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Abstract 

Perceiving the attentiveness of students in online classes has become critical after the pandemic 

situation due to a larger number of students involved in a single class, which becomes complex in 

improving the education quality in online mode. However, each student's participation has a 

different degree of proficiency, but the main goal of the online education is to improve their standard 

of teaching methodology. Hence, this research study introduced the Internet of Things (IoT) based 

online platform and evaluated the engagement level of students through online lessons. These 

technologies empower devices physically embedded for connecting to the internet are integrated 

extensively into human action by supporting several activities. In real time, Peripheral 

neurophysiological signals are less responsive to changes in affective states than the 

Electroencephalogram (EEG) signal. Thus, the student’s brain activity during online classes has 

been monitored through various frequencies of the brain obtained from Electroencephalography 

(EEG) devices. Moreover, the Machine Learning (ML) method with lazy predict classification 

library through an ensemble predictive system by soft voting concept for assisting the staff to 

identify student attitude in listening the online classes and justify the student’s potential in their 

academic. Thus, the proposed ensemble ML prediction system with IoT-based EEG has helped in 

determining the exact prediction of students’ brain activity for providing them a set of interesting 

classes from the online teaching staff. 

Keywords: E-Learning, Student Performance, Student Brain Activities, Electroencephalography 

(EEG), Weighted Average, Internet of Things (IoT). 

1 Introduction 

The major influence of student performance in factor analysis is one of the key concerns for educational 

institutions. Each institution makes an effort to lower student failure rates. Educational Data Mining 

(EDM) is the most widely used method to assess and forecast students' performance (de Andrade et al., 

2021). To enhance students' learning results, EDM focuses on creating strategies for handling the various 

types of data that educational systems generate (Romero & Ventura, 2020). Data mining, machine 
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learning, and statistical methods are developed and modified by EDM. The main goal of EDM is to 

obtain information from educational data to make educational decisions. Early academic performance 

predictions can be made through EDM. They could be used to enhance the study of how children learn 

while taking into consideration the way they interact with their environment. To enable people to access 

and learn the subjects from anywhere, as well as at any time. The e-learning makes use of digital 

technology, mostly the internet, including smartphones and computers (Tudor Car et al., 2018). As a 

result, e-learning facilitated the development of a variety of skills and important knowledge among users 

(teachers and students) in educational institutions (Alsharifi,2023). Many educational institutions around 

the world moved from direct instruction to online as well as distance learning during the time of COVID-

19 pandemic. A set of electronic instructional resources and the option to share them in a variety of 

formats, including PowerPoint slides, audio files, Word documents, PDF format, videos, and photos, 

were provided by the e-learning system to aid in the educational process (Racovita-Szilagyi et al., 2018). 

Additionally, it facilitates, enhances, and improves teacher-student interaction (Marunevich et al., 2021). 

In addition to designing quizzes, examinations, and assignments, teachers can upload a variety of 

materials for a particular course and pose specialized discussion topics. 

Cooperation and student participation are essential for an effective learning environment. Increased 

involvement and understanding of the student’s context are possible with the help of the IoT. 

Additionally, the behavior of students is a reliable predictor of mental abilities. Predictor is utilized for 

determining students’ participation, and evaluating student focus is a crucial part of educational 

evaluation. The majority of research on e-learning platforms is focused on teaching-learning approaches 

and is restricted to improving teaching methodologies. The role of IoT cannot be ignored in 

contemporary education or e-learning systems (Vijayalakshmi & Jayasimman,2018), (Gao, 2024), 

(Hajjaji & M’barki, 2018). There are several solutions for enhancing effectiveness, speed, and quality in 

the daily activities of teachers and students that have been made possible by the IoT in education. An 

educational establishment is capable of carrying out a wide range of duties, including monitoring 

necessary supplies, monitoring pupils, creating data and resource access, and creating a secure learning 

environment. When learning is performed through IoT, productivity has increased gradually 

(Eiriemiokhale & James, 2023). According to their findings, it is impossible to ignore the IoT's impact 

on the present-day educational system. E-learning and digital learning have become essential for 

various reasons. The freedom and opportunity to learn at anytime, anywhere and IoT in e-Learning is 

beneficial, essential, and necessary (Zahedi & Dehghan, 2019; Prasanth & Rajesh, 2016). The 

procedures and goals for each module were outlined. The IoT can provide a flexible platform and 

promote e-learning, they concluded. Face VR paradigm based on virtual reality has been presented 

(Thies et al., 2018). Personalized experiences for learning, where educational materials and 

methodologies are modified to match the needs of the student, enhancing engagement and 

comprehension, are now available thanks to the IoTs. Learning may be made more pleasant and 

conducive with the help of IoT-enabled smart classrooms that have better lighting, temperature control, 

and air quality. With instant feedback on their performance, students can now improve faster by learning 

from their mistakes. Teachers are now better able to come up with data-driven decisions that benefit 

individual students as well as educational institutions overall because of the insights into student 

performance offered by IoT-generated data (Ghashim & Arshad, 2023; Mauryan & Sakthi, 2020). 

Examined several security dangers and weaknesses and made numerous suggestions for potential 

remedies. In addition, they offered a comprehensive security model procedure and principles which 

influence the architecture of IoT (Bansal & Khan, 2018).  

Providing access to the students in a wide variety of both explicit as well as implicit understanding 

nodes when allowing the students freely to select as well as arrange the nodes in any case that individual 
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student is fit for developing their network of personal knowledge has become the foundation of the 

knowledge-pull approach to learn as well as teach. In this day and age, traditional pedagogical methods 

are ineffective. When IoT is implemented in the classroom, there will surely be more pedagogical 

problems. As a result, researchers and academics are inspired to develop innovative educational 

strategies to improve the learning process for students. The smart educational environment, which 

is opposite to the conventional educational environment, provides learners with constant access to 

resources and learning systems, making it possible to learn wherever people want to learn. Even 

technology is available in these situations to choose the best time and place for a student to learn. The 

Smart Learning Platform is more effective and engaging. A range of hardware and software solutions 

can be used to implement such learning environments. Examples of hardware include a tablet, 

smartphone, an e-bag, an interactive whiteboard, smart tables provided in the classroom, etc. Software 

components such as learning tools and systems, communication and social networking, inclusive of blog 

resources, online resources, virtualization technologies, and analytical tools, have suggested a smart 

educational model. The majority of e-learning studies are focused on teaching-learning techniques and 

are only concerned with improving teaching practices. Each student has a unique method of approaching 

their education. There are few research studies on the topic of understanding students' learning styles. 

This study emphasizes the value of grading students by their preferred learning styles, especially aural, 

kinaesthetic and visual. Additionally, there hasn't been much focus on the usage of IoT as well as brain 

signal techniques in understanding students’ learning approaches. 

The proposed framework will use IoT devices and machine learning technologies to determine all 

students' learning patterns. Based on that, assessments will be given, and pupils will be evaluated 

properly. The use of an IoT-based architecture and an integrated sensor layer in an e-learning platform 

to gather behavioral, environmental, and physical data. This information can be used to improve the 

platform and provide features like context awareness. To conduct intelligent solutions that meet the 

needs of the user, teachers can use cognitive modules. As a result, in the data-fueled academic era, this 

research work concentrates on the IoT-entity context, which shows the design components of 

architecture and the corresponding links associated to gathering and tracking data from connected 

equipment such as cameras, tablets, barcoding systems, RFID sensors, smartphones, EEG devices, and 

handheld gadgets. As a result, the design is integrated with the ensemble method, which aids in 

enhancing the ensemble forecasting system's ability to precisely identify fundamental epilepsy and 

student brain activity. This is done automatically by recognizing the EEG signals of the students, with 

the help of teachers and staff. The structure of this paper is as follows: session 2 illustrates the various 

approaches to improve the skill set of e-learning students and the benefits of ML in e-learning for 

predicting student activity in the online learning system. Session 3 illustrates the “soft voting” based on 

various ensemble methods for predicting the skills of students using an EEG device with IoT IoT-

enabled e-learning method. Session 4 illustrates the performance evaluation of the stacking classifier 

and the voting classifier as an ensemble technique with another existing ML method. Session 5 illustrates 

the conclusion for selecting the stacking ensemble method to predict student attentiveness using EEG-

based IoT monitoring through their brain activity status. 

2 Literature Review 

Online education is becoming more and more popular with experts who are interested in developing 

their professions, students are learning recent skills but keeping their current employment status, and 

students want to receive training or get ready for certification examinations. As more students engage in 

online courses, institutes are finding it more and harder to carefully monitor and evaluate their courses 
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(Balakrishna et al., 2021). For permitting the students to use the network as a platform, educational 

institutions are heavily investing in online instruction and learning due to a lack of mentors and tutors. 

A global audience of networked learners is accessible over the Internet, and they may all use high 

bandwidth applications such as simulations, video conferencing, and animations (Abdellatif et al., 2021). 

Along with online courses, the website provides a collaborative setting for exchanging resources with 

others. When students interact with online learning environments like MOOCs, sensors are used as part 

of the IoT to capture their data. This data has been sent to the central database system so it can be 

examined. Using IoT to enhance online teaching and learning is the aim of this research study. To filter, 

arrange, combine, and evaluate data to provide reports for different management levels, several Data 

Mining (DM) techniques will be implemented within the central database systems (Muteba et al., 2020). 

The term "e-learning" describes the integration of technology into the study and practice of education. 

To increase their knowledge without using conventional teaching methods, students might use virtual 

classrooms offered by e-learning. The letter "e" has come to represent the information technology era in 

which it currently lives as an outcome of the rapid expansion of technological development in 

communication and information in today's environment (Su et al., 2022). Electrical parts are frequently 

denoted by the letter "e". The prefix "e" is growing in popularity across all industries, as seen by the 

creation of terms, namely "e-learning,” “e-business," "e-health," "e-government," etc. The importance 

of e-learning in the field of education is growing as a result of networking, globalization and the peak 

of information technology (Anthi et al., 2021). Globalization, IT and networking are the driving forces 

of the modern world. Social media in e-learning is crucial to improve the learner experience. Social 

media marketing has been increasingly popular in recent years as a means of promoting educational 

materials, training programmes, study aids, and enrollment in new courses. The social media platforms 

Google Plus, YouTube, Twitter, Facebook, and LinkedIn are the most often utilized for marketing. The 

list of social media sites in India is mentioned in the table below. IoT is a commonly used technology 

that enables online collaboration and communication. It expands in scope and depth as it advances, 

having an impact on many facets of our lives, including educational opportunities (Rahman et al., 2020). 

Education e-learning will progress with the IoT. By leveraging the capabilities of the IoT and EEG, we 

can create a smart learning environment that encourages improved learning and increased retention rates. 

Better people will be produced as a result of this educational advancement in terms of knowledge and 

skills. This essay examines the applications, significance, and need for the IoTs with an emphasis on 

improving the caliber of student e-learning (Kumar & Al-Besher, 2022). 

The IoT makes it possible to expand learning settings by fusing real and virtual objects without 

hindering the learning process. As a digital technique, traditional e-learning can provide students with a 

wide range of virtual environments, however, it also comes with significant drawbacks, which are 

mentioned below (Kebande et al., 2020). The geographical location, direct interaction among objects, 

as well as successful collaboration among virtual and actual agents, are the main restrictions in e-learning 

environments. One possible remedy for the challenges mentioned above is the use of intelligent things 

in the environment of learning environment. Commonly acknowledged as a highly significant source of 

intelligent agents in e-learning, the IoT is a growing field. Intelligence and object interaction are two 

crucial components that the IoT may incorporate into conventional e-learning (Esmail Karar et al., 

2021). IoT has the capability of creating a broad platform that students as well as instructors can use in 

accessing a variety and equipment for distance learning. There could be a wide variety of collaboration 

circumstances created as a result of virtual and real commodities with a significant range of interaction.  
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Research Gap 

Human emotions can be recognized by speech, body language, gestures or posture, and physiological 

indicators, whereas these three are ineffective because people occasionally conceal their actual feelings, 

either knowingly or unknowingly said to be social masking. The general objective of emotion 

recognition can be accurately achieved using physiological signals. In real time, Peripheral 

neurophysiological signals are less responsive to changes in affective states than the 

Electroencephalogram (EEG) signal. However, EEG signals can disclose significant aspects of 

emotional experiences. Therefore, there are several EEG-based BCI emotion recognition methods have 

been developed recently. In addition, quick developments in ML and deep learning have made it possible 

for computers to comprehend, identify, and evaluate emotions (Houssein et al., 2022). This paper 

presents an overview of the state of the art in emotion recognition techniques concerning multi-channel 

EEG signal-based BCIs. Thus, it presents a summary of the datasets and techniques utilized to evoke 

different emotional states.  

3 Research Methodology 

Students are expected to finish their assignments online because educational institutions have to close 

due to safety procedures during the pandemic outbreak. Pupils can comprehend the subjects clearly by 

raising the bar for education. The key factor contributing to the decline in educational quality is students' 

inability to understand and learn the material. Administrators can use the "IoT" to improve education 

standards in this emerging mobile digital world. The student's preferred technique of learning is the key 

to comprehending and appreciating their power. For the successive school, students must be able to use 

their distinctive learning style effectively. Students' chosen learning styles are considered while 

assigning exercises, tutorials, and assignments to ensure that they can understand the topic well and 

make progress. Even if it may be challenging, it is important to determine each student's ideal learning 

method. 

 

Figure 1: Architecture for IoT-Based EEG in Online Learning Process 

Moreover, the experimental research will leverage pervasive linked technology and the IoT. It 

enhances its predictive analytics capabilities using recent academic data. Teachers can use sophisticated 

tools to manage and optimize educational choices among networked resources by combining intelligence 

and insights. The IoT makes it possible for educational institutions to collect as well as monitor data 

from linked devices, including barcode readers, tablets, smartphones, RFID sensors, cameras, EEG 

Student with EEG devices Staff and Teachers for teaching and monitoring the 

students 

Smart IoT Devices Smart IoT Devices 

Smart pedagogies for learning environment in online learning 

IoT Gateway to initiate online learning process 

Student’s score using the Gamification tool and the survey dataset as an output 
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equipment, and portable electronics. These academic years have seen the usage of IoT with entity-based 

e-learning, smart learning environments, and IoT gadgets for e-learning, as shown in Figure 1. 

EEG Device Acquisition  

An EEG records the nervous system's brain impulses. The electrodes on the device measure brain 

activity when placed on the scalp of a subject. The electrodes capture the brain wave patterns, and the 

EEG gadget transfers the data to a computer or cloud server. The EEG device used in the experiment is 

the Emotiv Epoc X 14 channel headset was utilized to record EEG data with dry electrodes, which are 

transportable and convenient. There are EEG sensors in eight positions spread over the scalp of this 

headset, and there are also accelerometers, which are three-dimensional acceleration sensors. Based on 

the earlier studies' working procedures, the following electrodes are placed namely two central, 

frontal, parietal, and occipital electrodes. C4, C3, O1, FP2, FP1, P8, P7, and O2. Table 1 below lists the 

range of brain frequency bands. These signals have been recorded, as well as communicating data sent 

to the system using the data gathering, processing, and design programme Open Vibe. The data were 

gathered at a sample rate of 256 Hz and filtered using a 4th-order Butterworth bandpass filter with a 

passband of 0.1-100 Hz. The EEG device used in the experiment is the Emotiv EPOC X 14 channel head 

set. Every EEG recording was cleaned up using the Artefact Subspace Reconstruction (ASR) method, 

which acts as a potent as well as successful signal cleansing method which has recovered artefacts to 

within double the standard error of a signal cleansing section.  

Table 1: Status of the Brain using the Brain Frequency Range 

Brain frequency type Bandwidth Range in Hz Purpose and status of the brain 

Delta 0.50 to 2.75 Deeply meditating and sleeping 

Alpha  7.50 to 11.75 Relaxing or thinking normally 

Beta 13.00 to 29.75 Focusing or thinking intently 

Gamma 31.00 to 49.75 Conscious and perceptual thinking 

Theta 3.5 to 6.5  Sleeping or meditating 

Smart IoT Devices  

User events can be responded to by these connected "objects." PCs, IoT sensor devices, smartphones, 

and Tablets are a few examples of possible gadgets. Any object that a student owns and is connected to 

the system can be considered a smart IoT device.  

Dataset Collection 

A conventional grading system was used to assess the students' work, and at the same time, an internet 

setting allowed students to share posts, get feedback, and categorize projects based on their perceptions. 

Several students are invited with varying levels of education to monitor online lectures as well as record 

their EEG data and the brain waves during the lecture. This research conducted many online video 

classes and identified the students’ attitude by their frequency range and understanding of their 

knowledge base, as well as picked several videos. These several videos assist in understanding that 

students aren’t able to understand as well, and certain students are not listening to the classes. Thus. It 

can be analysed through recorded data of their EEG brain waves, as well as accumulating the binary 

variable that specifies whether the student can understand the lecture or not (‘1’ represents understanding 

the lecture and ‘0’ represents not understanding the lecture). There are nearly 24 students involved, and 

their sample with 68,831 records from their hourly class for nearly 6 months of monitoring. All the 

https://www.emotiv.com/epoc-x/
https://www.emotiv.com/epoc-x/
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recordings and appended are considered in a single dataset (EEG data.csv). The time online represents 

their presence and involvement in an online class. Similarly, the student's interest in listening to the class 

can be monitored through EEG, as shown in Figure 2. 

 

Figure 2: IoT with EEG Signal-Based Skill Analyzed Students Dataset 

Initially, data preparation is performed with missing imputation, and the robust scalar is utilized to 

scale the distinct variable value. All the variables are in the form of integer data type, the dataset is 

prepared for modelling once the data is split into 80% of the population as the train dataset and 20% of 

the population as the test dataset. The traditional ML classification method is introduced, and ensemble 

learning is implemented to obtain better accuracy in identifying students’ skills and the student’s reaction 

posts. Moreover, the EEG signal has been utilized to identify the individual student's brain status, which 

assists the staff and teachers in monitoring the student’s brain activity. Hence, the teacher and staff can 

provide an alternate mode of teaching, like conducting choose-the-answer-based questions as a quiz in 

between classes, to the students attending the respective subjects. Thus, the ensemble model assists in 

improving the accuracy of the student’s brain attitude is discussed. 

Working of Stacking Ensemble Method (SEM) 

A sort of ensemble learning called stacking that makes use of numerous regression or classification 

models by providing predictions which is more accurate. This method makes the final prediction by 

feeding the output of multiple base models into a meta-model. After being trained on the input data, the 

base models produce their predictions. The meta-model then uses these combined predictions as inputs 

and learns from them to produce a final prediction. By stacking multiple models, one can use their 

strengths to produce a prediction that is more accurate and reliable than it would be from any one model 

working alone. Based on the proposed ensemble learning model, this research focuses on stacking 

patterns with ‘n’ number of classifiers selected for ensemble classification, as shown in Figure 3.  

 

Figure 3: Basic Principle of SEM 

In this experimental research, a lazy predictive classifier library is implemented for modeling to 

predict the student’s online learning detection through EEG-based IoT technology presented in Table 2. 
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The top three classifiers have been considered in detecting the student understanding, as well as the brain 

activity of the behavior, by the accuracy metrics in Figure 4. The three classifier are denoted as LP-CF1, 

LP-CF2 and LP-CF3 whereas the  

• LP-CF1 - XGB classifier 

• LP-CF2 – Extra Tree classifier (ETC) 

• LP-CF3 - Light Gradient Boosting Machine (LGBM) classifier 

However, the ensemble using staking as weight-based has been concentrated in minimizing the 

correlation between ‘n’ estimators through SEM, and it classifies the features by random sampling 

instead of the entire feature set. Hence, the mechanism of SEM is measured through weights to specific 

features by the significance of the target variable, as well as by achieving the final result.  

Table 2: Lazy Predict Classifier Sorted as per Accuracy 

Classification Model Accuracy Balanced Accuracy AUC F1 Score Time Taken 

XGB Classifier 0.97 0.97 0.97 0.97 0.95 

Extra Tree Classifier 0.97 0.97 0.97 0.97 4.08 

LGBM Classifier 0.97 0.97 0.97 0.97 0.82 

Random Forest Classifier 0.96 0.96 0.96 0.96 10.05 

Bagging Classifier 0.95 0.95 0.95 0.95 4.70 

K Neighbors Classifier 0.94 0.93 0.93 0.93 1.18 

Decision Tree Classifier 0.92 0.92 0.92 0.92 0.64 

Label Propagation 0.92 0.92 0.92 0.92 23.17 

Label Spreading 0.92 0.92 0.92 0.92 45.02 

Extra Tree Classifier 0.87 0.87 0.87 0.87 0.09 

Ada boost Classifier 0.85 0.85 0.85 0.85 7.78 

SVC 0.83 0.83 0.83 0.82 23.11 
 

The technique of ensemble learning through the stacking mechanism of various classifier ML 

models. The traditional algorithms are capable of an entire training data set in which the Meta model 

has learned by eventually finding features using the complete base-level model. Moreover, this 

experimental research has included bagging as well as boosting techniques, maintaining bias as well as 

variance, which assists in understanding the stacks that have increased the predicting accuracy of SEM. 

Hence, the alternative to a voting-based classifier is a stacking-based weighted average blending level, 

which helps to learn the best aggregation of individual outcomes. Thus, the proposed SEM is used to 

identify the specific weighted features with each traditional ML algorithm, resulting in complexity for 

regression. The SEM has been illustrated in equation 3.1. 

𝑆𝐸𝑀𝐶𝐹 = 𝑤1 ∗ 𝑃1 + 𝑤2 ∗ 𝑃2 + 𝑤3 ∗ 𝑃3 + ⋯ + 𝑤𝑛 ∗ 𝑃𝑛 (3.1) 

Where: 

𝑆𝐸𝑀𝐶𝐹 = Weighted average of the Meta classifier model 

𝑃𝑛 = Prediction of the nth traditional ML classifier model  

𝑤𝑛 = Weight of the definite feature of the nth traditional ML classifier model 

As a result, the SEM-assisted LR accurately predicted students' satisfaction with attending online 

learning. The SEM-based model is illustrated briefly for predicting students' attentiveness and learning 

in online learning. 
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SEM Algorithm 

Input: Student EEG data collected from IoT devices, x as dataset and y as label 

Output: Classifying classes concerning attentiveness in class or not 

Step 1 – Calculating point-biserial for each continuous and discrete column using pointbiserialr (). 

Step 2 – train_ test_ split () for splitting the dataset into a train and a test dataset. Standard Scaler () for 

data preprocessing. 

Step 3 – Analyse LP-CF1. Fit (x, y), LP-CF3. Fit (x, y) and LP-CF3. Fit (x, y)  

Step 4 – Generate Meta level prediction LP-CF1.predict_proba(x_val)’, LP-CF2.predict_proba (x_ val)’ 

and LP-CF3.predict_proba (x_ val)’ 

Step 5 – concatenate using np. column_ stack () 

Step 6 – ensemble = meta. Fit (np. column_ stack (), y_ val) 

Step 7 – fin_ ensemble= meta. Predict (np.column_stack (), y_val) 

Step 8 – return fin_ ensemble  

This fin_ ensemble determines with high accuracy in detecting the classes effectively. To achieve an 

improved outcome when predicting a student's behavior with the EEG signal representation of using IoT 

as “Understood lecture” or “Not understood lecture”. By analyzing records, the SEM has generated high 

accuracy through choosing the exact correlated features identified from the various classifiers for the 

brain activity of students through the frequency ranges obtained. 

4 Experimental Result 

Based on the experimental research, the e-learning dataset involved 80 instances after wrangling data, 

in which 80% dataset was measured as the sample training dataset, and the remaining 20% was 

considered a random sample and is considered to be the testing dataset. However, the better prediction 

is determined by the top LP-CF models as an individual classifier. The prediction of three individual 

classifiers recognised and the parameter value of the confusion matrix for XGB classifier, ETC and 

LGBM classifiers compared with the proposed SEM with XGB classifier is illustrated in Table 3. 

Therefore, the confusion matrix of SEM with XGB classifier is shown in Figure 5and Jupiter notebook 

is used for carrying out the implementation performance. The obtained result for evaluating the 

performance in SEM with the XGB classifier model has been compared with the confusion matrix 

parameter values of existing traditional classifier predictions. 

Table 3: Confusion Matrix Value in WAEM with other Existing Classifiers 

ML classifier 

Method  

True Positive 

(TP) 

True Negative 

(TN) 

False Negative 

(FN) 

False Positive 

(FP) 

XGB Classifier 3482 3557 119 73 

ETC 3419 3580 182 50 

LGBM Classifier 3434 3550 167 80 

Soft Voting Ensemble  3471 3571 130 59 

SEM with XGB 

Classifier 

3496 3548 105 82 
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The performance of the confusion matrix is used to evaluate the model's effectiveness in performance 

of predicting students’ brain activity effectively. The accuracy metric is estimated by the correct 

prediction count from the overall students involved in the online observation. 

 

Figure 4: Confusion Matrix Heat Map for SEM with XGB Classifier 

Accuracy (Acc) 

The Acc is defined as the amount of exact prediction of student brain activity from the complete student 

sample in the e-learning dataset. 

Acc =  
𝑇𝑁 + 𝑇𝑃

𝑇𝑁 + 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
 

Precision 

Precision is a measure of correctness presented for positive prediction of student brain activity that 

performs better, which illustrates positive prediction of e-learning students as a result of actual positive 

results. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝐹𝑃 + 𝑇𝑃
 

Recall 

It is defined as TP is predicted from all positive-based students present in the e-learning student dataset, 

which is also named as true positive rate. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Table 4: Confusion Matrix Metrics Value for Distinct ML Methods 

ML classification methods Accuracy Recall Precision Sensitivity Specificity 

XGB Classifier 0.9734 0.9795 0.9670 0.9795 0.9676 

ETC 0.9679 0.9856 0.9495 0.9856 0.9516 

LGBM Classifier 0.9658 0.9772 0.9536 0.9772 0.9551 

Soft Voting Ensemble  0.9739 0.9833 0.9639 0.9833 0.9649 

SEM with XGB Classifier 0.9741 0.9771 0.9708 0.9771 0.9713 
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Moreover, the sensitivity and specificity represent TP rates and FP rates, respectively; the suggested 

WAEM performs with high accuracy. 

Table 4 illustrates the SEM with XGB Classifier performing the high prediction of student brain 

performance, as well as reaction datasets. Generally, the SEM with XGB Classifier accuracy is relatively 

higher than the soft voting ensemble model and traditional ETC, XGB classifier and LGBM classifier 

methods. Moreover, the SEM has generated high accuracy for predicting student skill set and creativity 

through EEG signal, and their performances are analyzed by the teacher and staff. Hence, each model 

with the SEM with the XGB Classifier model is analyzed are shown in Figure 5. 

 

Figure 5: Accuracy Performance Comparison of Online Learning Students 

 

Figure 6: Sensitivity and Specificity Performance Comparison of Online Learning Students 

In the case of precision, the measurement ratio of positive prediction and total positive prediction in 

which the proposed SEM with XGB Classifier is 0.977, but the sensitivity score is 0.986 which is higher 

than the proposed SEM with XGB Classifier, soft voting ensemble, and top three lazy predict model is 

shown in Figure 6. The sensitivity or recall is higher in the ETC method than soft voting ensemble and 

the top three lazy predict models, whereas the positive prediction of student skill status is set in online 

learning when compared with other existing methods. Similarly, the specificity is evaluated in which 

proposed SEM with XGB Classifier is 0.971 which indicating better detection, of not precisely 
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understand. Thus, the proposed model assists in identifying the student who is not attentive to the class 

more perfectly. 

 

Figure 7: Performance Comparison of Online Learning Students by Sensitivity and Specificity 

Figure 7 illustrates the Area Under the ROC Curve (AUC) for the top three lazy prediction 

classification methods and two different ensemble models, such as a voting classifier and SEM with an 

XGB classifier. The AUC performance of the voting ensemble model is 0.9969, followed by SEM with 

XGB classifier as 0.9966, which indicates that the ensemble model has better True Positive Rate (TPR) 

and False Positive Rate (FPR) of the student’s brain activity detection in figure 8.  

 

Figure 8: Performance Comparison of Online Learning Students by AUC 
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making use of the IoT and EEG, it has created an environment of smart learning which influences better 

learning as well as increased retention rates. However, the advancement of education will help in 

generating individuals who are better based on their skills as well as knowledge. Hence, this essay 

examines the necessity, value, and applications of the IoT with a definite emphasis on how to improve 
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the standard of online instruction for students. In addition, it recommended IoT-based smart learning as 

the most effective e-learning method for predicting student attentiveness. The usage of the SEM 

approach for aggregating the top three lazy prediction classification methods outperforms the high 

prediction with higher accuracy than soft voting ensemble and traditional ML methods. This 

experimental research on IoT with EEG signal-based student skill set is a measure for SEM classification 

accuracy for each student to assist in improving their academic skill in an online learning platform. 
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