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Abstract

Extreme class imbalance in education data causes classification models to tend to only
recognize students who are still in school and fail to detect students who are not in school,
even though this group is the one most in need of intervention. This study aims to develop a
classification model capable of identifying educational vulnerability in school-age children with
a data imbalance ratio of approximately 1:48. Four boosting methods were tested, namely
AdaBoost-M2, SMOTEBoost, RBBoost, and RUSBoost using a Stratified 5-Fold Cross
Validation scheme. Model performance was evaluated using metrics relevant to imbalanced
data, including sensitivity, specificity, balanced accuracy, and Area Under Curve (AUC).
The results show that SMOTEBoost L50 with a threshold of 0.50 is the best model with a
sensitivity of 0.8824, balanced accuracy of 0.7474, and AUC of 0.7745, making it the most
effective in detecting vulnerable students without an extreme drop in accuracy. Feature
importance analysis revealed that education level or class was the most dominant predictor,
followed by household size and frequency of internet use. Overall, this approach offers strong
potential to be applied as an early detection system to support more targeted educational
interventions for children at risk of dropping out of school.

Keywords: boosting; class imbalance; educational vulnerability; SMOTEBoost; student dropout
detection.

Copyright © 2025 by Authors, Published by CAUCHY Group. This is an open access article
under the CC BY-SA License (https://creativecommons.org/licenses/by-sa/4.0)

1 Introduction

Education is a fundamental aspect that determines the quality of human resources and serves
as an essential foundation for employment opportunities and social mobility. The Indonesian
government has implemented a 12-Year Compulsory Education program to ensure equal access
to education for all children [1]. However, this policy has not fully addressed disparities in
educational access across regions. Data from the Central Statistics Agency (BPS) indicate that
some adolescents aged 13-18 years remain vulnerable to educational exclusion, either due to the
risk of not attending school or discontinuing schooling altogether [2]. Previous studies suggest that
educational vulnerability is strongly influenced by socio-economic factors, particularly among
low-income households, families whose heads work in the informal sector, and communities
residing in areas with limited educational infrastructure [3].
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Educational vulnerability is not only associated with formal access to schooling but also
encompasses households’ capacity to bear indirect educational costs, such as transportation,
learning materials, and access to technology that supports the learning process [4]. Adolescents
who face barriers to education tend to have lower literacy levels and limited competencies, which
reduces their opportunities to obtain employment in the formal sector and increases the risk
of being trapped in low-income jobs [5]. This situation systematically reinforces the cycle of
intergenerational poverty and poses a major challenge to achieving the Sustainable Development
Goals (SDGs), particularly Goal 4 on inclusive and quality education [6].

The National Socioeconomic Survey (SUSENAS) provides comprehensive and nationally
representative household-level data that are highly relevant for analyzing educational vulnerability
in Indonesia. Key variables include ownership of the Indonesia Smart Card (KIP), participation
in the Indonesia Smart Program (PIP), housing conditions, asset ownership, literacy skills,
internet access, and school characteristics. These indicators collectively offer a multidimensional
representation of the factors influencing adolescents’ schooling status. SUSENAS-based analysis
enables systematic and objective identification of vulnerable youth groups, thereby supporting
evidence-based policy formulation and targeted educational interventions.

Modeling educational vulnerability presents a significant methodological challenge due to
severe class imbalance [7]. Empirically, the proportion of adolescents who are not attending
school is substantially smaller than that of those who remain enrolled, resulting in a minority
class that is underrepresented in the data. This imbalance causes conventional classification
algorithms to favor the majority class, leading to poor sensitivity or low recall in detecting
minority-class observations [8]. Such prediction failures are particularly critical in public policy
contexts, as misclassification of vulnerable individuals may result in ineffective targeting and
exacerbate existing social inequalities [6].

Boosting methods have been developed to address imbalanced data in various domains, such
as health, fraud detection, and security systems. However, their application in the context of
educational vulnerability remains limited, particularly in studies utilizing SUSENAS data as
a source of socio-economic information. This limitation indicates an important research gap
that warrants further investigation. Accordingly, this study aims to fill this gap by developing
an educational vulnerability classification model using several boosting algorithms specifically
designed to address class imbalance. In addition, this study seeks to provide empirical insights
into the socio-economic factors that most strongly influence the risk of adolescents not attending
school. The findings are expected to support the formulation of more targeted and effective
educational policies for adolescents who are most vulnerable to educational exclusion.

2 Methods

2.1 Data

This study utilizes data from the 2024 National Socioeconomic Survey (SUSENAS) conducted
by the Central Statistics Agency (BPS). The dataset is employed to analyze the socio-economic
profiles of households and individuals in relation to educational vulnerability, referred to in this
study as the Education Vulnerability Level. The dataset contains information on educational
status, demographic characteristics, and household socio-economic conditions that are closely
associated with educational participation. The unit of analysis in this study is individuals aged
13—-18 years were selected, representing the secondary education age group. After completing
data cleaning, age filtering, and variable selection stages, a total of 2,781 observations were
obtained. The dataset consists of 17 independent variables and one dependent variable, namely
school participation status.
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Table 1: Research variables

Variables Information Scale

Y School participation status Binary
X1 Amount of PIP assistance Ratio
X5 Number of household members Ratio
X3 Sources of household financing Nominal
Xy Savings account ownership Binary
X5 Asset/home ownership Binary
X6 Ability to read Latin letters Binary
X7 Ability to read Arabic/Hijaiyah letters Binary
Xg Ability to read other letters Binary
Xo Internet usage at home Binary
X10 Schooling status in the previous academic year Nominal
X11 Highest level/class of education ever/currently attended Ordinal
X2 School status Binary
Xi3 Ownership of the Smart Indonesia Card (KIP) Nominal
X4 Experience using the internet Binary
X5 Frequency of internet use Ratio
X1 Type of residential area Binary
X17 Ownership of another house by head of household/spouse/child  Binary
Xis Respondent’s marital status Nominal
Xi9 Respondent’s gender Binary

2.2 Research Stages
2.2.1 Data Preparation

Data preparation involved normalization, removal of problematic features, and transformation of
the target variable into binary classes. To ensure balanced class distribution during the modeling
process, the dataset was divided using Stratified 5-Fold Cross Validation, which preserves the
proportion of each class across all folds prior to model training [9].

2.2.2  Data Ezploration

Initial data exploration was conducted to examine the imbalanced class structure and to identify
variables that exhibit strong associations with the target variable. This step aims to understand
the underlying data characteristics and to assess the severity of class imbalance, which necessitates
the application of class imbalance handling techniques and feature selection prior to model
development.

2.2.8 SMOTEBoost

SMOTEBoost combines the AdaBoost ensemble learning mechanism with synthetic minority
oversampling using the Synthetic Minority Over-sampling Technique (SMOTE) at each boosting
iteration. This integration produces a more balanced class distribution during the training
process. The SMOTEBoost predictor generates class labels based on weighted log-likelihood weak
learners at each boosting iteration [10]. The SMOTEBoost procedure consists of the following
steps:

1. Identifying minority class samples.

o

Generating synthetic samples using SMOTE.

©w

Combining real and synthetic data.

-

Each weak learner uses a decision tree of maximum depth two (depth = 2), with sample
weights updated at each iteration.
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108 5. Calculate the error and update the distribution weights with the formula:

€

109 8= T

110 6. Updating weights by going through the equation
. D; + D, - 6(1—P(h(xi):yi)) (2)

112

s 2.3 AdaBoost-M2

114 AdaBoost-M2 is implemented using two main functions, namely AdaBoostM2() which runs the
115 boosting process by adjusting the weights based on the pseudo-loss function, and AdaBoost-
116 M2_predict [11] which produces the final prediction using the aggregation of weak learners’
117 weights.

118 In the boosting iteration, the following stages are carried out:

119 1. Initializing the initial sample weights uniformly.

120 2. Training a weak learner (decision tree with depth 2) using sample weights.
121 3. Calculating the pseudo-loss using the following formula:

N
comy X 3 Dilioy) (1= o) + helaisy) (1)

=1 y#y;
123 4. Calculating the model weight:

124 ap =1In (1 — 8t> (2)

125 5. Updating the distribution weights:

Dt(ia y) - €Xp (Oét (1 - ht(xia yi) + ht(xia y)))
- ®)

127 The final weights of the weak learners are used to determine predictions through a weighted
128 voting mechanism.

126 Dt+1(i,y) ==

20 2.4 RBBoost (Random Balance Boosting)

150 RBBoost is implemented through two main functions, namely RBBoost() to train the boosting
131 model with random undersampling and oversampling without fixed rules, and RBBoost_predict()
132 to produce the final prediction using weighted majority voting [12].

133 At each iteration, the following steps are performed:

134 1. Calculating the imbalance class ratio in the dataset.

135 2. Determining a new random sampling proportion such that the class distribution lies within
136 the range of 40-60%.

137 3. Forming a new dataset from a combination of random undersampling of the majority class
138 and random oversampling of the minority class.

139 4. Training a weak learner (decision tree with depth 2) using the balanced sample results.
140 5. Calculating the model error using;:
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141 Z Dt ht sz) 7é yz) (4)

142 6. Updating the weights, which are then normalized, and the process continues until the

143 iteration is complete.

144 Bt = 1 itgt (5)
. . —I(he(zi)=y:

. D1 (i) = Di(d) .5; I(he(z:)=y:) (6)

146 2.D RUSBOOSt

147 The implementation of RUSBoost is carried out through two main functions, namely RUSBoost ()
115 for the training process and RUSBoost_predict() to produce the final prediction [13]. In general,
149 the boosting process is carried out with a reweighting mechanism similar to AdaBoost, but at
150 each iteration, Random UnderSampling (RUS) is performed to balance the class distribution.

151 The stages of the RUSBoost algorithm are explained as follows:

152 1. Sample Weight Initialization

153 In the first iteration, the distribution weights D; for all samples are given uniform initial
154 values:

155 D, = % (7)
156 where N is the total number of samples in the training dataset.

157 2. Random UnderSampling (RUS)

158 Random UnderSampling (RUS) is a data balancing technique that reduces the number of
159 observations in the majority class through random sample selection until the proportions of
160 the majority and minority classes are balanced. Unlike synthetic oversampling approaches
161 such as SMOTE, which balance data by adding synthetic samples to the minority class,
162 RUS does not generate new data but achieves class balance by removing some data from
163 the majority class. Thus, RUS has the potential to reduce information in the majority
164 class, but does not change the distribution structure of the minority class.

165 3. Weak Learner Training

166 Decision tree models (usually with low depth, for example depth = 2) are trained using
167 the undersampled data by taking into account the distribution weights D;.

168 4. Error Calculation

169 After the model is trained, the error value is calculated based on the sample weights:

170 ZD ht .CI}z 7& yl) (8)
171 where the value of the indicator function I(-) is 1 if the prediction is incorrect and 0 if it is
172 correct.

173 5. Beta Value Calculation

174 The learning weight for weak learners is calculated using the boosting formula:

B = — (9)

1—€t
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6. Sample Weight Update
The sample weights are updated to place greater emphasis on misclassified data:

D; < D; - /Btﬂ(ht(l’i):yi) (10)

If the prediction is correct, the weight decreases, and if the prediction is incorrect, the weight
increases. The weights are then normalized as follows:
D;
D, = . 11
' §V:1 Dj )
7. Tteration
Steps 2-6 are repeated until the number of iterations (L) is reached.
8. Final Prediction
The final prediction uses a log-weighted voting function in RUSBoost_predict() by combining
the predictions of each weak learner with weighting based on:

Fla) = élog () mla) (12)

7. Hyperparameter Tuning
This is done to find the best combination of parameters in each model [14].

Table 2: Hyperparameter Tuning

Parameter Variations Tried
Number of Weak Learners (L) 10, 50, 100
Probability Threshold 0.30, 0.50, 0.70

8. Model evaluation
Model evaluation is performed to determine the best performance under imbalanced data
conditions. The evaluation process uses several metrics, namely accuracy, precision, recall
(True Positive Rate / TPR or sensitivity), specificity ( True Negative Rate / TNR), Fl-score,
and Balanced Accuracy.

9. Feature importance analysis on the best model
The final stage of the research was to analyze the best model based on the evaluation
results from the previous stage. The two highest-performing models were compared, and
then a feature importance analysis was performed using the aggregation weights of the
weak learners in boosting.

3 Results and Discussion

3.1 Data Exploration
3.1.1 Class Imbalance

The analysis focused on the class imbalance of the target variable, namely schooling status. The
minority class is defined as children who are not attending school, while the majority class is
children who are still attending school. Of the total 2,781 observations, there are 57 children
(£2.05%) who are not attending school as the minority class and 2,724 children (+£97.95%) who
are still attending school as the majority class. This comparison produces an imbalance ratio
of approximately 1:48, indicating that the size of the minority class is much smaller than the
majority class. This condition indicates that the dataset is categorized as highly class imbalance
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and has the potential to affect the performance of the classification model if not specifically

addressed.

3.1.2  Initial Analysis of Predictor Variables

The characteristics of the predictor variables were analyzed descriptively through data distribution,
differences in patterns based on schooling status, and relationships between features. The results
of this exploration served as the basis for assessing the potential contribution of each feature and
identifying variables that require specific attention during the data preparation stage.

o =) | (T Receves P

1004 .
. 30406
20406
L 0{
A
10406+ . .
. tes00] —2 —
n school Outof scho n sehool Out of schod

7 sehoc utof school
School attendance status (Y)

Figure 1: Boxplot of Numeric Variables Based on Schooling Status

Predictor value

As shown in Figure 1, the boxplot of numeric variables based on schooling status shows a
fairly wide distribution and several outliers in the three main numeric variables: PIP assistance,
number of household members, and frequency of internet use. The PIP assistance variable
is dominated by the value 0, indicating that the majority of observations did not receive this
assistance. The distribution patterns between children who are still in school and those who
are not in school appear to overlap, so that when these three numeric variables are observed
separately, it is not possible to clearly distinguish between the two groups of schooling status.

by

Outol-School Percentage (%)

Figure 2: Percentage of Children Not Attending School by Predictor Variable Category

In almost all predictor variable categories, the percentage of children out of school is relatively
small. Even in categories representing vulnerable conditions, such as children who have never or
are no longer attending school (X10), low-education classes (X11), and rural areas (X16), the
proportion of children out of school remains low. This pattern indicates a strong class imbalance,
with the number of children still in school far outnumbering those who are not.

Cramér’s V values indicate that most categorical predictor variables have a weak relationship
with schooling status, with values generally below 0.10. However, two variables, namely X12 and
X10, show Cramér’s V values that are much higher than the other variables. The high level of
association in these two variables indicates the existence of overlapping information with the
response variable, which has the potential to cause information leakage if they are still used as
predictors.
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Top Predictors by Mutual Information

X104 0051
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Figure 3: Association of categorical variables with schooling status.

3.2 Data Preparation

Based on the results of feature selection using Cramér’s V value in Subsection 3.1.2, the two
features with the highest level of association with schooling status (X12 and X10) were removed
from the predictor set, leaving 17 features from 2,781 observations. All numeric features were
normalized using StandardScaler to be on a comparable scale, with a mean close to 0 and a
standard deviation close to 1. After normalization, the data were split using a stratified 5-fold
cross validation scheme, as summarized in Table 3.

Table 3: Distribution of classes in each fold
Fold Train Test Minority Train Minority Test

1 2224 557 45 (2%) 12 (2.2%)
2 2225 556 46 (2.1%) 14 (2%)
3 2225 556 46 (2.1%) 15 (2.2%)
4 2225 556 46 (2.1%) 10 (2%)
5 2225 556 45 (2%) 11 (2.2%)

As shown in Table 3, each fold contains approximately 2,224-2,225 observations for the
training data and 556-557 observations for the test data. The number of minority classes
(children not attending school) in the training data ranges from 45-46 cases (+2.0-2.1%), while in
the test data it is 10-15 cases (£2.0-2.2%). This uniform proportion indicates that stratification
successfully maintains the class distribution close to the initial distribution, with an imbalance
ratio of approximately 1:48 consistent across all folds. This condition is important to ensure that
the model performance evaluation is not biased towards a particular data partitioning scheme,
even if the minority class size is very small.

3.3 Random Forest

Random Forest was used as a baseline model to provide an initial overview of the performance of
the classification method without explicit class imbalance handling mechanisms. This method
constructs multiple decision trees using bootstrap aggregation (bagging) techniques and randomly
selects a subset of variables at each node split, then combines all tree predictions using a
majority rule. This approach is generally effective in reducing overfitting and capturing nonlinear
relationships between predictor variables. All Random Forest configurations were identified and
evaluated using metrics across thresholds and number of estimators, so their results are not
shown in Table 4.

The Random Forest performance evaluation results presented in Table 4 show that the model
produces very high accuracy (0.9796) and a True Negative Rate (TNR) of 1.00. However, the
True Positive Rate (TPR) and Fl-score each reach 0.00, resulting in a Balanced Accuracy of
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Table 4: SMOTEBoost performance evaluation with various thresholds

Model Accuracy TPR TNR F1-Score Balanced Accuracy
Random Forest (Baseline) 0.9796 0.0000  1.0000 0.0000 0.5000

262 only 0.50. This pattern indicates that the model consistently predicts only the majority class,
263 without successfully identifying a single observation from the minority class, namely children
261 who do not attend school.

265 This performance was affected by the extreme class imbalance in the research data. Under
266 these conditions, the Random Forest learning process was dominated by the majority class,
267 resulting in misclassifications in the minority class contributing very little to the formation of the
268 tree structure. As a result, while the overall accuracy appeared excellent, the model’s ability to
260 detect educational vulnerability was severely limited and inconsistent with the primary research
270 objective.

271 Based on these results, Random Forest is considered less effective as a primary predictive
272 model, but remains relevant as a baseline for comparison. These results confirm that high
273 accuracy on imbalanced data does not necessarily reflect a model’s ability to recognize minority
274 classes, and highlight the importance of using methods specifically designed to address class
275 imbalance, such as SMOTEBoost, in the context of identifying educational vulnerability.

276 3.4 SMOTEBOOSt

277 SMOTEBoost combines the AdaBoost framework with SMOTE-based synthetic sample generation
278 to improve the model’s ability to recognize minority classes. At each iteration, the model not
279 only updates the weights of misclassified observations but also adds synthetic samples from the
280 minority class to more balance the training data distribution. Table 4 presents the performance
251 evaluation of SMOTEBoost based on variations in the number of estimators (L) and three
252 probability threshold scenarios.

Table 5: Performance evaluation of SMOTEBoost with various thresholds

Model Configuration Threshold Accuracy TPR TNR F1-Score Balanced Accuracy

0.30 0.7569  0.5294 0.7616 _ 0.0814 0.6455
SMOTEBoost L10 0.50 0.9796  0.0000 1.0000  0.0000 0.5000
0.30 0.6168  0.8824 0.6112  0.0857 0.7468
SMOTEBoost L50 0.50 0.6180  0.8824 0.6125  0.0860 0.7474
0.70 0.6180  0.8824 0.6125  0.0860 0.7474
0.30 0.5581  0.8824 0.5513  0.0752 0.7168
SMOTEBoost 1100 0.50 0.6180  0.8824 0.6125  0.0860 0.7474
0.70 0.6180  0.8824 0.6125  0.0860 0.7474
283 The SMOTEBoost model shows a clear performance difference between weak learner con-

254 figurations. At L10, a threshold of 0.50-0.70 yields very high accuracy (=0.98), but the TPR
285 and F'l-score for the minority class are 0, so the model only predicts the majority class and does
256 not detect out-of-school children at all (Balanced Accuracy 0.50). This condition is influenced
257 by the extremely class imbalance in the data, as the model’s learning process is dominated by
2ss  the majority class and prediction errors in the minority class contribute very little to the loss
280 function, especially at relatively high thresholds. As a result, despite seemingly good accuracy,
200 the model’s ability to recognize the minority class is very low.

291 Lowering the threshold to 0.30 increases the TPR to 0.5294 and the Balanced Accuracy to
202 0.6455, although with a decrease in overall accuracy. Configurations with L50 and L100 show
203 stable TPR values around 0.88 and Balanced Accuracy values in the range of 0.72-0.75 for all
201 threshold values, so both configurations are able to detect minority classes than L10. Based on
205 the combined accuracy and sensitivity, SMOTEBoost L50 with a threshold of 0.50 is chosen

Andi Illa Erviani Nenst 435



The Title Must Be Brief, Concise, ...

206 as the main configuration because its performance is equivalent to L100 but with lower model
2097 complexity, and is considered more representative for detecting educational vulnerabilities.

208 3.9 AdaBoost-M2

200 AdaBoost-M2 is used as an error-weighted boosting approach without explicitly manipulating the
so0 class distribution. This mechanism gives misclassified observations greater weight in subsequent
301 iterations, allowing the model to focus more on difficult-to-predict cases, including minority
302 classes. Table 6 shows the performance evaluation of the AdaBoost-M2 model.

Table 6: Performance evaluation of AdaBoost-M2 with various thresholds

Model Configuration Threshold Accuracy TPR TNR  F1-Score Balanced Accuracy

0.30 0.8970 0.3529  0.9083 0.1224 0.6306
AdaBoost-M2 L10 0.50 0.9796 0.0000  1.0000 0.0000 0.5000
0.70 0.9796 0.0000  1.0000 0.0000 0.5000
0.30 0.7150 0.6471  0.7164 0.0846 0.6817
AdaBoost-M2 L50 0.50 0.9784 0.0000  0.9988 0.0000 0.4994
0.70 0.9796 0.0000  1.0000 0.0000 0.5000
0.30 0.6647 0.7059 0.6638 0.0789 0.6848
AdaBoost-M2 L100 0.50 0.9784 0.0000  0.9988 0.0000 0.4994
0.70 0.9796 0.0000  1.0000 0.0000 0.5000

303 At thresholds of 0.50-0.70, the model’s accuracy appears very high (97-98%), but its sensitivity
301 to minority classes is zero, resulting in the model completely failing to detect cases of educational
305 vulnerability. This indicates an accuracy paradoz, a situation where accuracy appears good while
s06 its actual classification ability is low due to extreme class imbalance. Balanced accuracy, which
s07 is only around 0.50, reinforces the evidence that at the default threshold, the model tends to
s0s make homogeneous predictions to the majority class and does not learn patterns that represent
300 vulnerable students.

310 When the threshold is lowered to 0.30, there is a significant increase in sensitivity across all
s11 - weak learner (L) configurations. For the L10 configuration, Balanced Accuracy reaches 0.6306,
s12 while for the L50 and L100 configurations, it increases to 0.6817—0.6848, albeit with a decrease in
s13  specificity due to increased false positives. This performance demonstrates that threshold tuning
314 is more important for classification success than simply increasing the number of estimators.
315 AdaBoost-M2 with a low threshold is able to compensate for bias towards the majority class by
316 prioritizing detection of the minority class without sacrificing specificity excessively.

317 3.6 RBBoost

s1s RBBoost (Random Balance Boosting) is a boosting approach designed to address class imbalance
319 without removing observations from the majority class. This model increases the weight of
320 minority class observations while giving additional weight to hard-to-classify majority class
321 observations. This strategy makes RBBoost adaptive in learning minority patterns without losing
322 majority class information. Table 7 presents the evaluation of RBBoost based on variations in
323 the number of weak learners (L) and three probability threshold scenarios.

324 threshold of 0.50 provides the most stable performance (Accuracy = 92.57%; Balanced
325 Accuracy = 0.5877) because it maintains sensitivity at a reasonable level without sacrificing
326 specificity significantly.

327 3.7 RUSBoost

s2s RUSBoost is a boosting method that combines random undersampling of the majority class and
320 adaptive weighting, similar to conventional boosting algorithms. This approach is designed to
330 reduce the dominance of the majority class in the learning process by trimming some of the
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Table 7: RBBoost performance evaluation with various thresholds

Model Configuration Threshold Accuracy TPR TNR F1-Score Balanced Accuracy

0.30 0.7557 0.4120 0.7630 0.0642 0.5873
RBBoost L10 0.50 0.9257 0.2350 0.9400 0.1143 0.5877
0.70 0.9257 0.2350 0.9400 0.1143 0.5877
0.30 0.6802 0.2940 0.6880 0.0361 0.4912
RBBoost L50 0.50 0.7305 0.2350 0.7410 0.0343 0.4881
0.70 0.7916 0.1770  0.8040 0.0333 0.4904
0.30 0.2886 0.7060 0.2800 0.0388 0.4929
RBBoost L100 0.50 0.4551 0.6470 0.4510 0.0461 0.5491
0.70 0.6228 0.4710 0.6260 0.0483 0.5483

331 majority observations, thus increasing the exposure of the model to minority class patterns.
332 Table 8 presents an evaluation of RUSBoost’s performance based on the number of weak learners
333 (L) and three probability threshold scenarios.

Table 8: RUSBoost performance evaluation with various thresholds

Model Configuration Threshold Accuracy TPR TNR F1-Score Balanced Accuracy

0.30 0.7557 0.4120 0.7630 0.0642 0.5873
RUSBoost L10 0.50 0.9257 0.2350 0.9400 0.1143 0.5877
0.70 0.9257 0.2350 0.9400 0.1143 0.5877
0.30 0.6802 0.2940 0.6880 0.0361 0.4912
RUSBoost L50 0.50 0.7305 0.2350 0.7410 0.0343 0.4881
0.70 0.7916 0.1770 0.8040 0.0333 0.4904
0.30 0.2886 0.7060 0.2800 0.0388 0.4929
RUSBoost L.100 0.50 0.4551 0.6470 0.4510 0.0461 0.5491
0.70 0.6228 0.4710 0.6260 0.0483 0.5483
334 In general, RUSBoost exhibits a consistent performance pattern with RBBoost at a threshold

a35 of 0.50-0.70, maintaining sensitivity to the minority class (TPR > 0), even though accuracy
336 is lower than AdaBoost-M2. This indicates that the undersampling mechanism is effective in
337 reducing bias toward the majority class, but at the same time incurs information loss that
a3z affects overall performance. The performance of RBBoost and RUSBoost tends to be identical
330 in the results of this study. This condition is caused by the mathematical consequences of
sa0 the data structure with extreme class imbalance. Both algorithms undersample the majority
sa1  class and retain all minority samples with almost the same ratio in each boosting iteration, so
sa2  that the training subsets formed by both methods are very similar. In addition, the weight
313 update mechanisms in RBBoost and RUSBoost have similar functional forms, so the learning
321 process places overall emphasis on the minority class. As a result, the prediction patterns and
sa5  evaluation metrics, especially sensitivity, specificity, Balanced Accuracy, and F1-Score, converged
sa6  and produced almost the same performance across all configurations of the number of estimators
sa7 and threshold variations.

215 3.8 Comparison and Selection of the Best Model

sa0  Figure 4 shows a comparison of the overall models to select the best method to use.

350 Based on the comparison of the best models from each boosting method in Figure 4, it can
351 be seen that each model has different strengths and characteristics in handling class imbalance.
352 AdaBoost-M2 L100 (threshold 0.30) shows high Balanced Accuracy (0.6848) with good sensitivity
353 (TPR = 0.7059), but the overall accuracy is relatively low. RBBoost L10 and RUSBoost L10
354 (threshold 0.30) offer higher accuracy (0.7557) but lower sensitivity (TPR = 0.412), thus risking
355 failure to recognize a large portion of vulnerable students. Among all models, SMOTEBoost L50
356 with a threshold of 0.50 is the best configuration because it produces the highest sensitivity (TPR
357 = 0.8824) and the highest Balanced Accuracy (0.7474), making it most effective in identifying
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Performance Comparison of Boosting Models on Imbalanced Data
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Figure 4: Comparison of boosting models based on imbalanced datasets

minority classes without significantly reducing specificity.

The results of this study are consistent with previous research [15], which shows that
SMOTEBoost is able to significantly increase sensitivity and Balanced Accuracy in imbalanced
data, surpassing AdaBoost and RUSBoost in most cases. In addition, AdaBoost’s suboptimal
performance in this research is in line with findings in [15], which confirm that the effectiveness
of AdaBoost is highly dependent on parameter tuning and still tends to be biased toward the
majority class in skewed data distributions. The low sensitivity results of RUSBoost in this study
are also in line with findings in [8], which state that repeated undersampling mechanisms can
eliminate majority information, causing the model to have difficulty recognizing minority patterns
consistently. In addition, the trade-off pattern between increasing TPR and decreasing overall
accuracy observed in this study is consistent with [15], which shows that boosting algorithms on
imbalanced data tend to increase TPR at the cost of decreasing specificity. Thus, SMOTEBoost
L50 (threshold 0.50) was chosen as the final model in this study because it provides the best
performance for detecting educational vulnerability in imbalanced data, considering the balance
between sensitivity, specificity, and overall classification robustness.

ROC Curve - SmoteBoost L50

1.0{ — SmoteBoost L50 (AUC = 0.7745)
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Figure 5: (a) Feature Importance and (b) ROC Curve SMOTEBoost L50

The feature importance analysis in Figure 5 shows that variable X11, namely the highest
level /class of education ever or currently occupied, is the most dominant predictor in detecting
educational vulnerability, contributing 97.2% to the model’s inadequacy. This means that the
respondent’s grade level or level is the strongest indicator in distinguishing whether a student
is at risk of not attending school/stopping continuing education. This makes empirical sense
because students at higher levels of education have different risks than students at the elementary
level, both in terms of academic burden, level transitions, and family economic pressure.
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The next contributing variables, although relatively small, are X2 (number of household
members/ART) and X15 (frequency of internet use). The X2 variable indicates that the larger
the number of household members, the potential for economic burden and competing needs within
the family increases, which can affect school sustainability. Meanwhile, X15 can describe high
access to basic resources with better frequency of internet use and higher academic connectivity,
thus being more protected from educational vulnerability. In contrast, other variables such as
X3 (household financing source), X4 (account ownership), X7 (ability to read Latin/Arabic), X9
(home internet access), X13 (KIP ownership), and X19 (gender) do not contribute to the model’s
inadequacy (importance value 0), indicating that these variables do not provide additional
information in separating vulnerable and non-vulnerable classes. This finding confirms that
educational vulnerability in the context of this dataset is more determined by the student’s
position in the educational level and the structural economic conditions of the family, rather
than by factors of financial access, gender, or non-Latin literacy.

The model’s ability to distinguish between the two classes was further assessed using the
ROC curve, as shown in Figure 5. The use of the ROC curve and AUC values in this study is
more relevant than accuracy because the data used is highly imbalanced. Accuracy tends to be
biased towards the majority class and can provide high scores even if the model fails to recognize
the minority class [7]. In contrast, ROC evaluates the relationship between the True Positive
Rate and False Positive Rate at various thresholds, thus independent of class proportions [16].
The AUC value represents the model’s global discriminatory ability, namely the probability
that the model scores observations in the positive class higher than those in the negative class.
Therefore, ROC-AUC provides a fairer and more informative evaluation for assessing the model’s
performance in detecting vulnerable students in imbalanced educational data. The ROC curve
shows that the model line is located well above the reference diagonal line, with an Area Under
Curve (AUC) of 0.7745. This value illustrates the model’s strong discriminatory capacity, where
the model’s probability of correctly classifying individuals between vulnerable and non-vulnerable
classes is relatively high.

The classification performance reaches 77.45% in terms of AUC across various threshold
values. The pattern of increasing True Positive Rate as False Positive Rate increases also
demonstrates the model’s consistent performance across various misclassification scenarios. Thus,
the combination of high AUC values and excellent sensitivity reinforces the conclusion that
SMOTEBoost L50 (threshold 0.50) is the most suitable model for use as the final model in this
study to detect educational vulnerability in highly imbalanced data.

4 Conclusion

This study aims to develop a classification model capable of detecting educational vulnerability in
data with very high class imbalance. Through a comparative evaluation of four boosting methods,
it was found that handling class imbalance is crucial for modeling success, not only based on
accuracy but especially on the ability to recognize minority classes. The results confirmed that
SMOTEBoost L50 with a threshold of 0.50 is the most effective approach because it produces
the best balance between sensitivity and specificity, and demonstrates strong discriminatory
ability in distinguishing vulnerable and non-vulnerable students. The main contribution of this
study lies in empirical evidence that synthetic oversampling-based boosting techniques are more
adaptive to educational contexts with skewed data distributions than standard boosting methods
and undersampling-based approaches.

These findings imply that the resulting model can be utilized as an early detection system to
support the formulation of more targeted educational intervention policies. However, this study
still has limitations in using cross-sectional data and does not consider school or environmental
contextual variables. Further research can expand the scope with longitudinal data, integration
of contextual features, and development of cost-sensitive models to improve predictive ability
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and policy relevance.
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