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Abstract 

The issue of graduation delay is one of the common issue in higher education institutions. This issue impacts the 

accreditation and reputation of study programs and the university. Delayed graduation increases the likelihood of 

student dropout, which remains a pressing concern many universities in Indonesia. The resulting consequences 

include a decline in institutional reputation and ranking, as well as reduced public trust in higher education standards. 

This research seeks to create a predictive model for delays in student graduation at University XYZ utilizing three 

machine learning techniques: Decision Tree, Random Forest, and Gradient Boosting. The academic dataset displays 

a class imbalance, with a notably larger number of students graduating later than those graduating on time. To counter 

this issue, the Adaptive Synthetic Sampling (ADASYN) method was implemented. The findings indicate that 

Random Forest with ADASYN achieves the best performance, with an accuracy of 75.55%, precision of 82.15%, 

recall of 81.64%, and AUC of 82.96%. The most influential factors are GPA (IPK) and the number of course 

repetitions. The resulting model can serve as a foundation for an early warning system to support universities in 

implementing timely academic interventions for at-risk students. 
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1. INTRODUCTION 

Students graduating from a university are generally classified into two categories: those who 

graduate on time and those who graduate late [1]. Graduation delay is one of the frequent challenges 

faced by higher education institutions, as it not only affects students individually but also has 

implications for the accreditation assessment of study programs and the university[2]. Students who fail 

to complete their studies on time are also at risk of dropping out (DO), which remains a significant 

problem across various universities in Indonesia [3], [4]. This phenomenon contributes to a decline in 

the reputation and ranking of universities and may reduce public trust in the quality of higher education 

institutions [5]. 

The issue of delayed graduation and student dropout has also become a major concern within 

higher education systems [2]. International studies have shown that extended study duration is 

associated with a 8–15% decrease in employment opportunities and post-graduation income compared 

to on-time graduates [6], [7]. In addition, factors such as academic performance, learning motivation, 

and socioeconomic conditions have been found to significantly influence students’ risk of delayed 

graduation [8]. 

Recent research [9] highlights that grades in foundational courses and class attendance frequency 

can serve as early indicators of study delay risk. Additionally, low academic engagement in the first 

year has been shown to influence students’ decisions to postpone graduation or even withdraw from 

studies, with significant implications for student retention [8]. Meanwhile, external factors such as labor 
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market uncertainty and national economic conditions encourage students to extend their study duration 

as a career adaptation strategy [10]. 

Given these insights, proactive prevention efforts are essential to mitigate graduation delay issues. 

Currently, University XYZ lacks a predictive system to identify students at risk of delayed graduation. 

In several cases, at-risk students are only detected near the end of their study period, leaving no time for 

effective intervention as they have already exceeded the standard duration. 

Based on this gap, the present study proposes the development of a predictive model for delayed 

student graduation to enable early detection and intervention. The model is expected to assist the 

university in identifying high-risk students based on their academic characteristics and engagement 

behavior. Three machine learning algorithms were employed Decision Tree, Random Forest, and 

Gradient Boosting. The Decision Tree algorithm was selected for its interpretability and ability to 

identify the most influential academic factors affecting student performance through decision rule 

visualization [1], [11], [12], [13], [14]. The Random Forest algorithm demonstrated superior predictive 

performance and stability in identifying students at risk of delayed graduation and dropout, achieving 

accuracy levels of up to 99% in several systematic studies [15]. Similar findings were reported by 

Alfahid  [16], where Random Forest achieved over 80% accuracy in predicting student dropout risks. 

Putra et al [17] also reaffirmed Random Forest’s superior accuracy in Indonesian dropout prediction, 

supporting its role as the most stable model in local higher education contexts. Meanwhile, Gradient 

Boosting algorithms including XGBoost and LightGBM consistently achieved high performance, with 

AUC values around 0.90 in predicting academic outcomes [18], and sensitivity rates up to 88% when 

applied to pre-enrollment datasets with optimized hyperparameter tuning[19]. Ayulani et al [20] further 

confirmed the robustness of tree-based ensemble methods in predicting online academic performance at 

Universitas Indonesia, achieving AUC values of approximately 0.85–0.90. 

Based on these findings, the three algorithms tested in this study are expected to determine the 

most optimal model for the early and accurate identification of students at risk of delayed graduation at 

Universitas XYZ. Although many studies have developed machine learning-based models for predicting 

delayed graduation, most overlook the class imbalance phenomenon, where the number of on-time and 

delayed graduates is significantly uneven. Consequently, such models tend to bias toward the majority 

class and fail to detect truly at-risk students (high false negatives). This research introduces a novel 

contribution by applying Adaptive Synthetic Sampling (ADASYN) as an adaptive oversampling 

strategy for the minority class in higher education contexts. ADASYN, proven effective in educational 

datasets (Ab Rahim & Buniyamin, 2023; Bakri et al., 2025; Beseiso, 2025; Efendi et al., 2025; Rozi et 

al., 2023; Sakpal Mamta and Sinha, 2025; Tariq et al., 2023). By applying ADASYN to the academic 

dataset of University XYZ, characterized by its unique demographic and institutional structure, this 

study not only compares Decision Tree, Random Forest, and Gradient Boosting algorithms but also 

introduces a methodological innovation for early risk identification in higher education. To the best of 

our knowledge, no prior study in Indonesia has specifically applied ADASYN to predict graduation 

delay rather than dropout. Hence, the research contributes both methodologically through the integration 

of adaptive oversampling into predictive modelling and practically by supporting the development of an 

Early Warning System (EWS) tailored to Indonesian universities. 

Based on the background, the research questions as follows: 

1. How can the Adaptive Synthetic Sampling (ADASYN) to improve classification model 

performance in predicting students at risk of delayed graduation in imbalanced academic data at 

University XYZ? 

2. Which algorithm Decision Tree, Random Forest, or Gradient Boosting performs after using of 

ADASYN? 

https://jutif.if.unsoed.ac.id/
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3. What academic factors influence the prediction of delayed student graduation based on the results 

performing model? 

The predictive model developed in this study is expected to support university in identifying 

students at risk of delayed graduation, enabling early intervention and improved academic outcomes. 

The findings are anticipated to make a meaningful contribution toward reducing graduation delays at 

University XYZ and to assist the institution in adopting more proactive measures, such as targeted 

academic support and intervention programs for at-risk students. 

2. METHOD 

2.1. Research Design 

This study adopts a quantitative research design with an explanatory and predictive approach, 

aiming to identify factors influencing delayed student graduation and to develop a predictive model 

using machine learning algorithms. Quantitative research emphasizes the measurement of relationships 

among variables in a numerical and objective manner, allowing conclusions to be drawn based on 

statistical and computational analysis [28]. The study follows a positivist paradigm, where knowledge 

is obtained through empirically testable and quantifiable observations, free from subjective researcher 

interpretation. 

2.2. Research Stages 

 

 

Figure 1. Research Stages 

 

The research process was systematically designed to produce a valid and implementable 

predictive model. The stages include: 

1. Problem Identification 

2. Literature Review 

3. Data Collection and Extraction 

4. Data Cleaning and Preprocessing 

5. Proposed Method 

6. Model Training 

7. Model Evaluation and Validation 

These stages are illustrated in Figure 1 (flowchart), providing an overview of the research 

workflow. 

2.3. Data Collection and Tools 

This study was conducted using Google Collab as the main development environment, with the 

Python programming language and supporting libraries such as scikit-learn, pandas, and matplotlib for 

data analysis, model construction, and visualization. The dataset consists of academic records of active 

students and alumni from Universitas XYZ over a defined academic period. The variables used in this 
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study include a combination of academic and socio-economic attributes that have been empirically 

shown to influence students’ likelihood of graduating on time [4], [29]. These attributes are presented 

in Table 1. 

 

Table 1. Attributes (Features) Used in the Study 

No Attribute Description 

1  Final GPA (IPK) Cumulative Grade Point Average (GPA) as an indicator 

of overall academic performance 

2 Total Credits Repeated Number of repeated courses, reflecting academic progress 

consistency 

3 Average Absences per 

Semester 

Average absences per semester, representing student 

discipline and attendance 

4 Payment Status Payment or tuition status, which may affect study 

continuity 

5 High School Origin 

(SMA/SMK/MA) 

Type of previous school, potentially influencing initial 

academic readiness 

6 Age at Enrollment Age at the time of college entry, affecting learning 

maturity and study completion time 

7 Father's Occupation Father’s occupation, representing socio-economic 

background 

8 Mother's Occupation Mother’s occupation, also representing socio-economic 

background 

9 Graduation Label “Tepat Waktu” (graduated within 8 semesters, or 4 years) 

and “Telat Lulus” (graduated in more than 8 semesters), 

used as the target variable for classification 

 
In this context, “Tepat Waktu” refers to students who complete their undergraduate studies 

according to the standard academic duration set by the university (≤8 semesters), while “Telat Lulus” 

refers to students who exceed the normal study period (>8 semesters). By integrating both academic 

indicators and socio-economic conditions, the study aims to improve the predictive performance of the 

machine learning model in identifying students who are at risk of delayed graduation (Telat Lulus). 

2.4. Data Cleaning and Preprocessing 

The dataset may contain missing values, duplicates, and imbalanced class distributions, which 

must be addressed before model training. Missing values were handled using mean imputation for 

numerical attributes (e.g., GPA) and mode imputation for categorical attributes (e.g., high school origin), 

while duplicate records were removed to avoid bias. To address class imbalance, ADASYN was applied 

to generate synthetic samples for the minority class (“on-time graduation”) (Ab Rahim & Buniyamin, 

2023; Rozi et al., 2023; Sakpal Mamta and Sinha, 2025). 

2.5. Proposed Method 

This study compares three machine learning algorithms Decision Tree, Random Forest, and 

Gradient Boosting, under two conditions: original dataset and oversampled dataset using ADASYN. 

• Decision Tree (DT): Parameters such as maximum depth, minimum samples per leaf, and 

splitting criteria (Gini/Entropy) were tuned. 

• Random Forest (RF): Parameters including number of trees (n_estimators), maximum features 

per split, and bootstrap sampling were optimized. 

• Gradient Boosting (GB): Learning rate, number of boosting stages, and maximum depth of weak 

learners were adjusted. 

Hyperparameter tuning was conducted using 10-fold cross-validation to ensure fair 

comparison across algorithms and to minimize bias. 

 

 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3334-3348 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5487 

 

 

3338 

2.6. Model Training 

The dataset was split into training and testing sets using 10-fold cross-validation to minimize bias 

and improve generalization. Each algorithm was trained under both conditions (original and ADASYN-

resampled dataset) to enable comparative analysis. Hyperparameters identified in the Proposed Method 

section were applied consistently to ensure balanced trade-offs between accuracy and generalization. 

2.7. Model Evaluation and Validation 

Model performance was evaluated using accuracy, precision, recall, AUC, and average precision. 

Confusion matrices were analyzed to identify classification errors, particularly false negatives, which 

are critical in detecting students at risk of delayed graduation. This evaluation stage not only assessed 

each model individually but also enabled a comparative analysis across Decision Tree, Random Forest, 

and Gradient Boosting, both before and after ADASYN resampling, thereby aligning directly with the 

study’s objective as stated in the title. 

3. RESULT 

This section presents the characteristics of the dataset and the process of model development. It 

also includes a comparative analysis to determine the most effective algorithm for predicting student 

graduation delay. 

3.1. Dataset Characteristics 

 

 
Figure 1. Dataset Characteristics 

 

Figure 1 illustrates the distribution of class labels within the research dataset, consisting of two 

categories: Telat Lulus (Late Graduation) and Tepat Waktu (On-Time Graduation). The figure shows 

that the number of students classified as Telat Lulus is significantly higher than those who graduate on 

time. Quantitatively, the proportion of students who experience delayed graduation is more than twice 

that of those who complete their studies within the ideal academic period. 

This imbalance indicates that the dataset is highly imbalanced, where the majority class (Telat 

Lulus) dominates the total observations. Such imbalance can lead to classification bias, as machine 

learning algorithms tend to “learn” more from the majority class while neglecting the minority class 

(Tepat Waktu). As a result, the model might appear to achieve high overall accuracy but fail to correctly 

identify students at risk of late graduation, reflected in a high number of False Negatives. 

To mitigate this issue, this study applies the Adaptive Synthetic Sampling (ADASYN) 

oversampling technique. ADASYN is selected for its adaptive capability to generate synthetic samples 
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in regions of the minority class that are difficult for the model to classify. Accordingly, the 

implementation of ADASYN is expected to: 

1. Improve the model’s ability to recognize students who are at risk of delayed graduation (enhancing 

the recall of the minority class), and 

2. Reduce classification bias resulting from the imbalance between class sizes, thereby improving 

prediction stability and overall accuracy. 

 

Table 1. Attributes (Features) Used in the Study 

 
Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu True Negative (TN) False Positive (FP) 

Telat Lulus False Negative (FN) True Positive (TP) 

 

The table above illustrates the basic structure of the confusion matrix used to ensure consistent 

interpretation of prediction results. In this study, the positive class is defined as “Telat Lulus” (Late 

Graduation), since the main objective of the model is to detect students who are at risk of delayed 

graduation. Accordingly: 

• True Positive (TP) represents students who actually graduated late and were correctly predicted as 

“Telat Lulus” by the model. 

• True Negative (TN) indicates students who graduated on time and were accurately classified as 

“Tepat Waktu.” 

• False Positive (FP) refers to students who actually graduated on time but were incorrectly predicted 

as “Telat Lulus.” 

False Negative (FN) represents students who should have been classified as “Telat Lulus” but 

were missed by the model, failing to be detected as at-risk cases. 

3.2. Preprocessing Results 

Before model training, the student dataset was subjected to several preprocessing steps to ensure 

data quality and balance. The dataset consisted of nine attributes, including academic indicators (Final 

GPA, Total Credits Repeated, Average Absences per Semester) and socio-economic variables (Payment 

Status, High School Origin, Age at Enrollment, Father’s Occupation, Mother’s Occupation), with 

Graduation Label as the target variable. 

Missing values were handled using imputation techniques: mean imputation for numerical 

attributes such as GPA and average absences, and mode imputation for categorical attributes such as 

high school origin and parental occupation. Duplicate records were removed to avoid bias in the 

classification process. 

Categorical attributes (High School Origin, Father’s Occupation, Mother’s Occupation) were 

transformed into numerical format using one-hot encoding. For example, the variable Father’s 

Occupation was converted into multiple binary columns (e.g., father_farmer, father_employee, 

father_self-employed), allowing the models to process categorical information without introducing 

ordinal bias. This transformation ensured that socio-economic variables could be incorporated 

effectively into the machine learning models. 

To address the imbalance between “On-Time Graduation” and “Late Graduation” categories, the 

Adaptive Synthetic Sampling (ADASYN) method was applied. ADASYN generated synthetic samples 

for the minority class (“On-Time Graduation”), particularly in regions of the feature space that were 

harder to classify. As a result, the class distribution became more balanced, improving the model’s 

ability to detect students at risk of delayed graduation. 

https://jutif.if.unsoed.ac.id/
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3.3. Model Training & Evaluation Results 

This section presents the outcomes of the model training and subsequent evaluation using 10-fold 

cross-validation. Each algorithm—Decision Tree, Random Forest, and Gradient Boosting—was trained 

under two conditions: the original imbalanced dataset and the oversampled dataset generated with 

ADASYN. The evaluation results are reported through confusion matrices and performance metrics 

(accuracy, precision, recall, average precision, and AUC), enabling a detailed comparison of how each 

model performs in detecting students at risk of late graduation. 

3.3.1. Decision Tree Model 

 

Table 2. Confusion Matrix of the Decision Tree Model 

Decision Tree 

without oversampling 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 681 705 

Telat Lulus 545 2363 

ADSYN 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 738 648 

Telat Lulus 680 2228 

 

Based on Table 2, the Decision Tree model without oversampling demonstrates a relatively good 

classification ability in identifying “Telat Lulus” students, with a True Positive count of 2,363. However, 

there are still 545 False Negatives, representing students who actually graduated late but were 

incorrectly classified as “Tepat Waktu.” This indicates that the model lacks sensitivity toward the 

minority class, particularly under imbalanced data conditions. 

After applying oversampling using the ADASYN method, the model’s performance slightly 

changes. The True Positive count decreases from 2,363 to 2,228, while the True Negative count 

increases from 681 to 738. This suggests that the model becomes somewhat better at recognizing 

students who graduated on time but slightly less sensitive to those who graduated late. Such a 

phenomenon is common because oversampling can alter the decision boundary distribution, making the 

model more conservative in predicting positive cases. Overall, ADASYN helps balance the dataset but 

does not significantly improve the performance of the Decision Tree model. 

3.3.2. Random Forest Model 
 

Table 3. Confusion Matrix of the Random Forest Model 

Random Forest 

without oversampling 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 686 700 

Telat Lulus 314 2594 

ADSYN 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 870 516 

Telat Lulus 534 2374 
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The confusion matrix results in Table 3 show that the Random Forest model demonstrates the 

most stable performance among the three algorithms tested. Using the original (non-oversampled) data, 

the model produces the highest number of True Positives (2,594) and the lowest number of False 

Negatives (314) compared to other models. This indicates that Random Forest has excellent sensitivity 

(high recall) in identifying students who are at risk of graduating late. 

After applying the ADASYN oversampling method, the number of True Negatives increases 

significantly from 686 to 870, showing that the model becomes better at recognizing students who truly 

graduate on time. Although the number of True Positives slightly decreases to 2,374, the balance 

between precision and recall remains relatively stable. This suggests that the Random Forest model 

maintains good generalization ability when trained with oversampled data. As noted by Liu et al. (2020), 

ensemble methods such as Random Forest are effective in leveraging resampled data since they combine 

multiple weak learners adaptively to improve prediction robustness. 

3.3.3. Gradient Boosting Model 

Table 4. Confusion Matrix of the Gradient Boosting Model 

Gradient Boosting 

without oversampling 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 680 706 

Telat Lulus 427 2481 

ADSYN 

 Predicted 

Tepat Waktu Telat Lulus 

Actual 
Tepat Waktu 1036 350 

Telat Lulus 890 2018 

 

Table 4 presents the performance of the Gradient Boosting model. Before oversampling, the 

model achieved a competitive result with 2,481 True Positives and 427 False Negatives, slightly below 

Random Forest’s performance. This indicates that the model is effective at detecting students who 

graduate late, though it still exhibits some misclassifications among on-time graduates. 

After the application of ADASYN, the number of True Negatives rises sharply from 680 to 1,036, 

showing improvement in identifying students who genuinely graduate on time. However, True Positives 

decrease to 2,018, indicating a slight reduction in sensitivity toward late-graduating students. Overall, 

the Gradient Boosting model demonstrates balanced predictive capability but is less effective than 

Random Forest in maintaining recall performance after oversampling. 

3.3.4. Model Performance Result 

Based on the evaluation of the three algorithms, Tables 5 and 6 summarize the comparative 

performance results under both data conditions. 

Table 5. The performance Model Prediction without oversampling 

Without ADSYN 

 Decision Tree Random Forest Gradient Boosting 

Accuracy 70.89 76.39 73.61 

Precision 77.02 78.75 77.85 

Recall 81.26 89.2 85.32 

Average Precision 78.54 91.54 90.42 

AUC 69.27 83.18 80.79 
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Table 6. The performance Model Prediction with oversampling 

With ADSYN 

 Decision Tree Random Forest Gradient Boosting 

Accuracy 69.07 75.55 71.12 

Precision 77.47 82.15 85.22 

Recall 76.62 81.64 69.39 

Average Precision 77.99 91.68 90.09 

AUC 68 82.96 80.1 

 

Tables 5 and 6 present the comparative performance results of three algorithms Decision Tree, 

Random Forest, and Gradient Boosting, under two data conditions: without oversampling (original) and 

with oversampling using ADASYN. 

1. On the original (non-oversampled) data: 

a. The Random Forest model achieved the highest accuracy (76.39%) and the best recall 

(89.20%), indicating its strong capability to identify most students who actually belong 

to the “Telat Lulus” (late graduation) category. 

b. Gradient Boosting also demonstrated robust performance, with an average precision of 

90.42%, reflecting prediction stability across different decision thresholds. 

c. The Decision Tree was the simplest model, achieving 70.89% accuracy and 81.26% 

recall, but showed a tendency to overfit patterns in the majority class. 

2. With oversampling using ADASYN: 

a. All three models exhibited a change in performance pattern: precision increased, but 

recall decreased across all models. This suggests that the oversampling process made 

the models more cautious in predicting the “Telat Lulus” class. 

b. The Random Forest model maintained the most balanced performance, achieving 

75.55% accuracy, 82.15% precision, and 82.96% AUC. 

c. Gradient Boosting recorded the highest precision (85.22%) but the lowest recall 

(69.39%), indicating that the model became overly conservative after oversampling. 

d. The Decision Tree remained relatively stable but showed no significant improvement, 

implying that simple tree-based models are less optimal when applied to resampled 

data. 

3.4. Comparative Analysis 

Based on the evaluation results presented in Tables 5 and 6, and across all metrics (Accuracy, 

Precision, Recall, Average Precision, and AUC), the Random Forest model with ADASYN 

demonstrated the most balanced and consistent performance among the three algorithms tested. A recall 

of 81.64% and an AUC of 82.96% indicate that the model effectively identifies students at risk of 

delayed graduation while maintaining overall prediction stability. In summary: 

1. Decision Tree showed low sensitivity to imbalanced data but exhibited slight improvement after 

oversampling with ADASYN. 

2. Random Forest outperformed the others in terms of result stability and class balance, 

demonstrating strong generalization capability after oversampling. 

3. Gradient Boosting remained competitive in precision and average precision but experienced a 

recall decrease after oversampling, suggesting a more conservative prediction toward the 

positive class (Telat Lulus). 
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3.5. Feature Importance Results 

The research dataset includes academic and socio-economic variables such as Grade Point 

Average (GPA), the number of repeated courses, average absences per semester, age at enrollment, 

payment status, and parents’ occupational background. Each student record is labeled with the 

graduation status “On-Time Graduation” (Tepat Waktu) or “Late Graduation” (Telat Lulus). 

To further understand the predictive factors, a correlation and feature importance analysis was 

conducted on these variables. Table 7 provides a sample of student prediction results to illustrate how 

the models classify graduation status under different conditions. The correlation analysis indicates that 

GPA and the number of repeated courses show the strongest relationship with graduation timeliness. 

Students with lower GPAs and a higher number of repeated courses tend to have a greater risk of delayed 

graduation. 

 

Table 7. Sample of Student Prediction Results 

Student 

ID 

Study 

Program 
GPA 

Repeated 

Courses 

Actual 

Result 

Predicted 

Result 

3637 Manajemen 3.34 0 Telat Lulus 0 

2244 Akuntansi 2.77 0 Telat Lulus 1 

6225 
Pendidikan 

Dokter 
3.08 0 

Tepat 

Waktu 
1 

1107 
Sistem 

Informasi 
3.39 2 Telat Lulus 1 

694 Psikologi 2.28 13 Telat Lulus 1 

179 Sastra Inggris 3.51 0 
Tepat 

Waktu 
0 

771 Psikologi 3.17 0 Telat Lulus 1 

4257 Teknik Sipil 3.17 0 Telat Lulus 1 

784 Psikologi 2.98 0 Telat Lulus 1 

3411 Manajemen 3.46 0 Telat Lulus 1 

 

In addition to academic factors, payment status and average absences per semester also influence 

graduation outcomes. Students with irregular payment records or higher absence rates are more likely 

to take longer to complete their studies. These findings highlight that both academic performance and 

socio-economic conditions contribute to graduation delays, reinforcing the predictive patterns observed 

in the classification models. 

4. DISCUSSIONS 

 
Table 8. Comparison of Related Studies with This Research 

Authors 

& Year 
Algorithms 

Dataset 

Context 

Imbalance 

Handling 

Main 

Findings 

Comparison 

with This 

Study 

Khiem 

et al. 

(2023) 

[9] 

Decision 

Tree, 

Random 

Forest 

Students of 

Can Tho 

University, 

Vietnam 

Not specified Main factors: 

GPA, major, 

and social 

conditions; 

moderate 

accuracy 

This study 

confirms 

GPA as a 

key factor, 

while 

additionally 

applying 

ADASYN to 

improve 
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minority-

class recall 

Lalu 

Ganda 

Rady 

Putra et 

al. 

(2025) 

[17] 

Random 

Forest, 

XGBoost 

Indonesian 

student 

dropout 

prediction 

(4,424 

records) 

No 

oversampling 

RF and 

XGBoost 

achieved 

accuracy 

above 80% 

with high 

sensitivity 

Random 

Forest results 

are 

consistent 

with this 

study; the 

novelty of 

this study 

lies in the 

use of 

ADASYN to 

enhance 

recall 

stability 

Sekar 

Gesti 

Amalia 

Utami et 

al. 

(2025) 

[30] 

RF, DT, 

LR, 

LGBM, 

SVM 

Student 

dropout 

prediction at 

Universitas 

Sebelas 

Maret 

(UNS), 

Indonesia 

Feature 

selection 

(RFE-CV) 

RF and 

LGBM 

achieved the 

highest 

accuracy 

This study 

focuses on 

delayed 

graduation 

rather than 

dropout and 

employs 

ADASYN as 

a data-

balancing 

strategy 

Indri 

Dayanah 

Ayulani 

et al. 

(2025) 

[20] 

Tree-based 

ensemble 

(RF, GBM) 

Universitas 

Indonesia, 

online 

academic 

performance 

prediction 

Not specified GBM and RF 

achieved 

AUC values 

of 

approximately 

0.85–0.90 

Gradient 

Boosting 

AUC in this 

study is 

lower 

(≈0.80), yet 

remains 

consistent on 

imbalanced 

data after 

applying 

ADASYN 

This 

Study 

(2025) 

Decision 

Tree, 

Random 

Forest, 

Gradient 

Boosting 

Universitas 

XYZ, 

Indonesia 

ADASYN 

oversampling 

Random 

Forest: 

Accuracy 

75.55%, 

Recall 

81.64%, AUC 

82.96% 

Novelty: 

application 

of ADASYN 

in the 

Indonesian 

higher 

education 

context and 

identification 

of Random 

Forest as the 

most stable 

model 
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Table 8 summarizes a comparison between this study and several relevant prior works. Overall, 

the observed pattern indicates that Random Forest and Gradient Boosting algorithms consistently deliver 

strong performance in academic prediction tasks. 

Khiem et al. (2023) [9] emphasized GPA and social factors as the main predictors of delayed 

graduation, achieving moderate accuracy. These findings align with the results of this study, where GPA 

and the number of repeated courses were identified as dominant factors. However, this research 

contributes methodologically by incorporating ADASYN, which enhances the model’s ability to 

recognize the positive class (delayed graduation). 

Lalu Ganda Rady Putra et al. (2025) [17] demonstrated that Random Forest and XGBoost 

achieved accuracies above 80% in predicting student dropout. The Random Forest results in this study 

are consistent with those findings; however, the novelty of this research lies in the application of 

ADASYN to maintain recall stability, which is particularly important for identifying students at risk of 

delayed graduation. 

Meanwhile, Sekar Gesti Amalia Utami et al. (2025) [30] reported that Random Forest and LGBM 

outperformed other models in dropout prediction after feature selection. The main distinction from this 

study lies in the research focus: their work addressed dropout, whereas this study concentrates on 

delayed graduation. Consequently, this research extends the application of machine learning algorithms 

within the higher education domain. 

Indri Dayanah Ayulani et al. (2025) [20] found that Gradient Boosting and Random Forest 

achieved AUC values of approximately 0.85–0.90 in predicting online academic performance. Although 

the Gradient Boosting performance in this study is lower (≈0.80), it remains consistent when applied to 

imbalanced local datasets after ADASYN oversampling. This indicates that, despite lower absolute 

performance, the model remains robust in the context of imbalanced educational data. 

Overall, this study confirms that Random Forest combined with ADASYN represents the most 

stable algorithm for the Indonesian higher education context. The primary novelty of this research lies 

in the application of ADASYN as a data-balancing strategy an approach that has been limited in similar 

studies and in its specific focus on delayed graduation prediction. 

5. CONCLUSION 

This study demonstrates that the application of the Adaptive Synthetic Sampling (ADASYN) 

method helps balance imbalanced academic datasets and reduces bias toward the majority class. 

Although ADASYN does not always lead to significant improvements across all performance metrics, 

it consistently enhances prediction stability and recall, thereby improving the model’s ability to identify 

students at risk of delayed graduation. 

Among the three algorithms tested, Random Forest with ADASYN achieved the most balanced 

and consistent performance. The model reached an accuracy of 75.55%, precision of 82.15%, recall of 

81.64%, and an AUC of 82.96%, confirming that ensemble learning approaches are more robust than 

Decision Tree and Gradient Boosting in handling resampled academic datasets. 

The factor analysis revealed that Grade Point Average (GPA) and the number of repeated courses 

are the most influential variables affecting graduation timeliness. Students with lower GPAs and higher 

repetition rates are more likely to experience delays. Additional factors such as attendance and payment 

status also contribute to graduation delays, highlighting the interplay between academic and socio-

economic conditions in determining study success. 

Overall, this research contributes methodologically to the field of informatics by integrating 

adaptive oversampling into predictive modeling for higher education datasets, and practically by 

providing a foundation for developing an Early Warning System (EWS) at Universitas XYZ. Such a 
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system can support timely academic interventions and reduce the risk of delayed graduation among 

students. 
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