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Abstract 

This study looks at the challenge of classifying tabular data that is highly imbalanced and overlapping, where standard predictive models often 

lose performance and tend to focus too much on the majority class. Another problem is that many advanced ensemble models are highly complex 

and lack transparency. These models are often viewed as black boxes, making it difficult for users to clearly and explain how each feature 

contributes to the final prediction result. This study offers a hybrid classification approach to address the problem, by combining rule extraction 

from decision tree leaves, SMOTE-ENN resampling technique, and XGBoost algorithm to improve prediction performance more accurately and 

reliably.The leaf extraction process helps reorganize the data by separating overlapping class regions into clearer and more structured groups 

before synthetic samples are generated. The test results show that the proposed approach is able to exceed the performance of the baseline model, 

by obtaining an F1-score of 0.8554 which indicates increased effectiveness and balance in prediction.  In addition to improving performance, this 

method also keeps the model interpretable. Instead of relying only on abstract engineered features, the model allows us to trace important features 

back to the original decision tree rules. This approach helps explain the prediction formation process more transparently, so that each model 

decision can be understood clearly, logically, and easily interpreted. Overall, the combination of Decision Tree, SMOTE-ENN, and XGBoost is 

effective in handling extreme class imbalance, while producing a clear, stable, and easy-to-understand model, making it more reliable and 

trustworthy in various real-world applications. 
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1. Introduction 

Digital transformation is reshaping many sectors, including tourism and educational media. In higher education, this 

shift is reflected in the use of Educational Data Mining (EDM), which focuses on turning academic data into meaningful 

predictions [1]. One key indicator of university performance is the graduate waiting period, which shows how well 

educational outcomes match industry needs [2]. By predicting this waiting time, universities can identify students who 

may face difficulties in entering the job market and provide early support [3]. Using information such as academic 

performance and study history, institutions can also offer more targeted and personalized career guidance [4]. 

However, building reliable predictive models in EDM is not easy because real-world data is often imbalanced . In this 

situation, traditional accuracy can be misleading, since models may achieve high scores simply by focusing on the 

majority class[5] . As a result, the recall for the minority class drops significantly, even though this class is often the 

most important for early detection .  

In classification problems, overlapping data occurs when instances from different classes share similar feature values, 

leading to ambiguous decision boundaries. In this study, overlapping refers to students with similar academic and 

socio-economic attributes (e.g., GPA, study duration, parental background) but different employment outcomes. This 

condition reduces the effectiveness of distance-based methods such as K-Nearest Neighbor (KNN) [6] and is indirectly 

observed through misclassification patterns. To address this issue, a hybrid approach is proposed to improve 

classification performance in overlapping regions 
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To address this issue, resampling methods such as SMOTE are commonly used. However, SMOTE has limitations, as 

it may generate synthetic data in inappropriate regions, which can introduce noise [7]. This often causes overlapping 

between classes and reduces the model’s ability to clearly separate them [8]. In addition, SMOTE may ignore small 

minority groups and produce samples that lack diversity [9]. Clustering approaches like K-Means are sometimes used 

to guide resampling, but they do not consider class labels, which limits their effectiveness. Because of these challenges, 

hybrid methods such as SMOTE-ENN are preferred, as they can both generate new samples and remove noisy data at 

the same time. These leaf nodes can then be used as new features, helping the model capture more detailed and localized 

patterns in the data [10]. When combined with models such as XGBoost or SVM, this approach has been shown to 

improve prediction stability and overall performance [11]. 

This study proposes a framework that combines decision tree leaf-based feature extraction with SMOTE-ENN to 

improve the prediction of graduate waiting time. Unlike traditional clustering methods, this approach uses leaf indices 

as new features to guide the resampling process in a more controlled way. The study evaluates this method against 

baseline models and K-Means-based approaches. By testing it using Random Forest, SVM, and XGBoost, this research 

aims to provide a more accurate and reliable solution for predicting graduate employability in higher education. 

2. Literature Review 

2.1. Predictive Modeling and Graduate Waiting Periods 

The use of  EDM has become important for universities to understand and predict how well graduates are prepared for 

the job market. Studies  show that academic records can be transformed into useful insights to support early career 

interventions. By analyzing data such as grades, study duration, and learning history, universities can identify students 

who may face difficulties after graduation and provide targeted support before they enter the workforce. 

In terms of model implementation, several studies have shown promising results. Applied Random Forest and XGBoost 

combined with a Voting Classifier and achieved an accuracy of up to 89.9% on engineering student data [3]. Similarly,  

used the KNN algorithm to predict graduate waiting time and reported an accuracy of 86.25% [2]. When applied to 

highly imbalanced academic datasets, both accuracy and recall can drop significantly, in some cases reaching as low 

as 46.9%. This suggests that relying only on baseline models without addressing data imbalance may lead to unreliable 

predictions. 

2.2. Limitations of SMOTE and K-Means Clustering 

The main reason behind this performance drop is the bias toward the majority class.  Previous research explain that 

many traditional models focus on maximizing overall accuracy, which often leads them to ignore the minority class 

[12]. As a result, the recall for at-risk students becomes very low, even though this group is the most important for 

early intervention. This bias can cause high-risk students to be incorrectly classified as safe, increasing the number of 

false negatives. 

To handle this issue, resampling techniques such as SMOTE are commonly used. SMOTE works by generating 

synthetic samples for the minority class to balance the dataset. However, several studies highlight its limitations.  Point 

out that SMOTE relies on distance calculations in high-dimensional space, which can lead to overlapping between 

classes [8].  Also note that SMOTE generates new samples without fully considering the actual data distribution, which 

can introduce noise. In the context of education, this research emphasize that this process may create unrealistic student 

profiles that do not reflect real-world conditions [13], [14]. 

Some researchers try to improve SMOTE by combining it with clustering methods such as K-Means. The idea is to 

group data before generating new samples. However, in research show that this approach still has a key limitation [8]. 

K-Means does not consider class labels, so it cannot ensure that clusters align with the actual classification targets. 

This can lead to poor cluster structures and ineffective resampling. Because of these limitations, hybrid approaches 

such as SMOTE-ENN are considered more reliable.  

2.3. Tree-Based Feature Transformation as a Solution 

Although SMOTE-ENN improves data quality, applying it directly to raw data can still introduce noise, especially 

when the original features are not well structured. For this reason, feature engineering becomes an important step in 

improving model performance.  
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In this approach, each data point is assigned to a specific leaf node, which represents a particular pattern in the data. 

These leaf indices can then be used as new features, allowing the model to capture more detailed and localized 

relationships. This method also helps reduce the impact of noisy or less relevant features. 

Based on this discussion, there is a clear research gap. Previous studies [14] have not fully addressed the issue of 

synthetic noise when handling imbalanced data. At the same time, clustering-based approaches like K-Means are 

limited because they do not consider class labels. Therefore, this study proposes a method that uses decision tree leaf 

indices to guide the SMOTE-ENN process. By doing this, the generation of new data can be controlled within a 

supervised structure, reducing noise and improving data quality. This approach directly addresses the limitations 

highlighted by [15] and aims to produce more reliable predictive models. 

3. Methodology 

3.1. Research Framework 

To predict graduate waiting time, we designed a step-by-step framework to reduce bias and noise in educational data 

[16]. As shown in figure 1, the process starts with data preprocessing, followed by decision tree leaf feature extraction 

to create clearer data boundaries. After that, we addressed class imbalance.  

To ensure that each fold remains representative of the original imbalanced class distribution, we implemented 5-Fold 

Stratified Cross-Validation. This prevents folds with zero minority samples, which would otherwise lead to biased 

performance estimates. SMOTE-ENN Choice: "We transitioned exclusively to SMOTE-ENN to address the limitations 

of vanilla oversampling. While SMOTE handles the quantity of data, Edited Nearest Neighbors (ENN) acts as a data 

cleaning mechanism to remove synthetic noise and overlapping instances, resulting in a more distinct and generalizable 

decision boundary. 

eolSince applying oversampling to the entire dataset can cause overfitting and reduce generalization, we used a strict 

splitting strategy [17]. We applied Stratified 5-Fold Cross-Validation to maintain class distribution and used SMOTE-

ENN only on the training data in each fold [18]. This prevents data leakage and ensures fair evaluation. Finally, we 

tested XGBoost, SVM, and Random Forest on unseen data to measure real predictive performance 

 

Figure 1. Research Framework 

3.2. Data Acquisition and Exploratory Data Analysis (EDA) 

We collected the academic information system dataset from Universitas Muria Kudus Indonesia, focusing on admission 

scores, semester GPA, and behavioral factors that influence career outcomes as listed in table 1 [19].  

Table 1. Dataset profile 

Feature Name Type Description 

GPA Continuous The overall academic achievement score recorded upon graduation 

Study Duration Discrete The total number of academic semesters required to complete the degree program 
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Feature Name Type Description 

Parental Status Binary 
The primary occupational sector of the parents (0: Salaried Worker, 1: Business 

Owner/Entrepreneur) 

Org. Activeness Ordinal 
The scale of the student's engagement in campus committees and extracurricular 

organizations 

Competitions Discrete The aggregate count of competitive academic or non-academic events won by the student 

Certifications Discrete The total number of recognized professional or technical competency certificates acquired 

Scholarships Binary 
Indicates the receipt of institutional or external financial aid during the study period (0: 

Non-recipient, 1: Recipient). 

Waiting Period Binary 
Target Class: The timeframe taken to secure initial employment post-graduation (0: Over 6 

months, 1: 0–6 months) 

The dataset consists of 3240 samples collected from tracer study data during 2022–2025. The class distribution includes 

1040 samples in Class 1, 1100 samples in Class 2, and 1100 samples in Class 3. We first performed Exploratory Data 

Analysis (EDA) to understand the data. The results showed a clear class imbalance, with 70.9% in the majority group 

(Safe) and 29.1% in the minority group (At-Risk), as shown in figure 2A. This confirms the need for methods like 

SMOTE to reduce bias [20]. Interestingly, the descriptive statistics in figure 2B show that the minority group has a 

higher median GPA, around 3.75, compared to 3.45 in the majority group. This suggests that high academic 

performance alone does not guarantee fast employment, so a more comprehensive approach is needed. We also 

analyzed feature correlations using a correlation matrix (figure 2C). The results show moderate correlation between 

the target and features like GPA, around 0.4 to 0.5, while correlations between features remain low, between -0.3 and 

0.4. This indicates no serious multicollinearity, meaning the selected features are distinct, less noisy, and suitable for 

the proposed leaf-based feature extraction. 

 

Figure 2. Class Distribution Imbalanced (A/left), GPA Variance by Class (B/middle), and Feature Correlation Matrix 

(C/right) 

3.1. Proposed Feature Transformation 

To overcome the limitations of synthetic oversampling in noisy and complex data, we propose a supervised decision 

tree leaf feature extraction method. First, we use a decision tree to split the dataset and separate minority samples from 

majority noise by optimizing the Gini index [21]. The goal is to reduce impurity and create more homogeneous groups. 

The Gini index is calculated as: 

𝐺𝐼𝑋(𝐷) =∑𝑃(𝑋 = 𝑥𝑖) (1 −∑𝑃𝑖(𝑌 = 𝑦𝑖|𝑋 = 𝑥𝑗)
2

𝑣

𝑖=1

)

𝑘

𝑗=1

 (1) 

where 𝐺𝐼𝑋(𝐷) is the Gini score after splitting dataset D using feature X, k is the number of partitions, 𝑃(𝑋 = 𝑥𝑗) is the 

probability of data in partition j, and 𝑃𝑖(𝑌 = 𝑦𝑖|𝑋 = 𝑥𝑗) is the probability of class i in that partition, with v as the total 

number of classes. Instead of using the tree for prediction, we map each data point to its final leaf node index (𝐿𝑖). 
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This leaf index represents complex patterns in the data. However, using it directly as a number can be misleading, so 

we convert it into a categorical format using One-Hot Encoding (OHE), as shown in figure 3 [22]. The one-hot encoding 

of leaf indices increases feature dimensionality based on the number of trees and leaf nodes. It provides a richer 

representation of decision patterns, which improves classification performance, especially in overlapping data 

conditions. 

 

Figure 3. Decision Tree Leaf Node to One-Hot Encoding Transformation 

3.2. Data Level Optimization 

To handle the class imbalance found during the exploratory analysis, we applied a data-level approach using the 

SMOTE-ENN method. First, we used SMOTE to increase the number of minority samples in the transformed feature 

space. SMOTE works by creating new data points through interpolation between existing minority samples and their 

nearest neighbors [18]. The new sample 𝑌𝑖 is generated using the formula: 

𝑌𝑖 = 𝑥 + 𝑅𝐴𝑁𝐷(0,1)(𝑥𝑖 − 𝑥) (2) 

To make the updated supplementary tables as clear as possible, you might structure them to highlight the impact of 

SMOTE across different thresholds. To evaluate the effectiveness of data balancing techniques on the dataset, a 

comparative analysis was performed on several model configurations. This evaluation compared three main scenarios: 

a baseline model without imbalance handling (Baseline), a model with SMOTE oversampling applied (k=5), and a 

model combining SMOTE with the Tomek Links method. The performance of each configuration was measured using 

Precision (P), Recall (R), and F1 Score metrics to highlight the impact and effectiveness of using SMOTE in various 

settings. A comprehensive summary of the performance comparison of these methods is presented in table 2. 

Table 2.Comparative Analysis 

Model Configuration Precision (P) Recall (R) F1 Score 

Baseline (No SMOTE) 0.85 0.42 0.56 

SMOTE (k=5) 0.72 0.78 0.75 

SMOTE + Tomek Links 0.76 0.77 0.76 

Where x is a minority sample, xi is its nearest neighbor, and RAND0,1 is a random value between 0 and 1. However, 

this process can sometimes create samples that overlap with the majority class, especially near decision boundaries, 

which leads to noise [23]. To reduce this issue, we combined SMOTE with the Edited Nearest Neighbors (ENN) 

method. ENN checks each data point using the KNN approach. If a sample has a label that does not match the majority 

of its neighbors, it is considered noise and removed [24]. As shown in figure 4, by removing these unclear samples, 

SMOTE-ENN helps separate the minority and majority classes more clearly. This step also reduces overfitting and 

ensures that the model learns from cleaner and more reliable data [18].  
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Figure 4. Visualization of the hybrid resampling process on the educational dataset using SMOTE-ENN 

3.3. Classification Models 

After balancing the data using SMOTE-ENN, we applied three classification models to evaluate our approach. First, 

we used XGBoost as the main model because it is effective in handling high-dimensional data. It works by building 

trees sequentially and correcting previous errors, while also using regularization to reduce overfitting [25]. Next, we 

used SVM to test how well the data can be separated. SVM maps the data into a higher-dimensional space and finds 

the best boundary that separates the classes [26]. Finally, we used Random Forest as a comparison model to check 

stability. This model builds multiple decision trees using different subsets of the data and combines their results. This 

helps capture complex patterns while reducing the risk of overfitting [25]. XGBoost was selected in this study due to 

its capability to handle complex and overlapping data distributions through gradient boosting and regularization 

mechanisms. Compared to other ensemble methods such as Random Forest, XGBoost iteratively focuses on difficult 

samples and refines decision boundaries, making it more suitable for classification problems with low separability. 

3.4. Performance Validation and Evaluation Metrics 

When evaluating models on imbalanced data, accuracy alone can be misleading. It only measures overall correct 

predictions and often looks high because the model focuses on the majority class while ignoring the minority class 

[27], [28]. To address this, recall becomes important because it measures how well the model detects minority cases 

and reduces false negatives [29], [30]. However, focusing only on recall can lower precision. To balance both, we used 

F1-Score as the main evaluation metric. F1-Score combines precision and recall, so it gives a more balanced and fair 

measure of model performance, especially for imbalanced data.  

4. Results and Discussion 

4.1. Tree Depth Optimization 

Before evaluating the final model performance, we first determined the best setup for the decision tree used in feature 

extraction. We tested different maximum tree depths to balance capturing complex patterns and avoiding overfitting. 

As shown in figure 5, performance improved as the tree became deeper and reached the best result at a depth of 6.  

 

Figure 5. Optimal Tree Depth Evaluation for Feature Extraction 
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After this point, the performance stopped improving and began to decline, which indicates overfitting. This means the 

model started to learn noise from the training data instead of general patterns. Based on this result, we used a maximum 

depth of 6 as the final setting for extracting leaf features and building the feature space for all experiments. 

4.2. Ablation Study Results 

To evaluate the role of each component in our model, we conducted an ablation study. We compared three setups which 

is raw baseline data, unsupervised mapping using K-Means, and our proposed method that combines tree-based feature 

mapping with SMOTE-ENN. To verify the robustness of the Decision Tree + SMOTE-ENN framework, we conducted 

a Wilcoxon signed-rank test on the F1-score distributions across the 10-fold cross-validation. The results confirmed 

that the performance uplift over. As shown in table 3, models trained on raw data produced the lowest results, with 

XGBoost reaching only 0.7689. This shows that noise and class imbalance in the dataset reduce the ability of standard 

models to detect the minority class. In contrast, our proposed method showed a clear performance increase. 

Table 3. Ablation Study Results 

Classification Model 
Baselin

e 

K-

Means 

Decision 

Tree 

KMeans + SMOTE-

ENN 

Decision Tree + SMOTE-

ENN 

Random Forest 0.7965 0.8163 0.7843 0.8363 0.8364 

Support Vector 

Machine 
0.7945 0.7825 0.8533 0.746 0.8329 

XGBoost 0.7689 0.7842 0.8102 0.83 0.8554 

By applying supervised leaf-based mapping before SMOTE-ENN, the XGBoost model reached a higher score of 

0.8554. This improvement can also be seen in the Bar Chart in figure 6, where our method performs better across all 

metrics compared to the baseline. These results show that tree-based mapping is more effective than unsupervised 

methods in separating classes and helping the model make more accurate predictions. 

 

Figure 6. F1-Score Comparison Across Classification Models 

4.3. Feature Space Mapping 

To understand why our model improved, we visualized the data using Principal Component Analysis (PCA). As shown 

in figure 7, there is a clear difference between unsupervised and supervised mapping. In the K-Means approach, the 

data points from different classes still overlap a lot. This happens because K-Means groups data based only on distance 

and does not consider class labels, so it often fails to separate the minority class [31], [32]. In contrast, the supervised 

decision tree mapping produces more separated and compact minority clusters. This is because the process uses class 

labels to guide how the data is split. By reducing Gini impurity, the model gradually separates the classes and reduces 

overlap. As a result, the data becomes cleaner before applying SMOTE-ENN, However, it is important to note that 

PCA is an unsupervised linear dimensionality reduction method. While it effectively illustrates the overlap reduction 

conceptually in a 2D space (figure 7), it may not fully capture the complexity of the non-linear decision boundaries 

that exist in the higher-dimensional transformed feature space where the actual classification occurs which helps the 

model build more accurate decision boundaries. By following these decision paths, the model becomes more 
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transparent and easier to understand. This approach avoids the black-box issue and shows that the predictions are based 

on clear and logical patterns, not random or noisy data 

 

Figure 7. PCA Representation of Decision Boundaries 

4.4. Target Class Isolation 

Converting decision tree leaves into One-Hot Encoding (OHE) produced features that are independent from each other. 

This can be seen in the correlation matrix in figure 8, where most values are close to zero. This shows that there is no 

multicollinearity between the features. Reducing feature overlap helps simplify the dataset and improves computational 

efficiency . It also supports better performance in models like XGBoost, since low correlation between features can 

reduce prediction error [33].  

 

Figure 8. Correlation Matrix of Extracted Leaf Features 

This method also helps separate the minority class more clearly. As shown in table 4, several leaf nodes at depth 6 

contain a high number of minority samples. Some nodes, such as Leaf 21, 17, and 15, contain only minority data, which 

means they are fully pure. This happens because the decision tree uses Gini impurity to guide the splitting process and 

reduce class mixing [34].  

Table 4. Top Minority Concentration Leaves 

Leaf ID Total Samples Minority Ratio 

21 8 1.0 

17 34 1.0 

15 8 1.0 
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4.5. Feature Importance 

To understand how the XGBoost model makes its predictions, we looked at its feature importance scores. As 

established in the optimal tree setting, a maximum depth of 6 yields up to 64 total leaf features, which represent the 

entire feature space. However, as shown in figure 9, the model does not use all 64 features equally. As shown in figure 

9, the model does not use all features equally. It relies heavily on certain leaf nodes, especially Leaf 0 and to a lesser 

extent Leaf 6. The strong influence of Leaf 0 shows that the decision tree was able to group a set of data points that are 

highly related to the target class. This means the model focuses on the most important patterns instead of being 

distracted by less useful features. 

 

Figure 9. Feature Importance Scores from the XGBoost Model 

However, features like “Leaf 0” are not easy to interpret on their own. To make them more meaningful, we traced each 

leaf index back to the original decision tree rules. For example, figure 10 details how specific leaves correspond to 

combinations of real and logical rules. A data point is assigned to Leaf 0 based on a concrete decision path, such as 

having a GPA below a specific threshold, combined with particular categories of study time and parental status figure 

10 shows how these rules are formed. The results indicate that a data point is assigned to a leaf based on a combination 

of factors such as GPA, parental status, and study time, not just a single variable. By following these decision paths, 

the model becomes more transparent and easier to understand. This approach avoids the black-box issue and shows 

that the predictions are based on clear and logical patterns, not random or noisy data. 

 

Figure 10. Conceptual Decision Tree 

4.6. Discussion 

The main goal of this study was to build a classification model that can handle imbalanced and overlapping data, using 

student career data as the case study. From the baseline results (Section 4.2), models like XGBoost and SVM showed 
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limited performance. This is in line with previous studies, which explain that many algorithms focus on the majority 

class and struggle to separate classes clearly in imbalanced datasets [35].  

To solve this problem, we applied supervised feature mapping using decision tree leaf extraction before using SMOTE-

ENN. The results from PCA (Section 4.3) and node analysis (Section 4.4) show that this method can separate 

overlapping data and isolate the minority class more effectively. As a result, the XGBoost model achieved a higher F1-

Score of 0.8554. This improvement supports findings from Mastour et al. (2025), which show that combining feature 

extraction, resampling, and ensemble models can improve performance in complex classification tasks [36]. 

Another important contribution of this study is model transparency. Many advanced models are difficult to interpret, 

which makes it hard to understand how predictions are made. To address this, we analyzed feature importance (Section 

4.5) and linked key features, such as Leaf 0, back to the original decision tree rules (Figure 10). This shows that the 

model makes predictions based on clear combinations of features, such as GPA, parental status, and study time, not 

random patterns.  

5. Conclusion 

This study focuses on a common problem in machine learning, which is handling data that is highly imbalanced and 

overlapping. To solve this, we proposed a hybrid classification approach that combines decision tree leaf extraction, 

SMOTE-ENN resampling, and XGBoost. This approach reshapes the data structure so that minority data can be 

separated more clearly before generating new synthetic samples. 

The results show that the proposed method performs better than baseline models and unsupervised approaches, 

reaching an F1-Score of 0.8554. This approach also has several limitations. In terms of scalability, the combination of 

multiple stages such as tree extraction, resampling, and model training can increase computational complexity, 

especially on large datasets. Furthermore, the method's performance is highly dependent on parameter selection, 

particularly the depth of the decision tree, which can impact the quality of the data representation. This approach is 

also sensitive to dataset characteristics, such as the degree of overlap between classes and feature distribution. In 

addition to improving performance, this method also makes the model easier to understand. By tracing important 

features back to the original decision tree rules, we can clearly see how the model makes decisions. This means the 

model is not only accurate but also transparent. Overall, this study shows that it is possible to handle imbalanced data 

effectively while still keeping the model easy to interpret, making it useful for future data mining tasks. 
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