
Vol.3 No.1 February 2026: 9-19 

International Journal of Computer Science and Humanitarian AI (IJCSHAI) 

9 

eISSN: 3064-4372 

DOI: 10.21512/ijcshaijournal.v3i1.14936 

 

 

Copyright © 2026 

 

Comparative Analysis of Decision Tree, Random 

Forest, and XGBoost for Student Category 

Prediction 

Rayson Calvianto Lim1*, Harvianto2 
 

1,2Computer Science Department, School of Computer Science, 

Bina Nusantara University, 

Jakarta, Indonesia 11480 

rayson.lim@binus.ac.id; harvianto@binus.ac.id 

Abstract—This study presents a comparative analysis of 

Decision Tree, Random Forest, and XGBoost for student 

category prediction using structured educational data from 

Independent School Batam. The increasing availability of 

educational data provides opportunities to apply machine 

learning techniques for student performance prediction and 

curriculum personalization. The models were trained and 

evaluated using 120 student records collected from Independent 

School Batam and were evaluated through an end-to-end 

machine learning workflow consisting of data preprocessing, 

feature engineering, model training, and evaluation. An 

anonymized dataset containing student demographic variables, 

academic indicators, learning behavior attributes, and teacher 

feedback scores was prepared using data cleaning, categorical 

transformation, normalization, and stratified train–test 

splitting to ensure consistency and reproducibility. Model 

performance was assessed using accuracy, precision, recall, and 

F1-score. Experimental results show that Random Forest 

achieved the highest accuracy of 0.8333, outperforming Decision 

Tree and XGBoost across the evaluation metrics. Per-class 

analysis showed that the Medium category was predicted most 

consistently, while the Low category remained the most 

challenging to identify due to limited representation, resulting 

in lower recall values. This study contributes a practical and 

reproducible baseline comparison of machine learning models 

for student category prediction using lightweight, open-source 

tools. The findings provide empirical guidance for educational 

institutions seeking accessible approaches to classify student 

categories and support structured educational data analysis in 

resource-limited environments, as well as proposing a 

lightweight machine learning pipeline suitable for schools with 

limited technical infrastructure. 

Keywords— Machine Learning; Student category prediction; 

Random Forest; XGBoost; Descision Tree 

I. INTRODUCTION  

The integration of artificial intelligence (AI) and machine 
learning (ML) into educational systems has created new 
opportunities for improving the quality and personalization of 

learning [1]. In particular, the concept of personalized 
curriculum design, where teaching content and pacing are 
adapted to individual students’ performance and learning 
styles has emerged as a central focus in modern educational 
research [2]. As global educational institutions move toward 
data-driven instruction under the framework of Education 4.0, 
the ability to use learning analytics effectively becomes a key 
differentiator in fostering student engagement and academic 
success [3]. 

In Indonesia, many schools have begun adopting digital 
learning environments, but the majority still lack the analytical 
capability to interpret and utilize educational data effectively 
[4]. Independent School Batam, located in Komplek Rosedale 
Blk. E No. 123–124, Teluk Tering, Batam Kota, Kepulauan 
Riau, is an example of a mid-sized institution that integrates 
both traditional and digital approaches through a blended 
learning model. Although the school employs a learning 
management system (LMS) to record student grades, 
attendance, and activity logs, the process of curriculum 
adjustment remains largely manual. Teachers must rely on 
intuition and experience to identify students with different 
performance levels, which limits the consistency and 
timeliness of academic evaluation [5]. This situation 
highlights a significant gap between data availability and its 
analytical use. While a large volume of student performance 
data exists within the school database, it is not systematically 
processed to generate structured insights that could support 
objective performance analysis [6]. Consequently, student 
category prediction at Independent School Batam remains 
dependent on manual interpretation rather than data-driven 
methods. This gap forms the primary motivation for this 
research: to explore whether foundational machine learning 
algorithms can be implemented in a practical and cost-
effective manner to support systematic student category 
prediction. 

The goal of this study is to conduct a comparative analysis 
of baseline machine learning models for classifying student 
performance levels. Specifically, this research compares the 
performance of three widely used baseline ML models: 
(1)Decision Tree, (2)Random Forest, and (3)XGBoost. These 
models are chosen due to their interpretability, relatively low 
computational requirements, and proven effectiveness in 
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educational data mining applications [7]. The findings are 
expected to provide a reference for schools with limited 
resources to adopt machine learning techniques for student 
category prediction without relying on complex or proprietary 
systems. To ensure accessibility and reproducibility, this 
research adopts a practical workflow using open-source tools. 
The implementation relies on Python (version 3.12) as the 
main programming environment, with Pandas and Scikit-learn 
libraries for data preprocessing and model development [8]. 
Student data are stored and managed through PostgreSQL 
(version 18), while Prefect (version 3) is employed as a 
workflow orchestration tool to automate data extraction, 
transformation, and loading processes [9]. Data exploration 
and visualization are conducted using JupyterLab, allowing 
clear and interactive analysis of learning trends [10]. The 
dataset, drawn from the database records of Independent 
School Batam, includes anonymized student identifiers, 
subject scores, participation frequencies, and assessment 
results. After cleaning and normalization, these data serve as 
input for the ML models to predict learning performance 
categories [11]. By applying these three baseline models, the 
research aims to identify which algorithm yields the most 
balanced trade-off between predictive accuracy and 
implementation simplicity. Evaluation metrics such as 
accuracy, precision, recall, and F1-score will be used to assess 
model performance. The overall framework emphasizes 
practicality over complexity, ensuring that even institutions 
without specialized data science expertise can replicate the 
process and benefit from its insights. This approach aligns 
with the growing need for educational innovations that are not 
only technologically advanced but also pedagogically relevant 
and operationally sustainable [12].  

In summary, this research presents a comparative machine 
learning-based approach to student category prediction using 
data from Independent School Batam. It demonstrates how 
small to medium-sized schools can adopt data-driven 
strategies to analyze student performance without significant 
technical or financial investment. The remainder of this paper 
is structured as follows: the next section reviews relevant 
literature and theoretical foundations of educational data 
mining and machine learning models; the third section 
describes the methodology and implementation process; the 
fourth section presents and discusses the experimental results; 
and the final section provides conclusions and 
recommendations for future work. 

II. LITERATURE REVIEW 

Personalized learning has emerged as a central theme in 
modern education, emphasizing that teaching and learning 
should adapt to the unique needs, pace, and preferences of 
each student. The theoretical foundation of personalized 
learning draws from constructivist and learner-centered 
theories, which argue that knowledge is actively constructed 
through experience and reflection rather than passively 
received [13]. Effective learning occurs when instruction is 
tailored to the learner’s cognitive readiness, prior knowledge, 
and social context [14]. In contemporary classrooms, these 
ideas have evolved into data-driven personalization strategies 
powered by digital technologies and analytics. 

The integration of data analytics into education has given 
rise to the fields of Educational Data Mining (EDM) and 
Learning Analytics (LA), which aim to uncover patterns in 
student data to improve teaching and learning [15]. Learning 
analytics systems analyze student behaviors, assessments, and 

digital interactions to generate insights about performance, 
engagement, and learning trajectories [16]. Studies have 
shown that these approaches can support adaptive feedback, 
identify at-risk learners, and optimize curriculum sequencing 
[17]. However, these benefits depend heavily on the quality of 
collected data, the interpretability of the models used, and the 
alignment between analytics outputs and actual pedagogical 
decisions [18].  

Machine Learning (ML) has become a crucial technique 
within educational data mining for modeling and predicting 
student performance, engagement, and behavior [19]. 
Common ML applications in education include predicting 
academic outcomes, recommending personalized study 
materials, and identifying learning difficulties early [20]. 
These systems rely on supervised learning models- algorithms 
that learn patterns from labeled data to predict future 
outcomes. Among the various ML approaches, tree-based 
models such as Decision Trees, Random Forests, and Gradient 
Boosting Machines (e.g., XGBoost) have been widely used 
due to their balance of accuracy, interpretability, and 
computational efficiency [21]. Studies have demonstrated that 
tree-based algorithms can effectively handle categorical and 
numerical data, identify key performance indicators, and 
visualize decision logic for educators [22]. 

Decision Tree algorithms work by recursively splitting 
datasets into homogeneous subgroups based on predictor 
variables, producing models that are easy to interpret and 
visualize [23]. Random Forest improves upon this by 
aggregating multiple Decision Trees to reduce overfitting and 
improve predictive [24] . XGBoost extends these principles 
through gradient boosting, allowing the model to iteratively 
correct errors from previous trees [25]. Comparative analyses 
indicate that Random Forest and XGBoost often outperform 
simpler models on structured tabular data, making them ideal 
baselines for category prediction tasks where interpretability 
remains essential [26]. 

A key insight from the literature is that the success of ML 
in educational contexts depends more on data engineering and 
pipeline design than on model complexity alone [27]. 
Constructing robust data pipelines is essential for maintaining 
data integrity and ensuring that models generalize effectively 
to future student cohorts [28]. Lightweight, modular pipelines 
using tools like Pandas, PostgreSQL, and Prefect can facilitate 
this process even in small institutional settings. 

Equally important are the ethical and privacy 
considerations surrounding ML in education. Transparency, 
fairness, and data protection must be prioritized when 
analyzing student data [29]. Bias in datasets or algorithms can 
unintentionally disadvantage certain groups, while poor 
transparency may reduce trust among stakeholders. 

Despite extensive global research on machine learning 
applications in education, significant gaps remain in its 
implementation in small and mid-sized schools with limited 
technical resources. Most existing studies focus on large-scale 
university systems or online learning platforms that have 
access to extensive datasets and advanced analytical 
infrastructure. Consequently, many smaller institutions lack 
access to practical machine learning solutions that can be 
implemented within their resource constraints. In addition, 
previous research often emphasizes improving prediction 
accuracy using large educational datasets, while relatively few 
studies explore lightweight machine learning pipelines that 
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can be implemented in resource-constrained environments. 
Furthermore, predictive models are frequently evaluated only 
in terms of accuracy without clearly connecting the results to 
curriculum design or instructional decision-making. 
Therefore, this study aims to evaluate several machine 
learning algorithms for student performance prediction and 
investigate how predictive insights can support personalized 
curriculum planning in a school environment. 

This study addresses that need by implementing and 
comparing three baseline ML algorithms, which consists of 
Decision Tree, Random Forest, and XGBoost. Within a 
lightweight, reproducible data pipeline tailored to 
Independent School Batam, grounded in existing research, 
this approach prioritizes interpretability, simplicity, and 
ethical responsibility while exploring how small-scale schools 
can leverage accessible technologies such as JupyterLab, 
Scikit-learn, and PostgreSQL for future machine learning 
research in the educational sector. The literature thus provides 
both the theoretical foundation and methodological guidance 
for designing an adaptable ML framework that bridges the gap 
between pedagogical theory and practical implementation in 
real-world educational contexts. 

III. PROPOSED METHODS 

There are six essential stages in developing a machine 
learning-based personalized curriculum system: data 
preprocessing, feature engineering, model selection, model 
training, and evaluation. Each stage contributes to building a 

lightweight and reproducible ML pipeline that aligns with the 
technical and ethical standards of educational data analysis. 

 

Figure 1. Research methodology flowchart 

A. Data Collection 

Data collection involves gathering academic and 
behavioral information from students [30]. The dataset was 
prepared and anonymized to ensure data privacy while 
maintaining the representativeness of student learning 
patterns [31]. 

Table 1. Sample Dataset Structure 

Category Sample Attributes 

Student Demographics Age, gender, grade level 

Academic Performance 
Exam scores, assignment completion, 

subject grades 

Learning Behaviors Attendance rate, class participation 

Curriculum Attributes 
Subject difficulty level, teacher 

feedback 

       

Table 2.  Sample Dataset Records 

Student 

ID 
Age Gender 

Grade 

Level 

Exam 

Score 

Assignment 

Completion 

(%) 

Attendance 

Rate (%) 

Participation 

Level 

Subject 

Difficulty 
Teacher Feedback 

ISB001 14 Male Grade 8 78 85 92 Medium Moderate Satisfactory 

ISB002 15 Female Grade 9 88 95 96 High High Very Good 

ISB003 14 Female Grade 8 70 80 88 Low Low Needs Improvement 

 Table 2 illustrates the structure of the dataset used in this 

study by presenting three representative student records. 

Each row corresponds to an anonymized student entry, while 

each column represents a demographic, academic, 

behavioral, or curriculum-related variable. The dataset 

combines performance indicators, learning behaviors, and 

curriculum attributes to provide structured input for training 

and evaluating machine learning models for all three models 

used. Teacher feedback was initially collected in qualitative 

form and later standardized for analysis. 

B. Data Preprocessing 

Data preprocessing converts raw input into a structured, 
consistent form suitable for ML algorithms. This includes 
[32]: 

1. Cleaning 
During the initial data extraction phase, the 

dataset contained a larger number of records than 
those ultimately used for analysis [33]. Specifically, 
the raw extraction process yielded 194 records, as 
the school information system stores data at an event 
and activity level rather than a consolidated student 
level. As a result, multiple records could correspond 
to the same student due to separate entries for 

examinations, assignments, attendance logs, or 
administrative updates. 

Data cleaning aimed to remove inconsistencies 
and improve the reliability of the dataset [34]. 
Missing values in numerical attributes such as exam 
scores, assignment completion, attendance rate, and 
participation level, along with records with multiple 
missing fields were removed. Duplicate student 
records were identified using anonymized identifiers 
and eliminated. Additionally, value range checks 
were applied to ensure that numerical data fell 
within valid academic limits, reducing noise caused 
by data entry errors. 

During data cleaning, these raw records were 
reviewed and consolidated into a single 
representative record per student. Duplicate entries, 
incomplete records, and records lacking sufficient 
information across key attribute groups were 
removed. After this filtering and consolidation 
process, the dataset was reduced to 120 complete 
and reliable student records, which were then used 
for model training and evaluation. 
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Table 3. Dataset before cleaning 

Student 

ID 
Age Gender 

Grade 

Level 

Exam 

Score 

Assignment 

Completion 

(%) 

Attendance 

Rate (%) 

Participation 

Level 

Subject 

Difficulty 
Teacher Feedback 

ISB001 14 Male Grade 8 78 85 92 Medium Moderate Good 

ISB002 15 Female Grade 9 85 95 96 High High Very Good 

ISB003 14 Female Grade 8 80 80 88 Low Low Needs Improvement 

ISB004 14 Male Grade 8 78 85 92 Medium Moderate Good 

In the raw dataset, some records contained 
logical errors such as attendance values exceeding 
100%, missing assignment completion values, or 
duplicate entries for the same student. When these 
records were identified, it was then cleaned. 
Qualitative teacher feedback was standardized and 
mapped to numerical scores to support machine 
learning analysis. 

Teacher feedback was originally recorded in 
qualitative form using descriptive labels. During 
preprocessing, these labels were standardized and 
converted into numerical scores based on a 
predefined mapping scheme. This transformation 
ensured consistency and allowed teacher feedback to 
be treated as a continuous variable during model 
training. 

Table 4. Dataset after cleaning 

Student 

ID 
Age Gender 

Grade 

Level 

Exam 

Score 

Assignment 

Completion 

(%) 

Attendance 

Rate (%) 

Participation 

Level 

Subject 

Difficulty 

Teacher 

Feedback 

ISB001 14 Male Grade 8 78 85 92 Medium Moderate Good 

ISB002 15 Female Grade 9 85 95 96 High High Very Good 

The values shown after data cleaning represent 

retained and standardized records following the 

removal of incomplete and duplicate entries, rather 

than direct modification of the same raw rows. 

 

2. Encoding 

Categorical attributes, including gender, grade 

level, subject difficulty, and teacher feedback, were 

transformed into numerical form using one-hot 

encoding. This method was selected to prevent the 

introduction of unintended ordinal relationships 

between categories while ensuring compatibility 

with all machine learning models. Encoding was 

performed after data cleaning to ensure that only 

valid and consistent category values were included 

in the dataset. 

 
Table 5. Sample Categorical Encoding 

Gender Participation Level Subject Difficulty 

Male Medium Moderate 

Female High High 

Male Low Low 

 

 

Table 6. After Categorical Encoding 

Gender_Male Gender_Female Part_Low Part_Medium Part_High Diff_Low Diff_Moderate Diff_High 

1 0 0 1 0 0 1 0 

0 1 0 0 1 0 0 1 

1 0 1 0 0 1 0 0 

3. Normalization 
Feature normalization was applied to numerical 

attributes such as age, exam scores, assignment 
completion, attendance rate, and participation level 
to ensure comparable value ranges across features. 
Min–Max normalization was used to scale values 
between 0 and 1, preventing attributes with larger 
numeric ranges from dominating the learning 
process. Although tree-based models are less 
sensitive to scaling, normalization ensured 
consistency across all evaluated models, including 
XGBoost. 

 

 

 

 

 

Table 7. Before Normalization 

Exam 

Score 

Assignment 

Completion 

Attendance 

Rate 

Teacher 

Feedback 

Score 

78 85 92 3.5 

88 95 96 4.2 

70 80 88 2.8 

Table 8. After Normalization 

Exam 

Score 

Assignment 

Completion 

Attendance 

Rate 

Teacher 

Feedback 

Score 

0.53 0.67 0.67 0.63 

0.80 1.00 1.00 0.85 

0.00 0.33 0.33 0.00 
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In this study, Min–Max normalization was 
applied to numerical attributes. This method rescales 
values based on the minimum and maximum values 
observed in the dataset, not on a fixed scale such as 
0–100 [35]. 

  

Where: 

𝑋= original value 

𝑋min= minimum value of the feature in the dataset 

𝑋max= maximum value of the feature in the dataset 
 
4. Splitting 

After completing data cleaning, encoding, and 
normalization, the final dataset consisted of 120 
student records with the target variable 
performance_category. 

 
Table 9. After Preprocessing 

Student 

ID 

Exam 

Score 

Attendance 

Rate 

Engagement 

Index 

Performance 

Category 

ISB001 0.53 0.67 0.62 High 

ISB002 0.80 1.00 0.88 Medium 

ISB003 0.45 0.55 0.50 Low 

… … … … … 

The dataset was divided using a stratified train–

test split with the following ratio: 
1. 80% training data (96 records) 
2. 20% testing data (24 records) 

Stratified splitting was applied to ensure that the 
proportions of High, Medium, and Low 
performance categories were preserved in both the 
training and testing datasets [36]. This approach 
prevents class imbalance issues, particularly for 
minority classes, and ensures a fair and 
representative evaluation of model performance. 

Table 10. Reserved Class Distribution 

Performance 

Category 

Training 

Set 
Testing Set 

High Proportional Proportional 

Medium Proportional Proportional 

Low Proportional Proportional 

Stratified splitting was used to maintain balanced 

class distribution between training and testing data, 

ensuring fair model evaluation. 

C. Feature Engineering 

Feature engineering transforms raw data into meaningful 

attributes that influence learning outcomes [37]. Feature 

engineering plays a crucial role in machine learning by 

transforming raw data into informative attributes that better 

represent underlying patterns related to student performance. 

Rather than relying solely on individual raw variables, feature 

engineering was applied in this study to summarize key 

academic and behavioral characteristics into compact and 

meaningful indicators. This approach improves model 

interpretability, reduces noise, and enhances the ability of 

machine learning models to distinguish between different 

student performance categories. 

1. Average score per subject area  

(ExamScore+AssignmentCompletion) / 2 

2. Engagement index  

(combining attendance + activity) 

3. Consistency ratio 

(Var(ExamScore , AssignmentCompletion)) 

The average score per subject area represents a 

consolidated measure of academic performance. It was 

calculated by combining exam scores and assignment 

completion values using a simple arithmetic mean, as shown 

above. This aggregation provides a balanced representation 

of both summative assessment (exams) and formative 

assessment (assignments), reducing reliance on a single 

performance indicator. By integrating these two components, 

the resulting feature captures a student’s overall academic 

standing within a subject more effectively than individual raw 

scores. 

The engagement index was designed to reflect student 

involvement in the learning process by combining behavioral 

indicators. Attendance rate and participation level were 

normalized and aggregated to form a single engagement 

score. Attendance reflects physical or virtual presence in 

learning activities, while participation level captures active 

involvement during instruction. Combining these variables 

produces a more holistic representation of student 

engagement than either feature alone, allowing the models to 

better identify patterns associated with consistent learning 

behavior. 

The consistency ratio was introduced to capture the 

stability of a student’s academic performance over time. This 

feature was computed by measuring the variance of available 

performance scores for each student. Lower variance 

indicates more consistent performance, while higher variance 

reflects fluctuations that may signal learning difficulties or 

irregular study habits. Although the dataset did not include 

long-term longitudinal records, this feature provided a 

limited but meaningful measure of performance consistency 

within the available data. 

Overall, the feature engineering process enhanced the 

representational quality of the dataset while maintaining 

simplicity and interpretability. The engineered features 

reduced dimensionality, minimizing redundancy among raw 

variables, and supported more effective learning by Decision 

Tree, Random Forest, and XGBoost models. In addition, 

these features offer intuitive insights for educators, as they 

align closely with common educational concepts such as 

achievement level, engagement, and learning stability. 

D. Model Selection and Training 

Three baseline machine learning models was selected 

with the following reasons provided. 

a. Decision Tree (DT) - simple, interpretable, suitable 

for small datasets [38]. 

b. Random Forest (RF) - ensemble method improving 

accuracy by reducing overfitting [38]. 
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c. XGBoost (XGB) - optimized gradient boosting 

model with high performance in structured data [39]. 

Model training will use Scikit-learn (for DT and RF) and 

XGBoost library for XGB implementation. All models are 

trained using 10-fold cross-validation to ensure stability and 

fairness across model comparisons [40]. Hyperparameters 

such as learning rate (for XGBoost), tree depth, and estimator 

count will be optimized manually for simplicity and 

reproducibility [41]. 

Table 11. Hyperparameter Configuration of Machine Learning Models 

Model Hyperparameters 

Decision Tree random_state = 42 

Random Forest 
n_estimators = 100,  

random_state = 42 

XGBoost 

n_estimators = 200,  

learning_rate = 0.1,  
max_depth = 5,  

subsample = 0.9,  

colsample_bytree = 0.9,  
random_state = 42,  

eval_metric = mlogloss 

The hyperparameters for each model were defined based 

on standard configurations and adjusted where necessary to 

ensure stable training performance. 

The input variables for all models consisted of 

demographic, academic, behavioral, and curriculum-related 

features, including age, grade level, exam scores, attendance 

rate, participation level, subject difficulty, and teacher 

feedback. The target variable was student performance 

category, classified into three classes: High, Medium, and 

Low. Decision Tree, Random Forest, and XGBoost models 

were trained using default or lightly adjusted parameters 

provided by their respective libraries, with fixed random 

seeds to ensure reproducibility. This approach aligns with the 

study’s objective of evaluating baseline model performance 

within a lightweight and practical implementation 

framework. 

E. Evaluation 

We chose to evaluate our model using four performance 

metrics: Accuracy, Precision, Recall and F1 Score, with 

formulas as follow [42]:  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
   (3) 

 

𝐹1 = 2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                 (4) 

 

Where: 

TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 
Accuracy measures overall correctness, precision 

identifies prediction reliability, recall reflects sensitivity to 
actual positives, and F1-score combines both into a single 
balanced metric. The model with the best balance across these 

metrics will be proposed as the optimal baseline for future 
researches in the educational sector. 

IV. EXPERIMENTAL RESULTS 

This chapter presents the experimental results obtained 

from evaluating three baseline machine learning models; 

Decision Tree, Random Forest, and XGBoost for student 

category prediction at Independent School Batam. Each 

model was trained and tested using the same cleaned and 

preprocessed dataset to ensure fairness and comparability 

across evaluations. The results are reported using the 

evaluation metrics defined in the methodology section: 

accuracy, precision, recall, and F1-score. In addition, per-

class classification reports are provided to show model 

behavior for each outcome category. The dataset was 

obtained from school academic records and anonymized 

before analysis to protect student privacy. 

The final dataset used in the experiment consisted of 120 

anonymized student records containing demographic 

attributes, academic indicators, learning behavior variables, 

and teacher-based feedback measures. The dataset used in 

this study was collected from Independent School Batam and 

consists of 120 student records. Each record contains several 

attributes representing student demographic characteristics, 

academic performance, and learning behavior. The dataset 

includes variables such as student ID, age, gender, grade 

level, exam score, assignment completion percentage, 

attendance rate, participation level, subject difficulty, and 

teacher feedback score. These features were selected to 

capture multiple aspects of the learning process, including 

academic achievement, engagement, and instructional 

factors. The dataset was used as input for training and 

evaluating machine learning models to classify student 

performance levels and support personalized curriculum 

planning. 

Before model training, the dataset underwent 

preprocessing steps including data cleaning, handling 

categorical variables, and normalization where necessary to 

ensure compatibility with the machine learning algorithms. 

After preprocessing, the target variable consisted of three 

outcome categories: High, Medium, and Low. A stratified 

train–test split was applied to preserve class proportions, and 

fixed random seeds were used to support reproducibility. 

Although the results presented in this section are based on the 

held-out test set, the training process incorporated cross-

validation to promote stability across training partitions.  
 

Table 12. Decision Tree Classification Report 

Class Precision Recall F1-score Support 

0 0.71 1.00 0.83 5 

1 0.80 0.67 0.73 6 

2 0.83 0.77 0.80 13 

Accuracy - - 0.79 24 

Macro Avg 0.78 0.81 0.79 24 

Weighted Avg 0.80 0.79 0.79 24 
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Table 13. Random Forest Classification Report 

Class Precision Recall F1-score Support 

0 1.00 0.80 0.89 5 

1 1.00 0.50 0.67 6 

2 0.76 1.00 0.87 13 

Accuracy - - 0.83 24 

Macro Avg 0.92 0.77 0.81 24 

Weighted Avg 0.87 0.83 0.82 24 

 
Table 14. XGBoost Classification Report 

Class Precision Recall F1-score Support 

0 0.83 1.00 0.91 5 

1 0.75 0.50 0.60 6 

2 0.79 0.85 0.81 13 

Accuracy — — 0.79 24 

Macro Avg 0.79 0.78 0.77 24 

Weighted Avg 0.79 0.79 0.78 24 

The classification results also show variations in 

prediction performance across different student performance 

categories. For example, the Random Forest model achieved 

a perfect precision score of 1.00 for classes 0 and 1, indicating 

that predictions for these categories were highly reliable 

when they occurred. However, the recall value for class 1 was 

lower, suggesting that some students in this category were 

misclassified. This pattern may be influenced by the 

relatively small number of samples available for certain 

classes, which can make it more difficult for the model to 

learn stable patterns. 

The results focus on the performance metrics outlined in 

Chapter 3, namely accuracy, precision, recall, and F1-score. 

Following the presentation of results, a discussion subsection 

interprets the findings in relation to the research objectives 

and existing literature. The evaluation results indicate that the 

Random Forest model achieved the best overall performance 

among the evaluated algorithms. The model obtained an 

accuracy of 0.83 and an F1-score of 0.82, outperforming both 

the Decision Tree and XGBoost models. This result suggests 

that ensemble learning techniques are more effective in 

handling structured educational datasets where multiple 

variables influence student performance outcomes. 

The final dataset used in this experiment consisted of 120 

anonymized student records containing demographic, 

academic, behavioral, and curriculum-related attributes, 

following the structure outlined in Chapter 3. After 

preprocessing, the target variable included three performance 

categories: High, Medium, and Low. The distribution of the 

categories reflects a typical school setting, with most students 

falling into the medium performance range. Data cleaning 

procedures ensured that no missing, duplicate, or inconsistent 

values remained. All categorical features were encoded using 

one-hot encoding, while numerical features were 

standardized to maintain scale consistency across models. 

To ensure data reliability, a stratified train-test split was 

used to preserve class proportions. Reproducibility was 

achieved by fixing random seeds during training. Although 

the results displayed below derive from the test set, the 

training phase involved 10-fold cross-validation to promote 

stability across repeated data partitions, aligning with the 

evaluation design described in the methodology section. 

Collectively, these procedures ensured that the dataset used 

for experimentation was valid, consistent, and suitable for 

supervised learning tasks. 

Table 12 to 14 presents a summary of the evaluation 

metrics for all three machine learning models. Based on the 

accuracy, precision, recall, and F1-score results, the Random 

Forest model demonstrated superior performance compared 

to Decision Tree and XGBoost.  

Table 15. Overall Performance of the Three Machine Learning Models 

Model Accuracy Precision Recall F1-score 

Decision 
Tree 

0.79 0.80 0.79 0.79 

Random 

Forest 
0.83 0.87 0.83 0.82 

XGBoost 0.79 0.79 0.79 0.78 

These results show that the Random Forest achieved the 

highest performance across all evaluation metrics, followed 

by the Decision Tree and XGBoost models. Random Forest 

achieved the best performance because it produced the 

highest accuracy (0.83) and the best balance of precision, 

recall, and F1-score compared to Decision Tree and 

XGBoost.  

The superior performance of the Random Forest model 

can be attributed to its ensemble learning mechanism, which 

combines multiple decision trees to produce more stable 

predictions. Unlike a single decision tree that may overfit the 

training data, Random Forest reduces variance by 

aggregating predictions from many trees. This capability 

allows the model to capture more complex relationships 

between variables such as attendance rate, exam score, and 

assignment completion, which are important indicators of 

student learning performance. 

Table 16 displays the detailed classification results for 

each model, organized by performance category. The table 

includes precision, recall, and F1-score for each class label, 

providing further insight into how well each model 

distinguished High-, Medium-, and Low-performing 

students. 

Table 16. Per-Class Evaluation Metrics for Each Model 

Model Class Precision Recall 
F1-

score 
Support 

Decision 

Tree  

High 0.71 1.00 0.83 5 

Low 0.80 0.67 0.73 6 

Medium 0.83 0.77 0.80 13 

Random 
Forest  

High 1.00 0.80 0.89 5 

Low 1.00 0.50 0.67 6 

Medium 0.76 1.00 0.87 13 

XGBoost 

High 0.83 1.00 0.91 5 

Low 0.75 0.50 0.60 6 

Medium 0.79 0.85 0.81 13 

It can also be observed that the dataset contains a larger 

number of samples in class 2 compared to the other classes. 
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As a result, the models tend to perform better in predicting 

this category because more training examples are available 

for learning its patterns. This imbalance in class distribution 

may influence the predictive performance of the models and 

should be considered when interpreting the results. 

In all three models, the Medium class received the highest 

support because it represented the majority of student 

records. The High and Low classes, being smaller subsets, 

exhibited greater variation in recall values across models. 

To highlight patterns and trends across the outcome 

categories, several figures were generated from the 

evaluation metrics. The result illustrates the comparative 

accuracy of the three models, clearly showing Random Forest 

as the strongest performer. The result also presents the 

precision, recall, and F1-score of each model, allowing 

clearer visualization of how consistently each algorithm 

predicted across all outcome categories. Confusion matrices 

were also generated to provide deeper insight into model 

misclassifications and to show how each model performed 

when predicting specific outcome levels. These figures 

collectively support the numerical findings and allow clearer 

observation of model behavior across the different student 

outcome categories. 

 
Figure 2. Random Forest Confusion Matrix 

Figure 2. presents the confusion matrix for the Random 

Forest model, illustrating how the model classified student 

performance categories. The results show that the model 

correctly classified 4 out of 5 instances in class 0, with one 

instance misclassified as class 2. For class 1, the model 

correctly predicted 3 instances, while the remaining 3 were 

misclassified as class 2. The model demonstrated the 

strongest performance for class 2, correctly classifying all 13 

instances without misclassification. These results indicate 

that the model is particularly effective in identifying students 

in the highest performance category, while some confusion 

occurs between the middle and higher performance 

categories. This may be attributed to similarities in feature 

patterns among these groups, such as comparable exam 

scores, attendance rates, or assignment completion levels. 

The experimental results demonstrate that Random Forest 

produced the most reliable predictions for student category 

prediction. This model consistently outperformed both 

Decision Tree and XGBoost in overall accuracy and F1-

score, suggesting that its ensemble-based structure enabled 

stronger generalization across the varied demographic, 

academic, and learning behavior features in the dataset. In 

contrast, Decision Tree and XGBoost achieved similar levels 

of predictive effectiveness but did not match the stability and 

overall performance produced by Random Forest. These 

results are consistent with prior research indicating that 

ensemble methods frequently outperform single-tree 

baselines in educational data mining tasks, as they reduce 

overfitting and capture complex relationships among features 

more effectively. 

Although the results demonstrate promising predictive 

performance, it should be noted that the dataset used in this 

study contains only 120 student records. While the models 

were able to identify meaningful patterns within this dataset, 

the relatively small sample size may limit the generalizability 

of the results to larger educational contexts. Future research 

could incorporate larger datasets and additional learning 

variables to further validate the effectiveness of the proposed 

approach. 

Further analysis reveals that the Medium outcome 

category was predicted with the highest consistency, which is 

expected due to its larger representation in the dataset. 

Conversely, the Low outcome category presented the greatest 

challenge for all models, as reflected in lower recall values, 

indicating that some low-outcome students were 

misclassified into other categories. This pattern is commonly 

observed in classification problems where minority classes 

have fewer representative samples for training, resulting in 

higher misclassification rates. The difficulty in identifying 

low-outcome students with high recall is particularly 

important for schools, as these students are typically those 

who require earlier academic support and closer monitoring. 

This finding reinforces the need for larger, more diverse 

datasets and potentially the inclusion of longitudinal 

indicators to improve sensitivity in identifying students in 

lower outcome categories. 

When comparing the three models, the Decision Tree and 

XGBoost models achieved similar accuracy values of 0.7917. 

However, both models were slightly outperformed by 

Random Forest in terms of overall accuracy and F1-score. 

This finding suggests that ensemble-based methods may 

provide a more robust baseline for student performance 

prediction tasks, particularly when working with structured 

educational datasets containing multiple feature types. 

Connecting these findings to the broader motivation 

discussed in the Introduction, this study confirms that 

lightweight machine learning pipelines can support data-

driven educational analysis in resource-limited schools. The 

strong performance of Random Forest demonstrates that 

open-source, non-complex models can yield meaningful 

categorization insights and help educators identify learning 

patterns and potential academic risks. Furthermore, the 

successful implementation of preprocessing, model training, 

and evaluation procedures validates the feasibility of 

applying machine learning techniques for structured student 

category prediction in school environments.  

 
Figure 3. Decision Tree Model Pipeline 
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Figure 4. Random Forest Model Pipeline 

 

 
Figure 5. XGBoost Model Pipeline 

 

 
Figure 6. Model Pipelines w/transformer 

 

 
Figure 7. Machine Learning Model Evaluation 

Despite the promising results, this study acknowledges 
several limitations. The dataset, although representative in 
structure, remains limited in size and diversity. Additionally, 
only baseline models were tested, and no hyperparameter 
optimization or advanced feature engineering techniques were 
applied. Future research should incorporate longitudinal data, 
larger and more varied student samples, and more 
sophisticated machine learning models to enhance predictive 
accuracy and model generalization. Nonetheless, the findings 
contribute meaningfully to the ongoing development of 
practical, reproducible, and accessible ML frameworks for 
smaller educational institutions. 

V. CONCLUSION 

This study evaluated the effectiveness of several machine 
learning algorithms for predicting student performance 
categories as a foundation for personalized curriculum design. 
Using a dataset consisting of 120 student records from 
Independent School Batam, three models, which are Decision 

Tree, Random Forest, and XGBoost were implemented and 
compared using evaluation metrics including accuracy, 
precision, recall, and F1-score. The experimental results 
indicate that the Random Forest model achieved the best 
overall performance, with an accuracy of 0.83 and an F1-score 
of 0.82. These findings demonstrate that ensemble-based 
learning methods are effective in capturing complex 
relationships among student-related variables such as 
academic performance, attendance, assignment completion, 
and participation levels. 

Further analysis using the confusion matrix revealed that 
the Random Forest model performed particularly well in 
identifying students in the higher performance category, 
correctly classifying all instances in that class. Some 
misclassifications were observed between the medium and 
higher performance categories, which may be attributed to 
similarities in learning behavior and academic indicators 
among these groups. Nevertheless, the overall classification 
performance suggests that machine learning techniques can 
provide meaningful insights into student learning patterns. 

From a practical perspective, the results highlight the 
potential of machine learning models to support data-driven 
decision-making in educational environments. By identifying 
patterns associated with student performance, schools can use 
predictive insights to design more personalized learning 
strategies and targeted academic interventions. Such 
approaches may help educators better support students with 
varying learning needs and improve overall educational 
outcomes. 

Despite these promising results, this study is subject to 
certain limitations. The dataset used in the experiments 
contains only 120 student records, which may limit the 
generalizability of the findings to larger educational settings. 
Future research could expand the dataset to include more 
students, incorporate longitudinal academic data, and explore 
additional machine learning techniques to further improve 
predictive performance and practical applicability in 
educational analytics. 
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