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Abstract

Extreme class imbalance in educational data causes classification models to favor the majority
class and fail to identify vulnerable students who are not attending school, despite this group
requiring the greatest intervention. This study aims to develop a classification model for
identifying educational vulnerability status among school-age children. The positive class
corresponds to out-of-school children (minority class), while the negative class represents
children who are still attending school. The dataset exhibits an extreme imbalance ratio of
approximately 1:48, making conventional classification approaches ineffective in detecting
minority-class observations.To address this challenge, four imbalance-aware boosting methods,
namely AdaBoost-M2, SMOTEBoost, RBBoost, and RUSBoost, were compared. Model
selection was conducted using stratified five-fold cross-validation on the training set, followed by
final evaluation on an independent test set. Model performance was assessed using sensitivity,
specificity, balanced accuracy, and Area Under the Curve (AUC), which are more appropriate
than overall accuracy for highly imbalanced data. The results show that SMOTEBoost L50
with a threshold of 0.50 achieved the highest Balanced Accuracy (0.7474), Sensitivity (0.8824),
and AUC (0.7745). However, its low minority-class precision (0.0452) and F1-score (0.0860)
indicate a substantial false-positive trade-off. These findings demonstrate that integrating
minority-class balancing strategies with boosting mechanisms can substantially improve the
detection of vulnerable students in highly imbalanced socioeconomic data. 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 study provides empirical evidence
regarding the effectiveness of imbalance-aware boosting methods for educational vulnerability
detection and highlights their potential application in supporting more targeted educational
interventions.
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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
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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].

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. 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 [5].

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. Previous educational
classification research has compared ordinal logistic regression and K-nearest neighbors for ana-
lyzing school accreditation rankings based on literacy and numeracy outcomes [6]. These findings
demonstrate the relevance of statistical and machine-learning classification methods for analyz-
ing educational outcomes, although severe class imbalance requires additional methodological
consideration.

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 [9].

Previous studies on educational vulnerability and school dropout prediction have primarily
employed conventional machine learning algorithms such as Logistic Regression, Decision Trees,
Random Forest, and Support Vector Machines. Most studies focused on improving overall
classification accuracy and rarely addressed the severe class imbalance commonly found in
educational datasets [10]. Moreover, socioeconomic survey data such as SUSENAS present
additional challenges, including overlapping class characteristics and potential measurement
noise arising from heterogeneous household conditions. These characteristics often reduce the
effectiveness of conventional classification methods, particularly in detecting minority-class
observations [11]. Although several studies have explored boosting techniques in other domains,
limited attention has been given to the use of imbalance-aware boosting algorithms for educational
vulnerability classification using nationally representative socioeconomic data. Therefore, this
study evaluates several boosting methods specifically designed for imbalanced classification
problems and investigates their effectiveness under the complex data characteristics commonly
observed in SUSENAS.

Boosting methods have been widely applied to imbalanced classification problems because they
iteratively focus on observations that are difficult to classify, thereby improving minority-class
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detection performance. This characteristic makes boosting particularly suitable for educational
vulnerability classification using SUSENAS data, where vulnerable and non-vulnerable adolescents
may exhibit overlapping socioeconomic characteristics. Despite this potential, the comparative
performance of imbalance-aware boosting methods in educational vulnerability classification
remains underexplored. Therefore, this study aims to evaluate and compare several boosting
algorithms specifically designed for imbalanced data, namely AdaBoost-M2, SMOTEBoost,
RBBoost, and RUSBoost, in identifying educational vulnerability status among adolescents.
In addition, this study examines the relative importance of socioeconomic factors associated
with school participation status. The findings are expected to contribute both methodologically,
through the evaluation of imbalance-aware boosting approaches under extreme class imbalance
conditions, and substantively, by providing evidence to support more targeted educational
policies.

2. Methods
This section describes the data source, data preparation procedures, model development, hy-
perparameter tuning, and evaluation strategy used in this study. The analysis begins with a
description of the data and research variables, followed by the implementation of imbalance-aware
boosting methods and their evaluation procedures.

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 Educational Vulnerability Status. 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 initially consisted of 19 candidate predictor variables and one binary
response variable. Following feature screening and information leakage assessment, two predictors
(X10 and X12) were removed, resulting in 17 retained predictors used in model development.

2.2. Research Stages
2.2.1. Data Preparation
Educational vulnerability status was encoded as a binary response, with out-of-school individuals
assigned to the positive class (1) and in-school individuals assigned to the negative class (0). The
final analytical dataset contained 2,781 observations, comprising 57 positive-class observations
(2.05%) and 2,724 negative-class observations (97.95%). The dataset was divided using a stratified
70:30 training–testing split. The training set contained 1,946 observations, including 40 out-of-
school individuals, whereas the independent test set contained 835 observations, including 17
out-of-school individuals.

Stratified five-fold cross-validation was applied exclusively to the training set for model
selection and hyperparameter evaluation. Within each cross-validation iteration, all data-
dependent preprocessing transformations were fitted exclusively using the training fold and then
applied to the corresponding validation fold. Class-balancing procedures were also restricted to
the training fold, whereas the validation fold retained its original class distribution.

After the preferred configuration was selected, the model was refitted using the complete
training set and evaluated once on the independent test set. Therefore, the final confusion matrix
and reported test metrics represent predictions for the 835 observations in the independent test
set.
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Table 1: Research variables

Variables Information Scale

Y School participation status Binary
X1 Amount of PIP assistance Ratio
X2 Number of household members Ratio
X3 Sources of household financing Nominal
X4 Savings account ownership Binary
X5 Asset/home ownership Binary
X6 Ability to read Latin letters Binary
X7 Ability to read Arabic/Hijaiyah letters Binary
X8 Ability to read other letters Binary
X9 Internet usage at home Binary
X10 Schooling status in the previous academic year Nominal
X11 Highest level/class of education ever/currently attended Ordinal
X12 School status Binary
X13 Ownership of the Smart Indonesia Card (KIP) Nominal
X14 Experience using the internet Binary
X15 Frequency of internet use Ratio
X16 Type of residential area Binary
X17 Ownership of another house by head of household/spouse/child Binary
X18 Respondent’s marital status Nominal
X19 Respondent’s gender Binary

2.2.2. Data Encoding and Leakage Prevention
Binary predictors were represented as 0–1 indicators, nominal predictors were transformed into
dummy variables, and ordinal predictors retained their substantively defined ordering. Within
each cross-validation iteration, the encoding transformation was fitted exclusively using the
training fold. The fitted transformation was then applied to the corresponding validation fold
using the category structure learned from the training data [12].

Numerical predictors were standardized using StandardScaler. The scaler was fitted only on
the training fold and subsequently applied to the validation fold. Although decision-tree weak
learners generally do not require feature scaling, standardization was retained to support the
distance-based synthetic sample generation used by SMOTEBoost [13].

All class-balancing operations associated with SMOTEBoost, RBBoost, and RUSBoost were
performed exclusively within the training fold. No synthetic, oversampled, or undersampled
observations were introduced into the validation folds. Therefore, each validation fold preserved
the original class distribution.

2.2.3. Data Exploration
Initial data exploration was conducted to examine the imbalanced class structure and identify
variables that exhibit strong associations with the target variable. This stage also served to
detect variables with the potential to introduce information leakage into the modeling process.
Variables X10 (schooling status in the previous academic year) and X12 (school status) were
excluded because they contained information closely related to the response variable and could
artificially inflate classification performance. Consequently, the subsequent modeling process was
conducted using predictors that better reflect the underlying socioeconomic characteristics of
adolescents.

The boosting methods evaluated in this study differ primarily in their mechanisms for handling
class imbalance. AdaBoost-M2 focuses on iterative weight adjustment to emphasize difficult
observations, SMOTEBoost combines boosting with synthetic minority oversampling, RBBoost
employs random balancing through a combination of oversampling and undersampling, and
RUSBoost integrates boosting with random undersampling of the majority class. Comparing
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these approaches enables a more comprehensive assessment of how different imbalance-handling
strategies affect classification performance in educational vulnerability data.

2.2.4. 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 [14]. The SMOTEBoost procedure consists of the following
steps:

1. Identifying minority class samples.
2. Generating synthetic samples using SMOTE.
3. Combining real and synthetic data.
4. Each weak learner uses a decision tree of maximum depth two (depth = 2), with sample

weights updated at each iteration.
5. Calculate the error and update the distribution weights with the formula:

β = ϵ

1− ϵ
(1)

6. Updating weights by going through the equation

Di ← Di · β(1−P (h(xi)=yi)) (2)

2.3. AdaBoost-M2
AdaBoost-M2 is implemented using two main functions, namely AdaBoostM2() which runs the
boosting process by adjusting the weights based on the pseudo-loss function, and AdaBoost-
M2_predict [15] which produces the final prediction using the aggregation of weak learners’
weights.

In the boosting iteration, the following stages are carried out:
1. Initializing the initial sample weights uniformly.
2. Training a weak learner (decision tree with depth 2) using sample weights.
3. Calculating the pseudo-loss using the following formula:

εt = 1
2

N∑︂
i=1

∑︂
y ̸=yi

Dt(i, y) (1− ht(xi, yi) + ht(xi, y)) (1)

4. Calculating the model weight:

αt = ln
(︃1− εt

εt

)︃
(2)

5. Updating the distribution weights:

Dt+1(i, y) = Dt(i, y) · exp (αt (1− ht(xi, yi) + ht(xi, y)))
Zt

(3)

The final weights of the weak learners are used to determine predictions through a weighted
voting mechanism.
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2.4. RBBoost (Random Balance Boosting)
RBBoost is implemented through two main functions, namely RBBoost() to train the boosting
model with random undersampling and oversampling without fixed rules, and RBBoost_predict()
to produce the final prediction using weighted majority voting [16].

At each iteration, the following steps are performed:
1. Calculating the imbalance class ratio in the dataset.
2. Determining a new random sampling proportion such that the class distribution lies within

the range of 40–60%.
3. Forming a new dataset from a combination of random undersampling of the majority class

and random oversampling of the minority class.
4. Training a weak learner (decision tree with depth 2) using the balanced sample results.
5. Calculating the model error using:

εt =
N∑︂

i=1
Dt(i) I (ht(xi) ̸= yi) (4)

6. Updating the weights, which are then normalized, and the process continues until the
iteration is complete.

βt = εt

1− εt
(5)

Dt+1(i) = Dt(i) · β 1−I(ht(xi)=yi)
t (6)

2.5. RUSBoost
The implementation of RUSBoost is carried out through two main functions, namely RUSBoost()
for the training process and RUSBoost_predict() to produce the final prediction [17]. In general,
the boosting process is carried out with a reweighting mechanism similar to AdaBoost, but at
each iteration, Random UnderSampling (RUS) is performed to balance the class distribution.

The stages of the RUSBoost algorithm are explained as follows:
1. Sample Weight Initialization.

In the first iteration, the distribution weights Di for all samples are given uniform initial
values:

Di = 1
N

(7)

where N is the total number of samples in the training dataset.
2. Random UnderSampling (RUS).

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

3. Weak Learner Training.
Decision tree models (usually with low depth, for example depth = 2) are trained using the
undersampled data by taking into account the distribution weights Di. A shallow decision
tree (depth = 2) was selected as the weak learner because boosting algorithms are designed
to combine multiple weak classifiers into a strong ensemble. Shallow trees reduce model
complexity and help prevent overfitting.
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4. Error Calculation.
After the model is trained, the error value is calculated based on the sample weights:

εt =
N∑︂

i=1
Di · I (ht(xi) ̸= yi) (8)

where the value of the indicator function I(·) is 1 if the prediction is incorrect and 0 if it is
correct.

5. Beta Value Calculation.
The learning weight for weak learners is calculated using the boosting formula:

βt = εt

1− εt
(9)

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

Di ← Di · β I(ht(xi)=yi)
t (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:

Di = Di∑︁N
j=1 Dj

(11)

7. Iteration.
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:

F (x) =
L∑︂

t=1
log

(︃ 1
βt

)︃
ht(x) (12)

2.6. Hyperparameter Tuning
This is done to find the best combination of parameters in each model [18].

Table 2: Hyperparameter Tuning
Parameter Variations Tried
Number of Weak Learners (L) 10, 50, 100
Probability Threshold 0.30, 0.50, 0.70

The selected hyperparameter values were chosen based on computational efficiency consid-
erations and recommendations from previous studies on boosting algorithms for imbalanced
classification. The number of weak learners (L = 10, 50, and 100) was selected to represent
low, moderate, and high boosting complexity, respectively. Meanwhile, probability thresholds
of 0.30, 0.50, and 0.70 were evaluated to investigate different trade-offs between sensitivity
and specificity in minority-class detection. While broader hyperparameter optimization may
further improve performance, the current study focuses on comparing the effectiveness of different
imbalance-aware boosting frameworks under a common experimental setting.

2.7. 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), F1-score, and
Balanced Accuracy.
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2.8. Feature Importance Analysis
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
This section presents the main findings of the study, beginning with an exploration of the data
characteristics and class imbalance, followed by model evaluation and comparison. The results
are then discussed in relation to the ability of each boosting method to identify the minority
class and the contribution of the predictor variables.

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
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.

Fig. 1: Boxplot of Numeric Variables Based on Schooling Status

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.

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

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.

3.2. Data Preparation
Based on the conceptual leakage assessment, X10 and X12 were excluded because their definitions
overlapped closely with the response variable, leaving 17 predictors. The resulting dataset
was divided into a training set of 1,946 observations (70%) and an independent test set of
835 observations (30%) using stratified sampling. The training set contained 40 out-of-school
observations, whereas the independent test set contained 17 out-of-school observations.

Model selection and hyperparameter evaluation were conducted using stratified five-fold
cross-validation within the training set. During each iteration, encoding, standardization, and
class-balancing procedures were fitted or performed exclusively on the training fold. The validation
fold retained its original class distribution. After model selection, the preferred configuration
was refitted using the complete training set and evaluated on the independent test set. Table 3
summarizes the class distributions within the cross-validation folds of the training set.

As shown in Table 3, stratified five-fold cross-validation was performed within the training
set of 1,946 observations. Each validation fold contained approximately 389–390 observations,
including eight minority-class observations. The remaining 1,556–1,557 observations were used
for model training within each iteration. Although stratification preserved the minority-class
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Fig. 3: Association of categorical variables with schooling status.

Table 3: Class distribution across the stratified cross-validation folds within the training set
Fold Fold Training Validation Training Minority Validation Minority

1 1556 390 32 8
2 1557 389 32 8
3 1557 389 32 8
4 1557 389 32 8
5 1557 389 32 8

proportion, the small number of positive observations in each validation fold may cause variability
in minority-class performance estimates. Therefore, these estimates should be interpreted
cautiously.

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, the Random Forest baseline
results are presented in Table 4.

Table 4: Random Forest baseline 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

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 F1-score each reach 0.00, resulting in a Balanced Accuracy of
only 0.50. This pattern indicates that the model consistently predicts only the majority class,

Andi Illa Erviani Nensi 2145



Classification of Educational Vulnerability Status Using Boosting Methods

without successfully identifying a single observation from the minority class, namely children
who do not attend school.

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

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

3.4. SMOTEBoost
SMOTEBoost combines the AdaBoost framework with SMOTE-based synthetic sample generation
to improve the model’s ability to recognize minority classes. At each iteration, the model not
only updates the weights of misclassified observations but also adds synthetic samples from the
minority class to more balance the training data distribution. Table 5 presents the performance
evaluation of SMOTEBoost based on variations in the number of estimators (L) and three
probability threshold scenarios.

Table 5: Performance evaluation of SMOTEBoost with various thresholds

Model
Configuration

Threshold Accuracy TPR TNR F1-Score Balanced
Accuracy

SMOTEBoost L10 0.30 0.7569 0.5294 0.7616 0.0814 0.6455
0.50 0.9796 0.0000 1.0000 0.0000 0.5000

SMOTEBoost L50
0.30 0.6168 0.8824 0.6112 0.0857 0.7468
0.50 0.6180 0.8824 0.6125 0.0860 0.7474
0.70 0.6180 0.8824 0.6125 0.0860 0.7474

SMOTEBoost L100
0.30 0.5581 0.8824 0.5513 0.0752 0.7168
0.50 0.6180 0.8824 0.6125 0.0860 0.7474
0.70 0.6180 0.8824 0.6125 0.0860 0.7474

The SMOTEBoost model shows a clear performance difference between weak learner con-
figurations. At L10, a threshold of 0.50–0.70 yields very high accuracy (≈0.98), but the TPR
and F1-score for the minority class are 0, so the model only predicts the majority class and does
not detect out-of-school children at all (Balanced Accuracy 0.50). This condition is influenced
by the extremely class imbalance in the data, as the model’s learning process is dominated by
the majority class and prediction errors in the minority class contribute very little to the loss
function, especially at relatively high thresholds. As a result, despite seemingly good accuracy,
the model’s ability to recognize the minority class is very low.

Lowering the threshold to 0.30 increases the TPR to 0.5294 and the Balanced Accuracy to
0.6455, although with a decrease in overall accuracy. Configurations with L50 and L100 show
stable TPR values around 0.88 and Balanced Accuracy values in the range of 0.72–0.75 for all
threshold values, so both configurations are able to detect minority classes than L10. Based on
the combined accuracy and sensitivity, SMOTEBoost L50 with a threshold of 0.50 is chosen
as the main configuration because its performance is equivalent to L100 but with lower model
complexity, and is considered more representative for detecting educational vulnerabilities.

To provide a more explicit evaluation of minority-class performance, Table 6 reports the
precision and other evaluation measures of the selected SMOTEBoost configuration.
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Table 6: Minority-class performance of the selected SMOTEBoost model

Model Threshold Sensi-
tivity

Speci-
ficity Precision F1-Score Bal.

Acc.
ROC-
AUC

SMOTEBoost
L50

0.50 0.8824 0.6125 0.0452 0.0860 0.7474 0.7745

Table 7 presents the confusion matrix of the selected SMOTEBoost L50 model at the 0.50
decision threshold.

Table 7: Confusion matrix of SMOTEBoost L50 at the 0.50 threshold

Actual Class Predicted Class
In School Out of School

In School 501 317
Out of School 2 15

As shown in Table 7, the selected SMOTEBoost L50 model correctly identified 15 of the 17
out-of-school observations, while two out-of-school observations were incorrectly classified as in
school. However, 317 in-school observations were incorrectly classified as out of school.

The minority-class precision was calculated as

Precision = TP

TP + FP
= 15

15 + 317 = 0.0452. (13)

Thus, approximately 4.52% of the observations predicted as out of school actually belonged to the
minority class. Although the model achieved a high sensitivity of 0.8824, its low precision of 0.0452
and F1-score of 0.0860 demonstrate that this performance was accompanied by a substantial false-
positive trade-off. Therefore, the model is more appropriate for preliminary sensitivity-oriented
screening, in which positively flagged individuals require further administrative or contextual
verification, rather than for definitive individual classification.

The performance of SMOTEBoost in detecting minority-class observations can be attributed to
its ability to simultaneously address extreme class imbalance and overlapping class characteristics
in socioeconomic data. Through the Synthetic Minority Oversampling Technique (SMOTE),
additional minority-class instances are generated to enrich the representation of vulnerable
students, thereby reducing the dominance of the majority class. Furthermore, the boosting
mechanism iteratively emphasizes observations that are difficult to classify, enabling the model
to better learn complex decision boundaries. This combination is particularly relevant to the
present dataset, which exhibits an imbalance ratio of approximately 1:48 and heterogeneous
socioeconomic characteristics.

3.5. AdaBoost-M2
AdaBoost-M2 is used as an error-weighted boosting approach without explicitly manipulating the
class distribution. This mechanism gives misclassified observations greater weight in subsequent
iterations, allowing the model to focus more on difficult-to-predict cases, including minority
classes. Table 8 shows the performance evaluation of the AdaBoost-M2 model.

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

When the threshold is lowered to 0.30, there is a significant increase in sensitivity across all
weak learner (L) configurations. For the L10 configuration, Balanced Accuracy reaches 0.6306,

Andi Illa Erviani Nensi 2147



Classification of Educational Vulnerability Status Using Boosting Methods

Table 8: Performance evaluation of AdaBoost-M2 with various thresholds

Model
Configuration

Threshold Accuracy TPR TNR F1-Score Balanced
Accuracy

AdaBoost-M2 L10
0.30 0.8970 0.3529 0.9083 0.1224 0.6306
0.50 0.9796 0.0000 1.0000 0.0000 0.5000
0.70 0.9796 0.0000 1.0000 0.0000 0.5000

AdaBoost-M2 L50
0.30 0.7150 0.6471 0.7164 0.0846 0.6817
0.50 0.9784 0.0000 0.9988 0.0000 0.4994
0.70 0.9796 0.0000 1.0000 0.0000 0.5000

AdaBoost-M2 L100
0.30 0.6647 0.7059 0.6638 0.0789 0.6848
0.50 0.9784 0.0000 0.9988 0.0000 0.4994
0.70 0.9796 0.0000 1.0000 0.0000 0.5000

while for the L50 and L100 configurations, it increases to 0.6817–0.6848, albeit with a decrease in
specificity due to increased false positives. This performance demonstrates that threshold tuning
is more important for classification success than simply increasing the number of estimators.
AdaBoost-M2 with a low threshold is able to compensate for bias towards the majority class by
prioritizing detection of the minority class without sacrificing specificity excessively.

The selection of the probability threshold directly affects the trade-off between sensitivity
and specificity. Lower thresholds increase the likelihood of identifying vulnerable students but
may also increase false positive classifications. Conversely, higher thresholds tend to improve
specificity while reducing sensitivity. In the context of educational policy, prioritizing sensitivity
is often preferable because failing to identify vulnerable students may lead to missed interventions,
whereas false positive cases can still be verified through subsequent assessment processes.

3.6. RBBoost
RBBoost (Random Balance Boosting) is a boosting approach designed to address class imbalance
without removing observations from the majority class. This model increases the weight of
minority class observations while giving additional weight to hard-to-classify majority class
observations. This strategy makes RBBoost adaptive in learning minority patterns without losing
majority class information. Table 9 presents the evaluation of RBBoost based on variations in
the number of weak learners (L) and three probability threshold scenarios.

Table 9: RBBoost performance evaluation with various thresholds

Model
Configuration

Threshold Accuracy TPR TNR F1-Score Balanced
Accuracy

RBBoost L10
0.30 0.7557 0.4120 0.7630 0.0642 0.5873
0.50 0.9257 0.2350 0.9400 0.1143 0.5877
0.70 0.9257 0.2350 0.9400 0.1143 0.5877

RBBoost L50
0.30 0.6802 0.2940 0.6880 0.0361 0.4912
0.50 0.7305 0.2350 0.7410 0.0343 0.4881
0.70 0.7916 0.1770 0.8040 0.0333 0.4904

RBBoost L100
0.30 0.2886 0.7060 0.2800 0.0388 0.4929
0.50 0.4551 0.6470 0.4510 0.0461 0.5491
0.70 0.6228 0.4710 0.6260 0.0483 0.5483

Threshold of 0.50 provides the most stable performance (Accuracy = 92.57%; Balanced
Accuracy = 0.5877) because it maintains sensitivity at a reasonable level without sacrificing
specificity significantly.
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3.7. RUSBoost
RUSBoost is a boosting method that combines random undersampling of the majority class and
adaptive weighting, similar to conventional boosting algorithms. This approach is designed to
reduce the dominance of the majority class in the learning process by trimming some of the
majority observations, thus increasing the exposure of the model to minority class patterns.
Table 10 presents an evaluation of RUSBoost’s performance based on the number of weak learners
(L) and three probability threshold scenarios.

Table 10: RUSBoost performance evaluation with various thresholds

Model
Configuration

Threshold Accuracy TPR TNR F1-Score Balanced
Accuracy

RUSBoost L10
0.30 0.7557 0.4120 0.7630 0.0642 0.5873
0.50 0.9257 0.2350 0.9400 0.1143 0.5877
0.70 0.9257 0.2350 0.9400 0.1143 0.5877

RUSBoost L50
0.30 0.6802 0.2940 0.6880 0.0361 0.4912
0.50 0.7305 0.2350 0.7410 0.0343 0.4881
0.70 0.7916 0.1770 0.8040 0.0333 0.4904

RUSBoost L100
0.30 0.2886 0.7060 0.2800 0.0388 0.4929
0.50 0.4551 0.6470 0.4510 0.0461 0.5491
0.70 0.6228 0.4710 0.6260 0.0483 0.5483

RBBoost and RUSBoost produced identical evaluation results across the tested ensemble
sizes and probability thresholds. This similarity may be attributed to the use of the same
cross-validation partitions, random seed, weak learner configuration, and class-balancing ratio.
Under these controlled experimental settings, both methods generated comparable classification
decisions. Therefore, the identical results reflect the specific configuration used in this study and
should not be generalized to other datasets or implementations.

In general, RUSBoost maintained non-zero minority-class sensitivity across the evaluated
configurations, although its overall performance remained lower than that of AdaBoost-M2. The
highest balanced accuracy was obtained by RUSBoost L10 at the 0.50 and 0.70 thresholds, with
a value of 0.5877. These results suggest that majority-class undersampling improved minority
detection to some extent, but its benefit was accompanied by reduced specificity or information
loss under several configurations.

3.8. Model Comparison and Selection of the Sensitivity-Oriented Screening
Model

Figure 4 compares the performance of the evaluated boosting models and supports the selection
of a sensitivity-oriented screening configuration. Based on the comparison of the selected
configurations from each boosting method in Figure 4, it can be seen that each model has
different strengths and characteristics in handling class imbalance. AdaBoost-M2 L100 (threshold
0.30) shows high Balanced Accuracy (0.6848) with good sensitivity (TPR = 0.7059), but the
overall accuracy is relatively low. RBBoost L10 and RUSBoost L10 (threshold 0.30) offer
higher accuracy (0.7557) but lower sensitivity (TPR = 0.412), thus risking failure to recognize
a large portion of vulnerable students. Among the evaluated configurations, SMOTEBoost
L50 at the 0.50 threshold achieved a sensitivity of 0.8824 and a balanced accuracy of 0.7474.
Accordingly, it was selected as the preferred sensitivity-oriented screening model among the
evaluated configurations, rather than as the overall best-performing classifier across all evaluation
criteria. The 0.50 threshold was retained because it provided the highest balanced accuracy
while maintaining the maximum observed sensitivity of 0.8824. This selection reflects the study’s
primary objective of identifying as many vulnerable students as possible.

Nevertheless, the minority-class precision of 0.0452 indicates that only 4.52% of students
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Fig. 4: Comparison of boosting models based on imbalanced datasets

flagged as vulnerable actually belonged to the minority class. Although the model correctly
identified 15 of the 17 out-of-school students, it also incorrectly flagged 317 school-attending
students as vulnerable. This explains the low F1-score of 0.0860 and demonstrates that the high
sensitivity was achieved at the cost of a substantial number of false positives. Therefore, the
model is appropriate only as a preliminary screening aid, with all positive predictions requiring
further administrative or contextual verification.

The observed improvement in minority-class sensitivity is consistent with the original motiva-
tion of SMOTEBoost, which combines synthetic minority oversampling with iterative boosting
to strengthen the representation of minority-class observations [14]. In addition, AdaBoost’s
suboptimal performance in this research is in line with findings in [17], 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 [19]. The low sensitivity results of RUS-
Boost 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 [16], which shows that
boosting algorithms on imbalanced data tend to increase TPR at the cost of decreasing specificity.
Thus, SMOTEBoost L50 at the 0.50 threshold was selected as the preferred sensitivity-oriented
screening model because it prioritized minority-class detection and achieved the highest balanced
accuracy among the evaluated configurations. This selection does not imply superiority across
all evaluation criteria, particularly because the model’s low precision and F1-score indicate a
substantial number of false-positive predictions.

From a policy perspective, this trade-off may be acceptable for preliminary screening because
failing to identify a vulnerable student may be more consequential than referring a non-vulnerable
student for additional verification. Nevertheless, the model’s positive predictions should not be
used directly to determine educational vulnerability or assistance eligibility.

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, contributes 97.2% of the total feature importance within the SMOTE-
Boost model. Although X11 emerged as the dominant predictor, it was retained because its
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(a) Feature Importance (b) ROC Curve
Fig. 5: (a) Feature Importance and (b) ROC Curve SMOTEBoost L50

association with the target variable remained below the exclusion threshold used to identify
potential information leakage. 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. Despite its usefulness, ROC-AUC should be
interpreted cautiously under severe class imbalance because it may still provide favorable results
even when precision remains low. Future studies should therefore complement ROC analysis
with Precision–Recall curves and PR-AUC metrics [20].

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 substantially
to the model’s predictive performance (importance value 0), indicating that these variables
were not selected by the fitted model for the classification decisions under the present data and
model configuration. This finding suggests that educational vulnerability in the context of this
dataset may be more strongly associated with educational attainment and household structural
conditions than with the other variables included in the model.

The dominance of X11 (Highest Education Level/Class) should be interpreted carefully. X12
was excluded because it directly represents current school participation, while X10 was excluded
because it records school participation in the previous academic year and is therefore temporally
and conceptually close to the response. In contrast, X11 describes the highest educational level
or class ever or currently attended and does not directly indicate school participation at the
survey reference time. Therefore, X11 was retained as a measure of educational attainment and
history. However, given its conceptual proximity to the response, its dominant importance should
not be interpreted as evidence of a causal relationship.

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 [20]. The
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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. Although
ROC-AUC remains useful for assessing overall discrimination ability, it should be interpreted
together with sensitivity, balanced accuracy, and ideally PR-AUC under severe class imbalance.
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 ROC-AUC value of 0.7745 indicates that SMOTEBoost L50 has useful discriminatory
ability in ranking observations according to their likelihood of belonging to the minority class.
However, ROC-AUC does not directly reflect the low precision and substantial number of false-
positive predictions produced at the selected threshold. Therefore, SMOTEBoost L50 at the
0.50 threshold should be interpreted as the preferred sensitivity-oriented screening model among
the evaluated configurations, rather than as an unqualified overall-best classifier.

The hyperparameter exploration in this study was limited to the number of weak learners
(L ∈ {10, 50, 100}) and classification thresholds (0.30, 0.50, and 0.70). Other potentially influential
parameters, including the SMOTE number of nearest neighbors, sampling ratio, tree depth,
learning rate, and minimum number of samples per leaf, were held constant to maintain a
comparable experimental setting across the boosting methods. Consequently, the reported results
may not represent the optimal performance of each method. Future studies should employ a
broader hyperparameter optimization strategy using nested cross-validation or other validation
procedures.

4. Conclusion
This study evaluated four imbalance-aware boosting methods for detecting educational vulnera-
bility under extreme class imbalance. Among the evaluated configurations, SMOTEBoost L50 at
the 0.50 threshold provided the preferred sensitivity-oriented screening performance, achieving a
sensitivity of 0.8824, balanced accuracy of 0.7474, and ROC-AUC of 0.7745. The model correctly
identified 15 of the 17 out-of-school observations, demonstrating its potential for preliminary
minority-class screening.

However, the minority-class precision of 0.0452 and F1-score of 0.0860 indicate that the high
sensitivity was accompanied by a substantial number of false-positive predictions. Consequently,
SMOTEBoost L50 should be regarded as a preliminary screening tool for identifying individuals
who may require further assessment, rather than as an overall best-performing classifier or a
stand-alone system for determining educational vulnerability or assistance eligibility.

Nevertheless, these findings should be interpreted with caution due to the relatively small
number of minority observations, the low F1-scores observed in several configurations, and the
limited hyperparameter exploration conducted in this study. In addition, the feature importance
analysis revealed the strong dominance of education level/class (X11), suggesting that the
predictive performance of the model may be influenced by a limited number of highly informative
variables. Therefore, further investigation is needed to assess the robustness and generalizability
of the findings across different datasets and contexts.

These findings suggest that the selected model may serve as a preliminary screening aid to
support the identification of individuals who require further assessment. However, it should not be
implemented as an autonomous early detection or decision-making system. Its positive predictions
require verification using administrative records, household information, and assessments by the
relevant educational authorities.

The cross-sectional design, small minority-class sample, limited hyperparameter exploration,
and absence of external validation restrict the generalizability and operational readiness of the
model. Future research should evaluate the model using external and longitudinal datasets,
explore broader hyperparameter configurations, incorporate additional contextual predictors,
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and investigate cost-sensitive learning approaches.
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