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Abstract: 

Introduction: The honors class program aims to group outstanding students, but an objective data-based classification 

system is not yet available. This can result in high-potential students going undetected due to the selection process relying 
on self-registration and causing a lack of student interest. Method: This research uses the Support Vector Machine (SVM) 

algorithm to classify the eligibility of students to participate in the honors program based on academic and non-academic 

data. The dataset consists of 453 entries with an imbalanced class distribution, which was then balanced using the SMOTE 

technique. The model was trained using GridSearchCV to find the optimal parameters and compared with four types of 
SVM kernels: linear, polynomial, sigmoid, and radial basis function (RBF). Result: The RBF kernel achieved the best 

performance with an accuracy of 84%, precision of 0.77, recall of 0.84, and an F1-score of 0.79. However, it was found 

that the precision in the minority class (high-achieving students) is still lower than in the majority class. Conclusion: The 

SVM model, particularly with the RBF kernel, has proven effective in automating the classification of students for the 
honors program. However, further improvements are needed to enhance performance on the minority class to make the 

selection system fairer and more accurate. 
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1. Introduction: 

Improving the quality of human resources has become one of the main factors in facing the rapid development of 

technology [1]. in the digital era, the ability to adapt and master new technologies becomes the key to success for both 

individuals and organizations [2]. The advancement of increasingly sophisticated technology, which is widely spreading 

across various aspects of life, also has a significant impact on the world of education, where technology plays an 

important role in the learning process by providing various media designed to be easy and engaging [3]. In the academic 

context, technology has become one of the strategic innovations for monitoring and analyzing the progress of each 

student effectively and efficiently [4]. The use of technology-based academic information systems has proven to assist 

higher education institutions in designing more targeted learning strategies and interventions [5].  

The graduation rate of students is one of the important indicators in assessing the success of a higher education 

institution in conducting the Teaching and Learning Activities [6]. Higher education institutions with high graduation 

rates tend to be more trusted by the public and are considered capable of producing competent graduates. This also adds 

value to the institution's promotional aspects, as prospective new students usually consider graduation rates when 

choosing their target university [7]. Therefore, the management and improvement of the quality of educational programs 

become a primary focus, especially in flagship programs such as the achievement classes. This program is specifically 

designed for selected students with high academic potential and is expected to produce outstanding graduates in their 

respective fields [8]. The success of the excellence class program will have a positive impact not only on the students 

but also on the image of the university both nationally and internationally. Higher education institutions that can produce 

outstanding graduates from their excellent programs will increasingly be recognized and trusted as high-quality 

educational institutions [9]. 
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One of the study programs at a private university that has been accredited with an A and has been established since 

1994 aims to produce Bachelor of Computer Science graduates who are capable of solving problems in the field of 

information and communication technology. This study program also organizes an achievement class program that has 

been running since 2023. The program is intended for the 2022 cohort students who have achieved well in both academic 

and non-academic fields, with the aim of grouping them into one class to share information, form discussion forums, 

and foster a positive culture of competition. The requirements to participate in this achievement class program include 

a minimum GPA of 3.25, a minimum TOEFL score of 450, achievements in academic or non-academic fields, and an 

interest in continuing to excel and compete. 

One of the issues faced in the implementation of the excellence class program is the low interest of students to 

register independently. Based on a survey conducted among students of the excellence class and the Secretary of the 

Informatics Study Program, only 41 out of a total of 453 students from the 2022 cohort registered for this program. This 

figure indicates that student interest in the honors class is relatively low, which is suspected to be due to the perception 

that the program is too time-consuming, difficult, and competitive. However, the fundamental issue lies not only in the 

low interest but also in the absence of a system capable of automatically identifying and classifying students who 

actually have academic and non-academic potential to enter the excellence class program. Dependence on voluntary 

registration can cause high-achieving students to go undetected and miss out on the opportunities they deserve. This 

research aims to develop a data mining-based classification system capable of categorizing all students from the 2022 

cohort into achievement and non-achievement categories without relying on the registration process. 

Classification is the process of grouping an object into a specific category or class based on the characteristics or 

features possessed by that object [10]. Classification becomes very important in the data mining process, as a large 

amount of raw data will be processed and grouped based on certain characteristics to generate meaningful 

information[11], [12]. In Classification, there are several methods commonly used, such as Naïve Bayes, k-Nearest 

Neighbor, Random Forest, Decision Tree, Logistic Regression, and Support Vector Machine. Therefore, the 

classification process is very important in selection and assessment, especially in classifying students in an achievement 

class program, one of the commonly used methods in this case is the Support Vector Machine method. SVM is one of 

the leading classification methods in data mining due to its high accuracy, flexibility with non-linear data, and strong 

generalization capability. The basic operation of SVM begins with linear classification, which is then developed to 

handle non-linear data problems by adding a kernel function to the model. With this approach, SVM is capable of 

performing classification well on both linear and non-linear data. SVM is also used to find the best hyperplane by 

maximizing the distance between classes and maximizing the margin between the two classes [13]-[18]. 

This research uses the Support Vector Machine (SVM) method, one of the supervised learning algorithms that excels 

in classification tasks, both for linear and non-linear data. Compared to other methods such as Decision Tree, Naïve 

Bayes, or k-Nearest Neighbor. The application of the SVM algorithm to build a classification system for student 

eligibility in the excellence class program, considering both academic and non-academic attributes in an integrated 

manner. In addition, this research contributes to the development of educational data mining by demonstrating how 

classification techniques can be used to support data-driven selection processes and minimize potential bias in placing 

students into top programs at universities. SVM has the advantage of finding the optimal hyperplane with a maximum 

margin, and it can work effectively even with a high number of features or imbalanced data distribution. These 

advantages make SVM very suitable for classifying students based on complex academic and non-academic data. This 

research uses data from active students of the 2022 batch of the Informatics Study Program, which includes information 

such as GPA, study duration, TOEFL scores, as well as records of academic and non-academic achievements available 

in the campus information system. The aim of this research is to develop an SVM-based classification system that can 

objectively categorize students into merit-based programs, thereby supporting a more efficient and fair selection 

process, including for students who do not participate in self-registration. 
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2. Method: 

This research follows systematic stages in the data mining process. Each stage plays an important role in ensuring 

the quality of the data and the accuracy of the classification model being built. Figure 1 illustrates the complete flow 

of the research process, which consists of five main stages, from data collection to model evaluation [19]. 

 

Figure 1. Stages of Data Mining Research 

Data Collection 

Data collection is the initial step in this research, using data from 453 students of the 2022 batch of the Informatics 

Study Program. The data was obtained through interviews and direct requests to the Student and Alumni Bureau 

(Bimawa) and the Administration (TU), which includes student ID numbers, names, GPA, as well as academic 

achievements (e.g., competitions, scientific works) and non-academic achievements (e.g., organizations, social 

activities) in Excel format. This dataset was then used as training and testing data in the classification process using the 

Support Vector Machine (SVM) method. 

Data Pre-Processing 

This stage includes several important processes in data preparation, namely data cleaning, normalization, and 

transformation. First, normalization is performed on numerical attributes such as the Cumulative Grade Point Average 

(GPA) and TOEFL scores to ensure that all data is on a uniform scale [20], [21]. If there are categorical attributes, an 

encoding process is performed to convert the data into a numerical format that can be processed by the model. Finally, 

to handle missing data, two approaches are applied. For numerical attributes, missing values are imputed using the mean 

(mean imputation), while for categorical attributes or labels with missing data, the related entries are deleted to maintain 

the integrity and quality of the dataset. 

Dataset Division 

The process of dividing the dataset, the initial stage is to separate the data into two main parts: training data and 

testing data. The division of the dataset into 70% for training and 30% for testing was chosen to ensure that the 

proportion of test data is sufficiently representative to objectively evaluate the model's performance. This proportion is 

used in the literature for medium-sized datasets and is considered a midpoint between the risks of overfitting and 

underfitting. Before the training process is carried out, an initial analysis of the class distribution in the dataset is 

conducted. The results show an imbalance, where the Non-Performing class is far more dominant compared to the 

Performing class. Checking the class distribution is an important step at this stage to ensure that the developed model 

can generalize well. The results of the data distribution visualization are presented in Figure 2. 



566   Indonesian Journal of Data and Science 

 

Figure 2. Data Distribution 

Building a Classification Model with Support Vector Machine 

The model used to classify study periods is the Support Vector Machine (SVM) with various types of kernels. SVM 

is a supervised learning algorithm used to address classification problems by finding the best hyperplane that can 

separate data from two or more classes with a maximum margin. To handle data that cannot be linearly separated, SVM 

uses kernel functions to map the data into a higher-dimensional feature space, allowing for more flexible decision 

boundaries to be formed [22], [23]. This research will conduct tests on four types of kernels, namely linear, radial basis 

function (RBF), polynomial, and sigmoid. Each kernel has different characteristics in mapping data. The linear kernel 

is used for data that tends to be linearly separable. The RBF and polynomial kernels are suitable for non-linear data, 

with RBF being more flexible in forming complex non-linear patterns. The sigmoid kernel mimics the activation 

function in neural networks and is used in the context of logistic relationships between features. RBF Kernel is often 

used in classification cases involving non-linear data with complex patterns. RBF implicitly maps data to a very high-

dimensional feature space and calculates the influence of each data point based on its distance. This approach allows 

the model to flexibly adjust the shape of the decision boundary, especially when the data does not have a clear linear 

pattern. This characteristic makes the RBF kernel highly relevant for use in student classification cases, where academic 

and non-academic data often have non-linear and varying relationships. The hyperparameter tuning process was 

conducted using GridSearchCV with 5-fold cross-validation to evaluate various parameter combinations. The range of 

parameters tested includes C = [0.1, 1, 10, 100], gamma = [0.01, 0.1, 1, 10], and kernel types = ['linear', 'poly', 'rbf', 

'sigmoid']. The optimal combination was found at C=10, gamma=10, and RBF kernel, which provided the highest 

accuracy on the test data. Therefore, selecting the optimal combination of C, gamma, and kernel is crucial to ensure 

maximum classification performance [24], [25]. 

Model Evaluation 

Model evaluation aims to measure the performance and effectiveness of the model in making predictions. In this study, 

two main techniques are used, namely cross-validation and confusion matrix. Cross-validation is a validation method that 

divides data into two main parts using the k-fold cross-validation technique, which is one of the commonly used approaches 

in classification [26]. In this technique, the dataset is divided into several folds. This approach helps obtain a more 

comprehensive picture of the model's performance and reduces the risk of overfitting caused by unrepresentative data 

splitting. 

After the cross-validation process, the evaluation continues using a confusion matrix to assess the prediction quality in 

more detail. The confusion matrix presents information in the form of a table that illustrates the number of correct and 

incorrect predictions for each class, namely True Positive (TP), False Positive (FP), True Negative (TN), and False Negative 

(FN). Based on this matrix, evaluation metrics such as accuracy, precision, recall, and F1-score can be calculated, providing 

a comprehensive overview of the classification model's performance [27] - [32]. 

There are 4 types of matrices used for calculating the final score and classified as follows : 

a. Accuracy is an evaluation metric that measures the proportion of total correct predictions from all cases. 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
   (1) 

b. Precision is an evaluation metric in classification that measures the proportion of true positive predictions out of all 

positive predictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (2) 

c. Recall is a metric used to measure a system's ability to identify all relevant positive instances. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (3) 

d. F1-Score is an evaluation metric that presents a balance between precision and recall in the form of the harmonic. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
𝑝𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙
   (4) 

By combining cross-validation and the confusion matrix, model evaluation becomes more comprehensive and provides 

a stable estimation of model performance, while the confusion matrix shows the details of prediction errors. Both techniques 

are crucial in ensuring the reliability and accuracy of the classification model. The confusion matrix model used in this study 

is displayed in Table 1 [33], [34]. 

Table 1. Confusion Matrix Model 

Prediction Value 

Actual Value 

 True False 

True True Positive (TP) False Negative (FN) 

False False Positive (FP) True Negative (TN) 

Confusion Matrix displays the number of true and false as follows :  

a. True Positive (TP), which is a sample of positive data predicted as positive. 

b. True Negative (TN), which means a sample of negative data predicted as negative. 

c. False Positive (FN), which is a sample of negative data predicted as positive. 

d. False Negative (FN), which is a positive data sample predicted as negative. 

3. Result and Discussion: 

Result: 

The classification model for the eligibility of outstanding class students is divided into five main stages: Data 

Collection, Data Preprocessing, Dataset Division, Classification Model, and Model Evaluation 

Data Collection 

Data was obtained through interviews and direct requests to the Student and Alumni Affairs Bureau (Bimawa) and 

the Administration Office of Ahmad Dahlan University. The data includes student ID numbers, names, GPAs, TOEFL 

scores, and academic achievement records manually labeled into two classes, namely achievement and non-

achievement, and stored in Excel format. This dataset is used as training and testing data in the classification process 

using the Support Vector Machine method. 

Data Pre-Processing 

Processing Stage Data refers to the Knowledge Discovery in Database (KDD) process, which consists of data 

cleaning, data selection, and data transformation. The data of the 2022 student cohort was cleaned of duplicates and 

null values, and then relevant attributes such as GPA and achievement data were selected. Next, the data is transformed 

into a numerical format for classification purposes. Achievement labels are encoded into binary values, with 1 for 

students who have achievements and 0 for those who do not have achievements. The data of the 2022 Computer Science 

students that have been processed is presented in Table 2. 
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Table 2. Dataset Quote 

Nim Name 
Ip_Semeste

r 

Achievemen

t 

Toefl_Scor

e 
Description 

2200018484 Faisal Hairullah 3.02 0 580 Tidak Prestasi 

2200018485 Fahreza Rifky 

Ferdiansyah 

2.86 0 420 Tidak Prestasi 

2200018486 Dani Sulaiman 3.39 0 376 Tidak Prestasi 

2200018487 Pulung Kartiko Aji 2.99 0 374 Tidak Prestasi 

2200018488 Yusuf Adi Jaya 1.05 0 300 Tidak Prestasi 

2200018165 Yoga rusydi arifin 4.0 1 493 Prestasi 

2200018197 Muhamad fadhli akbar 3.55 1 456 Prestasi 

2200018183 Andi bintang toar 

dondok 

3.75 1 460 Prestasi 

2200018189 Akyas muhammad 

zaidan 

3.75 1 620 Prestasi 

2200018410 Aisyah syafi'i 

nurjannah 

3.8 0 560 Prestasi 

 

Dataset Division 

A dataset of 453 students was divided into 70% training data and 30% testing data. Before modeling, the data was 

normalized using StandardScaler so that each feature has a distribution with a mean of zero and a standard deviation of 

one. The initial analysis results show an imbalance in class distribution, where non-achieving students are far more 

numerous than achieving students. To address this, the Synthetic Minority Over-sampling Technique (SMOTE) method 

was applied to the training data. SMOTE generates synthetic data for the minority class, thereby balancing the class 

distribution. This step aims to prevent model bias towards the majority class and improve accuracy in recognizing both 

classes. The results of the data distribution visualization after SMOTE are presented in Figure 3. 

 

Figure 3. Data Distribution After SMOTE. 

Classification Results with the Support Vector Machine Algorithm 

At this stage, student classification is performed using the Support Vector Machine (SVM) algorithm implemented 

through a scikit-learn pipeline. The pipeline consists of three main stages: data normalization with StandardScaler, class 

balancing using SMOTE, and classification with SVC. To achieve optimal performance, parameter tuning was 

performed using GridSearchCV with 5-fold cross-validation, which evaluated various combinations of the parameters 

C, gamma, and kernel. The best results were obtained with the combination of C = 10, gamma = 10, and kernel = 'rbf', 

with an accuracy of 0.912. The selection of the RBF kernel indicates that the relationships between features are non-
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linear, thus requiring non-linear transformations for more accurate classification. The integration of preprocessing 

techniques, data balancing, and parameter tuning has proven effective in improving model performance.  

The analysis of the SVM model's performance continued by comparing the accuracy of each type of kernel, 

specifically testing four main kernels, linear, polynomial, radial basis function (RBF), and sigmoid. Each kernel is 

applied to the data resulting from preprocessing and balancing using the SMOTE method. The visualization of 

accuracy comparison shown in Figure 3 indicates that the rbf kernel provides the highest accuracy of 0.9121, followed 

by the polynomial kernel with an accuracy of 0.8310, and both the linear and sigmoid kernels achieving an accuracy 

of 0.8707. This difference indicates that the rbf kernel is better at capturing non-linear patterns in the data, resulting 

in better classification performance compared to other kernels. These results reinforce previous findings from the grid 

search process that the selection of the best parameters involves using the RBF kernel with C = 10 and gamma = 10. 

Thus, the rbf kernel can be considered the optimal configuration for the classification model in this study. The results 

of the accuracy comparison visualization for each kernel are presented in Figure 4. 

 

Figure 4. Accuracy comparison visualization 

Model Evaluation 

To evaluate the performance of each kernel that has been run in the SVM (Support Vector Machine) algorithm, 

calculations were performed on three main metrics: Precision, Recall, and F1-Score. Figure 5 presents a comparison 

of the values of these three metrics for each type of kernel, namely linear, rbf, poly, and sigmoid. This evaluation is 

important to determine the extent to which the model can perform classification accurately and evenly, especially in the 

context of datasets that may be imbalanced or have certain characteristics. 

  

Figure 5. Comparison of Precision, Recall, and F1-Score per kernel 
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Figure 5 shows a comparison of Precision, Recall, and F1-Score values for four types of SVM kernels. It is evident 

that the RBF kernel demonstrates the best overall performance, with the second-highest Precision value (0.3448) and 

the highest F1-Score (0.4651) compared to other kernels. This indicates that the RBF kernel is able to provide a better 

balance between precision and recall, thereby minimizing classification errors more consistently. The linear kernel has 

the highest Recall value (0.7857), but the lowest Precision value (0.2391), causing the F1-Score to drop to 0.3667. This 

indicates that the linear kernel can recognize more positive classes, but with many false positive predictions. The 

polynomial kernel has stable performance with a Precision value of 0.2941 and a Recall of 0.7143, resulting in an F1-

Score of 0.4167, which is still lower than RBF, indicating balanced performance but not yet as optimal as RBF in 

minimizing errors. The sigmoid kernel has the highest Recall value equal to linear (0.7857), but the Precision value is 

very low (0.2292), with an F1-Score of only 0.3548, making it less stable in maintaining the balance between precision 

and recall. Overall, this graph shows that the choice of kernel significantly affects the performance of the SVM model, 

and the RBF kernel is the best choice in this case based on the balance of the three displayed metrics (Precision, Recall, 

and F1-Score). 

The classification evaluation using the Support Vector Machine algorithm is presented in Table 3. Based on the 

evaluation results with model_best = grid_search.best_estimator_, which represents the overall best model performance 

from the combination of the most optimal parameters, the SVM model with the RBF kernel achieved an accuracy of 

84% on the test data. In the Non-Performing class (label 0), the model shows high performance with a precision of 0.96, 

recall of 0.85, and an f1-score of 0.90, indicating its excellent ability to identify the majority class. However, the 

performance on the Achieving class (label 1) still needs improvement. Although the recall score is quite high, the 

performance imbalance between classes is still noticeable. Overall, the weighted average f1-score reached 0.86, 

reflecting the model's quite good performance. 

Table 3. Clasification Report. 

Evaluation of the Best Model 

 Precision Recall F1-score Support 

0 0.96 0.85 0.90 122 

1 0.36 0.71 0.48 14 

Accuracy   0.84 136 

Macro Avg 0.66 0.78 0.69 136 

Weighted Avg 0.90 0.84 0.86 136 

 

 

Figure 6. Graph of the confusion matrix results for the RBF model 
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To provide a more detailed overview of the performance of each kernel in classifying the data, Figures 6 and 7 

display the confusion matrix graphs for each SVM kernel model used, namely linear, RBF, polynomial, and sigmoid. 

The confusion matrix helps us not only see how accurate the model is overall but also evaluate how the model handles 

each class specifically, especially in the context of binary classification: Achievement and Non-Achievement. In Figure 

5, it can be seen that the RBF model shows high performance. 

 

Figure 7. Comparison of Confusion Matrix Graphs for Linear, Poly, and Sigmoid Models 

The Confusion Matrix results show that the model was able to correctly classify 104 out of 122 students in the Non-

Achiever class (True Negative), but incorrectly classified 18 of them as Achievers (False Positive). Meanwhile, for the 

Achiever class, 10 students were correctly classified (True Positive), and 4 students were incorrectly classified as Non-

Achievers (False Negative). In general, these results indicate that the model is more accurate in recognizing the majority 

class (Non-Performing) compared to the minority class (Performing). However, the model's ability to detect the 

minority class remains quite good, indicating that the SMOTE approach during the training phase successfully helped 

improve sensitivity to that class. The complete results of the confusion matrix are displayed in Table 4. 

Table 4. Confusion Matrix Result 

Prediction 

Value 

Actual Value  

 
Actual Class Non-

Achievement 

Actual Class 

Achievement 

 Amount 

Prediction of Non-Achievement Class 104 18 122 

Prediction of Achievement Class 4 10 14 

Amount 108 28 136 

Discussion 

This research shows that the Support Vector Machine (SVM) algorithm with the Radial Basis Function (RBF) 

kernel is capable of classifying students into the categories of high achievers and non-high achievers with an accuracy 

of 84%. However, challenges remain in the minority class, namely high-achieving students, who tend to have lower 

precision values. This indicates a risk of classification errors, where non-performing students may be incorrectly 

classified as performing students. In the context of placing students in an honors program, this error can impact the 

fairness and effectiveness of the selection process. To address the data imbalance, the SMOTE technique was applied, 

which successfully improved the recall for the minority class. Further research is recommended to combine SMOTE 

with other approaches such as threshold adjustment, ensemble learning, or cost-sensitive classification, as well as 

exploring other algorithms like Random Forest and XGBoost. Thus, it is expected that the developed classification 

model can produce fairer and more accurate predictions for all classes, as well as support objective decision-making 

in student placement into programs. 
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4. Conclusion: 

This study shows that the Support Vector Machine (SVM) algorithm with the Radial Basis Function (RBF) kernel 

is capable of classifying students into the achievement class program with an accuracy of 84%, precision of 0.77, 

recall of 0.84, and an F1-score of 0.79 using academic and non-academic data. These results reinforce the potential of 

SVM as a tool to assist in an objective and efficient selection process, especially for students who do not participate 

in self-registration. This research has limitations, particularly regarding the small size of the positive class (high-

achieving), which results in the model's performance in detecting the minority class being suboptimal, especially in 

terms of precision. Therefore, for future research, it is recommended to apply additional techniques such as threshold 

tuning, class weighting adjustment, or exploration of other algorithms like Random Forest and XGBoost to improve 

recall and prediction accuracy for the minority class. With this approach, the classification model is expected to 

support the placement process of students into the excellence program more fairly and comprehensively.  
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