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 In the educational landscape, educational data mining has emerged as an 
indispensable tool for institutions seeking to deliver exceptional and high-
quality education. However, education data revealed suboptimal academic 
performance among a significant portion of the student population, which 
consequently resulted in delayed graduation. This experimental research 
generally aims to evaluate student graduation outcomes. Meanwhile, the 
specific aim is to predict student academic performance by applying the 
support vector machine (SVM) model based on sampling techniques. The 
proposed model is evaluated using datasets originating from one of the State 
Islamic Universities. The dataset has both on-time and delayed graduation 
status. The results show that the support vector machine model based on the 
shuffle sampling on the Arabic language and literature (BSA) dataset 
produces excellent performance on both tests with accuracy values above 
90% and area under the curve (AUC) above 0.9. Meanwhile, the Islamic 
education management (MPI) dataset produces excellent performance when 
applying a support vector machine based on stratified sampling with 
accuracy values above 90% and AUC above 0.9. Therefore, it could be 
concluded that the proposed model has excellent and reliable performance. 
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1. INTRODUCTION 

The process of mining educational data is called educational data mining (EDM). The research field 
of educational data mining is crucial in education for discovering patterns in knowledge in large data sets. 
This is a necessity to increase the effectiveness and success of an institution or educational institution. A 
review of studies has highlighted academic performance, especially in measuring the performance of students 
in higher education [1]. Many students have academic performance that is not optimal, thus many students do 
not graduate on time [2]. This can be influenced by various factors, including social, and geographic, 
demographic characteristics. 
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The education system has experienced extraordinary improvements with the existence of artificial 
intelligence (AI) which can make things easier for teachers and students. Improving learning can also be 
done with AI technology to motivate students to learn [3]. The education sector currently uses a lot of AIs 
integrated with educational data mining to extract information in the form of knowledge and patterns from 
large data stores using machine learning. Therefore, evaluating student performance is very important for 
conducting research [4]. 

Recently, considerable literature has grown around the theme of educational data mining to 
overcome problems such as learning motivation, delays in completing studies, drop-outs, and so on. These 
problems can be overcome using decision tree (DT) models [5], developing learning achievement [6], 
assessment [7], and identifying understanding of particular concepts [8]. In addition, machine learning 
algorithms are widely applied in educational data mining for the prediction of student payment behavior [9]. 
Predicting academic performance to decrease student academic failure and enhance the quality of education 
[10], predicting student performance using e-learning data [11] for decision-making, and predicting student 
academic achievement using the neuro-fuzzy approach technique [12]. Prediction using the artificial neural 
network (ANN) method is widely used [13]–[16], deep learning [17], random forest, and synthetic minority 
over-sampling technique (SMOTE) [18]. Class imbalance with undersampling, oversampling, and SMOTE 
[19] as well as ensemble. 

Abdelmagid and Qahmash [20] conducted research with clustering and prediction of student 
academic performance. Clustering is carried out using the k-means model to obtain a pattern from a series of 
electronic courses, while the linear regression (LR), random forest (RF), k-nearest neighbors (k-NN), tree, 
and support vector machine (SVM) models are used to make predictions. The results obtained from these 
various algorithms, namely linear regression, have very high performance. In study by Holicza and Kiss [21] 
student performance was evaluated by predicting, testing, and providing reasons. The method used to solve 
this problem uses machine learning algorithms such as SVM, DTs, RF, and k-NN. The results found that 
habits like sleep, study time, and screen time are related to school success. Alhazmi and Sheneamer [22] has 
identified the impact of student performance using clustering and classification techniques. The clustering 
technique used is t-distributed stochastic neighbor embedding (T-SNE) to reduce the dimensions of the initial 
dataset. Meanwhile, the classification techniques used to predict are eXtreme gradient boosting (Xgboost), 
logistic recognition, SVM, k-NN, and RF. 

Hussain and Khan [23] conducted a study that used a regression model to estimate grades and a DT 
as a classification model to predict student performance. Genetic algorithms are applied for feature selection. 
The results indicate that the genetic algorithm (GA) and DT machine learning algorithms have efficient and 
relevant results. Xue and Niu [24] proposed a multi-output hybrid integration model to predict student 
performance. The data used comes from the superstar learning communication platform. According to 
experimental results, the XGboost method is more accurate than the other comparison methods. Granados et 
al. [25] identified relevant variables and developed them with a machine learning algorithm, namely 
XGBoost, which was applied to classify two academic performances into good and regular categories. 

Begum and Padmannavar [26] conducted a study with an evaluation of student performance in 
Portuguese language and mathematics subjects. The method used is RF optimized with Bayesian and k-NN. 
The dataset used is general and obtained from University of California, Irvine (UCI). The research results 
reached an accuracy rate of 87% and 73%. Yue et al. [27] conducted a study on student academic prediction 
using cost-sensitive feature selection and a multi-objective gray wolf optimizer. The dataset used comes from 
UCI. Zhao et al. [28] also developed a prediction model for academic performance using machine learning 
algorithms. Its research found differences in performance between machine learning methods. Thus, it is 
necessary to consider various factors in these methods even though all of them can be used well.  

In a study by Martins et al. [29] the application of machine learning techniques has been developed 
for early detection of school dropouts in higher education. The model was built using undergraduate student 
data. Five machine-learning methods were used to train the model. Of the five models trained, the results 
show that the RF model which integrates the class imbalance technique has better performance. Latif et al. 
[30] proposed a combination of machine learning between classification algorithms with bagging and 
boosting ensemble techniques for predicting student performance and identifying students at risk. Modeling 
was carried out using six classification models with several classification categories, namely two classes, 
three classes, and four classes. The dataset used is digital electronic education and design suites (DEEDS) 
enhanced learning technology (ELT). The results obtained by binary classification have more satisfactory 
accuracy compared to other classification categories. 

Qahmash et al. [31] predicted student performance using five classification models, namely DT, 
neural network (NN), RF, Naïve Bayes (NB), and k-NN which were supported by regression and 
optimization techniques as analysis to identify appropriate weights. The results of these predictions show that 
the classification performance of NN and NB has good performance compared to other performance 
algorithms. Jacob and Henriques [32] proposed several machine learning algorithms including DTs, k-NN, 
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NNs, and SVM. This was done to predict students' academic success at the time of registration and the end of 
the first academic year. The prediction success was found in the NN algorithm with a performance 
achievement of 85% using historical data from undergraduates at the Portuguese business school. Alghamdi 
and Rahman [33] predicted the success of higher school students by applying three classification algorithm 
models, namely NB, RF, and J48. At the preprocessing level, the SMOTE technique is applied to overcome 
class imbalance and also extract features using correlation coefficients. Meanwhile, the greatest level of 
accuracy is in the NB classification model. Huang et al. [34] investigated student performance prediction 
using a hybrid method between SVM and ANN. SVM is used for binary classification. Meanwhile, ANN is 
used for multi-class classification. The results of the hybrid model provide effective value. Verma et al. [35] 
conducted a study using DT, NB, k-nearest neighbor, SVM, and RF classification techniques. Bagging 
techniques are combined with classification techniques to improve the performance of classification models. 
The NB model has the best performance than other classification models and its performance is further 
improved based on bagging techniques. Accuracy results achieved from 89% increased to 91%. In another 
study by Sarwat et al. [36] a conditional generative adversarial network (CGAN) was proposed to overcome 
the use of relatively small datasets. This was done to increase the data sample by creating synthetic data. 
Meanwhile, the SVM classification model is used to predict student performance. As a result, the application 
of CGAN and SVM proved to be effective. 

Different from previous research above, in this study the data used came from one state higher 
education institution with two study programs. In a collection of databases, data is selected for several 
important features that can be evaluated based on a classification model. Among the features selected and 
used are the final grades for each semester (from semester one to semester eight). Two sampling techniques, 
namely shuffle and stratified, are applied to produce accurate and effective training data. Meanwhile, a SVM 
is selected and applied to build a classification model. This study aims to evaluate student academic 
performance by applying the SVM classification model based on sampling techniques. There are four parts to 
this paper. This section marks the beginning of the introduction, which explains the topic of educational data 
mining. In addition, it concerns research methods. Moreover, it encompasses results and discussions that 
provide the results of the experiment along with explanations. Furthermore, in conclusion, namely 
concluding the results and discussion. 
 
 
2. RESEARCH METHOD 

This study is structured into multiple research stages. This stage consists of data collection, data 
processing, method proposal, experimentation and model testing, and performance evaluation. This research 
method is also equipped with a scheme of experimental settings shown in Figure 1. 
 
 

Split Data
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Evaluation

Result
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Figure 1. Scheme of experimental settings 

 
 
2.1.  Scheme of experimental settings 

Figure 1 presents a summary of the experimental scheme settings. To begin with, the educational 
database has a large data capacity. Next, the collected data is processed and cleaned to obtain the dataset to 
be processed. After data collection was carried out, the data was split into two parts using stratified and 
shuffle sampling techniques to obtain training data and testing data. After splitting the training data, it is 
applied to a classification model, namely the SVM algorithm. After the model is created, it is tested with test 
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data. The testing results yield a predictable pattern in the form of a confusion matrix. Then the results are 
evaluated based on their performance and accuracy. 
 
2.2.  Data collection 

In the data collection process, data is extracted from the database of one of the state’s higher Islamic 
education institutions. The study program data obtained is the Arabic language and literature (BSA) and 
Islamic education management (MPI) study program database. Data is obtained from the study results of 
students who have been declared graduated based on graduation date. Graduation result data is cleaned from 
noise and inconsistent problems. Next, integrate data from various sources. After that, the data is selected 
based on relevant data from the analysis results. Next, the data is transformed into data mining to be extracted 
into knowledge or patterns. Patterns are evaluated based on the identification of interesting points of 
knowledge. 

Based on the results of student performance evaluations in each semester, data processing is carried 
out from the first semester grades to the final semester. This value is calculated between the total weight 
value multiplied by the number of credits to get the semester achievement index value. The semester 
achievement index used is labeled on time and delayed based on graduation provisions. Graduation 
requirements are based on a shorter length of study equal to four years or eight semesters. From the results of 
these provisions, on-time graduation labeling was carried out on both BSA and MPI datasets. As for 
graduating on time and delayed for BSA studies, there were 142 samples consisting of 60 samples of students 
who graduated on time and 82 who passed delayed. Meanwhile, for the MPI dataset, there are 81 samples 
consisting of 53 who graduated on time and 28 who passed delayed. The dataset characteristics of the 
samples utilized can be viewed in Table 1. 
 
 

Table 1. Details about the dataset 
# Features Types Descriptions 
1 IPS-1 Real GPA 1 
2 IPS-2 Real GPA 2 
3 IPS-3 Real GPA 3 
4 IPS-4 Real GPA 4 
5 IPS-5 Real GPA 5 
6 IPS-6 Real GPA 6 
7 IPS-7 Real GPA 7 
8 IPS-8 Real GPA 8 
9 Class Binominal On-time or delayed 

 
 

Table 1 contains the characteristics of the dataset which consists of the cumulative achievement 
index for semesters one to eight with the type of data used being integer and nominal for labels or classes. 
The data collection that has been carried out becomes a dataset that is ready to be transformed for modeling 
using training data. The sharing of training data was carried out using stratified and shuffle sampling 
techniques [37]. Distribution of training and testing data in proportions of 80:20 and 70:30 for both sampling 
techniques. Stratified sampling is the process of stratified sampling that generates random subsets and 
guarantees that the distribution of classes in the subsets is identical to that of the entire example set. In binary 
classification models, stratified sampling creates random subsets that have proportions of the two values of 
the class labels that are roughly equivalent. Meanwhile, shuffle sampling is random subsets of the example 
set are created using shuffled sampling. Examples are randomly chosen to create subsets. 
 
2.3.  Proposed method 

In this section, SVM as a machine learning technique is proposed. This algorithm can be used in 
regression and classification models. The SVM algorithm has the advantage of being an algorithm that has 
flexibility, robustness, and overfitting resistance in handling pattern recognition in data mining [38] which 
can be used in the areas of computer science, statistics, and mathematical optimization theory. The SVM 
algorithm supports various types. In this study, SVM was used to evaluate student graduation according to 
study time accuracy using a classification model. 
 
2.4.  Experiments and model testing 

In this section, the experimenter uses a computer platform with the Windows 11 operating system 
which is equipped with analysis tool in the form of the RapidMiner application. The tool is used to train 
training data on a model which is then tested with testing data to evaluate student academic performance. The 
model used is a SVM based on sampling techniques. 
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2.5.  Performance evaluation 

The performance evaluation in this research is determined by accuracy, precision, recall 
(sensitivity), F-measure, and area under curve (AUC). This evaluation is produced from a classification 
model in the form of a confusion matrix which can be seen in Table 2. Next, the confusion matrix is 
calculated based on a formula. Accuracy is the proportion between the target classification or class that is 
classified correctly (1). Precision is identifying the accuracy of the binary classification model when 
predicting a target or class that has a positive value (2). Recall is identifying all possible targets or classes 
that have positive values (3). F-measure is a measurement of the accuracy of a binary classification model by 
considering precision and recall for test scores (4). AUC is a receiver operator characteristic (EDM) curve 
with limits on independent values. In cases where positive samples are categorized correctly and negative 
samples are categorized incorrectly. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴𝑐𝑐) =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
 (1) 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃𝑃𝑉)  =

𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑆𝑁)  =

𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

 
𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 (𝐹)  =

2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
 (4) 

 
Table 2 shows an overview of confusion matrix. True positive (TP): a target that is predicted to be 

“delayed”, but is “delayed”; False positive (FP): a target that is predicted to be “delayed”, but is “on time”; 
False negative (FN): a target that is predicted to be “on time”, but is “delayed”; True negative (TN): a target 
that is predicted to be “on time”, but is “on time”. Otherwise, the AUC evaluation criteria are as follows: 
Excellent (0.90-1.00); Good (0.80-0.90); Fair (0.70-0.80); Poor (0.60-0.70); and Failure (0.50-0.60) 
 
 

Table 2. Confusion matrix 
Predicted Actual 

Delayed On-Time 
Delayed TP FP 
On-Time FN TN 

 
 
3. RESULTS AND DISCUSSION 

In this research, experiments were carried out using a computer platform with specifications Intel® 
Core™ i3-8130U 2.20 GHz (4 CPUs), 8 GB RAM, Windows 11 operating system, and RapidMiner version 
10.1.003. Experiments were carried out on both BSA and MPI datasets using SVM algorithms based on 
stratified and shuffle sampling. The experimental results on each dataset produce a confusion matrix and 
these results have been completely evaluated as shown in Table 3. 
 
 

Table 3. Results of the confusion matrix 
Dataset Split Sampling TP FP FN TN Recall Precision F Accuracy AUC 
BSA 70:30 Shuffle 23 1 3 16 88.46 95.83 92.00 90.70 0.941 

Stratified 19 3 6 15 76.00 86.36 80.85 79.07 0.858 
80:20 Shuffle 16 0 1 11 94.12 100.00 96.97 96.43 0.984 

Stratified 13 2 3 10 81.25 86.67 83.87 82.14 0.870 
MPI 70:30 Shuffle 7 0 4 13 63.64 100.00 77.78 83.33 0.923 

Stratified 7 0 1 16 87.50 100.00 93.33 95.83 0.984 
80:20 Shuffle 2 0 4 10 33.33 100.00 50.00 75.00 0.850 

Stratified 5 0 1 11 83.33 100.00 90.91 94.12 0.985 
 
 

Table 3 In the experiment using the BSA dataset, the results of the confusion matrix calculation on 
testing 30% of data using the shuffle sampling technique produced a recall value of less than 90%. 
Meanwhile, precision, F-mesure, accuracy above 90%, and AUC above 0.9 are classified as excellent. In the 
experiment using the stratified sampling technique, the resulting value was lower than the shuffle sampling 
technique. Still in the experiment using the BSA dataset, testing 20% of data on all measurements produced 
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values above 90%, but the precision results reached 100%, and for AUC above 0.9, it was classified as 
excellent. In testing using the BSA dataset, the shuffle technique is superior to the stratified technique. 

In the experiment using the MPI dataset, the values produced from the confusion matrix using the 
stratified sampling technique using 30% testing data with a recall value of less than 90%, for F-measure and 
accuracy above 90%. Meanwhile, precision reaches 100%, and AUC is above 0.9 as classified excellent. In 
the shuffle sampling technique, the resulting value is not as good as the stratified sampling technique, 
however, the precision results reach a value of 100%. On the other hand, testing 20% data using the stratified 
technique has almost the same performance as testing 30% data, which is better than the shuffle technique. 
And for AUC values above 0.9 are as classified excellent. In testing using the MPI dataset, the stratified 
technique is superior to the shuffled technique. 

Figure 2 illustrates a performance comparison of the SVM model based on sampling techniques. In 
Figure 2(a) accuracy and Figure 2(b) AUC. It can be seen that there are differences in results between the 
stratified and shuffle techniques for each testing data in the two datasets. On the BSA dataset, shuffled 
sampling techniques are more accurate for both testing data. However, 20% of samples are more effective in 
testing data than 30%. In contrast to the BSA dataset, on the MPI dataset, the stratified sampling technique is 
better than the shuffle sampling technique. However, 30% of samples are more effective in testing than 20%. 
 
 

  
(a) 

 

 
 

(b) 
 

Figure 2. Performance comparison of SVM based on sampling techniques for (a) accuracy and (b) AUC 
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The results of this research have excellent performance on the SVM model based on sampling 
techniques which are used to evaluate student academic performance predictively. These results are in line 
with those of previous studies. For instance, applying models with sampling techniques such as SMOTE [18], 
[33] produces optimal performance in accuracy and AUC. In addition, the implementation of the XGboost 
model [25], gradient boosting machine (GBM) grid model [9], CGAN with deep SVM [36], as well as 
ensemble techniques [35], [39] also have optimal performance in predicting students' academic performance. 

In contrast to studies that apply a Bayesian-optimized [26] the resulting performance is inaccurate. 
Likewise, Likewise, the integrated ensemble techniques [11] for predicting student performance in e-learning 
data evaluation. In addition, a multi-output hybrid ensemble model was applied to predict the value in 
improving the quality and effectiveness [24] whose results were less than optimal. On the other hand, 
Alboaneen et al. [40] seems to confirm the findings, that academic factors can influence student academic 
performance. In another study, although various models have different performances, for evaluating 
academic performance it is necessary to consider factors that influence model performance [28]. 
 
 
4. CONCLUSION 

This study evaluates student academic performance using an SVM model based on sampling 
techniques. The findings indicated that in the evaluation of the BSA dataset using the SVM model based on 
the stratified technique on both data tests, it performed as a good classification category. On the other hand, 
the SVM model based on the shuffle technique in both data tests obtained an excellent category. However, 
when testing the model using an 80:20 test data ratio, it produced more accurate performance than the others. 
Whereas, in the MPI dataset evaluation, the SVM model based on both stratified and shuffle techniques has 
an excellent performance. However, there is only one that produces a good category, namely the shuffle 
technique using a ratio of 80:20 test data. Thus, the application of the SVM model based on both sampling 
techniques can produce optimal performance in predicting student academic performance for evaluation. In 
addition, the performance of the SVM model is proven to be a strong and reliable model. Likewise, The 
sampling technique has been proven to be effective in sampling data accurately. 
 
 
ACKNOWLEDGEMENTS 

Thank you to the Universitas Islam Negeri Sultan Maulana Hasanuddin Banten for providing a 
collaborative affirmative research grant. Thanks also to the Institute for Research and Community Service 
and the Undergraduate Study Programs for providing the data for this research. 
 
 
REFERENCES 
[1] S. A. Alwarthan, N. Aslam, and I. U. Khan, “Predicting student academic performance at higher education using data mining: a 

systematic review,” Applied Computational Intelligence and Soft Computing, vol. 2022, pp. 1–26, Sep. 2022, doi: 
10.1155/2022/8924028. 

[2] J. Alvarado-Uribe et al., “Student dataset from tecnologico de monterrey in Mexico to predict dropout in higher education,” Data, 
vol. 7, no. 9, p. 119, Aug. 2022, doi: 10.3390/data7090119. 

[3] T. K. F. Chiu, B. L. Moorhouse, C. S. Chai, and M. Ismailov, “Teacher support and student motivation to learn with artificial 
intelligence (AI) based chatbot,” Interactive Learning Environments, pp. 1–17, Feb. 2023, doi: 10.1080/10494820.2023.2172044. 

[4] N. Alruwais and M. Zakariah, “Evaluating Student knowledge assessment using machine learning techniques,” Sustainability, vol. 
15, no. 7, p. 6229, Apr. 2023, doi: 10.3390/su15076229. 

[5] R. L. C. Silva Filho, K. Brito, and P. J. L. Adeodato, “Leveraging causal reasoning in educational data mining: an analysis of 
Brazilian secondary education,” Applied Sciences, vol. 13, no. 8, p. 5198, Apr. 2023, doi: 10.3390/app13085198. 

[6] N. Sitthikrai, C. Hemtasin, and T. Thongsuk, “Development of academic achievements using inquiry-based learning together with 
educational games,” Journal of Education and Learning (EduLearn), vol. 17, no. 3, pp. 441–446, Aug. 2023, doi: 
10.11591/edulearn.v17i3.20859. 

[7] E. G. Bayirli, A. Kaygun, and E. Öz, “An analysis of PISA 2018 mathematics assessment for Asia-Pacific countries using 
educational data mining,” Mathematics, vol. 11, no. 6, p. 1318, Mar. 2023, doi: 10.3390/math11061318. 

[8] J. C. Arnold, A. Mühling, and K. Kremer, “Exploring core ideas of procedural understanding in scientific inquiry using 
educational data mining,” Research in Science & Technological Education, vol. 41, no. 1, pp. 372–392, Jan. 2023, doi: 
10.1080/02635143.2021.1909552. 

[9] H. Villarreal-Torres et al., “Development of a classification model for predicting student payment behavior using artificial 
intelligence and data science techniques,” ICST Transactions on Scalable Information Systems, Jun. 2023, doi: 
10.4108/eetsis.3489. 

[10] A. F. Meghji, N. A. Mahoto, Y. Asiri, H. Alshahrani, A. Sulaiman, and A. Shaikh, “Early detection of student degree-level 
academic performance using educational data mining,” PeerJ Computer Science, vol. 9, p. e1294, Mar. 2023, doi: 10.7717/peerj-
cs.1294. 

[11] A. A. Alsulami, A. S. A.-M. AL-Ghamdi, and M. Ragab, “Enhancement of e-learning student’s performance based on ensemble 
techniques,” Electronics, vol. 12, no. 6, p. 1508, Mar. 2023, doi: 10.3390/electronics12061508. 

[12] M. Abou Naaj, R. Mehdi, E. A. Mohamed, and M. Nachouki, “Analysis of the factors affecting student performance using a 
neuro-fuzzy approach,” Education Sciences, vol. 13, no. 3, p. 313, Mar. 2023, doi: 10.3390/educsci13030313. 



J Edu & Learn  ISSN: 2089-9823  
 

Educational data mining model using support vector machine for student academic … (Achmad Bisri) 

485 

[13] H. Chavez, B. Chavez-Arias, S. Contreras-Rosas, J. M. Alvarez-Rodríguez, and C. Raymundo, “Artificial neural network model 
to predict student performance using nonpersonal information,” Frontiers in Education, vol. 8, no. February, pp. 1–11, Feb. 2023, 
doi: 10.3389/feduc.2023.1106679. 

[14] W. Xiao and J. Hu, “A state‐of‐the‐art survey of predicting students’ performance using artificial neural networks,” Engineering 
Reports, vol. 5, no. 8, Aug. 2023, doi: 10.1002/eng2.12652. 

[15] Y. Baashar et al., “Toward predicting student’s academic performance using artificial neural networks (ANNs),” Applied 
Sciences, vol. 12, no. 3, p. 1289, Jan. 2022, doi: 10.3390/app12031289. 

[16] T. Ahajjam, M. Moutaib, H. Aissa, M. Azrour, Y. Farhaoui, and M. Fattah, “Predicting Students’ final performance using 
artificial neural networks,” Big Data Mining and Analytics, vol. 5, no. 4, pp. 294–301, Dec. 2022, doi: 
10.26599/BDMA.2021.9020030. 

[17] X. Wen and H. Juan, “Early prediction of students’ performance using a deep neural network based on online learning activity 
sequence,” Applied Sciences, vol. 13, no. 15, p. 8933, Aug. 2023, doi: 10.3390/app13158933. 

[18] K. Jawad, M. A. Shah, and M. Tahir, “Students’ academic performance and engagement prediction in a virtual learning 
environment using random forest with data balancing,” Sustainability, vol. 14, no. 22, p. 14795, Nov. 2022, doi: 
10.3390/su142214795. 

[19] T. Wongvorachan, S. He, and O. Bulut, “A comparison of undersampling, oversampling, and smote methods for dealing with 
imbalanced classification in educational data mining,” Information, vol. 14, no. 1, p. 54, Jan. 2023, doi: 10.3390/info14010054. 

[20] A. S. Abdelmagid and A. I. M. Qahmash, “Utilizing the educational data mining techniques ‘orange technology’ for detecting 
patterns and predicting academic performance of university students,” Information Sciences Letters, vol. 12, no. 3, pp. 1415–
1431, Mar. 2023, doi: 10.18576/isl/120330. 

[21] B. Holicza and A. Kiss, “Predicting and comparing students’ online and offline academic performance using machine learning 
algorithms,” Behavioral Sciences, vol. 13, no. 4, p. 289, Mar. 2023, doi: 10.3390/bs13040289. 

[22] E. Alhazmi and A. Sheneamer, “Early predicting of students performance in higher education,” IEEE Access, vol. 11, pp. 27579–
27589, 2023, doi: 10.1109/ACCESS.2023.3250702. 

[23] S. Hussain and M. Q. Khan, “Student-performulator: predicting students’ academic performance at secondary and intermediate 
level using machine learning,” Annals of Data Science, vol. 10, no. 3, pp. 637–655, Jun. 2023, doi: 10.1007/s40745-021-00341-0. 

[24] H. Xue and Y. Niu, “Multi-output based hybrid integrated models for student performance prediction,” Applied Sciences, vol. 13, 
no. 9, p. 5384, Apr. 2023, doi: 10.3390/app13095384. 

[25] D. O. Granados, J. Ugalde, R. Salas, R. Torres, and J. L. López-Gonzales, “Visual-predictive data analysis approach for the 
academic performance of students from a peruvian university,” Applied Sciences, vol. 12, no. 21, p. 11251, Nov. 2022, doi: 
10.3390/app122111251. 

[26] S. Begum and S. S. Padmannavar, “Student performance analysis using bayesian optimized random forest classifier and KNN,” 
International Journal of Engineering Trends and Technology, vol. 71, no. 5, pp. 132–140, May 2023, doi: 
10.14445/22315381/IJETT-V71I5P213. 

[27] L. Yue, P. Hu, S. Chu, and J.-S. Pan, “Multi-objective gray wolf optimizer with cost-sensitive feature selection for predicting 
students’ academic performance in college English,” Mathematics, vol. 11, no. 15, p. 3396, Aug. 2023, doi: 
10.3390/math11153396. 

[28] L. Zhao, J. Ren, L. Zhang, and H. Zhao, “Quantitative analysis and prediction of academic performance of students using machine 
learning,” Sustainability, vol. 15, no. 16, p. 12531, Aug. 2023, doi: 10.3390/su151612531. 

[29] M. V Martins, L. Baptista, J. Machado, and V. Realinho, “Multi-class phased prediction of academic performance and dropout in 
higher education,” Applied Sciences, vol. 13, no. 8, p. 4702, Apr. 2023, doi: 10.3390/app13084702. 

[30] G. Latif, S. E. Abdelhamid, K. S. Fawagreh, G. Ben Brahim, and R. Alghazo, “Machine learning in higher education: students’ 
performance assessment considering online activity logs,” IEEE Access, vol. 11, pp. 69586–69600, 2023, doi: 
10.1109/ACCESS.2023.3287972. 

[31] A. Qahmash, N. Ahmad, and A. Algarni, “Investigating students’ pre-university admission requirements and their correlation with 
academic performance for medical students: an educational data mining approach,” Brain Sciences, vol. 13, no. 3, p. 456, Mar. 
2023, doi: 10.3390/brainsci13030456. 

[32] D. Jacob and R. Henriques, “Educational data mining to predict bachelors students’ success,” Emerging Science Journal, vol. 7, 
pp. 159–171, Jul. 2023, doi: 10.28991/ESJ-2023-SIED2-013. 

[33] A. S. Alghamdi and A. Rahman, “Data mining approach to predict success of secondary school students: a Saudi Arabian case 
study,” Education Sciences, vol. 13, no. 3, p. 293, Mar. 2023, doi: 10.3390/educsci13030293. 

[34] C. Huang, J. Zhou, J. Chen, J. Yang, K. Clawson, and Y. Peng, “A feature weighted support vector machine and artificial neural 
network algorithm for academic course performance prediction,” Neural Computing and Applications, vol. 35, no. 16, pp. 11517–
11529, Jun. 2023, doi: 10.1007/s00521-021-05962-3. 

[35] S. Verma, R. K. Yadav, and K. Kholiya, “Prediction of academic performance of engineering students by using data mining 
techniques,” International Journal of Information and Education Technology, vol. 12, no. 11, pp. 1164–1171, 2022, doi: 
10.18178/ijiet.2022.12.11.1734. 

[36] S. Sarwat et al., “Predicting students’ academic performance with conditional generative adversarial network and deep SVM,” 
Sensors, vol. 22, no. 13, p. 4834, Jun. 2022, doi: 10.3390/s22134834. 

[37] A. Bisri and M. Man, “Machine learning algorithms based on sampling techniques for raisin grains classification,” JOIV : 
International Journal on Informatics Visualization, vol. 7, no. 1, p. 7, Jan. 2023, doi: 10.30630/joiv.7.1.970. 

[38] V. Kotu and B. Deshpande, Data science, 2nd ed. Elsevier, 2019. doi: 10.1016/C2017-0-02113-4. 
[39] M. Ragab, A. M. K. Abdel Aal, A. O. Jifri, and N. F. Omran, “Enhancement of predicting students performance model using 

ensemble approaches and educational data mining techniques,” Wireless Communications and Mobile Computing, vol. 2021, pp. 
1–9, Dec. 2021, doi: 10.1155/2021/6241676. 

[40] D. Alboaneen, M. Almelihi, R. Alsubaie, R. Alghamdi, L. Alshehri, and R. Alharthi, “Development of a web-based prediction 
system for students’ academic performance,” Data, vol. 7, no. 2, p. 21, Jan. 2022, doi: 10.3390/data7020021. 

 
 
 
 
 
 



                ISSN: 2089-9823 

J Edu & Learn, Vol. 19, No. 1, February 2025: 478-486 

486 

BIOGRAPHIES OF AUTHORS 

 

 

Achmad Bisri     is a researcher and functional IT official. He received a bachelor's 
degree in computer science from STMIK Banten Jaya (Universitas Banten Jaya), Serang 
Banten, in 2007, and a master's degree in computer science from STMIK Eresha Jakarta, in 
2014. He is a lecturer and functional IT official at the Universitas Islam Negeri Sultan 
Maulana Hasanuddin Banten, Serang-Banten. His research interests are in data science, data 
mining, machine learning, and software engineering. He can be contacted at email: 
achmadbisri@uinbanten.ac.id. 

  

 

Supardi     is a researcher and Associate Professor at the Universitas Islam Negeri 
Sultan Maulana Hasanuddin Banten, Indonesia. He master's graduate from the Department of 
Education Administration, University of Prof. Dr. Hamka Jakarta, in 2002 and a Philosophy 
of Doctor Department of Educational Management, Planning and Police Education, 
University of Malaya, Kuala Lumpur, in 2012. He has worked as a lecturer at the Universitas 
Islam Negeri Sultan Maulana Hasanuddin Banten, Indonesia, since 2005. He is an expert in 
Islamic education management, educational statistics, learning evaluation, and human 
research methodology. He can be contacted at email: supardi@uinbanten.ac.id. 

  

 

Yayu Heryatun     is an Associate Professor at Universitas Islam Negeri Sultan 
Maulana Hasanuddin Banten. She graduated from English Literature Padjadjaran University, 
got her master's degree in English Education from Indonesia University of Education 
Bandung, and her doctoral degree in Applied English Linguistics from Atma Jaya Catholic 
University of Indonesia. Her research interests are in education, linguistics, and research 
methodology. She can be contacted at email: yayu.heryatun@uinbanten.ac.id. 

  

 

Hunainah     is a researcher and Associate Professor at the Universitas Islam 
Negeri Sultan Maulana Hasanuddin Banten, Indonesia. She Bachelor's graduate in counseling 
guidance from IKIP Yogyakarta, in 1990, a master's graduate in human resources 
management from the STIE IPWI Jakarta, in 1999, and a doctor’s graduate in counseling 
guidance from UPI Bandung, in 2010. Research interests are in the fields of Educational 
Psychology and Counseling Guidance. She can be contacted at email: 
hunainah@uinbanten.ac.id. 

  

 

Annisa Navira     is an undergraduate enrolled at Universitas Islam Negeri Sultan 
Maulana Hasanuddin in Banten, Indonesia majoring in English Education Faculty of 
Education and Teacher Training. Currently, she is actively pursuing her Bachelor's degree. 
She can be contacted at email: nnsnavira@gmail.com. 

 

https://orcid.org/0000-0002-0426-253X
https://scholar.google.com/citations?user=TWAY-lsAAAAJ&hl=id
https://www.scopus.com/authid/detail.uri?authorId=57193710518
https://www.webofscience.com/wos/author/record/JRY-1365-2023
https://orcid.org/0000-0002-8848-3814
https://scholar.google.com/citations?hl=en&user=oPmxkCYAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57870424100
https://orcid.org/0000-0003-3579-2477
https://scholar.google.co.id/citations?user=MLqexSkAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57271045600
https://www.webofscience.com/wos/author/record/KCL-2514-2024
https://orcid.org/0000-0003-3898-6146
https://scholar.google.com/citations?user=Bz9LP78AAAAJ&hl=en
https://www.webofscience.com/wos/author/record/AEF-7191-2022
https://orcid.org/0009-0005-1204-0581
https://scholar.google.com/citations?hl=en&user=VhLMwowAAAAJ
https://www.webofscience.com/wos/author/record/KBQ-3332-2024

