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ABSTRACT 
**Abstract** 
 
Student attrition remains a major challenge in higher education, influencing 
institutional performance, student retention, and academic quality.[1], [2] This 
study proposes a Random Forest-based Early Warning System (EWS) integrated 
into the Global Academic Information System (GAIS) at Institut Teknologi & 
Bisnis Bina Sarana Global to identify students at risk of academic failure. The 
model was developed using 1,485 student records collected between 2020 and 
2025, employing eight academic features: Study Program, Enrollment Year, 
GPA, Semester GPA (SGPA), Academic Progress, Accumulated Credits (SKS), 
Attendance, and Repeated Courses. Administrative variables were intentionally 
excluded to emphasize early academic indicators, Students were classified into 
three risk levels: Active, Warning, and Dropout Risk. Experimental results 
indicate clear differences among the three groups, with Active students achieving 
substantially higher GPA, attendance, and academic progress than those at risk 
of dropout. The proposed model effectively identifies vulnerable students and 
provides timely risk classification to support academic intervention. By 
integrating predictive analytics into GAIS, the proposed EWS enables proactive 
monitoring and supports data-driven decision-making for improving student 
retention and institutional academic management 

1.  Introduction 
The rapid adoption of Academic Information 

Systems (AIS) has enabled higher education 
institutions to utilize academic data not only for 
administrative purposes but also for supporting 
evidence-based decision making.[1], [3] One important 
application is the early identification of students who 
are at risk of academic failure or dropout, allowing 
institutions to implement timely interventions that 
improve student retention and academic 
performance.[2], [4] 

Student dropout remains a significant challenge in 
higher education because it negatively affects 
graduation rates, institutional sustainability, 
accreditation performance, and educational quality.[5],  
However, many institutions still rely on manual 
monitoring and retrospective evaluation, causing 
interventions to occur only after students experience 
substantial academic decline.[7] 

At Institut Teknologi & Bisnis Bina Sarana Global, 
student academic activities are managed through the 
Global Academic Information System (GAIS). 
Although GAIS stores comprehensive historical 
academic records, the identification of at-risk students 

is still largely based on manual observation. 
Consequently, opportunities for early intervention are 
often missed despite the availability of valuable 
academic data. 

Recent advances in Educational Data Mining 
(EDM) and Learning Analytics have demonstrated that 
machine learning can effectively identify hidden 
patterns associated with student performance and 
dropout risk.[1], [3] Among various classification 
algorithms, Random Forest has shown strong 
predictive capability due to its robustness against 
overfitting, ability to model nonlinear relationships, 
and provision of feature importance for interpreting 
prediction results.[8], [9] 

Unlike many previous studies that incorporate 
administrative variables such as tuition payment or 
leave status, this research emphasizes academic 
indicators that emerge earlier during the learning 
process.[7], [10] The proposed model utilizes Study 
Program, Enrollment Year, GPA, Semester GPA 
(SGPA), Academic Progress, Accumulated Credits 
(SKS), Attendance, and Repeated Courses to identify 
students before severe academic deterioration 
occurs.[6], [11] 
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This study analyzes 1,485 student records collected 
from GAIS between 2020 and 2025, consisting of 
1,401 Active, 26 Warning, and 58 Dropout Risk 
students. Preliminary analysis indicates substantial 
differences among these groups. Active students 
achieved an average GPA of 3.35 with 92.49% 
attendance, while students classified as Dropout Risk 
recorded an average GPA of only 1.03 and 9.22% 
attendance, indicating that academic performance and 
learning engagement provide strong signals for early 
risk detection. 

Based on these findings, this research proposes a 
Random Forest-based Early Warning System 
integrated into GAIS to classify students into three 
academic risk levels: Active, Warning, and Dropout 
Risk. The proposed framework is expected to support 
proactive academic intervention, strengthen student 
retention strategies, and promote data-driven academic 
management in higher education. 

 
2. Related Work 
2.1 Student Dropout Prediction in Higher 
Education 

Student dropout prediction has become a prominent 
research topic within Educational Data Mining (EDM) 
and Learning Analytics due to its strategic implications 
for student retention and institutional performance. [1], 
[3]Previous studies have demonstrated that student 
attrition is rarely caused by a single factor; rather, it 
emerges from the interaction of academic achievement, 
learning engagement, socio-economic conditions, and 
institutional support mechanisms. Consequently, 
higher education institutions increasingly rely on 
predictive analytics to identify vulnerable students 
before irreversible academic disengagement occurs.[4] 

Several studies have reported that academic 
indicators are among the strongest predictors of student 
persistence.[7] Grade Point Average (GPA), semester 
performance, credit accumulation, attendance 
behavior, and course repetition frequency consistently 
appear as significant variables influencing student 
retention.[11] Students exhibiting declining academic 
performance often demonstrate a substantially higher 
probability of delayed graduation, academic probation, 
and eventual dropout.[10] Therefore, predictive 
models based on academic records have become a 
practical approach for implementing preventive 
intervention strategies.[8] 

Recent advancements in educational analytics have 
enabled institutions to move beyond descriptive 
reporting toward predictive decision support systems. 
Instead of identifying students after academic failure 
has occurred, predictive models allow universities to 
detect early warning signals and initiate targeted 
interventions, thereby improving student success rates 
and reducing institutional attrition levels.[4] 

 
2.2 Early Warning Systems in Educational 
Analytics 

Early Warning Systems (EWS) have emerged as 
an important mechanism for monitoring student 
progression and identifying individuals who may 
require academic assistance.[1] Unlike conventional 
academic evaluation processes that rely on end-of-
semester outcomes, EWS continuously analyzes 
student data to generate proactive risk assessments. 

Research has shown that effective EWS 
implementations contribute significantly to student 
retention initiatives. By classifying students according 
to predefined risk categories, institutions can allocate 
academic resources more efficiently and prioritize 
intervention efforts toward students exhibiting the 
highest levels of risk. Typical EWS frameworks utilize 
indicators such as attendance rates, academic 
performance trends, course completion patterns, and 
engagement metrics to generate predictive risk 
classifications. 

However, many existing EWS implementations 
rely heavily on administrative variables, including 
tuition payment status, registration compliance, and 
leave history. While these indicators often improve 
predictive performance, they frequently represent 
conditions that emerge after academic difficulties have 
already become severe.[5] Consequently, systems that 
depend primarily on administrative indicators may 
function more as late-stage detection mechanisms 
rather than genuine early intervention tools. 
 
2.3 Machine Learning Approaches for Student Risk 
Prediction 

Various machine learning algorithms have been 
applied to predict student academic performance and 
dropout risk. [12] Logistic Regression is widely 
recognized for its simplicity and interpretability but is 
less effective in capturing complex nonlinear 
relationships within educational data.[13] Decision 
Tree models provide transparent classification rules; 
however, they are prone to overfitting and often exhibit 
limited generalization when applied to new datasets. 
[14]Support Vector Machine (SVM) offers strong 
predictive capability for high-dimensional data but 
generally requires careful parameter tuning and higher 
computational resources. 

Among these approaches, Random Forest has 
emerged as one of the most reliable algorithms for 
educational data mining.[9] By combining multiple 
decision trees through an ensemble voting mechanism, 
Random Forest improves prediction stability, reduces 
overfitting, and consistently delivers high classification 
performance.[8] Previous studies have reported 
prediction accuracies ranging from 80% to over 95%, 
depending on data quality, feature selection, and class 
distribution.[11] Moreover, its ability to estimate 
feature importance enables institutions to identify the 
academic factors that most strongly influence student 
retention and dropout risk. 

These advantages make Random Forest 
particularly suitable for higher education 
environments, where student data are typically 
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heterogeneous, multidimensional, and characterized by 
complex interactions among academic variables.[15] 
 
2.4 Research Gap 

Although machine learning has been widely 
applied to student dropout prediction, several 
limitations remain.[7] First, many studies employ 
binary classification, distinguishing only between 
retained and dropout students, which provides limited 
support for early and progressive academic 
intervention. Second, numerous models rely on 
administrative variables such as tuition payment or 
enrollment status, which often reflect late-stage 
academic problems rather than early warning 
indicators.[10] Finally, most existing research focuses 
on model development without integrating predictive 
analytics into operational Academic Information 
Systems, limiting their practical use in institutional 
decision-making.[16] 

To address these gaps, this study develops a 
Random Forest-based Early Warning System 
integrated into the Global Academic Information 
System (GAIS) at Institut Teknologi & Bisnis Bina 
Sarana Global. The proposed framework introduces a 
three-level risk classification—Active, Warning, and 
Dropout Risk—to support graduated academic 
interventions. Unlike previous studies, the model relies 
exclusively on academic indicators, including GPA, 
Semester GPA, accumulated credits, attendance, 
academic progress, and repeated courses, while 
excluding administrative variables.[6] This approach 
enables earlier identification of academically 
vulnerable students and provides actionable insights to 
strengthen student retentionthrough data-driven 
academic support. 
 
3. Methodology 
3.1 Research Framework 

This study adopts a quantitative research approach 
by integrating Educational Data Mining (EDM) with 
supervised machine learning to develop an Early 
Warning System (EWS) for predicting students at risk 
of academic failure.[17] The proposed framework 
transforms historical academic records into predictive 
information that supports evidence-based decision 
making and enables higher education institutions to 
implement timely academic interventions.[16] 

The research utilizes academic data extracted from 
the Global Academic Information System (GAIS) of 
Institut Teknologi & Bisnis Bina Sarana Global. The 
overall methodology consists of six sequential stages: 
dataset preparation, data preprocessing, feature 
selection, Random Forest model construction, model 
evaluation, and system implementation.[18] Each stage 
is designed to ensure data quality, reliable model 
performance, and practical integration into the 
institutional academic monitoring process. 

Initially, historical student records are collected 
from GAIS and organized into a structured dataset. The 
collected data are then preprocessed through 

validation, cleaning, encoding, and transformation to 
eliminate inconsistencies and prepare the dataset for 
machine learning analysis.[19] Subsequently, relevant 
academic attributes are selected as predictor variables, 
including Study Program, Enrollment Year, Grade 
Point Average (GPA), Semester GPA (SGPA), 
Academic Progress, Accumulated Credits (SKS), 
Attendance, and Repeated Courses. 

The processed dataset is used to construct a 
Random Forest classifier, which predicts student 
academic status into three risk categories: Active, 
Warning, and Dropout Risk. Compared with 
conventional binary classification, this multi-level 
classification framework provides more informative 
recommendations by distinguishing students requiring 
immediate intervention from those showing early 
symptoms of academic decline. 

The predictive model is evaluated using standard 
classification metrics, including Accuracy, Precision, 
Recall, and F1-Score, to measure its effectiveness in 
identifying students according to their academic risk. 
Finally, the validated model is integrated into GAIS, 
allowing prediction results to be presented 
automatically to academic advisors and university 
management. Through this integration, GAIS functions 
not only as an administrative information system but 
also as a predictive decision-support platform for 
improving student retention.[16] 

 
The overall research workflow adopted in this study is 
illustrated in Figure 1. 
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3.2 Dataset Description 
This study utilized a real-world academic dataset 

extracted from the Global Academic Information 
System (GAIS) of Institut Teknologi & Bisnis Bina 
Sarana Global. Unlike publicly available educational 
datasets that are frequently employed in machine 
learning research, the dataset used in this study 
represents authentic institutional academic records 
collected during routine academic operations. 
[17]Consequently, the proposed prediction model was 
developed using real academic conditions, thereby 
improving its practical relevance and applicability 
within higher education environments.[16] 

The dataset consists of 1,485 student records 
collected from multiple academic cohorts enrolled 
between 2020 and 2025. Each record corresponds to an 
individual student and represents his or her academic 
condition at the time of data extraction. Before model 
development, all personally identifiable information—
including student names, student identification 
numbers, and other confidential attributes—was 
removed to ensure compliance with institutional data 
privacy and research ethics. Only anonymized 
academic attributes relevant to learning performance 
and academic progression were retained for analysis. 

To support the development of a predictive Early 
Warning System, students were categorized into three 
academic risk levels based on institutional academic 
monitoring criteria.[4] The first category, Active 
(Green), represents students demonstrating satisfactory 
academic performance and normal study progression. 
The second category, Warning (Yellow), consists of 
students showing early symptoms of academic decline 
that require preventive intervention. The third 
category, Dropout-Risk (Red) includes students 
exhibiting severe academic deterioration and a high 
probability of academic dismissal if no intervention is 
provided. Table 1 summarizes the distribution of 
students across the three risk categories. 

 
Table 1. Distribution of Student Academic Status 

Academic Status 
Number of 
Students 

Percentase 
(%) 

Active(Green) 1.401 94.34% 
Warning(Yellow) 26 1.75% 
Dropout-Risk(Red) 58 3.91% 
Total 1.485 100% 

 
The distribution indicates a naturally imbalanced 
educational dataset, where the majority of students 
belong to the Active category, while only a relatively 
small proportion falls into the Warning and Dropout-
Risk categories. Such imbalance commonly occurs in 
educational data because most students successfully 
maintain satisfactory academic performance 
throughout their studies. Consequently, the prediction 
model must be capable of accurately identifying 
minority classes without compromising overall 
classification performance. 

Eight predictor variables were selected based on their 
relevance to academic achievement and learning 
engagement.[6] These variables represent academic 
conditions that emerge during students' learning 
processes and therefore provide meaningful 
information for early risk identification. 
 
Table 2. Predictor Variables 

Variable Description Data Type 

Study 
Program 

Student academic 
program 

Categorical 

Enrollment 
Year 

Student admission 
year 

Numerical 

GPA 
Cumulative Grade 
Point Average 

Numerical 

SGPA 
Semester Grade 
Point Average 

Numerical 

Academic 
Progress 

Improvement or 
decline in academic 
performance 

Categorical 

Accumulated 
Credits (SKS) 

Total completed 
credits 

Numerical 

Attendance 
Student attendance 
percentage 

Numerical 

Repeated 
Courses 

Number of repeated 
courses 

Numerical 

 
The target variable is Academic Status, consisting of 
three classification labels: 
Green   : Active 
Yellow   : Warning 
Red   : Dropout-Risk 
 
 Unlike many previous studies, this research 
intentionally excludes administrative variables such as 
tuition payment status, financial arrears, and leave 
history from the prediction model. Although these 
variables are often associated with student attrition, 
they generally represent consequences of prolonged 
academic difficulties rather than early indicators of 
learning problems.[20] By focusing exclusively on 
academic indicators, the proposed model is expected to 
detect students at risk during earlier stages of academic 
decline, thereby increasing the effectiveness of 
institutional intervention strategies. 
 A preliminary descriptive analysis revealed 
substantial differences among the three academic risk 
groups. Students classified as Active exhibited an 
average cumulative GPA of approximately 3.35, 
average semester GPA of 3.34, and attendance rate 
exceeding 92%. Conversely, students categorized as 
Dropout-Risk demonstrated an average cumulative 
GPA of approximately 1.03, semester GPA of 0.35, 
and attendance rate below 10%. Furthermore, the 
number of repeated courses was considerably higher 
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among students in the Warning and Dropout-Risk 
categories, indicating that repeated academic failure 
constitutes one of the strongest indicators of future 
dropout risk. 
 These findings suggest that the selected academic 
variables possess sufficient discriminatory capability 
to distinguish different levels of academic risk, 
providing a solid foundation for constructing an 
effective Random Forest-based Early Warning System. 
 
3.3 Data Preprocessing and Transformation 

 Data preprocessing represents one of the most 
critical stages in machine learning because the quality 
of the predictive model is fundamentally determined by 
the quality of the input data.[14] Educational datasets 
extracted from Academic Information Systems are 
commonly characterized by heterogeneous data types, 
inconsistencies, duplicated records, and categorical 
variables that cannot be processed directly by machine 
learning algorithms. Consequently, a comprehensive 
preprocessing procedure was performed before model 
construction to improve data quality, ensure data 
consistency, and enhance the predictive capability of 
the proposed Early Warning System (EWS). 

The preprocessing strategy adopted in this study 
consists of five sequential phases: (1) data cleaning, (2) 
data validation, (3) data transformation, (4) label 
encoding, and (5) dataset partitioning. These stages 
were designed to produce a standardized dataset 
suitable for supervised learning while preserving the 
integrity of academic information extracted from the 
Global Academic Information System (GAIS). 
3.3.1 Data Representation 
The academic dataset extracted from GAIS is formally 
represented as 

D = {xଵ, xଶ, … , x୬} 
Where:  
𝐷 = Complete Academic dataset 
x୧ = the 𝑖-th student record 
𝑛 = total number of observations 
 
In this research 
𝑛 = 1485 
 
which represents the total number of student records 
collected from Institut Teknologi & Bisnis Bina Sarana 
Global. 
Each student record consists of eight predictor 
variables and one target variable, expressed as 

𝑥௜ = (𝑓ଵ, 𝑓ଶ, 𝑓ଷ, 𝑓ସ, 𝑓ହ, 𝑓଺, 𝑓଻, 𝑓 , 𝑦௜) 
Where : 
 

Symbol Description 
(𝑓ଵ) Study Program 
(𝑓ଶ) Enrollment Year 

(𝑓ଷ) 
Cumulative Grade Point Average 
(GPA) 

(𝑓ସ) 
Semester Grade Point Average 
(SGPA) 

(𝑓ହ) Academic Progress Trend 
(𝑓଺) Accumulated Credits (SKS) 
(𝑓଻) Attendance Percentage 
(𝑓 ) Repeated Courses 

(𝑦௜) 
Academic Status (Active, Warning, or 
Dropout-Risk) 

 
The predictor variables were selected because they 
directly represent students' academic achievement, 
learning engagement, and progression throughout their 
study period. Unlike administrative indicators, these 
variables provide earlier evidence of declining 
academic performance, enabling timely intervention 
before students reach critical academic conditions.[10] 
 
3.4. Random Forest Model Construction 

Random Forest is an ensemble learning algorithm 
that constructs multiple decision trees using bootstrap 
sampling and random feature selection. Unlike a single 
Decision Tree, Random Forest combines the 
predictions of multiple trees through majority voting, 
thereby improving classification accuracy and 
reducing overfitting. This algorithm is particularly 
suitable for educational datasets because it can 
effectively model nonlinear relationships while 
maintaining robustness against noisy and 
heterogeneous data.[15] 
 
Assume that the training dataset is represented as 
Training Dataset 
 

𝐷 =  {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛, 𝑦𝑛)} 
 
where 
n : Number of student records 
xi : Feature vector of student i 
yi : Academic status of student i 
For each decision tree, Random Forest generates a 
bootstrap sample from the original dataset. 
 
Bootstrap Sampling 

𝐷𝑖 =  𝐵𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝(𝐷) 
 
where 
D  : Original dataset 
Di : Bootstrap dataset for the i-th tree 
 
The probability that a sample is selected during 
bootstrap sampling is 
 
Bootstrap Probability 

𝑃(𝑥) = 1 − ൬1 −
1

𝑛
൰

௡

 

 
where 
n : Total number of observations 
 
As the dataset size becomes large, 

𝑃(𝑥) ≈ 0.632 
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indicating that approximately 63.2% of the original 
observations are included in each bootstrap sample. 
At every decision node, only a random subset of 
predictor variables is considered for splitting. 
 
Number of Selected Features 

𝑚 =  ඥ𝑝 
 
where 
p : Total predictor variables 
m : Randomly selected variables 
 
Since this study employs 

𝑝 =  8 
 
predictor variables, 

𝑚 =  √8 ≈  3 
 
features are randomly evaluated at each split. 
The optimal split is determined using the Gini Index. 
Gini Impurity 
 

𝐺𝑖𝑛𝑖(𝑆) =  1 − 𝛴(𝑝𝑖ଶ) 
where 
S : Dataset at a node 
pi : Probability of class i 
 
A lower Gini value indicates a better separation among 
student categories. Each decision tree independently 
predicts the academic status of a student. 
 
Decision Tree Prediction 

𝑇𝑘 =  𝑓𝑘(𝑋) 
 
where 
Tk : Prediction of tree k 
fk : Decision Tree model 
X : Student feature vector 
 
The final Random Forest prediction is determined by 
majority voting. 
 
Majority Voting 

ŷ =  𝑚𝑜𝑑𝑒(𝑇1, 𝑇2, … , 𝑇𝐾) 
 
where 
K : Total number of decision trees 
Tk : Prediction of tree k 
ŷ : Final predicted class 
 
The overall prediction function is expressed as 
Random Forest Classifier 
 

ŷ = 𝑅𝐹(𝑋) 
where 
RF : Random Forest model 
X : Student feature vector 
ŷ : Predicted academic status 

The trained model classifies each student into one of 
three academic risk categories. 
 
Academic Risk Classification 
ŷ 
∈ 
{ 
𝐴𝑐𝑡𝑖𝑣𝑒, 
𝑊𝑎𝑟𝑛𝑖𝑛𝑔, 
𝐷𝑟𝑜𝑝𝑜𝑢𝑡 𝑅𝑖𝑠𝑘 
} 
 

The predictor variables used in this study consist of 
Study Program, Enrollment Year, GPA, Semester GPA 
(SGPA), Academic Progress, Accumulated Credits 
(SKS), Attendance, and Repeated Courses. These 
variables enable the model to identify students 
requiring academic intervention based solely on 
academic performance indicators. 
 
3.5 Performance Evaluation 

The performance of the proposed Random Forest 
model was evaluated using a hold-out validation 
strategy by partitioning the dataset into training and 
testing subsets.[13] The trained classifier was assessed 
based on its ability to correctly classify students into 
three academic risk categories: Active, Warning, and 
Dropout Risk. To obtain a comprehensive evaluation, 
four standard classification metrics were employed: 
Accuracy, Precision, Recall, and F1-Score. These 
metrics provide complementary perspectives on the 
predictive performance of the proposed Early Warning 
System. 

The classification results are first summarized 
using a confusion matrix, which compares the 
predicted class with the actual class for every student 
record. The confusion matrix consists of four 
fundamental components: True Positive (TP), True 
Negative (TN), False Positive (FP), and False Negative 
(FN). These values serve as the basis for calculating the 
evaluation metrics. 
The confusion matrix can be represented as shown in 
Table X. 

Actual Class 
Predicted 
Positive 

Predicted 
Negative 

Positive TP FN 
Negative FP TN 

 
The overall classification accuracy is calculated as the 
proportion of correctly classified observations to the 
total number of observations. 
 
Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 +  𝑇𝑁)/(𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 
+  𝐹𝑁) 

where 
TP : True Positive 
TN : True Negative 
FP : False Positive 
FN : False Negative 
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Accuracy measures the overall predictive capability 

of the proposed model across all student categories. 
 

Precision evaluates the proportion of correctly 
predicted positive observations among all observations 
predicted as positive. 
 
Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 (𝑇𝑃 +  𝐹𝑃) 

 
where 
TP : True Positive 
FP : False Positive 
 
Higher precision indicates that fewer students are 
incorrectly identified as being at academic risk. 
 
Recall measures the ability of the classifier to identify 
actual positive cases. 
 
Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 

 
where 
TP : True Positive 
FN : False Negative 
 

Recall is particularly important in this study 
because failing to identify students who genuinely 
require academic intervention may reduce the 
effectiveness of the Early Warning System.[2] 
 

The balance between Precision and Recall is 
represented by the F1-Score, which is calculated as the 
harmonic mean of both metrics. 
 
F1-Score 

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×
𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
+  𝑅𝑒𝑐𝑎𝑙𝑙 

 
where 
Precision : Classification Precision 
Recall : Classification Recall 
 

A higher F1-Score indicates that the classifier 
achieves a balanced performance between minimizing 
false positives and false negatives. 
 

To provide an overall assessment, the evaluation 
metrics are computed from the confusion matrix 
generated using the testing dataset. The resulting 
values are presented and discussed in the Results and 
Discussion section to demonstrate the effectiveness of 
the proposed Random Forest-based Early Warning 
System for identifying students according to their 
academic risk level. 
 

 
3.6 GAIS Integrated 

The validated Random Forest model was 
conceptually integrated into the Global Academic 
Information System (GAIS) to support continuous 
academic monitoring and early identification of 
students at risk. Rather than functioning solely as a 
predictive model, the proposed framework extends 
GAIS into an intelligent decision-support system 
capable of automatically classifying students according 
to their academic condition.[3] 

The integration process begins when student 
academic records are updated within GAIS at the end 
of each academic period. The required predictor 
variables—including Study Program, Enrollment Year, 
GPA, Semester GPA (SGPA), Academic Progress, 
Accumulated Credits (SKS), Attendance, and 
Repeated Courses—are automatically retrieved from 
the academic database. These variables are 
subsequently processed by the trained Random Forest 
model to generate an academic risk prediction for each 
student. 
 
The prediction function is expressed as follows. 
 
Student Risk Prediction 

𝑆𝑡𝑎𝑡𝑢𝑠 =  𝑅𝐹(𝑋) 
 
where 
Status : Predicted academic status 
RF     : Trained Random Forest model 
X      : Student feature vector 
 
Based on the prediction results, each student is 
assigned to one of three predefined academic risk 
categories. 
 
Risk Classification 

𝑆𝑡𝑎𝑡𝑢𝑠 ∈  {𝐴𝑐𝑡𝑖𝑣𝑒, 𝑊𝑎𝑟𝑛𝑖𝑛𝑔, 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 𝑅𝑖𝑠𝑘} 
 
where 
Active : Low academic risk (Green) 
Warning : Moderate academic risk (Yellow) 
Dropout Risk  : High academic risk (Red) 
 

The prediction results are then presented within 
GAIS to assist academic advisors, study program 
coordinators, and university management in 
monitoring student progress. Students classified as 
Active continue routine academic supervision, while 
those categorized as Warning receive preventive 
academic guidance. Students identified as Dropout 
Risk are prioritized for intensive intervention, 
including academic counseling, learning assistance, 
and continuous progress evaluation. 

By integrating predictive analytics into GAIS, the 
proposed Early Warning System enables proactive 
monitoring instead of conventional retrospective 
evaluation. This approach supports faster academic 
decision-making, improves institutional 
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responsiveness, and strengthens student retention 
through evidence-based intervention. 
Figure 5. GAIS Integration Architecture 
 

 
 
4. Result & Discussion 
4.1 Dataset Characteristics 

The experimental dataset used in this research was 
obtained directly from the Global Academic 
Information System (GAIS) of Institut Teknologi & 
Bisnis Bina Sarana Global. After completing the 
preprocessing, validation, and transformation stages 
described in the previous section, a total of 1,485 
student records were retained for model development. 
Each record represents an individual student and 
contains eight predictor variables describing academic 
performance together with one target variable 
representing academic status. 

The predictor variables consist of Study Program, 
Enrollment Year, Grade Point Average (GPA), 
Semester Grade Point Average (SGPA), Academic 
Progress, Accumulated Credits (SKS), Attendance 
Percentage, and Repeated Courses. Unlike many 
previous studies that include financial or administrative 
indicators, this research intentionally focuses on 
academic performance variables to evaluate whether 
reliable early prediction can be achieved using 
information that is continuously available within the 
academic information system. 

The target variable is categorized into three 
academic status levels: Active, Warning, and Dropout 
Risk. This multi-level classification enables the 
proposed Early Warning System to identify students 
requiring different levels of academic intervention 
rather than relying solely on binary classification. 
 
The overall characteristics of the dataset are 
summarized in Table 4.1. 
Table 4.1 Dataset Characteristics 

Item Value 
Total Student Records 1.485 
Predictor Variables 8 
Target Variable 1 
Total Features 9 
Academic Status Categories 3 
Training Dataset 1.188 
Testing Dataset 297 

The class distribution indicates that the majority of 
students remain academically active throughout the 
observation period. Of the 1,485 records, 1,401 
students (94.34%) were classified as Active, 26 
students (1.75%) were categorized as Warning, and 58 
students (3.91%) were identified as Dropout Risk. 
Although the dataset exhibits class imbalance, this 
distribution accurately reflects real academic 
conditions in higher education, where only a relatively 
small proportion of students experience severe 
academic difficulties. 

The imbalance also demonstrates the practical 
importance of the proposed Early Warning System. 
Rather than predicting dropout after academic failure 
has occurred, the system is designed to identify the 
small number of students showing early indications of 
academic decline so that preventive interventions can 
be implemented before permanent withdrawal takes 
place. 
 
4.2 Experimental Setup 

To evaluate the effectiveness of the proposed Early 
Warning System, a series of classification experiments 
were conducted using the processed academic dataset 
extracted from GAIS. The Random Forest classifier 
was implemented following the methodology 
presented in Chapter III, employing an 80:20 hold-out 
validation strategy with stratified sampling to preserve 
the distribution of academic status classes. 

The implementation was developed using Python 
with the Scikit-learn machine learning library. All 
experiments were executed using a fixed random seed 
(random_state = 42) to ensure reproducibility. The 
Random Forest model consisted of 100 decision trees, 
with the maximum tree depth limited to 10 in order to 
reduce overfitting while maintaining predictive 
performance. 
 
Table 4.2 Experimental Configuration 

Parameter Value 
Classification 
Algorithm 

Random Forest 

Number of Trees 100 
Maximum Tree Depth 10 
Split Ratio 80% : 20% 
Bootstrap Sampling Enabled 
Split Criterion Gini Impurity 
Random State 42 
Predictor Variables 8 
Target Classes 3 

 
The testing dataset contained 297 previously unseen 
student records, which were used exclusively for model 
evaluation. This approach ensured that the reported 
performance metrics reflected the model's ability to 
generalize to new student data rather than memorizing 
the training observations. Furthermore, the use of 
academic variables only demonstrates that reliable 
prediction can be achieved without incorporating 
financial or administrative information, making the 
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proposed model easier to integrate into institutional 
academic monitoring systems. 
 
4.3 Random Forest Classification Performance 

 The predictive performance of the proposed Early 
Warning System was evaluated using the independent 
testing dataset consisting of 297 student records, 
representing 20% of the complete dataset. The 
evaluation was performed by comparing the predicted 
academic status generated by the Random Forest 
classifier with the actual academic status recorded in 
the Global Academic Information System (GAIS). 
The prediction process can be mathematically 
expressed as 
 
Prediction Function 

ŷ𝑖 =  𝐹(𝑋𝑖) 
 
where: 
ŷi : Predicted academic status of student i. 
Xi : Feature vector of student i. 
F() : Random Forest prediction function. 
 
The predicted labels were then compared with the 
corresponding ground truth labels to calculate the 
overall classification performance. 
The prediction error is defined as 
 
Classification Error 
 
𝐸𝑖 = 
{ 
0 , 𝑖𝑓 ŷ𝑖 =  𝑦𝑖 

 
1 , 𝑖𝑓 ŷ𝑖 ≠  𝑦𝑖 
} 
 
where 
Ei : Prediction error 
yi : Actual academic status 
 
The overall model accuracy is therefore calculated as 
 
Overall Accuracy 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝛴 (ŷ𝑖 =  𝑦𝑖) 
────────────── 

𝑁 
where 
N : Total testing observations 
Σ(ŷi = yi) : Number of correctly classified students 
 
Using the testing dataset, the Random Forest classifier 
correctly classified 295 out of 297 students, resulting 
in an overall prediction accuracy of 
 
Experimental Accuracy 
 
Accuracy = 295 / 297 = 0.9933 
Persentase : 99.33% 

The obtained accuracy demonstrates that the proposed 
classifier successfully captured the relationship 
between academic performance indicators and student 
academic status. Such performance indicates that the 
selected academic variables provide sufficient 
discriminatory information for distinguishing between 
students with different levels of academic risk. 
 
The evaluation was further extended using Precision, 
Recall, and F1-Score. 
The Precision is calculated by 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 (𝑇𝑃 +  𝐹𝑃) 

 
The Recall is calculated b 
Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 

 
The harmonic mean between Precision and Recall is 
computed as 
 
F1-Score 
 

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×
𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
+  𝑅𝑒𝑐𝑎𝑙𝑙 

 
The experimental evaluation produced the following 
results. 
Table 4.3 Classification Performance 
 

Metric Result 
Accuracy 99.33% 
Precision 99.52% 
Recall 99.33% 
F1-Score 99.35% 

The experimental results indicate that the proposed 
Random Forest model achieved excellent classification 
performance across all evaluation metrics. An overall 
accuracy of 99.33% demonstrates that nearly all 
students in the testing dataset were assigned to their 
correct academic status. Likewise, the weighted 
Precision of 99.52% confirms that the majority of 
positive predictions generated by the classifier were 
correct, minimizing unnecessary academic 
interventions for students who were not actually at risk. 

The Recall value of 99.33% is particularly 
significant within the context of an Early Warning 
System. High Recall indicates that almost every 
student experiencing academic difficulties was 
successfully identified by the proposed model. From an 
institutional perspective, maximizing Recall is more 
important than merely maximizing Accuracy because 
failing to detect an at-risk student (False Negative) may 
prevent timely academic intervention and ultimately 
increase the likelihood of student dropout. 

Similarly, the weighted F1-Score of 99.35% 
demonstrates that the classifier maintains an excellent 
balance between Precision and Recall. This result 
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confirms that the proposed Random Forest model is 
capable of simultaneously minimizing False Positive 
and False Negative predictions while maintaining 
stable overall performance. 

The high predictive capability observed in this 
study can be attributed to two primary factors. First, the 
selected academic indicators—including GPA, 
Semester GPA, accumulated credits, attendance 
percentage, academic progression, and repeated 
courses—provide comprehensive information 
describing student learning behavior. Second, the 
ensemble learning mechanism employed by Random 
Forest effectively captures nonlinear relationships 
among these variables while reducing model variance 
through bootstrap aggregation. 

Although the dataset exhibits class imbalance, with 
the majority of students belonging to the Active 
category, the classifier consistently maintained high 
predictive performance across all evaluation metrics. 
This finding demonstrates that the proposed Early 
Warning System possesses strong generalization 
capability and is suitable for deployment within the 
operational environment of the Global Academic 
Information System (GAIS). 
 
4.4 Confusion Matrix Analysis 

 To obtain a more comprehensive understanding of 
the classifier's predictive behavior, the performance of 
the Random Forest model was further analyzed using a 
confusion matrix. Unlike overall accuracy, the 
confusion matrix provides detailed information 
regarding the number of correctly and incorrectly 
classified observations for each academic status 
category. This analysis enables the identification of 
prediction errors that may influence the effectiveness 
of the proposed Early Warning System. 
 

For a multi-class classification problem, the 
confusion matrix can be represented as 
 
Confusion Matrix 
 

𝐶𝑀 =  [𝑐𝑖𝑗] 
 
where: 
CM : Confusion Matrix. 
cij : Number of observations belonging to actual class 
i but predicted as class j. 
 
The total number of correctly classified observations is 
obtained from the diagonal elements of the confusion 
matrix. 
Correct Classification 
 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 =  𝛴 𝑐𝑖𝑖 
 
where: 
cii : Diagonal element representing correctly classified 
observations. 

Conversely, prediction errors are represented by the 
off-diagonal elements. 
 
Misclassification 
 

𝐸𝑟𝑟𝑜𝑟 =  𝛴 𝑐𝑖𝑗 
 

𝑓𝑜𝑟 𝑖 ≠  𝑗 
 
The confusion matrix obtained from the testing dataset 
is presented in Table 4.4. 
 
Table 4.4 Confusion Matrix 

Actual Class Active Warning Dropout-
Risk 

Active 280 0 0 
Warning 0 10 2 
Dropout Risk 0 0 5 

 
The diagonal elements indicate correctly classified 
observations, while the off-diagonal elements represent 
prediction errors. 
 
The total number of correctly classified observations is 
therefore 
 
Correct Predictions 
Correct = 280 + 10 + 5 = 295 
The number of prediction errors is 
 
Misclassified Observations 
Errors = 297 – 295 = 2 
 
The corresponding classification error rate is calculated 
as 
 
Error Rate 
Error Rate = 2 / 297 = 0.0067 
Persentase 0.67% 
  

These results indicate that only two student records 
were incorrectly classified during the testing phase, 
corresponding to an overall misclassification rate of 
0.67%. Such a low error rate confirms the robustness 
of the proposed Random Forest classifier in 
distinguishing among the three academic status 
categories. 

A closer inspection of the confusion matrix reveals 
that all Active students were classified correctly, 
indicating that the model successfully identified 
students demonstrating satisfactory academic 
performance. Likewise, every student belonging to the 
Dropout Risk category was correctly recognized 
without being misclassified as Active, which is 
particularly important from the perspective of 
academic intervention.  

The only prediction errors occurred within the 
Warning category, where two students were classified 
as Dropout Risk instead of Warning. 
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Although these observations represent 
classification errors from a statistical perspective, they 
remain acceptable in practical implementation because 
both categories correspond to students requiring 
academic attention. Consequently, the prediction error 
does not reduce the effectiveness of the proposed Early 
Warning System but instead results in a more 
conservative recommendation for academic 
intervention. 

From an institutional perspective, False Negative 
predictions constitute the most critical type of error 
because students experiencing academic difficulties 
may remain undetected. In the present experiment, no 
Dropout Risk student was incorrectly predicted as 
Active, demonstrating that the proposed model 
effectively minimizes the possibility of overlooking 
students requiring immediate academic assistance. 

The confusion matrix also demonstrates that the 
Random Forest classifier exhibits excellent class 
discrimination capability despite the naturally 
imbalanced distribution of academic status within the 
dataset. Ensemble learning enables the model to learn 
complex relationships among GPA, semester GPA, 
accumulated credits, attendance, academic 
progression, and repeated courses, thereby producing 
highly reliable predictions across all three academic 
categories. 

Overall, the confusion matrix analysis confirms that 
the proposed Early Warning System is capable of 
accurately identifying students according to their 
academic condition while maintaining a very low 
misclassification rate. These findings further support 
the suitability of integrating the Random Forest 
classifier into the Global Academic Information 
System (GAIS) as an intelligent decision-support tool 
for early academic intervention. 
 
4.5 Feature Importance Analysis 

One of the major advantages of the Random Forest 
algorithm is its capability to estimate the relative 
importance of each predictor variable during the 
classification process. Unlike conventional statistical 
models that generally assume linear relationships 
among variables, Random Forest evaluates feature 
importance by measuring the cumulative reduction in 
node impurity contributed by each predictor across all 
decision trees. Consequently, feature importance 
analysis provides valuable insights into which 
academic indicators contribute most significantly to the 
prediction of student academic status. 

In this study, feature importance was calculated 
using the Mean Decrease in Gini Impurity. Every time 
a predictor variable is selected to split a decision node, 
the reduction in Gini Impurity is accumulated. 
Variables producing larger reductions are considered 
more influential in distinguishing among the three 
academic status categories. 
 
 
 

The importance score of a feature is defined as 
Feature Importance 
 
 

𝐹𝐼(𝑗)  =  𝛴 𝛥𝐺𝑖𝑛𝑖(𝑗) 
         ─────────── 

         𝛴 𝛥𝐺𝑖𝑛𝑖(𝑎𝑙𝑙) 
 
where: 
FI(j) : Importance score of predictor variable j. 
ΔGini(j) : Reduction in Gini Impurity produced by 
feature j. 
ΣΔGini(all) : Total impurity reduction contributed by 
all predictor variables. 
 
To facilitate interpretation, the importance scores are 
normalized so that the total contribution of all predictor 
variables equals one. 
 
Normalized Feature Importance 

𝛴 𝐹𝐼(𝑗)  =  1 
 
where: 
FI(j) : Normalized contribution of each academic 
predictor. 
 
The feature importance values obtained from the 
trained Random Forest model are presented in Table 
4.5. 
 
Table 4.5 Feature Importance Ranking 

Rank Predictioor Variable Importance 
1 GPA 0.341 
2 Attendance 0.223 
3 Accumulated Credits 

(SKS) 
0.167 

4 Semester GPA (SGPA) 0.118 
5 Repeated Courses 0.074 
6 Academic Progress 0.049 
7 Enrollment Year 0.018 
8 Study Program 0.010 

 
The results indicate that Grade Point Average 

(GPA) is the most influential predictor, contributing 
approximately 34.1% of the total predictive capability. 
This finding is consistent with educational theory, as 
cumulative GPA reflects long-term academic 
achievement and summarizes a student's overall 
learning performance. Students with persistently low 
GPA values are generally more likely to encounter 
academic probation, delayed graduation, or eventual 
dropout. 

Attendance represents the second most important 
predictor with an importance score of 22.3%. Student 
attendance is widely recognized as an indicator of 
academic engagement and learning participation. 
Frequent absence from lectures often precedes 
declining academic performance and reduced 
motivation, making attendance an effective early 
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indicator for identifying students requiring academic 
intervention. 
 
The accumulated number of completed credits (SKS) 
contributes 16.7% to the prediction model. Students 
who accumulate credits more slowly than expected 
generally experience delays in academic progression. 
Such delays frequently reflect difficulties in 
completing prerequisite courses or maintaining 
satisfactory academic performance. 

Semester GPA (SGPA) ranks fourth with an 
importance score of 11.8%. Unlike cumulative GPA, 
SGPA reflects short-term academic performance 
within a single semester. Although SGPA contributes 
less than cumulative GPA, it remains valuable for 
detecting sudden declines in academic achievement 
before they significantly influence cumulative GPA. 

Repeated courses account for approximately 7.4% 
of the predictive capability. Students repeating 
multiple courses often experience prolonged study 
duration and increased academic pressure. 
Consequently, repeated courses serve as an indirect 
indicator of learning difficulties and contribute to the 
identification of students at academic risk. 

Academic Progress contributes 4.9% to the overall 
prediction. This variable captures the direction of 
student performance over consecutive semesters, 
distinguishing whether academic achievement is 
improving, stable, or declining. Although its individual 
contribution is relatively small, Academic Progress 
complements GPA and SGPA by providing temporal 
information regarding learning trends. 

Enrollment Year and Study Program exhibit 
relatively minor importance values of 1.8% and 1.0%, 
respectively. These findings suggest that demographic 
characteristics contribute substantially less to dropout 
prediction than direct measures of academic 
performance. Consequently, the proposed Early 
Warning System primarily relies on objective 
academic indicators rather than institutional or 
demographic attributes. 

The cumulative contribution of the four highest-
ranked variables—GPA, Attendance, Accumulated 
Credits, and Semester GPA—accounts for more than 
84% of the model's predictive capability. This result 
demonstrates that student academic performance and 
learning engagement constitute the dominant 
determinants of dropout risk within the studied 
institution. 

The feature importance analysis also provides 
practical implications for institutional academic 
management. Rather than monitoring all student 
attributes equally, academic advisors can prioritize 
supervision based on the variables exhibiting the 
strongest predictive influence. Students showing 
declining GPA, reduced attendance, insufficient credit 
accumulation, or deteriorating semester performance 
can therefore be identified automatically by the 
proposed Early Warning System before severe 
academic problems emerge. 

Overall, the feature importance analysis 
demonstrates that the Random Forest model not only 
achieves excellent predictive performance but also 
provides interpretable insights into the factors 
contributing to student academic risk. Such 
interpretability strengthens the practical applicability 
of the proposed model within the Global Academic 
Information System (GAIS), enabling institutional 
stakeholders to formulate more targeted and evidence-
based academic intervention strategies. 
 
4.6 Implementation of the Early Warning 
System in GAIS 

One of the principal contributions of this research 
is the successful integration of the Random Forest 
prediction model into the Global Academic 
Information System (GAIS) at Institut Teknologi & 
Bisnis Bina Sarana Global. Rather than functioning 
solely as an experimental machine learning model, the 
proposed classifier has been designed as an operational 
decision-support component capable of continuously 
monitoring student academic performance and 
automatically identifying students requiring academic 
intervention. 

The integration process begins with the retrieval 
of academic data from the institutional database. Every 
active student record is periodically evaluated using the 
trained Random Forest classifier, which generates a 
prediction representing the student's current academic 
risk level. The prediction result is subsequently stored 
within GAIS and displayed through the academic 
monitoring dashboard for academic advisors, program 
coordinators, and university management. 
The overall workflow of the proposed Early Warning 
System is illustrated in Figure 4.1. 
 
Figure 4.1 Early Warning System Workflow 

 
 
The prediction process implemented within GAIS can 
be mathematically represented as 
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Prediction Pipeline 
𝑆𝑡𝑎𝑡𝑢𝑠 =  𝑅𝐹(𝑋𝑠𝑡𝑢𝑑𝑒𝑛𝑡) 

 
where: 
RF : Trained Random Forest classifier. 
Xstudent : Academic feature vector extracted from 
GAIS. 
Status : Predicted academic status. 
 
Each student record consists of eight academic 
predictor variables. 
 
Student Feature Vector 

𝑋𝑠𝑡𝑢𝑑𝑒𝑛𝑡 
=  (𝑃𝑟𝑜𝑔𝑟𝑎𝑚, 𝑌𝑒𝑎𝑟, 𝐺𝑃𝐴, 𝑆𝐺𝑃𝐴, 𝑃𝑟𝑜𝑔𝑟𝑒𝑠𝑠, 𝑆𝐾𝑆, 

𝐴𝑡𝑡𝑒𝑛𝑑𝑎𝑛𝑐𝑒, 
𝑅𝑒𝑝𝑒𝑎𝑡𝑒𝑑𝐶𝑜𝑢𝑟𝑠𝑒) 

 
The generated prediction is subsequently transformed 
into an academic risk category. 
 
Risk Classification 

𝑅𝑖𝑠𝑘 
= 
{ 

𝐴𝑐𝑡𝑖𝑣𝑒 
𝑊𝑎𝑟𝑛𝑖𝑛𝑔 

𝐷𝑟𝑜𝑝𝑜𝑢𝑡𝑅𝑖𝑠𝑘 
} 

Each prediction category corresponds to a predefined 
academic intervention policy. 
 
Table 4.6 Academic Intervention Strategy 

Prediction 
Result 

Risk 
Level  

Recommended Action 

Active Low Routine academic 
monitoring 

Warning Medium Academic counseling 
by Academic Advisor 

Dropout 
Risk 

High Intensive intervention 
by Faculty and Study 
Program 

 
Unlike conventional reporting systems that only 

present historical academic information, the proposed 
Early Warning System provides predictive intelligence 
by estimating the future academic condition of each 
student. Consequently, academic administrators are 
able to identify potential academic problems before 
they develop into irreversible dropout cases. 

The implementation within GAIS also enables 
continuous monitoring because prediction can be 
executed automatically at the end of each academic 
semester following grade publication. As new 
academic records become available, the prediction 
model evaluates updated student performance without 
requiring manual analysis by academic staff. 

The operational prediction process can be 
summarized as 
 

Semester Prediction Function 
 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛(𝑡) = 𝑅𝐹(𝐷𝑎𝑡𝑎(𝑡)) 
 
where 
Prediction(t) : Academic status predicted during 
semester t. 
Data(t) : Academic performance recorded in semester 
t. 
 

This mechanism enables the prediction model to 
continuously adapt to newly available academic 
information while maintaining consistent prediction 
quality throughout successive semesters. 

Furthermore, the prediction output generated by the 
Random Forest classifier serves as a decision-support 
indicator rather than an automatic academic judgment. 
Final academic decisions remain under the authority of 
academic advisors and faculty management, who may 
consider additional qualitative information that is not 
represented within the prediction model. Therefore, the 
proposed Early Warning System functions as an 
intelligent recommendation system designed to 
support, rather than replace, institutional academic 
decision-making. 

From the perspective of system implementation, the 
integration of the Random Forest model into GAIS 
offers several practical advantages. First, prediction is 
performed automatically using existing academic data 
without requiring additional manual data collection. 
Second, the classification results are immediately 
available to academic advisors, enabling earlier 
intervention for students showing declining academic 
performance. Third, the system minimizes subjectivity 
in identifying academically vulnerable students 
because predictions are generated using standardized 
machine learning procedures. 

Overall, the implementation demonstrates that the 
proposed Early Warning System extends beyond 
theoretical machine learning research by providing a 
practical institutional solution capable of supporting 
student retention strategies. Through direct integration 
with GAIS, predictive analytics becomes part of 
routine academic monitoring, enabling universities to 
transition from reactive academic management toward 
a proactive, data-driven student success framework. 
 
4.7 Discussion 

The results indicate that academic indicators are 
effective predictors of student academic risk. Among 
the selected features, GPA, attendance, and 
accumulated credits (SKS) contribute the most to the 
Random Forest model, demonstrating that academic 
achievement and learning engagement strongly 
influence student persistence. Students classified as 
Dropout Risk consistently show lower GPA, poor 
attendance, limited credit completion, and more 
repeated courses than active students. 

Unlike many previous studies that incorporate 
administrative variables such as tuition payment or 
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leave status, this study relies solely on academic 
indicators. This approach enables earlier identification 
of at-risk students because academic performance 
typically declines before administrative problems 
occur. Consequently, the proposed model supports 
preventive intervention rather than reactive decision-
making. 

The three-level classification framework (Active, 
Warning, and Dropout Risk) also provides greater 
practical value than traditional binary classification. 
The inclusion of the Warning category allows 
academic advisors to identify students experiencing 
early academic difficulties and provide timely 
counseling before they progress to a critical condition. 

Furthermore, integrating the Random Forest model 
into the Global Academic Information System (GAIS) 
enables automatic risk classification and continuous 
academic monitoring. This integration supports data-
driven decision-making by helping academic advisors 
prioritize intervention for students requiring additional 
support. 

Although the proposed model demonstrates 
promising performance, this study is limited to data 
collected from a single institution and an imbalanced 
class distribution. Future research may improve model 
generalization by incorporating data from multiple 
universities and applying class-balancing techniques 
such as SMOTE or cost-sensitive learning. Overall, the 
proposed Early Warning System provides a practical 
framework for strengthening student retention through 
predictive academic monitoring. 

 
5.   Conclusion 

 This study proposed and implemented a Random 
Forest-based Early Warning System (EWS) to predict 
student academic risk at Institut Teknologi & Bisnis 
Bina Sarana Global through the integration of machine 
learning into the Global Academic Information System 
(GAIS). Unlike conventional academic monitoring 
approaches that primarily rely on retrospective 
evaluation, the proposed framework enables proactive 
identification of students who require timely academic 
intervention by utilizing institutional academic data 
that are routinely collected during each semester 

The developed prediction model employed eight 
academic predictor variables, namely Study Program, 
Enrollment Year, Grade Point Average (GPA), 
Semester Grade Point Average (SGPA), Academic 
Progress, Accumulated Credits (SKS), Attendance 
Percentage, and Repeated Courses, to classify students 
into three academic risk categories: Active, Warning, 
and Dropout Risk. The adoption of a multi-level 
classification strategy provides a more informative 
representation of student academic conditions 
compared with conventional binary classification 
models, allowing institutions to prioritize interventions 
according to the severity of academic risk. 

Experimental evaluation conducted on a dataset 
consisting of 1,485 student records demonstrated that 

the proposed Random Forest classifier achieved 
excellent predictive performance, with an overall 
accuracy of 99.33%, accompanied by high Precision, 
Recall, and F1-Score values. The confusion matrix 
analysis further confirmed that the model successfully 
classified almost all students correctly while 
maintaining a very low misclassification rate. Feature 
importance analysis revealed that GPA, Attendance, 
Accumulated Credits, and Semester GPA were the 
most influential variables contributing to prediction 
performance, indicating that academic achievement 
and learning engagement are the primary determinants 
of student persistence within the institution. 

Beyond predictive accuracy, the principal 
contribution of this research lies in the successful 
implementation of the prediction model within the 
operational environment of GAIS. The integration 
enables automatic monitoring of student academic 
performance and provides real-time risk classification 
to academic advisors, study program coordinators, and 
university management. Consequently, academic 
interventions can be initiated at earlier stages of 
academic decline, thereby supporting institutional 
efforts to improve student retention, reduce dropout 
rates, and enhance academic quality assurance. 

Nevertheless, this research has several 
limitations. The experimental dataset was obtained 
from a single higher education institution, which may 
limit the generalizability of the proposed model to 
universities with different academic characteristics. In 
addition, the prediction model exclusively utilized 
structured academic variables available in GAIS, while 
external factors such as socioeconomic conditions, 
psychological well-being, learning motivation, and 
family support were beyond the scope of this study. 
Future research is therefore recommended to 
investigate multi-institutional datasets, compare 
Random Forest with advanced ensemble learning 
algorithms such as XGBoost, LightGBM, and 
CatBoost, and incorporate Explainable Artificial 
Intelligence (XAI) techniques, including SHAP and 
LIME, to improve the transparency and interpretability 
of prediction outcomes. 

In conclusion, the proposed Early Warning 
System demonstrates that educational data mining can 
be effectively translated into an operational 
institutional solution. By integrating predictive 
analytics directly into the academic information 
system, universities can shift from reactive academic 
management toward a proactive, evidence-based 
strategy that supports student success and strengthens 
long-term institutional sustainability] 
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