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Abstract – Timely completion of a study program is crucial 

for evaluating the quality of universities. To achieve timely 

completion, student’s progress needs to be monitored early 

in order to ensure that they can complete the given task on 

time. This process is particularly important because 

universities often enroll thousands of students, thereby 

making individual supervision impractical. An effective 

solution to this problem is leveraging machine learning to 

develop a system that predicts whether student will 

complete the study without delay. Therefore, this study 

used Support Vector Machine (SVM) method for 

classification, with RBF kernel. Optimization of SVM 

classification was achieved by ensuring the values for Soft 

Margin C parameter and kernel parameter were correct. 

In addition, Particle Swarm Optimization (PSO) method 

was used to determine the optimal SVM parameter values. 

Consequently, the resulting model was evaluated using 

Cross Fold Validation. The optimized SVM parameter 

identified through PSO were gamma of 0.0085 and C of 

0.4196. The average training accuracy recorded is 82.58%, 

with 81.22% validation, these results can be categorized 

into Good Classification. Finally, the application of PSO in 

optimization resulted in SVM models that avoided 

overfitting, as shown by the closeness of training and 

validation values. 

Keywords: PSO, SVM, optimization, student completion 

prediction, data mining 

I. INTRODUCTION 

Timely completion of a study program is crucial for 

evaluating the quality of universities. Therefore, to 

achieve timely completion, student’s progress needs to 

be monitored early in order to ensure that they can 

complete the given task on time. The process is very 

important because universities often enroll thousands of 

students, thereby making individual supervision 

impractical. One of the applications of technology that 

can be used in supporting preliminary information about 

the problem of timely completion of study for student is 

data mining. Conceptually, data mining is the process of 

discovering patterns or knowledge relationships in a data 

set [1]. In the context of this study, data mining can be 

used to explore the result pattern of student who graduate 

on time and exceed the study period. An example of the 

data mining method that can be used to identify the 

pattern of student’s study periods is classification 

method [2]. Specifically, classification is the grouping of 

data into a class based on the characteristics [3], and one 

of the methods used for this classification is Support 

Vector Machine (SVM) [4]. 

SVM is a supervised learning-based machine learning 

classification method developed by Vapnik [5]. 

Furthermore, SVM has the advantage of solving 

problems with small, nonlinear, and high-dimensional 

data samples [6]. In its application, SVM has a high level 

of prediction accuracy, and the level of classification 

accuracy is highly dependent on parameter settings and 

feature selection [7]. Specifically, the parameters used by 

SVM are the soft margin C and the kernel. It is crucial to 

be aware that SVM has several kernels useful for 

classifying non-linear data, namely, linear, polynomial, 

sigmoid, and RBF kernel [8], [9]. Based on several 

comparisons in a related study, the best kernel for data 

classification is RBF kernel [10]-[12]. The parameters 

required by RBF kernel are soft margin C and gamma 

(γ). Moreover, the challenge of obtaining optimal 

parameter values to classify data in SVM is that the 

process requires several trials and errors [13], [14]. This 

implies that the method is not very efficient and 

consumes a lot of time. Therefore, a method is required 

to perform parameter tuning on SVM in order to obtain 

the optimal parameter value in a short time [15]. An 

efficient solution for obtaining optimal parameter value 

is to apply optimization method [16]. 

Several optimization methods can be used to address 

different scenarios, such as PSO. Typically, PSO is an 

evolutionary computing method that can obtain the 

global optimal solution in the search space by 

considering the interaction between individuals in each 

particle. Each particle provides its best position 
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information to others, adjusting its position and rate of 

change based on the provided information [17]. When 

compared with similar algorithms such as Genetic 

Algorithm (GA), PSO can conduct better parameter 

tuning. The parameter tuning is represented in related 

studies such as controller design based on Flexible AC 

Transmission System (FACTS) [18], and analysis for 

Task Scheduling in Cloud Computing Environment [19]. 

Additionally, Yoga Religia used the Naive Bayes 

algorithm to predict airline customer satisfaction, 

comparing the performance of PSO and GA optimization 

methods. The results show that the best model was 

achieved with Naive Bayes algorithm optimized by PSO, 

producing accuracy, precision, recall, and AUC of 

86.13%, 87.90%, 87.29%, and 0.923, respectively [20]. 

In another study, Irawan compared the performance of 

K-NN and Random Forest algorithms, both optimized 

with PSO, for predicting timely study completion. PSO 

significantly improved accuracy, especially for Random 

Forest, boosting accuracy from 95.79% to 97.89% and 

AUC from 0.991 to 0.993. Similarly, K-NN's accuracy 

increased from 93.49% to 96.74%, and AUC from 0.975 

to 0.986 after PSO optimization. [21].  

The current study proposes the application of PSO for 

SVM performance optimization in classifying study 

completion of student. The exploration aims to predict 

student’s study completion by developing a framework 

that applies PSO. Additionally, this framework 

determines the optimal parameter values for 

classification using SVM method. It is crucial to be 

aware that the reason for applying these two methods is 

to increase the accuracy, precision, and AUC values. 

II. METHOD 

Cross-Industry Standard Process for Data Mining 

(CRISP-DM) method was used in this study, which 

included six phases, Fig. 1 showed the stages of CRISP-

DM, with the first step being Business Understanding. 

Specifically, the process was performed by reviewing the 

existing systems at the study location. 

The second stage was the Data Understanding phase, 

where available data for exploration was thoroughly 

checked. In the third stage, known as Data preparation, 

data was processed for use, while in the fourth stage, 

prediction model was developed using Python 

programming language, SVM, and PSO. Furthermore, 

the model was evaluated in the fifth stage, called 

Evaluation stage. The final phase is Deployment 

included deploying the developed model followed by 

conclusions and recommendations. It is crucial to be 

aware that recommendations were provided based on the 

exploration result. 

 

 

Fig. 1 CRISP-DM 

A. Data Preparation 

The dataset used in this study consisted of student 

data from the academic database of Indonesian Institute 

of Business and Technology Campus. Data was collected 

by executing SQL queries on various tables in the 

database, later imported in CSV format for easier 

processing with Python Programming Language. The 

dataset includes 4,660 student data from batch 2015 to 

2019 with 102 attributes. Although this dataset is 

comprehensive, a selection process is still needed to 

identify attributes that are significant in influencing 

student graduation. 

B. Data Pre-processing 

Data pre-processing in this situation was needed 

because the raw data obtained from the database could 

not be processed by the learning machine due to the 

presence of corrupted data, hence, the pre-processing 

required several stages. The first stage was selecting data 

features or attributes related to the study completion. In 

selecting the features or data attributes used in 

modelling, 28 data attributes were obtained, as shown in 

Table I.  

TABLE I 

DATA ATTRIBUTE 

No Data Attribute Data Type 

1 Study Programme Numeric 

2 Cumulative GPA 1 - 6  Numeric 

3 Grade Point Average 1-6  Numeric 

4 Complete Course Credits 1-6 Numeric 

5 Incomplete Course Credits 1-6 Numeric 

6 Gender Numeric 

7 Region of Origin Categoric 

8 Work Status  Numeric 
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The second stage involved cleaning data with noise 

and missing values, adjusting them as required to 

enhance data usability for the machine learning model. 

This process was executed using Python and relevant 

libraries, with examples shown in Table II. 

C. Modeling  

During the modeling stage, the test data was divided 
using K-Fold cross-validation to build an effective model. 
This method splits the data into k equal-sized subsets, 
using k-1 subsets for training and the remaining one for 
testing. The process is repeated, with each subset serving 
as the test set once, ensuring comprehensive evaluation 
and parameter optimization [22]. Moreover, for 
classification, the accuracy estimate was the number of 
correct classification from k iterations divided by the total 
number of tuples in the initial data [23]. The next stage is 
modeling using the SVM classification method. In the 
modeling process, to determine the tuning 
hyperparameters of SVM, the PSO optimization method 
is used which the flowchart of the PSO method is shown 
in Fig. 2. 

During the exploration, modeling was conducted 
using SVM algorithm for data classification, 
distinguishing between student who completed the study 
and those who did not. Additionally, PSO optimization 
method was applied to determine the parameters used in 
SVM algorithm. Fig. 3 showed an overview of the system 
created in this result using SVM method with PSO 
optimization. The prediction system starts with dataset 
preparation, which is then divided into training and 
testing sets. The training data is employed for the 
classification modeling process. The PSO algorithm is 
used to optimize the c and y parameters for the RBF 
kernel in the SVM model. The PSO algorithm iteratively 
updates the particles to find the best solution (Pbest) and 
the global best solution (Gbest). After determining the 
optimal parameters, the SVM model is trained, and its 
performance is evaluated using the confusion matrix. 
This process is repeated until a good classification 
accuracy value is obtained. After achieving good 
accuracy, the optimized model is then finalized for the 
student graduation prediction system.

TABLE II 
DATA PREPROCESSING 

No Name Study 

Program 

Cummulative 

GPA 1 

Cummulative 

GPA 2 
.... Work Status 

1 Student 1 IT 3.3 3.66 ... Employment 

2  Student 2 IT 3.15 2.92 ... Unemployment 

... ...  ... ... ... ... ... 

4660 Student 4660 IT 3.22 2.75 ... Unemployment 

 

 

Fig. 2 Flowchart PSO 
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Fig. 3 Flowchart SVM with PSO 

D. Evaluation  

After modeling, the next stage included evaluating 

how well the resulting model performed. When assessing 

the machine learning model, it was important to consider 

accuracy and precision. Furthermore, accuracy was the 

ratio of correct prediction to every possible prediction. 

Precision metric measured the ratio of actual positive 

predictions to the number of actual positives in a dataset 

[24]. The evaluation value of this model was conducted 

through K-fold validation, which also helped determine 

when the model was overfitting, best fitting, or 

underfitting [25]. During evaluation, the model's 

performance was assessed using AUC values and ROC 

curves. The ROC curve plots True Positive Rate (TPR) 

against False Positive Rate (FPR) on a two-dimensional 

graph. Key points include (0,0), indicating no false 

positives and only true positives, and (1,1), indicating a 

positive condition. The TPR and FPR values are 

inversely related, meaning as TPR increases, FPR 

decreases. Random classification results in a diagonal 

line on the ROC curve, known as Random Performance 

[26]. AUC was an area that showed the accuracy of 

prediction model and an area of a square, with its value 

always between 0 and 1 [27]. The values obtained when 

assessing the performance of the model using AUC were 

divided into several categories, as shown in Table III. 

III. RESULT AND DISCUSSION 

A. Data Preprocessing  

After data cleaning, including handling missing 

values and converting categorical data to numeric, the 

data was prepared for modeling. The training and testing 

data were separated, with 3,224 lines from the 2015–

2018 class used for testing and 1,436 from the 2019 class. 

TABLE III 

AUC VALUE CATEGORY 

Grade AUC Category 

0.90 – 1.00 Excellent Classification  

0.80 – 0.90 Good Classification 

0.70 – 0.80 Fair Classification 

0.60 – 0.70 Poor Classification 

0.50 – 0.60 Failure 
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Training data was labelled: Label 1 for students who 

graduated in 3.5 to 4 years, and Label 0 for those taking 

longer than 4 years. Examples of the processed data are 

shown in Table IV. 

B. Modeling 

The application of modeling to classify student data 

using SVM algorithm was compared with the results of 

PSO parameter optimization. The study used support 

from the Python programming language with its open-

source library. When classifying data, SVM had to 

determine the exact kernel to use. In this study, RBF 

kernel was selected and implemented with parameters C 

and Gamma. This kernel was selected because it could 

classify data very well [28], [11]. Following the selection 

in determining SVM parameters using PSO method, 

several efforts were needed to determine the parameters 

using PSO to find the optimal SVM parameter values. In 

addition, several experimental parameters were used for 

PSO as shown in Table V. C1, C2, W, Number of 

particles, Number of iterations, and Fold were the initial 

parameters for performing PSO. The Gamma and C 

columns represented the optimal values resulting from 

PSO optimization (Table V). 

After testing several parameters in Table V, the 

optimal SVM parameters were found to be Gamma 

0.0085 and C 0.4196. The tuning of PSO parameters for 

SVM was achieved through an experiment with 100 

iterations, 100 particles, 10 K-folds, cl 0.3, c2 0.5, and w 

0.9. Following this, a comparison of modeling results 

was conducted, including the evaluation of SVM with 

the determined parameters, SVM optimized by PSO, and 

the model's accuracy and precision values. 

1) Accuracy: Accuracy described how accurately 

the model could classify correctly. To determine the 

accuracy value, the cross-fold validation value was 

determined 10 times by comparing the accuracy 

produced by SVM model with the parameter values 

obtained, where C = 1 and Gamma = 1. These C and 

Gamma value was considered good and received a good 

accuracy value in the study [11]. The results of SVM 

with parameters optimized by PSO were also presented 

in Table VI. 

Table VII compares the average training and 

validation accuracy of the SVM model with randomly 

determined parameters against those optimized using 

PSO. The SVM model with specified parameters had a 

high training accuracy of 99.75 but a low validation 

accuracy of 66.63, indicating overfitting [29] [30]. In 

contrast, the PSO-optimized SVM showed more 

balanced results, with training and validation accuracies 

of 82.58 and 81.22, respectively, indicating a best fitting 

as seen on Fig. 5.

TABLE IV 

 DATA AFTER THE PREPROCESSING 

No Study 

Programme 

Cumulative 

GPA 1 

Cumulative 

GPA 2 

…. Employment 

Status 

Label 

1 1 3.3 3.66 … 1 1 

2 1 3.15 2.92 … 0 1 

… … … … … … … 

4660 1 3.22 2.75 … 0 - 

 

TABLE V 
PSO PARAMETER TUNING RESULTS 

C1 C2 W Number of Particles Iteration Fold Gamma C Accuracy 

0,3 0,5 0,9 100 10 1 0.0378   1.4694 81.54% 

0,3 0,5 0,9 100 10 2 0.0543 3.3972 80.93% 

0,3 0,5 0,9 100 10 3 0.0549 0.2947 81.24% 

0,3 0,5 0,9 100 10 4 0.1320 -3.0954 84.62% 

0,3 0,5 0,9 100 10 5 0.0161  0.8359 78.16% 

0,3 0,5 0,9 100 10 6 0.0085 0.4196 86.16% 

0,3 0,5 0,9 100 10 7 0.0501 0.6860 79.33% 

0,3 0,5 0,9 100 10 8 0.0671 0.7884 81.18% 

0,3 0,5 0,9 100 10 9 0.0041 3.3651 83.03% 

0,3 0,5 0,9 100 10 10 0.0734 4.9142 80.25% 
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a b 
Fig. 5 Accuracy comparison (a) SVM random parameter model (b) SVM PSO optimization 

 

Fig.5 compares the SVM model with random 

parameters (Fig. 5(a)) to the PSO-optimized SVM model 

(Fig. 5(b)). The graph in Fig. 5(a) shows a significant gap 

between the training and validation lines, indicating a 

poor fit. In contrast, Fig. 5(b) shows that the PSO-

optimized SVM model has much closer training and 

validation lines, suggesting a better-fitting model.  

2) Precision: Precision could be described as the 

level of accuracy between the requested data and 

prediction results provided by the model. The results of 

comparing the precision values of the random SVM 

parameters with SVM parameters resulting from PSO 

optimization were shown in Table VII.  

The average precision value of the training process 

was 0.997, while the validation value was 0.667, 

indicating an overfitting model. In contrast, the PSO-

optimized SVM model achieved a training precision of 

0.802 and a validation precision of 0.793, suggesting a 

better fit. Figure 6 illustrates the precision values for both 

the randomly parameterized SVM model (Fig. 6(a)) and 

the PSO-optimized model (Fig. 6(b)). 

The graph (Fig. 6(a)) showed the training and 

validation lines were very different, compared to the 

graph (Fig. 6(b)) which had the training and validation 

lines close to each other. The comparison concluded that 

the graph (Fig. 6(a)) generated an overfitting model, and 

the graph (Fig. 6(b)) produced a best-fitting model. 

 

 

 

 

 

TABLE VI 

COMPARISON OF ACCURACY VALUE 

K-Fold 

Accuracy Training Accuracy Validation 

SVM 
SVM + 

PSO 
SVM 

SVM + 

PSO 

K-1 0.997 0.821 0.651 0.823 

K-2 0.996 0.826 0.676 0.811 

K-3 0.997 0.831 0.659 0.778 

K-4 0.997 0.824 0.692 0.795 

K-5 0.997 0.826 0.674 0.818 

K-6 0.997 0.831 0.650  0.769 

K-7 0.998 0.825 0.662 0.818 

K-8 0.997 0.825 0.637 0.818 

K-9 0.998 0.824 0.691 0.823 

K-10 0.997 0.821 0.666 0.864 

Average 

Accuracy 

99.75 82.58 66.63 81.22 

 

TABLE VII 

COMPARISON OF PRECISION VALUES 

K-Fold 

Precision Training Precision Validation 

SVM 
SVM + 

PSO 
SVM 

SVM + 

PSO 

K-1 0.997 0.799 0.657 0.788 

K-2 0.995 0.805 0.669 0.788 

K-3 0.997 0.805 0.662 0.764 

K-4 0.997 0.800 0.680 0.777 

K-5 0.997 0.804 0.679 0.790 

K-6 0.997 0.806 0.656 0.759 

K-7 0.997 0.801 0.667 0.817 

K-8 0.997 0.800 0.650 0.806 

K-9 0.998 0.801 0.682 0.796 

K-10 0.997 0.799 0.666 0.841 

Average 

Accuracy 

0.997 0.802 0.667 0.793 
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a b 

Fig. 6 Comparison of the precision of the random parameter SVM oodel with PSO optimization SVM 

3) AUC ROC Curve: ROC graph was a two-

dimensional graph of the relationship between TPR or 

Sensitivity (Y-axis) and FPR or 1-Specificity (X-axis). 

The graph showed the level of probability or accuracy of 

the model. The ROC value was concluded to be good 

(Perfect Classification) when the ROC curve approached 

the value 1 at the top left point [1]. Meanwhile, the AUC 

value was an area that showed the level of accuracy of 

prediction model [27]. 

Fig.7 compares the ROC curves and AUC values of 

the SVM model with random parameters (Fig. 7(a)) and 

those optimized by PSO (Fig. 7(b)). The random SVM 

model had an AUC of 0.748, indicating fair 

classification, while the PSO-optimized model achieved 

an AUC of 0.824, indicating best classification. This 

shows that the PSO-optimized SVM model 

outperformed the one with random parameters. After 

developing the optimal model, it was deployed to a web 

platform using the Flask framework, as shown in Fig . 8.

 

  
a b 

Fig. 7 Comparison of the AUC ROC value of SVM random parameter model with PSO optimization SVM 
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Fig. 8 Deployment model results 

 

Fig. 8 showed the results of the deployed model saved 

and tested using the test data created in the previous data 

preparation stage. Consequently, this process allowed 

the model to classify existing data and predict whether 

student would complete the study without delay. The 

web application facilitated data-driven decision-making 

to increase student’s retention and graduation rates. 

IV. CONCLUSION 

In conclusion, timely program completion is crucial 

for assessing university quality. To ensure students finish 

on time, early progress monitoring is essential, especially 

given the challenge of supervising large student 

populations. Machine learning, specifically data 

classification using SVM with PSO optimization, offers 

a solution by predicting timely completion. This study 

applied SVM for classification and PSO for parameter 

optimization, achieving a well-fitting model with good 

accuracy. Evaluation through cross-fold validation 

yielded training and validation accuracy of 85.32% and 

83.16%, respectively, with an AUC value of 0.851, 

indicating good classification. The study also highlighted 

that SVM models with predetermined parameters led to 

overfitting, as evidenced by significant discrepancies 

between training and validation metrics. 
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