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Abstract  

 
This study examines the effectiveness of five data mining algorithms, K-Nearest Neighbor (K-NN), Naive Bayes, Decision 

Tree, Random Forest, and Support Vector Machine (SVM), in predicting and comparing students' academic performance. 

The goal is to evaluate the following: the study data includes average grades, learning motivation, study hours per week, 

and parental support. The data underwent preprocessing steps, including normalization, outlier removal, and splitting into 

training and test sets. Model performance was evaluated using accuracy, precision, and recall metrics. The results indicate 

that the Random Forest algorithm performed the best, followed by the Decision Tree, which also demonstrated strong 

performance. The SVM and Naive Bayes algorithms provided excellent results, while K-NN performed poorly due to class 

overlap in the data. The conclusion of this study is that the Random Forest algorithm is the most effective method for 

predicting students' academic performance and significantly contributes to data-driven analysis to improve the quality of 

education. 
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1. INTRODUCTION  

Academic performance is a criterion for evaluating students' success in their educational journey. It is 

important because academic performance reflects students' mastery of the course materials they have studied 

during their academic period. Academic performance is generally measured through the Grade Point Average 

(GPA), Cumulative Grade Point Average (CGPA), and timeliness in completing their education [1]. GPA or 

CGPA scores serve as benchmarks for the final learning outcomes, reflecting students' mastery of various 

courses at the university level [2]. One of the factors influencing students' success rate is learning motivation, 

which plays a significant role in achieving optimal academic results [3]. 

Competition in education in the digital era has become increasingly intense, particularly in achieving 

top rankings. Educational institutions are now striving to implement better systems to meet high educational 

standards. From student admissions to graduation, student performance evaluation is conducted systematically 

to create a quality educational environment [4]. In this context, the ability to analyze patterns influencing 

academic performance has become an increasingly relevant need. This enables institutions to make data-driven 

decisions that can enhance the overall quality of education. 

One technology for analyzing academic data is data mining. Data mining is the process of discovering 

patterns or valuable information in large datasets using specific techniques or methods [5]. This technique is 

also known as Knowledge Discovery in Databases (KDD), an automated process to uncover patterns and 

relationships in large datasets using tools such as classification, association, or clustering [6]. Data mining is 

not an entirely new field, as its techniques inherit methods from previously established disciplines [7]. With 

this technology, patterns related to students' academic performance can be identified, serving as a foundation 

for strategic decision-making.  

Academic performance prediction can be accurately conducted using data mining algorithms such as 

K-Nearest Neighbors, Naïve Bayes, Decision Tree, Random Forest, and Support Vector Machine (SVM). One 

of the primary methods in data processing is classification, which is a way to group objects based on specific 
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characteristics [8]. Classification is also used to predict the category or label of an object previously unknown 

by distinguishing it based on its attributes or features [9][10]. Through this approach, academic data analysis 

can provide deep insights into patterns affecting student performance and assist institutions in improving the 

quality of their education. 

 

2. MATERIAL AND METHOD  

The steps of this research are explained using a flowchart, starting from the initial data collection stage 

to the final prediction process. This presentation aims to provide a clear explanation and ensure that the research 

implementation aligns consistently with the designed objectives. The research stages are shown in Figure 1. 

 

 

Figure 1. Research Methodology Flowchart 

 

2.1. Observation and Literature Review 

The initial stage of this research involves observing the factors influencing students' academic 

performance. The key factors include Grade Point Average (GPA), Cumulative Grade Point Average (CGPA), 

graduation time, and learning motivation. Learning motivation is considered a significant factor that can drive 

students to achieve optimal academic results [11]. Additionally, anxiety and self-efficacy also play an 

important role in determining students' academic success [1]. 

In this study, a literature review was conducted to identify data mining approaches for analyzing 

academic data. Data mining is known as an effective method for identifying patterns and insights from large 

datasets, including classifying students' academic performance [5]. Algorithms such as K-Nearest Neighbors 

(K-NN), Naïve Bayes, Decision Tree, Random Forest, and Support Vector Machine (SVM) have been widely 

used in similar studies for predicting and classifying academic data [6]. This literature review aims to provide 

a deeper understanding of the relevant methods, techniques, and algorithms to enable their effective application 

in this research. 

 

2.2. Data Collection 

This study uses a survey simulation involving students from various educational backgrounds. The 

survey is designed to collect information on factors such as student habits, extracurricular activities, parental 

support, age, gender, and ethnicity. The average GPA, weekly study time, number of absences, and final grade 

category (Grade Class) are included in the 2392 entries of this dataset, which serves as a representation of 

student academic performance patterns. A quantitative method using multiple-choice questions is employed to 

facilitate completion and improve the accuracy of responses used for data collection. 

Before being used, this survey data was collected to ensure validity and reliability. A coding method 

was applied to convert categorical data, such as gender and parental support status, into a numerical format. 
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Irrelevant variables, such as student identities, were removed. By using resampling techniques like 

oversampling, each class has a proportional distribution to balance the target variable. To ensure that the model 

can be generalized for further analysis, the processed data was split into two parts: 80% for training data and 

20% for testing data. 

 

2.3. Data Preprocessing 

The data preprocessing stage involves several key steps to ensure the data is ready for use. First, data 

cleaning is performed to remove missing values, outliers, and irrelevant data. Next, data transformation is 

carried out by converting categorical variables into numerical ones to be compatible with the algorithms used 

[12]. Data normalization is also applied to ensure uniform attribute scales, especially for algorithms such as K-

NN and SVM [13]. Finally, the data is split into training and testing data with an 80:20 ratio to train and test 

the model [13]. 

 

2.4. K-Nearest Neighbor (K-NN) 

K-Nearest Neighbor is one of the most commonly used classification algorithms. The principle of K-

NN is to find the shortest distance between the data to be evaluated and the K-NN from the training data [14]. 

The core of this classifier primarily relies on measuring the distance or similarity between the test example and 

the training examples [15]. The K-NN algorithm does not require prior knowledge about the dataset for 

classification [16]. The K-NN algorithm is very powerful and easy to implement [17]. 

K-Nearest Neighbor is explained in Equation 1. 

 

d(x, y = √∑ (xi − yi) 2 n
i=1  1          (1) 

 

K-NN is a distance-based algorithm that compares new data (𝑥) with all the data in the dataset. The 

distance between 𝑥 and each data point (𝑦) is calculated using distance metrics such as Euclidean distance. The 

algorithm then selects the k nearest data points based on this distance. Classification is performed by selecting 

the majority class among the neighbors, while regression is performed by calculating the neighborhood's mean. 

The advantage is that it is simple and effective for small datasets, but for large datasets, it requires significant 

computation, which decreases performance. 

 

2.5. Naive Bayes Classifier 

Naïve Bayes is a classification model obtained by applying relative probabilities [18]. During 

classification, the algorithm searches for the highest probability among all the document categories being tested 

[14]. It is a simple method for training data sets. As the simplest form of a Bayesian classifier, the Naïve Bayes 

classifier is implemented on hardware platforms for various application scenarios [19]. The Naïve Bayes 

classifier is built based on the subset, and the same feature subgroups are used for testing [20]. Naive Bayes 

Classifier is explained in Equation 2. 

 

P(C|X) =
P(x|c)P(c)

P(x)
              (2) 

 

Naive Bayes is a probabilistic algorithm based on Bayes' theorem that estimates the probability that a 

given data point (𝑋) belongs to a given class (𝐶). 𝑃(𝐶∣𝑋) is called the posterior probability, which is the 

probability of 𝐶 given 𝑋. 𝑃(𝑋∣𝐶) is the likelihood, calculated as the product of the probabilities of each feature 

in 𝑋, assuming all features are independent (naive). 𝑃(𝐶) is the prior probability of the class, and 𝑃(𝑋) is the 

normalization factor, which is the same for all classes. Due to its speed and efficiency, Naive Bayes is often 

used for text and categorical data. 

 

2.6. Decision Tree 

The supervised machine learning approach called the Decision Tree is used to address classification 

problems. The main goal of using the Decision Tree algorithm is that the C4.5 algorithm can produce a specific 

prediction model in the form of rules that are easy to implement [21]. The Decision Tree classification 

algorithm can be performed serially or in parallel, depending on the amount of data, algorithm efficiency, and 

available memory. A serial tree is a logical model, as a binary tree built using the training dataset [22]. Decision 

Tree (DT) has been widely used in classification and other data mining fields, proposed in the 1960s [23]. 

Decision Trees that predict nominal or numeric variables are called classification trees and regression trees, 

respectively [24]. The DT model has decision nodes with multiple branches, used to make decisions, and leaf 

nodes that represent the outcomes or classes of the decisions [25]. Decision Tree is explained in Equation 3. 

 

H(S) = − ∑ pi
n
i=1 log2(pi)       (3) 
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A decision tree is a tree-based algorithm that splits data into smaller subsets based on specific attributes. 

The selection of attributes is made by calculating the optimal information using entropy or the Gini impurity. 

Entropy (𝐻(𝑆)) measures the level of disorder or uncertainty in the data. Here, 𝑝𝑖 is the probability of the i-th 

category. The algorithm works recursively by separating the data until each subset is homogeneous (pure). The 

final result is a decision tree that can be used for classification or prediction. 

 

2.7. Random Forest 

Random Forest was created in 2001 with a combination of the CART algorithm (Classification and 

Regression Tree) and bootstrap aggregation (bagging) [26]. Random Forest is an ensemble learning method 

for classification and regression that builds a number of random decision trees during the training phase and 

predicts by averaging the results [27]. The main advantage of Random Forest compared to AdaBoost is its 

resistance to noise and overfitting [28]. Random Forest can also measure the importance of variables. This is 

done by using OOB (out-of-bag) data [29]. Random Forest uses many trees to average (regression) or calculate 

the majority vote (classification) at the terminal leaf nodes when making a prediction [30]. 

Random Forest is explained in Equation 4. 

 

f(x) =
1

N 
∑ Ti

N
i=1 (x)               (4) 

 

Random Forest is an ensemble algorithm that combines several decision trees to improve the accuracy 

and stability of predictions. Each decision tree (𝑇𝑖(𝑥)) is trained on a randomly selected data subset (bootstrap 

sample) and a randomly selected feature subset. The final prediction (𝑓(𝑥)) is calculated as the average (for 

regression) or the majority vote (for classification) of the predictions across all trees. This algorithm reduces 

the risk of overfitting compared to a single decision tree but requires more computational resources. 

 

2.8. Support Vector Machine (SVM) 

SVM is a traditional machine learning method based on classification. It originates from the idea of 

solving high-dimensional problems in a dual form, so the classifier relies on a small number of support vectors 

to achieve the principle of structural risk minimization [31]. SVM is a powerful solution; an advanced 

algorithm with a strong theoretical foundation based on Vapnik-Chervonenkis theory. SVM has strong 

regularization properties [32]. The trained SVM classifier is a linear combination of the similarities between 

inputs and support vectors [33]. SVMs are powerful methods for building classifiers. It aims to create a decision 

boundary between two classes, enabling the prediction of labels from one or more vector features [34]. SVM 

is commonly used as a classification algorithm for body movements, images, sound, etc[35]. 

Support Vector Machines are explained in Equation 5. 

 

w. x + b = 0, dengan max (
1

∥w∥
)           (5) 

 

SVM is a classification algorithm that finds the optimal hyperplane to separate data from two classes. 

This hyperplane is a line or plane in the data space that maximizes the margin, which is the shortest distance 

between the hyperplane and the data points of both classes. The formula 𝑤⋅𝑥+𝑏=0 defines the hyperplane. 

Here, 𝑤 is the weight vector, 𝑏 is the bias, and 𝑥 is the feature vector. This algorithm uses data from the closest 

points (support vectors) to determine the hyperplane's location. SVMs are suitable for high-dimensional data 

and highly effective for non-linear classification using kernels. 

 

2.9. Model Evaluation 

After the models are applied using algorithms such as K-Nearest Neighbors (K-NN), Naïve Bayes, 

Decision Tree, Random Forest, and SVM, evaluation is conducted to assess each model's effectiveness in 

predicting students' academic performance. The evaluation metrics focus on prediction accuracy for classifying 

students based on factors that influence performance, such as GPA, study motivation, and graduation time. The 

results of this evaluation are used to select the most appropriate algorithm to improve educational quality 

through accurate predictions. 

 

2.10. Interpretation of Results and Decision Making 

After calculating the evaluation metrics, the next step is to compare the algorithms' performance in 

predicting students' academic performance using precision, accuracy, and recall. In this context, accuracy 

becomes more important when the focus is on minimizing prediction errors for possible students. On the other 

hand, if the main goal is to identify all students who need intervention, recall is preferred. The F1 score is used 

to balance precision and recall, providing a more comprehensive view of performance. Additionally, the 

confusion matrix is useful for analyzing patterns of prediction error, such as misclassifying high-performing 

students. This provides additional insights to refine the model. 
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3. RESULTS AND ANALYSIS 

3.1. Data Preprocessing  

Data preprocessing begins with checking data types to ensure consistency and identify duplicates or 

missing values. Columns such as StudentID are removed as they do not contribute to the analysis. Categorical 

variables like Gender and ParentalSupport are encoded, and numerical variables like GPA and 

StudyTimeWeekly are normalized for uniform distribution. To ensure the model has equal opportunities to 

learn from each class, resampling techniques like oversampling are used to address imbalances in the target 

variable, GradeClass. Furthermore, to ensure the model is applicable to new data, the dataset is split into 80% 

for training and 20% for testing. 

 

3.2. K-Nearest Neighbors 

The K-Nearest Neighbors (K-NN) algorithm is applied for data classification using Google Colab. The 

dataset is split into training and testing data to ensure accurate model evaluation. The modeling process uses 

the scikit-learn library to select the optimal value of 𝑘 that minimizes prediction errors. The model is trained 

on the training data and predicts based on the majority class of the 𝑘-nearest neighbors. After training the 

model, the testing data is used to evaluate its performance using metrics such as accuracy, precision, and recall 

to understand how well the algorithm performs on the given dataset. The confusion matrix for K-NN is shown 

in Figure 2.  

The confusion matrix above shows the K-NN algorithm's performance in classifying data into five 

classes (labeled 0-4). Correct predictions are shown along the main diagonal, with class 4 having the highest 

number of correct predictions (321), while other classes exhibit significant misclassification (e.g., classes 0 

and 2 are often assigned to other classes). The evaluation results indicate accuracies of 67.27%, precision of 

50.28%, and recall of 47.77%, demonstrating that the K-NN model's performance is suboptimal. This is due to 

the difficulty of distinguishing classes when data points overlap or are closely distributed. 

 

3.3. Naïve Bayes 

The Naive Bayes Classifier algorithm is applied to classify data using Google Colab. To ensure accurate 

model evaluation, the dataset is split into training and testing data. The model is built using the Scikit-Learn 

library, with probability calculations assuming feature independence. The training data is used to train the 

model by calculating the conditional probability of each feature given its class label. The model is then tested 

on the test data, and its performance is evaluated using metrics such as accuracy, precision, and recall. The 

confusion matrix for Naïve Bayes is shown in Figure 3.  

The confusion matrix above shows the performance of the Naive Bayes classifier in classifying data 

into five classes (labeled 0-4). The main diagonal values reflect the number of correct predictions, but 

misclassifications are widely distributed away from the diagonal, particularly for classes 0, 1, and 3. Class 4 

has the highest number of correct predictions (321), though significant errors are present. Other classes, such 

as classes 1 and 3, also exhibit notable misclassifications. Based on the evaluation results, the model achieved 

an accuracy of 76.74%, precision of 60.94%, and recall of 59.84%, indicating that Naive Bayes' performance 

is inherently limited, especially in identifying classes with diverse data distributions. 

 

3.4. Random Forest 

Data classification using Google Colab implements the random forest algorithm. The dataset is split 

into training and testing data. The model is then built using the Scikit-Learn library. Key parameters, such as 

the number of trees (n_estimators), are tuned to optimize model performance. This algorithm generates 

multiple decision trees and aggregates their results to improve prediction accuracy. To ensure the model's 

reliability and consistency, evaluation is performed using k-fold cross-validation. Precision, recall, and F1-

score are calculated for each validation fold, and the average across all folds is used to assess the model's 

overall performance. The confusion matrix for Random Forest can be viewed in Figure 4.  

The confusion matrix above illustrates the performance of the Random Forest algorithm in classifying 

five classes (labeled 0 to 4) using cross-validation evaluation. The main diagonal values of the confusion matrix 

represent correct predictions for each class, with class 4 achieving the highest accuracy (234 correct 

predictions). For other classes, prediction errors appear minimal. Based on the evaluation results, the algorithm 

achieved an average CV precision score of 92.26%, an average CV F1-score of 92.12%, and an average CV 

recall score of 92.01%, indicating that the model's performance is excellent. It demonstrates high accuracy, 

precision, and detection capability." 

 

3.5. Decision Tree 

Google Colab uses the Decision Tree algorithm to classify data in this research. First, the data is split 

into two parts: the training set and the test set. Then, using the scikit-learn library available in Python, a 

Decision Tree model is created. After the model is built, it is trained on the training data to understand the 

existing patterns. After that, the test data is used to evaluate the model to determine how well the predictions 
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are made. Metrics such as accuracy, precision, and recall are used to measure the performance of the model. 

All of these actions are performed by Google Colab. The confusion matrix for Decision Tree can be viewed in 

Figure 5.  

The figure above is the confusion matrix from the decision tree model testing results with a precision 

of 81.89%, a precision of 73.64%, and a recall of 74.44%. The confusion matrix shows the number of correct 

and incorrect predictions for each class. For example, in class 4 (the last row), the model correctly predicted 

323 data points, but 19 data points in class 4 were predicted as class 1. Although the precision and recall values 

are very good and demonstrate the model's ability to recognize patterns and predict labels, there are still some 

prediction errors that need to be addressed, especially for certain classes with small datasets. The Decision Tree 

for Predicting Student Academic Achievement can be viewed in Figure 6.  

 

 

Figure 2. K-Nearest Neighbors 

 

Figure 3. Naive Bayes Classifier 

  

 

Figure 4. Random Forest 

 
Figure 5. Decision Tree 

 

 
Figure 6. Decision Tree for Predicting Student Academic Achievement 
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3.6. Support Vector Machine (SVM) 

To address the classification problem, the SVM algorithm is applied using Google Colab. The dataset 

is split into training and test sets to ensure accurate evaluation. The SVM model is built with the Scikit-Learn 

library, using a linear kernel to optimally separate the data classes with a hyperplane. Training is performed on 

the training data, and model performance is evaluated using k-fold cross-validation. Evaluation is performed 

by calculating average precision, precision, and recall across all validation folds to assess the model's reliability 

and overall performance. 

The confusion matrix above shows the performance of the support vector machine (SVM) algorithm in 

classifying five classes (labels 0 to 4). The main diagonal values represent the number of correct predictions 

for each class, with class 4 having the most correct predictions (234), but other classes have some prediction 

errors: Class 1 and 2 have lower precision. The evaluation results for this model are: the average CV precision 

score is 83.06%, the average CV precision score is 81.04%, and the average CV recall score is 83.06%. These 

values indicate that SVM performs very well, although there are still some limitations in distinguishing certain 

classes. The confusion matrix for the SVM is shown in Figure 7.  

 

 

Figure 7. Support Vector Machine 

 

3.7. Algorithm Comparison 

Table 1 and Figure 8 compare the performance of several machine learning algorithms across recall, 

precision, and accuracy metrics using two data splits (70:30 and 80:20). The algorithms tested include K-NN, 

Naive Bayes, Random Forest, Decision Tree, and SVM. From the table, Random Forest achieves the best 

performance, with an accuracy of 92.22% on the 80:20 data split. SVM has the lowest accuracy (75.73%) in 

the same data range. The bar chart below compares the metrics for each algorithm and the data details. Random 

Forest consistently outperforms other algorithms across recall, precision, and accuracy. 

 

Table 1. Comparison Algorithm Modeling 

Algoritma Split Data Recall Precision Akurasi 

K-NN 
70:30:00 47.77% 50.28% 67.27% 

80:20:00 49.24% 51.92% 68.68% 

Naïve Bayes 
70:30:00 59.84% 60.94% 76.74% 

80:20:00 57.69% 54.25% 75.57% 

Random Forest 
70:30:00 92.26% 91.96% 92.22% 

80:20:00 91.97% 92.14% 92.01% 

Decision Tree 
70:30:00 74.44% 73.64% 81.89% 

80:20:00 77.70% 77.06% 83.30% 

SVM 
70:30:00 75.37% 74.88% 75.37% 

80:20:00 75.37% 74.88% 75.37% 

 

The figure 8 compares the performance of several machine learning algorithms across recall, precision, 

and accuracy metrics using two data splits (70:30 and 80:20). The algorithms tested include K-NN, Naive 

Bayes, Random Forest, Decision Tree, and SVM. From the table, Random Forest achieves the best 

performance, with an accuracy of 92.22% on the 80:20 data split. SVM has the lowest accuracy (75.73%) in 

the same data range. The bar chart below shows a comparison of the metrics for each algorithm and the data 

details. Random Forest consistently outperforms other algorithms across recall, precision, and accuracy. 
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Figure 8. Accuracy Comparison 

 

4. CONCLUSION  

The conclusion of this study shows that data mining algorithms can effectively predict student academic 

success based on factors such as average grades, study motivation, and study time. Based on the model 

performance evaluation results, the Random Forest algorithm was found to be the most accurate with an 

accuracy score of 92.22% with an 80:20 data split, followed by the Decision Tree algorithm, which also showed 

good performance. Support Vector Machines and Naive Bayes achieved good results, but these algorithms 

were less capable of handling imbalanced data distributions than Random Forests. ANN showed poor results, 

particularly in distinguishing classes with overlapping data distributions. These results provide valuable 

insights for educational institutions in choosing data-driven approaches to improve education quality through 

more accurate predictive analysis. In the future, this work can be expanded by integrating additional variables 

or by using ensemble learning techniques to improve predictive performance. 
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