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Abstract: This research aims to find factors that predict undergraduate  
student educational performance. To achieve this goal, the study follows the 
CRISP-DM method. This study used various classification algorithms to 
predict the total GPA. The data used in this research are records of 
undergraduate students from 2012 in Shahed University. We used 1,468 data 
records in data mining. We used the Rapidminer 9.9 tool for modelling. This 
study also considers four feature selection techniques. This study used K-fold 
cross-validation to split the data. This study introduced the best model for 
predicting students’ academic performance. In two-class modelling, we get 
better results and higher accuracy than four-class modelling. This research 
found the random forest algorithm best for predicting students’ performance. It 
achieved 94.17% accuracy with two classes. The random forest results show a 
higher chance of success in students with a higher 1st semester GPA. 

Keywords: student performance prediction; data mining; machine learning; 
data science applications in education. 
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1 Introduction 

Educational data mining (EDM) has greatly improved educational outcomes and 
processes (Stinar et al., 2024). EDM can help. It can find insights in academic data. This 
can predict future performance and highlight areas needing improvement (Alamgir et al., 
2024). EDM aims to find patterns in educational data. It uses machine learning to do this. 
Therefore, using data mining to find factors that affect students’ performance is useful 
(Alboaneen et al., 2022). EDM can analyse student learning. It can predict academic 
performance and identify students at risk of failure (Waheed et al., 2020). Many existing 
articles do not explicitly define performance (Hu et al., 2017). Lee, for example, defines 
performance as “the measure of a student’s competence for future courses” (Lei and Li, 
2015). Muthukrishnan et al. (2017) noted that most articles predicted final course grades. 
Universities must now improve their ability to use data. They need to predict and ensure 
student success (Bernacki et al., 2020). Educational big data is a strategic asset. It is vital 
for advancing educational reform (Bai et al., 2021). The field of data mining in education 
has changed in the past decade (Romero and Ventura, 2020). A major challenge for 
higher education admins is predicting a student’s success (Arcinas et al., 2021). EDM can 
predict students’ final results (El Aissaoui et al., 2020). A key issue in this research is 
predicting students’ future GPA before their final exams. By making academic 
predictions, we can help students. It can improve their performance and reduce dropouts 
(Batool et al., 2023). To accurately predict a student’s performance, we must understand 
many factors. They all affect student results and progress (Alshanqiti and Namoun, 
2020). Increasing the graduation rate, identifying at-risk students, and managing 
university resources. Also, optimising performance and renewing the curriculum 
(Ampadu, 2023), creating a behavioural model for students, and making predictions 
based on it, working with large datasets, and learning about algorithms (Garcia and 
Skrita, 2019), learning (Garcia and Skrita, 2019), evaluating managers in adopting  
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educational measures, and monitoring the learning process (Debang and Hassan, 2023) 
are among the applications of EDM. Classification is the best data mining technique. It 
can help students and faculty improve education by identifying strong and weak 
individuals at the start of the semester/year (Saa, 2016). The classification shows a 
connection between the internal exam and final grades (Sarker et al., 2024). In the future, 
big data and the internet of things will make a student’s info available from birth  
(Al-Emran et al., 2020; Romero and Ventura, 2020). We can combine data from different 
sources to personalise and improve students’ learning (Ding et al., 2019). We ought to 
make sure that the data we have are as useful as possible while still upholding student 
privacy (Stinar et al., 2024). 

1.1 Statement of the problem 

A major issue in academics is predicting students’ performance. It is also vital to quickly 
counsel those at risk of failing (Asif et al., 2017). Early detection enables interventions 
that improve student performance (Bellaj et al., 2024). EDM uses data mining methods to 
analyse educational datasets (Kaur and Dahiya, 2023). Academic institutions have 
databases of student demographics and records (Rostami et al., 2015). Choosing data 
types, models, and optimal criteria will increase transparency, interpretability, and 
accessibility for teachers and students (Gunasekara and Saarela, 2024). Aldowah et al. 
(2019) show that some EDM and learning analytics (LA) techniques can help with 
teaching challenges (Aldowah et al., 2019). With many processes now electronic, schools 
have databases. They hold a lot of data on people’s educational backgrounds (Romero 
and Ventura, 2013). From a knowledge management view, data mining aims to find 
hidden knowledge in raw data (Romero and Ventura, 2007). EDM develops methods to 
analyse educational data. It aims to improve education and decision-making (Romero and 
Ventura, 2013; Hasani and Bazrafshan, 2018). EDM can personalise education, boost 
efficiency, and cut costs (Zhang et al., 2010). Also, in education, we must evaluate 
programs, predict results, and create a plan for future changes (Batirovna, 2023). The 
recent decline in education in most developing countries has led to research for solutions 
to some of the problems (Ogunde and Ajibade, 2014). Researchers in the academic world 
have conducted various analyses on the entrance exam and the performance of students at 
the normal level, but they have not given much attention to the relationship between them 
and the final graduation grades (Ogunde and Ajibade, 2014). Educational administrators 
can then install support initiatives for low-performing students. They should also 
encourage high-performing students to continue excelling (Sarker et al., 2024). The lack 
of information structure and their large volume are not very effective for students and 
professors. Through EDM, we can discover existing patterns. This can raise educational 
issues during students’ studies. It can improve the educational system and course 
delivery. This study’s main problem is to find the factors that predict students’ academic 
performance at Shahed University. In this regard, researchers discover the best machine 
learning algorithm for predicting students’ academic performance by validating and 
evaluating various modelling methods. There has been little research on factors affecting  
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students’ performance in Iran. So, we must research this field to fill the gap with other 
countries. This research aims to find factors that predict students’ academic performance 
at Shahed University. It will use data mining with classification models. 

1.2 Research questions 

1.2.1 Main question 
What factors predict undergraduate student performance, using two- and four-class 
models? 

1.2.2 Sub-questions 
1 Which classification algorithm, two-class or four-class, is better at predicting 

students’ performance? 

2 What methods have been used to predict students’ performance? 

3 Which prediction models do data mining classification techniques identify using the 
predicted variables? 

4 How is the validation of the developed model for Shahed University students? 

2 Research literature 

Between 2018 and 2021, researchers identified ‘academic performance prediction’, 
‘machine learning’, ‘process mining’, ‘participation’, ‘KNN’, ‘J48’, and ‘Bayesian 
network’ as engine themes. Researchers discovered that the themes of ‘deep learning 
(DL)’ and ‘emotions’ are emerging themes for future studies to shape the future of 
education based on sustainable goals (Boztaş et al., 2024). An extensive review by Batool 
et al. (2023), this review found that students’ academic and demographic factors are the 
best predictors of their academic performance (Batool et al., 2023). Triayudi et al. (2024) 
study uses decision trees, neural networks, and simple Bayes. The results showed that the 
framework accurately predicts student performance. Xiaowei He’s article shows that the 
proposed method has higher accuracy and a shorter detection time in detecting students’ 
online learning status (He, 2024). Jayaprakash et al. (2020) found that their ‘improved 
random forest (RF) classification’ method outperformed RF and Naive Bayes (NB) 
algorithms in both classification and prediction tasks (Jayaprakash et al., 2020). The 
research findings of Mishra et al. (2014) showed that RF trees are better than the j48 
decision tree algorithm (Mishra et al., 2014). Hussain et al. (2018) found that the RF 
algorithm outperformed other classifiers in accuracy and error rates. Marjan’s (2023) 
research found that RF and support vector machine (SVM) models are better at predicting 
students than other models. In the article by Alboaneen et al. (2022) Academic factors 
had a greater effect on students’ performance than demographic factors. 
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Table 1 The results of the research literature review and present research on classification 
algorithms 
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Table 1 The results of the research literature review and present research on classification 
algorithms (continued) 
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The midterm exam score was the best predictor (Alboaneen et al., 2022). Hussain et al. 
(2024) said their model had an 88.6% accuracy. This was better than existing studies. 
This study accurately estimates students’ final grades using current academic records. 
The study by Asif et al. (2017) emphasised the need for timely help for weaker students. 
It also recommended supporting high-achieving students (Asif et al., 2017). Sokkhey and 
Okazaki (2020) proposed a hybrid approach. It combined PCA with four ML algorithms. 
The study showed that hybrid techniques can improve classification model accuracy 
(Sokkhey and Okazaki, 2020). In Hoyos and Caicedo-Castro’s (2024) article, the 
Algorithms showed an average performance of more than 80%. It is noteworthy that 
ANN performed better than SVM in the analysed dataset. Ajibade et al. (2019) studied 
ways to boost academic performance. They used group-based classification methods. 
Their approach achieved an impressive 91.5% accuracy. This shows its potential 
(Ajibade et al., 2019). Rahman et al. (2017) proposed using feature selection to improve 
the accuracy of classifying students’ academic performance (Rahman et al., 2017). 
Abdelmagid and Qahmash’s (2023) study revealed some insights. It found that linear 
regression was best for predicting academic performance. The SVM algorithm was less 
effective (Abdelmagid and Qahmash, 2023). 

The research of Debhadeh et al. (2021) found that the decision tree algorithm had the 
best fit, with an 83.44% accuracy rate. These findings suggest that larger datasets could 
improve model training (Dabhade et al., 2021). shows that the RF model is effective at 
predicting students’ performance in programming courses(Hung et al., 2020). 
Punlumjeak and Rachburee (2015) found a way to predict students’ total academic 
success based on their scores in different subjects (Punlumjeak and Rachburee, 2015). In 
the research of Manoharan et al. (2023). A mix of statistics and machine learning shows 
the innovative ways to classify students (Manoharan et al., 2023). Qi (2024) generated a 
list of online cultural education resources in their research. Based on predicted interest, it 
ranked recommendations from most to least. The experiments show this method works 
better for recommending online Chinese teaching resources. Waheed’s research (2020) 
showed that student participation in education does not affect academic performance. 
Also, the researchers concluded that DL models can be effective in predicting student 
performance early (Waheed et al., 2020). In the study of Amrieh et al. (2015). The 
findings stress a link between learners’ behaviours and their academic success. They also 
emphasise that behaviours shape educational outcomes (Amrieh et al., 2015). In 
Alghamdi and Rahman’s (2023) study, the NB model had a 99.34% accuracy rate. The 
RF model was next at 98.7% (Alghamdi and Rahman, 2023). The use of larger datasets 
leads to better training of advanced models (Dabhade et al., 2021). In Xiao (2024) 
research, he selects results based on features and uses the K-nearest neighbour 
classification (KNN) algorithm to classify educational digital resources. The simulation 
results show that the proposed method is better. It is more accurate and faster at 
classifying. Rabaani et al. (2023) found that a neural network model has the highest 
accuracy, 96%, in predicting customer interaction levels (Rabaani et al., 2023). The 
review of previous studies used in this research showed that the decision tree algorithm 
was the most common method. In this research, the second most-used technique 
highlighted is the Naïve Bayes algorithm, following this trend. The next ranks are for RF, 
artificial neural network (ANN), SVM, and KNN algorithms. Table 1’s highlighted cells 
show the best algorithms. They are the most accurate and efficient at predicting students’ 
academic performance. In a recent paper by Batool et al. (2023) analysis found that the 
most used data mining algorithms in educational research are ANN and RF (Batool et al., 
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2023). Also, Alshanqiti and Namoun (2020) found that, in recent years, the use of RF 
algorithms in EDM research has grown (Alshanqiti and Namoun, 2020). EDM research 
uses these features. They include: demographic info before university, previous and 
current educational status, internet usage, personality, and psychological and behavioural 
traits of students (Yağcı, 2022; Cruz-Jesus et al., 2020; Fernandes et al., 2017; Rebai et 
al., 2020; Musso et al., 2020; Harwati, 2014; Salal and Abdullaev, 2019; Khasanah, 2017; 
Punlumjeak and Rachburee, 2015; Zulfiker et al., 2020; Nghe et al., 2007; Kabakchieva, 
2013; Oskouei and Askari, 2014; Waheed et al., 2020; Yehuala, 2015; Amrieh et al., 
2015; Umer et al., 2017; Xu et al., 2019; Hasani and Bazrafshan, 2018; Pandey and Pal, 
2011; Galla et al., 2014; Chamorro-Premuzic and Furnham, 2009; Hellas et al., 2018). 

3 Research method 

3.1 Introduction 

This research aims to find factors that predict undergraduate student performance. It will 
compare two-class and four-class classification models. To achieve this, the study 
follows CRISP-DM. The current method collects data from student databases. It also 
investigates the causes of changes in academic status. Previous research and experts have 
found good indicators of students’ performance. In modelling, classification is used to 
check students’ performance. This study used data from 2012 on undergraduate students 
at Shahed University. This research used RapidMiner 9.9 data mining software. We 
assessed prediction accuracy using 10-fold cross-validation. Diploma grade point 
average, semester 1 GPA, semester 2 GPA, and graduation GPA are all from 0 to 20. 
After determining the model, we classified these variables according to the discretisation 
model. Table 2 shows the grade point average format in the two-class mode. Also,  
Table 3 shows the GPA format in four classes. 
Table 2 Classification of features in the two-class mode 

Feature Class Classification 
GPA > =14 Excellent 1 
14 > GPA weak 2 

Table 3 Classification of features in the four-class mode 

Feature Class Classification 
GPA > =17 Excellent 1 
17 > GPA =>15 Good 2 
GPA =14 medium 3 
14 > GPA weak 4 

3.2 CRISP-DM process 

The data mining process must be reliable and repeatable by people with little  
background in it. To this end, standards have been developed: KDD, SEMMA, and 
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CRISP-DM (Oreski et al., 2017). In this research, CRISP-DM, which stands for  
cross-industry standard process for data mining (Wirth and Hipp, 2000), is used. 

3.2.1 Business understanding 
A look at the poor performance of undergraduate students at Shahed University, The 
students’ academic results and talks with the administrators show a problem with the 
students’ education. A model that predicts student performance can set standards. These 
must attract accepted students who can graduate with high grades. This can affect the 
quality and grades of their future students. 

3.2.2 Data understanding 
The first phase of this research is to gather data. It aims to find the causes of low GPA 
and high dropout rates at Shahed University. Shahed University has 7,000 undergraduate 
students, with 5,631 student records available for analysis. Raosoft sample size 
calculation enabled the research to sample from this target number (Raosoft, 2004). 
Using this sample size calculator, a 95% confidence level, and a 5% margin of error, a 
sample size of 365 or more was sufficient. This study is important. Many students, 
especially those with a GPA below 15, have poor academic performance. 

3.2.2.1 Data collection 
The researcher contacted the heads of education and experts at Shahed University. He 
sought help to collect data from the Nad educational student information system. 

3.2.2.2 Removal of outliers 
This article uses Euclidean distance to remove outliers. In the modelling process using 
predictive algorithms in RapidMiner 9.9, the ‘detect outlier’ operator relies on  
distance-based techniques. Parameters such as ‘number of neighbours’ determine the 
neighbours considered, ‘number of outliers’ controls the outlier count, and the ‘distance 
function’ parameter specifies the distance type, including Euclidean distance. 

3.2.2.3 Data normalisation 
The Normalise operator performs data normalisation in this process. Data normalisation 
is a key pre-processing step. It scales or transforms data so each feature contributes 
equally. Machine learning algorithms need high-quality data. It helps them make a good 
predictive model for classification problems (Singh and Singh, 2020). 

3.2.3 Data preparation process 
Data cleaning is a key pre-processing step in data mining. It removes inconsistencies in 
the data to improve quality. We removed additional features and finally, our number of 
features reached 19. Next, we used two-class and four-class classification algorithms to 
model the data in the mining process (Rahm and Do, 2000). 
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Table 4 Features affecting the prediction of students’ academic performance in past and 
present research 
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Table 4 Features affecting the prediction of students’ academic performance in past and 
present research (continued) 
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Table 4 Features affecting the prediction of students’ academic performance in past and 
present research (continued) 
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Table 4 Features affecting the prediction of students’ academic performance in past and 
present research (continued) 
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3.2.3.1 Feature selection 
Feature selection aims to find a small set of relevant features. They should solve the 
problem without making the model more complex (Mwadulo, 2016). The data prep 
process selected for extraction 19 numbers, including the GPA class feature. Table 4 
shows these selected attribute fields and corresponding values. 

3.2.3.2 Principal component analysis algorithm 
In this research, principal component analysis (PCA) played a crucial role in data 
cleansing. PCA is a math technique. It transforms correlated observations into 
uncorrelated ones, called principal components, using orthogonal transformations. These 
components are selected based on their variance, with the first component having the 
highest variance and representing uncorrelated information. PCA is valuable for feature 
selection, optimising data subsets, and enhancing data visualisation (Jolliffe and Cadima, 
2016). It also makes machine learning algorithms more efficient. It reduces data 
dimensionality without losing valuable information (Dabhade et al., 2021). 

3.2.3.3 Features encoding 
In Machin Learning models, all data must be numerical variables. Therefore, before using 
category data in the model, you need to code it. There are various techniques for 
encoding features. We encoded the features into numeric ones. We used different 
techniques, including LabelEncoder and one-hot encoding. This was to find the best 
method for our dataset. LabelEncoder gave us a lower MAPE than we used in our 
dataset. Table 4 shows the variables used in the research and the possible values. 

3.2.4 Modelling 
For modelling, use classification techniques. They are a type of prediction. In 
classification, a class (label or discrete value) is predicted. A classifier creates a 
classification model using the training data. This model should fit the training data. It 
must predict the test data well (Han and Kamber, 2006). 

3.2.4.1 Decision trees 
Decision tree algorithms are a powerful tool in EDM. They classify students by their 
learning status (Chen and Lin, 2023). Data mining relies on decision trees to build 
accurate classification models. This technique assigns weights to dataset features by 
computing the increased ratio and, based on the resulting rules, predicts effectiveness 
(Alsalman et al., 2019). Decision trees offer simplicity and interpretability, making them 
suitable for interval numeric variables. In this structure, each branch node is a choice 
among options. Each leaf node is a decision (Quinlan, 1986). In a decision tree, internal 
nodes contain partitions that test attribute expressions, and each leaf node carries a 
corresponding class label. Users recursively divide nodes using a decision tree algorithm. 
Each branch shows a possible decision scenario and its outcome (Ogunde and Ajibade, 
2014). The decision tree algorithm aims to find the best tree. It does this by checking the 
impurity of child nodes. Common impurity criteria include entropy, Gini index, and 
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classification error (Tan et al., 2013). Higher entropy values indicate a more 
homogeneous class distribution (Yulianto et al., 2020). 

3.2.4.1.1 ID3 decision tree 
ID3 is a simple decision tree developed by Ross Quinlan (Surjeet and Saurabh, 2012; 
Yadav et al., 2012; Ogunde and Ajibade, 2014). The ID3 algorithm searches the features 
of the training samples and extracts a feature that separates the best samples. This 
algorithm uses greedy search, i.e., it does not look back and selects the best feature 
(Ogunde and Ajibade, 2014). 

3.2.4.1.2 Decision tree C4.5 
The C4.5 algorithm is an improvement of the IDE3 algorithm developed (Ross Quinlan, 
1993). C4.5 is also called J48 algorithm and it is better than ID3, such as: 

• Can handle categorical and discrete data. 

• C 4.5 decision tree algorithm can handle missing values. Missing feature values are 
simply not used in gain and entropy calculations. 

• C4.5 prunes trees by returning to the tree. It removes non-contributing branches by 
replacing internal nodes with leaf nodes (Nijhawan et al., 2017). 

The ID3 algorithm has a limitation in that it is sensitive to attributes with large values. 
This sensitivity is overcome by the C4.5 algorithm, which employs ‘information gain’ to 
measure a gain ratio (Hssina et al., 2014). 

3.2.4.2 Random forest algorithm 
RF is a supervised learning algorithm introduced by Leo Breiman in 2001 (Breiman, 
2001). It leverages an ensemble of decision trees for regression and classification tasks. A 
larger number of trees usually improves its predictions. RF is now a standard tool for data 
analysis. It is effective for prediction (Akar and Güngör, 2012). In this ensemble 
approach, each regression decision tree predicts a number for a dataset. RF averages 
these predictions to get the final output (Kulkarni, 2014). RF makes its ultimate decision 
through a voting mechanism. Common feature selection criteria for decision tree 
induction include the Information gain ratio (Ross Quinlan, 1993) and the Gini index 
(Breiman et al., 1984). Like entropy, the Gini index reaches its maximum value when all 
classes in the dataset have equal probabilities (Pal, 2005; Ahmed and Sadiq, 2018). 

3.2.4.3 Neural network algorithm 

The ANN method began with McCulloch’s 1940s work. He tried to simulate biological 
nervous systems. ANNs have interconnected units. Their traits depend on the network’s 
topology and the neurons’ attributes. This methodology stands as one of the most 
prevalent and efficacious learning systems. Notably, ANNs can learn, train, and adapt 
like the human brain (Russell and Norvig, 2016). ANNs analyse events. They find 
patterns in related ones. Then, they gather information. Lastly, they make decisions based 
on this knowledge when faced with new situations (Bahadir, 2016). 
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3.2.4.4 K nearest neighbour algorithm 
KNN is a supervised machine learning technique. It solves classification and regression 
problems. Notably, KNN defers the entirety of its inductive generalisation endeavours 
until the regression phase (Han et al., 2011). The algorithm saves the feature vectors and 
classifies the training data during training. Next, during the classification step, the same 
features are computed for the unknown testing data. The algorithm calculates the distance 
between this new vector and all training sample vectors. Subsequently, it selects the 
nearest ‘k’ vectors based on this distance metric (Yulianto et al., 2020). 

3.2.4.5 Gradient boosted tree algorithm 
GBT leverages a collection of decision tree weak prediction models to formulate 
predictions. In this method, predictions are generated through the integration of a robust 
learner. This robust learner is a classifier. It can closely match a true classifier, made by 
combining various cases. Conversely, weak learners are classifiers that exhibit only 
marginal correlation with the true classifier. GBT employs an iterative process to 
iteratively refine predictions (Machado et al., 2019). 

3.2.4.6 Support vector machines 
SVM aims to find the closest data vectors, known as support vectors, to the decision 
boundary in the training dataset. It then uses these support vectors to classify new test 
vectors (Vladimir and Vapnik, 1998). A margin is the distance from the decision 
boundary to the closest points of the two classes (Vapnik, 1995). This classifier 
categorises objects as either high or low based on their inherent characteristics. Also, 
kernel techniques can turn non-linear relationships into linear ones. This helps with 
partitioning (Adejo and Connolly, 2018). 

3.2.4.7 Naïve Bayes classifier 
This algorithm is a simple probabilistic classifier. It computes probabilities by 
aggregating frequencies and merging dataset values. It also predicts membership 
probabilities for each class. It determines the likelihood of a record belonging to a 
specific class. The class boasting the highest probability is identified as the most 
probable. The classifier has a unique feature. The presence or absence of one feature does 
not affect any other feature (Karo et al., 2022). 

3.2.4.8 Naïve Bayes kernel classifier 
In the realm of classification, the initial step involves constructing a machine-learning 
model through a dataset known as the training dataset. Next, the model’s efficacy is 
tested on an unfamiliar dataset. Notably, the Naïve Bayes Kernel classifier (KNB) is a 
simple Bayesian method. It uses kernel density estimation (KDE) (Bernardo and Smith, 
2009). 
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3.2.5 Test and evaluation stage 
During the evaluation stage, the goal is to find a model with optimal attributes. It should 
generalise information well. The application of 10-fold cross-validation serves to verify 
and validate the outcomes of the research algorithms, ensuring accuracy, precision, and 
meticulous measurement (Arlot and Celisse, 2010; Anguita et al., 2009). Cross-validation 
serves as a method to assess and validate the accuracy of a constructed model (Ting, 
2017). Accuracy is a very important criterion, but it is not enough to evaluate the 
performance of the model. When evaluating, we often use error rate and accuracy. What 
matters is our model’s reliability, its generalisability, and its flexibility (Romero and 
Ventura, 2010; Shaikh et al., 2015). So, each criterion considers different aspects of the 
classification’s performance. We must evaluate the classification by considering all of 
them at once (Ballabio et al., 2018). 

3.2.5.1 Confusion matrix 
Confusion matrix is a commonly used method to calculate accuracy in data mining 
concepts (Yulianto et al., 2020). The confusion matrix shows the current state of the 
dataset and the number of correct/incorrect predictions of the model. 

The model’s performance is based on the count of correctly and incorrectly classified 
samples (Costa et al., 2007). Table 5 shows the confusion matrices. 
Table 5 Confusion matrix 

Data class Classified as Pos Classified as neg 
Positive True positive (tp) False negative(fn) 
Negative False positive(fp) True negative(tn) 

3.2.5.2 Accuracy 
The accuracy measure (Acc) evaluates the effectiveness of the classifier with its 
percentage of correct predictions (Costa et al., 2007).CA is the ratio of correct predictions 
(TP + TN) to the total number of samples (TP + TN + FP + FN).The average per-class 
effectiveness of a classifier (Sokolova and Lapalme, 2009). 

| | | | Costa etal. (2007)
| | | | | | | |

TN TPAcc
FN FP TN TP

+=
+ + +

 (1) 

3.2.5.3 Precision 
Precision (P) is a significant measure that assesses the likelihood of a positive prediction 
being accurate (Costa et al., 2007). Precision is calculated as the ratio of true positives 
correctly predicted to all instances predicted as positive by the model. It lies within the 
range of [0, 1] and is a key indicator of the model’s ability to minimise false positive 
errors (Nisbet et al., 2009). 

| |
| | | |

TPP
TP FP

=
+

 (2) 
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( )2

2
1 * * Costa etal. (2007)
*

P R
F measure

P R
+

− =
+

β
β

 (3) 

3.2.5.4 Recall or sensitivity 
The recall (R) measure evaluates the effectiveness of a classifier for each class in a binary 
problem. Recall is the proportion of samples belonging to the positive class that are 
correctly predicted as positive (Costa et al., 2007). Recall, also called sensitivity, 
measures the ability of a model to classify the positives efficiently (Sokolova and 
Lapalme, 2009).The specificity is the percentage of negative examples that are correctly 
predicted to be negative (Costa et al., 2007). 

| |
| | | |

TPR
TP FN

=
+

 (4) 

| | Sokolova and Lapalme (2009), Costa et al. (2007)
| | | |

TNSpc
FP TN

=
+

 (5) 

3.2.5.5 Specificity 
Feature measures the ability of a model to efficiently classify negatives. A feature is the 
ratio of correctly identified true negative records to true negative records in the data. 
Specificity fights against false positives. 

| | Sokolova and Lapalme (2009)
| | | |

TN
TN FP+

 (6) 

3.2.5.6 F1-measure 
The F1-measure comes from the harmonic mean of precision and recall. It accounts for 
their conflicting relationship. This calculation aims to achieve a balanced outcome that 
prioritises both precision and sensitivity in the results (Dixit et al., 2021; Shaikh et al., 
2015). 

 2 Shaikh etal. (2015)
1 / 1 /

F measure
precision recall

− =
+

 (7) 

3.2.5.7 ROC area (receiver operating characteristics) 
The ROC metric assesses a model’s ability to avoid misclassification by plotting 
sensitivity against specificity on a graph. AUC, or area under the curve, represents a 
single point on the ROC curve and quantifies the model’s predictive performance. A 
larger AUC means better class recognition. An AUC of 1 is ideal (Sarlis and 
Christopoulos, 2014). The area under the ROC curve is a composite index. It shows how 
likely the model is to classify positive and negative instances c orrectly. This index ranges 
from a minimum of 0.5 to a maximum of 1 and reflects the algorithm’s efficiency (Hand 
et al., 2001). 
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3.2.5.8 Kappa 
The kappa statistic, introduced by Jacob Cohen in 1960, is frequently used to assess  
inter-rater reliability. Cohen’s kappa considers the likelihood that raters may make 
random guesses due to uncertainty. Similar to most correlation statistics, kappa’s range 
spans from –1 to +1 (McHugh, 2012). Cohen’s Kappa assesses the reliability of the 
classification of objects. Interrater reliability, on the other hand, measures the agreement 
level between two binary raters (Wood, 2007). The kappa criterion value typically stands 
at 0.60 (Simundic, 2008). 

Pr( ) Pr( )
1 Pr( )
a eκ

e
−=

−
 (8) 

3.2.5.9 Error classification (error rate) 
The most common measures of performance in classification problems are error rate and 
accuracy. This includes both binary and multi-class classification. Error rate evaluates a 
classifier by its percentage of incorrect predictions. The error rate is the ratio of 
misclassified samples to all samples. While accuracy is the proportion of samples that are 
correctly classified. error rate as follows: error rate as follows: 

 | | | | 1 Costa etal. (2007)
| | | | | | | |

FN FPErr Acc
FN FP TN TP

+= = −
+ + +

 (9) 

3.2.6 Deployment stage 
The study utilised RapidMiner 9.9 and excel for all its data mining implementation and 
processing tasks. The outcomes of the research design process have contributed to the 
generation of new knowledge presented in the article. 

4 Data analysis (findings) 

4.1 Introduction 

The Education data mining results use the RapidMiner 9.9 tool. Among the methods to 
assess model accuracy, the 10-fold cross-validation is used. This method involves 
randomly dividing the dataset into 10 segments. The model is then trained and tested 10 
times (Ting, 2017). The best model is based on the chosen performance criteria (Lever  
et al., 2016). In this section, the research questions are addressed and answered. 

4.2 Modelling 

Creating an effective, user-friendly model to predict student performance is hard. It must 
consider many factors (Xing et al., 2015). The research explores several classification 
models: C4.5 decision tree, ID3, KNN, NB, Naive Bayes Kernel (NBK), neural network, 
RF, SVM, and gradient boosted trees. We assess these models using the parameter 
configurations outlined in Table 6. 
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Table 6 Parameter settings in classification algorithms 

Parameters Algorithm 
Number of tree = 20 RF 
Criterion = gain ratio 
maximal depth = 10 
Voting strategy = confidence vote 
Splitting criterion = information gain ratio DT C4.5 
Minimal size of split = minimal leaf size =1 
Minimal gain = 0.01 
Maximal depth = 20 
Confidence = 0.1 
Split criterion = the ratio of obtaining information DT ID3 
The minimum split size = 4 
Minimum leaf size = 2 
Minimum gain = 0.01 
Training cycles = 500 ANN 
Learning rate = 0.3 
Momentum = 0.2 
Error epsilon = 1.0E-5 
The neural network has two hidden layers with 5 nodes 
Parameter settings of Weight by Gini index operator in modelling with neural 
network 
Weight relation = top p% 
p = 0.5 

The number of K = 5 KNN 
Measure types = mixed measures 
Mixed measure = mixed Euclidean distance 
Value c = 1 SVM 
Kernel = linear 
Epsilon = 0.1 
Cost = 1.0 
Naive Bayes operator was set based on Laplace correlation NB 
Weight relation= top p% 
P = 0.5 
Number of trees = 50 GBT 
Maximal depth = 5 
Min rows =10 
min split improvement = 1.0E-5 
Number of bins = 20 
Learning rate = 0.01 
Sample rate = 1.0 
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4.2.1 Modelling results 
Figure 1 is a graph that compares the accuracy of the algorithms used in this research in 
two classes. Figure 2 is a graph that compares the accuracy of the algorithms used in this 
research in four classes. 

Figure 1 Comparative chart of the accuracy of the algorithms used in the two-class mode  
(see online version for colours) 
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Figure 3 is a table that shows the confusion matrix in the case of 2 classes. Figure 4 is a 
table that shows the confusion matrix in the case of 4 classes. 

Figure 2 Comparative chart of the accuracy of the algorithms used in the four-class mode  
(see online version for colours) 
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Table 7 Comparison of evaluation criteria of models in two classes 
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Table 8 Comparison of evaluation criteria of models in four classes 
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The RF algorithm predicted the class of 1,373 out of 1,458 objects. Its accuracy is 
94.17%. Each matrix contains all correct predictions in the diagonals. In the first column 
(class 1), i.e., successful students, the classifier predicted 403 of 450 students as 
successful. The recall of this class is 89.56% (ie., 403/450). The accuracy for this class is 
91.38%. In the second column (class 2 of 2), i.e., unsuccessful students, the classifier 
correctly predicted 970 of the 1,008 students as unsuccessful. The recall is 96.23% (ie., 
970/1,008). The accuracy for this class is 95.38%. The RF-GI&OSE model in two-class 
mode has better predicted poor students’ performance than successful students. The 
confusion matrix in Figure 3 shows the RF-GI&OSE RF method has an 89.56% success 
detection rate and a 96.23% failure detection rate. 

Figure 3 Confusion matrix of the best classifier (RF-GI and OSE) in 2-class mode (see online 
version for colours) 

 

Figure 4 Confusion matrix of the best classifier (DT C4.5-GI and OSE) in 4-class mode  
(see online version for colours) 

 

The C4.5 algorithm can predict the class of 1,235 objects out of 1,458, which gives it an 
accuracy value of 84.71%. Each matrix contains correct predictions in its diagonals. In 
the first column (class 1 of 4), i.e., excellent students, the classifier correctly predicted 81 
of 104 students as excellent in achievement. The recall is 77.88% (ie., 81/104) and the 
precision for this class is 78.64%. In the 4th column (class 4 of 4), i.e., weak students, the 
classifier correctly predicted 361 of 420 students as weak. The recall is 85.95% (that is, 
361/420) and the accuracy for this class is 89.36%. Thus, the model (DT C4.5-GI&OSE) 
has predicted poor students’ performance better than that of successful students in four 
classes. The confusion matrix in Figure 4 shows the detection rates for the  
DTC4.5-GI&OSE method. They are: excellent 77.88%, good 85.26%, average 84.59%, 
and poor 85.95%. Decision trees are popular. They make easy-to-interpret classification 
rules. We study popular decision tree classifiers. We test them to find the best one for 
predicting student GPA from student data. The research shows that the C4.5 decision tree 
is better than ID3 for data classification. 

Table 7 shows the evaluation criteria for modelling two classes. Table 8 shows the 
criteria for modelling four classes. 
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4.2.2 Results of predicting academic performance using classifiers in two-class 
mode 

Table 8 shows that, in the two-class mode, the RF-GI&OSE algorithm has the highest 
accuracy of 94.17%. No other algorithm is as accurate. The RF-IG&OSE model also has 
an acceptable accuracy of 93.90%. Thus, the classifiers ‘RF with Gini index with 
optimise selection (evolutionary) feature selection algorithm’ and ‘RF with information 
gain with optimise selection (evolutionary) feature selection algorithm’ are key models 
for forecasting in this research. Considering the high accuracy of both of these models, 
we will check other items to choose the best model. The (RF-GI&OSE) model has more 
precision (95.42%) than the (RF-IG&OSE) model with 95.20% accuracy. Also, Table 6 
shows the (RF-GI&OSE) model has a higher recall of 96.23%. The (RF-IG&OSE) 
model’s recall is 96.03%. The (RF-GI&OSE) model has a higher f-measure (95.81%) 
than the (RF-IG&OSE) model with an f-measure of 95.61%. The (RF-GI&OSE) model 
has a higher specificity (89.56%) than the (RF-IG&OSE) model with a specificity of 
89.11%. The model (RF-GI&OSE) has a lower error of 5.83% than the model  
(RF-IG&OSE) with a 6.1% error. The (RF-GI&OSE) model has a higher Kappa of 
0.862% compared to the Kappa value of 0.856% in the (RF-IG&OSE) model. The 
comparison shows that the model (RF-GI&OSE) is better than (RF-IG&OSE) at 
predicting students’ performance in two classes. Thus, the model (RF-GI&OSE) is 
chosen as the main model of this research. It is the best algorithm to predict students’ 
performance in two classes. The RF with Gini index and forward selection  
(RF-GI&FS) and the decision tree C4.5 with Gini index and optimise weights (PSO) 
(DTC4.5-GI&PSO) algorithms, and the decision tree C4.5 with Gini index and optimise 
selection (evolutionary) (DT C4.5-GI&OSE) also have high accuracy. They are among 
the best algorithms in 2-class mode. The comparison of the algorithms shows that the 
best accuracy is with the RF-GI&OSE decision tree. The RF-GI&OSE algorithm has a 
better recognition rate for predicting excellent students (89.56%) than RF-IG&OSE 
(89.11%). The RF-GI&FS algorithm has the best detection for predicting unsuccessful 
students (96.63 %) against all algorithms. Also, the NBK-GL&OSE algorithm better 
predicts excellent students (95.11%) than RF-GI&OSE (89.56%) and RF-IG&OSE 
(89.11%) or other algorithms. 

Figure 5 The area under the roc chart (AUC) (see online version for colours) 
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Figure 5 shows the amount of AUC in different classification algorithms. 
One of the criteria for assessing the fit of the category models is the ROC diagram. If 

the model works completely randomly, the area under the graph will be equal to 0.5. If 
the model is very accurate in finding the right cases, the area under the graph will 
approach 1. According to Figure 6, the best AUC in the ROC chart is RF-GI&OSE 
(0.984). 

Figure 6 Roc diagram of AUC value in a two-class mode in the model (RF-GI&OSE) (see online 
version for colours) 

 

4.2.2.1 Important features in two-class mode 
Table 9 shows the prioritisation of predictive variables. It is based on their weight in a 
two-class mode in a RF with Gini Index and optimise selection (evolutionary)  
(RF-GI&OSE). 

In the main research method, RF-GI&OSE, the number of failed units has the greatest 
impact on predictions. The 1st-semester GPA feature is next. Age, diploma average, and 
number of honours semesters are in the middle of the graph. Several variables have been 
removed due to the Gini index feature selection’s low impact. The semester 2 GPA and a 
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few other factors had little effect on the total GPA. In this model, the age variable affects 
students’ academic performance among demographic characteristics. 
Table 9 Prioritising important variables in predicting performance in two classes in random 

forest with Gini index and optimise selection (evolutionary)(RF-GI&OSE) 

Number of 
conditional 

GPA for 
semester 2 

Number of 
honours semester 

Diploma 
average Age GPA for 

semester 1 
Number of 
fallen units 

0.062 0.108 0.145 0.150 0.160 0.162 0.173 

4.2.2.2 The results of the student performance prediction model in two-class 
mode 

Table 10 Results of the student performance prediction model in two-class mode random forest 
with Gini index and optimise selection (evolutionary) (see online version for colours) 

 

Row no. Classified GPA Prediction 
1 1 1 
2 2 2 
3 2 2 
4 2 2 
5 2 2 
6 1 1 
7 1 1 
8 2 2 

4.2.3 Results of predicting academic performance using classifiers in four-class 
mode 

Table 9 shows that, for four classes, the DT C4.5-GI&OSE algorithm has the highest 
accuracy of 84.71% among the algorithms. Thus, the classifier ‘decision tree with Gini 
index with Optimise selection (Evolutionary) feature selection algorithm’ is a key model 
in this research’s forecasts. This model is more accurate than other models. It also ranks 
higher on other criteria, such as precision, recall, kappa, error classification, correlation, 
Kendal, and Spearman. The comparison shows that the model (DT C4.5-GI&OSE) is the 
best at predicting students’ performance in 4 classes. The Decision Tree C4.5 with Gini 
index and optimise weights (PSO) and RF with Gini index and optimise selection 
(Evolutionary) (RF-GI&OSE) also had high accuracy. They are important algorithms in 
4-class mode. The comparison of the algorithms shows that the best accuracy is from the 
decision tree, DT C4.5-IG&ose. The DT C4.5-IG&ose algorithm better predicts excellent 
students (77.88%) than RF-OS&GI (75.96%). The RF-OS&GI algorithm has the best 
detection for predicting weak and unsuccessful students (90%) against all algorithms. 
Also, DT ID3-IG&ose and NBK-GI&OSE algorithms predict high school students’ 
scores better (82.69%). They outperform RF-OS&GI (75.96%) and DT C4.5-IG&ose 
(77.88%). 
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4.2.3.1 Important features in four-class mode 
Table 11 shows the priority of predictive variables. It is based on their weight in the four-
class mode for the decision tree with Gini index and optimise selection (evolutionary) 
(RF-GI&OSE). 

In the main method of research, DT C4.5-GI&OSE, it can be seen that the diploma 
average has the greatest effect on predictions. Next is the average for the 1st semester. 
Semester 2 GPA and the number of honours semesters are in the middle of the graph. We 
removed several variables. The Gini Index feature selection technique had a very low 
impact. The input and the number of selected features had little effect on the average. In 
this model, all demographic features had little effect. 
Table 11 Prioritising important variables in predicting performance in four classes in decision 

tree with Gini index and optimise selection (evolutionary)(RF-GI&OSE) 

Input Number of 
conditional 

Number of honours 
semesters 

GPA for 
semester 2 

GPA for 
semester 1 

Diploma 
average 

0.104 0.114 0.122 0.197 0.201 0.262 

4.2.3.2 The results of using the student performance prediction model in the 
four-class mode 

Table 12 Model implementation results (DT C4.5-GI&OSE) to predict student performance 
decision tree C4.5 with Gini index and with optimise selection (evolutionary) 

Row no. Classified GPA Prediction 
1 3 3 
2 3 4 
3 1 1 
4 3 3 
5 2 3 
6 3 3 
7 2 2 
8 3 3 

5 Discussion 

In response to research sub-question 2, what methods predict student performance? We 
used several models to analyse and categorise students. They are: C4.5 and ID3 decision 
tree classifiers, RF, Bayesian networks, k-nearest neighbours, ANNs, SVMs, and gradient 
boosted trees. This study introduced the best model. It was found by comparing 
algorithms in 2-class and 4-class tests. This study also considers the use of four feature 
selection techniques. 

Which classification algorithm, two-class or four-class, predicts student performance 
better? The RF-GI&OSE algorithm has the highest accuracy of 94.17% compared to 
other algorithms. The RF-IG&OSE model also has an acceptable accuracy of 93.90%. 
Thus, the classifiers ‘RF with Gini index with optimise selection (Evolutionary) feature 
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selection algorithm’ and ‘RF with information gain with optimise selection (evolutionary) 
feature selection algorithm’ are key models for forecasting in this research. Considering 
the high accuracy of both of these models, we will check other items to choose the best 
model. The (RF-GI&OSE) model has more precision (95.42%) than the (RF-IG&OSE) 
model with 95.20% accuracy. Table 6 shows that the (RF-GI&OSE) model has a higher 
recall (sensitivity) of 96.23%. The (RF-IG&OSE) model’s sensitivity is 96.03%. The 
(RF-GI&OSE) model has a higher f-measure (95.81%) than the (RF-IG&OSE) model 
with an f-measure of 95.61%. The (RF-GI&OSE) model has a higher specificity 
(89.56%) than the (RF-IG&OSE) model with a specificity of 89.11%. The model  
(RF-GI&OSE) has a lower classification error of 5.83% compared to the model  
(RF-IG&OSE) with a classification error of 6.1%. The (RF-GI&OSE) model has a higher 
Kappa of 0.862% compared to the Kappa value of 0.856% in the (RF-IG&OSE) model. 
The comparison shows that the model (RF-GI&OSE) is better than the model  
(RF-IG&OSE) at predicting students’ performance in two classes. Thus, the model  
(RF-GI&OSE) is chosen as the main one. It is the best for predicting students’ 
performance in two classes. The best algorithm in the four-class mode is decision tree 
C4.5. It uses the Gini index and an evolutionary optimiser. Its prediction accuracy is 
84.71%. According to these results, using NB algorithms, the weakest prediction 
accuracy of about 70% occurs.in other words, in four-class mode, the best algorithm for 
predicting academic performance. In this study, the best algorithms are C4.5 and RF. 
They have the highest accuracy and rank well on other criteria. The four-class mode 
decision tree C4.5-GI & OSE model showed 84.71% accuracy, 84.17% precision, 
83.42% sensitivity, and a 0.780 kappa. 

What factors predict undergraduate student performance? This is the main question of 
the research. It compares two-class and four-class classification models. This study used 
RF-GI&OSE in 2 classes. It found that, of the features, the number of failed units had the 
greatest impact on the prediction process. The next most important feature was the  
1st-semester GPA. 2st-semester GPA and conditional number among the selected 
characteristics had little effect on the total grade point average. In this model, the age 
variable affects students’ academic performance among demographic characteristics. In 
the main method of research, DT C4.5-GI&OSE in four classes, the average of the 
diploma has the greatest effect on the prediction process. The 1st-semester average is 
next. The input and the conditional number of the selected features had little effect on the 
overall average. In this model, all demographic characteristics had little effect. 

What prediction models are found using data mining classification techniques on the 
predicted variables, in response to sub-question 3? The comparison shows that the model 
(RF-GI&OSE) is better than the model (RF-IG&OSE) at predicting students’ 
performance in two classes. Thus, the model (RF-GI&OSE) is chosen as the main one for 
this research. It is the best at predicting students’ performance in two classes. The  
RF-GI&FS the Decision Tree C4.5 with Gini index and optimise weights (PSO) 
(DTC4.5-GI&PSO), and the DTC4.5-GI&OSE are important 2-class algorithms. They 
have high accuracy. The model (DT C4.5-GI&OSE) is better than other models at 
predicting students’ performance in 4 classes, according to the comparison. In 4-class 
mode, the algorithms C4.5 with Gini index and optimise weights (PSO) and RF with Gini 
index and optimise selection (evolutionary) (RF-GI&OSE) had high accuracy. They are 
among the most important algorithms. 

In response to sub-question 4, how is the validation of the developed model for the 
students of Shahed University done? This research uses K-fold cross-validation to split 
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the data into educational and experimental sets. Estimating the accuracy of algorithms in 
this method is much more than other methods. In this study, we consider the value of k to 
be equal to 10. This study ranked the key Attributes that impact students’ academic 
performance. The academic factor had a greater impact than the demographic factors. 
This result is consistent with the results of studies by Bhutto et al. (2020). Waheed et al. 
(2020) predicted the failure or success of students with 85% accuracy (Waheed et al., 
2020). Costa Mendes et al. (2021) and Cruz-Jesus et al. (2020) predicted student 
performance based on income, age, employment, cultural level, residence, and 
socioeconomic information. Hoffait and Schyns (2017) ranked the algorithms by 
accuracy: LR, ANN, then RF. But, Waheed et al. (2020) found that the SVM algorithm 
performs better than the LR algorithm. In the research of Xu et al. (2019), the most 
efficient algorithm is SVM. The NN algorithm is next. The decision tree has the lowest 
performance (Xu et al., 2019). Meanwhile, this research found that the RF and DT 
algorithms are best at predicting students’ academic progress scores. The NB algorithm 
has the lowest accuracy. Bernacki et al. (2020) Their algorithm identified 75% of 
students who failed to get a B or better to advance to the next course (Bernacki et al., 
2020). Ahmad and Shahzadi (2018) predicted academic performance with 85% accuracy 
(Ahmad and Shahzadi, 2018). 

Academic performance was predicted with many diverse variables, including 
students’ demographic features (Bernacki et al., 2020; Rebai et al., 2020; Garcia and 
Skrita, 2019; Rizvi et al., 2019), learning skills and study habits (Ahmad and Shahzadi, 
2018) learning strategies, social support, perception, motivation, social demographics and 
academic performance features (Musso et al., 2020; Costa-Mendes et al., 2021), etc.  
Cruz et al. (2020) predicted students’ final grades with 16 independent variables. The 
prediction was made only with the parameters of the mid-semester score, faculty, and 
educational group (Cruz-Jesus et al., 2020). In most models in EDM studies, the 
prediction accuracy is above 70%. However, collecting and processing data is  
time-consuming. Hoffait and Schyns (2017) found data collection too hard. They said 
socio-economic data was unnecessary (Hoffait and Schyns, 2017). In addition, these data 
do not always provide a correct idea of failure prevention (Bernacki et al., 2020; Yağcı, 
2022). The research found that academic features are better than demographics at 
predicting students’ performance. 

6 Conclusions 

This study finds models that best predict students’ performance in education. They are 
based on individual, social, and educational factors. This research aims to find factors 
that predict undergraduate student performance. This study used various algorithms to 
predict the total GPA. The data used in this research are records of undergraduate 
students from 2012. Researchers used 1,468 data records in data mining. We used the 
CRISP-DM research method for the data mining aspect of this research. We used the 
RapidMiner 9.9 tool for modelling. This paper’s results are in the case of two and four 
classes. The study compared different algorithms using some criteria. It then introduced 
the best models. This study also considers four attribute selection techniques. The best 
algorithm in two-class mode was the RF. It used the Gini index and optimise selection 
(evolutionary). It had an accuracy of 94.17%. This model has shown 95.42% accuracy, 
96.23% sensitivity, and 89.56% specificity. The RF results show that a higher 1st 
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semester GPA leads to a higher chance of academic success. The proposed model in the 
four-class mode Decision Tree C4.5-GI and OSE showed an accuracy of 84.71%. It had a 
precision of 84.17%, a sensitivity of 83.42%, and a kappa of 0.780. This research shows 
that machine learning algorithms can predict students’ academic achievement. These 
algorithms are decision tree C4.5-GI and OSE and RF-GI and OSE. C4.5’s decision tree 
shows that higher first-semester and diploma GPAs predict academic success. The 
comparison of results in two-class and 4-class classification showed that two-class 
modelling is better. It has higher accuracy than 4-class modelling. Thus, the current 
research shows that the RF algorithm is best for predicting students’ performance. It uses 
the Gini index and evolutionary optimal selection. It has a 94.17% accuracy for two 
classes. This research used K-fold cross-validation and the confusion matrix to evaluate 
the data. We must use DM methods to solve students’ learning problems. This will 
optimise the educational environment and enable data-based decision-making. Our 
research compared the predicted and actual results. They showed a significant 
improvement. The prediction helped identify successful and unsuccessful students. It also 
helped them get better grades. 

The proposed research method may encounter certain limitations, which include: 

1 Data collection: we need to analyse two types of data. First, we have some records 
from the education system. Second, we need to collect and add some other data for 
effective data mining. Also, the data’s cross-sectional nature suggests a need for 
long-term studies. 

2 Outlier data: outlier data: A high number of outliers or missing data can mislead 
results. However, this issue can be partly addressed through appropriate data pre-
processing techniques. 

3 Generalisability of findings: the sample is limited to undergraduate students at 
Shahed University. So, be cautious when applying the findings to students at other 
schools or universities. 

Here are the suggestions provided in the text: 

1 Real-world implementation: it is recommended to use the proposed research method 
in Iranian schools and universities. This real-world application would confirm the 
methodology’s effectiveness in the local educational context. 

2 Graduate-level research: future studies can extend the research to the graduate level. 
They can test the predictive model in higher education settings. 

3 Faculty evaluation: researchers should analyse faculty evaluations. They may reveal 
factors like competency, qualifications, and employment criteria. 

4 Exploration of various factors: future studies can explore more factors that affect 
student performance. These may include students’ interests, skills, work history, and 
career goals. Also, their cultural background, family income, social media use, and 
extracurricular. Lastly, their academic engagement, interactions with professors, and 
various learner behaviours. 

5 Model enhancement: to improve accuracy, add new parameters and expand the ML 
models. 
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In summary, these recommendations stress real-world implementation. They call for 
research at different academic levels, faculty evaluations, and a look at diverse factors. 
Also, they urge improving machine learning models for more reliable results in future 
EDM work. 
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