

 

https://biostats.bepress.com/uwbiostat/paper293/
https://biostats.bepress.com/uwbiostat/paper293/
https://biostats.bepress.com/uwbiostat/paper293/
https://pubmed.ncbi.nlm.nih.gov/34159278/
https://pubmed.ncbi.nlm.nih.gov/34159278/
https://pubmed.ncbi.nlm.nih.gov/34159278/
https://pubmed.ncbi.nlm.nih.gov/34159278/
https://ieeexplore.ieee.org/abstract/document/8203602/citations#citations
https://ieeexplore.ieee.org/abstract/document/8203602/citations#citations
https://ieeexplore.ieee.org/abstract/document/8203602/citations#citations
https://ieeexplore.ieee.org/abstract/document/8203602/citations#citations
https://hal.science/hal-02868899/
https://hal.science/hal-02868899/
https://hal.science/hal-02868899/
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/revistaclinicapsicologica.com/data-cms/articles/20200917070447amSSCI-112.pdf
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/revistaclinicapsicologica.com/data-cms/articles/20200917070447amSSCI-112.pdf
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/revistaclinicapsicologica.com/data-cms/articles/20200917070447amSSCI-112.pdf
chrome-extension://efaidnbmnnnibpcajpcglclefindmkaj/https:/revistaclinicapsicologica.com/data-cms/articles/20200917070447amSSCI-112.pdf
https://ieeexplore.ieee.org/abstract/document/7527443
https://ieeexplore.ieee.org/abstract/document/7527443
https://ieeexplore.ieee.org/abstract/document/7527443
https://ieeexplore.ieee.org/abstract/document/7527443
https://ieeexplore.ieee.org/abstract/document/7527443
https://ieeexplore.ieee.org/abstract/document/8104160
https://ieeexplore.ieee.org/abstract/document/8104160
https://ieeexplore.ieee.org/abstract/document/8104160
https://ieeexplore.ieee.org/abstract/document/8104160
https://ieeexplore.ieee.org/abstract/document/8104160
https://pubmed.ncbi.nlm.nih.gov/32582005/
https://pubmed.ncbi.nlm.nih.gov/32582005/
https://pubmed.ncbi.nlm.nih.gov/32582005/
https://pubmed.ncbi.nlm.nih.gov/32582005/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/33731170/
https://pubmed.ncbi.nlm.nih.gov/35096136/
https://pubmed.ncbi.nlm.nih.gov/35096136/
https://pubmed.ncbi.nlm.nih.gov/35096136/
https://pubmed.ncbi.nlm.nih.gov/35096136/
https://pubmed.ncbi.nlm.nih.gov/28986230/
https://pubmed.ncbi.nlm.nih.gov/28986230/
https://pubmed.ncbi.nlm.nih.gov/28986230/
https://pubmed.ncbi.nlm.nih.gov/28986230/
https://doi.org/10.32598/JNRCP.23.49

