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Abstract

This study develops and evaluates machine learning models to predict high school graduation outcomes and identify at-risk students for early
intervention. Using a quantitative approach, data from 1,017 students across three public high schools were analyzed, encompassing academic
performance (average yearly scores), behavioral factors (attendance rates and extracurricular participation), and socio-economic background
(proxied by parental occupation). A comparative modeling strategy was applied, beginning with a Decision Tree baseline and advancing to a
Stacking Ensemble model that integrated three heterogeneous base learners—Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), and
Decision Tree—combined through a Logistic Regression meta-model. Both models were optimized using GridSearchCV and adjusted for class
imbalance between graduates (93.4%) and at-risk students (6.6%). The results showed that academic variables, particularly third-year average
scores (mean = 82.6, SD = 6.4) and attendance rate (mean = 94.3%), were the strongest predictors of graduation, while socio-economic indicators
had minimal impact. The Stacking Ensemble achieved a notable improvement over the Decision Tree, reaching an accuracy of 99.6%, precision
0f 0.909, recall of 1.000, F1-score of 0.952, and AUC of 1.000, compared to the baseline accuracy of 94.9% (F1-score = 0.519, AUC = 0.83).
These findings indicate the superior predictive capability of the ensemble model in identifying students at risk of non-graduation. The study’s
novelty lies in combining interpretable and high-performance models to construct a practical early-warning framework that can guide educators
and policymakers in targeted academic interventions. However, the near-perfect metrics also suggest potential overfitting, emphasizing the need
for validation using external datasets before broader application. Overall, this research contributes a robust, data-driven methodology for
improving student retention through predictive analytics in educational settings.
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1. Introduction

Student graduation rates are widely recognized as critical indicators of educational system effectiveness and
institutional quality [1] in developing countries such as Indonesia, ensuring that students graduate on time remains a
persistent challenge, particularly at the high school level where academic, behavioral, and socio-economic pressures
intersect [2]. Pangkalpinang City, the capital of Bangka Belitung Islands Province, has implemented various initiatives
to improve educational outcomes. However, the absence of predictive systems for identifying at-risk students continues
to limit the effectiveness of proactive interventions [3].

The emergence of Educational Data Mining (EDM) and machine learning has created new opportunities to support
early-warning systems in schools. A recent 10-year review of EDM highlights that these techniques allow institutions
to process large amounts of student data, identify meaningful patterns, and predict outcomes with greater accuracy than
traditional methods, thereby helping to increase student performance and graduation rates [4]. By leveraging predictive
models, schools can move from reactive strategies to proactive ones, enabling early identification of students at risk of
delayed or incomplete graduation [5].

Numerous studies have applied machine learning algorithms to predict student academic outcomes. For instance, a
2024 systematic review confirms that machine learning models, including decision trees, consistently outperform
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traditional statistical models in forecasting student performance and identifying at-risk students due to their capacity to
handle large, non-linear datasets [5]. Furthermore, more recent works have emphasized ensemble and hybrid
approaches. One study demonstrated the effectiveness of the Random Forest algorithm, an ensemble method, in
developing an early-warning system [6], while another confirmed that combining various prediction algorithms
improves the early identification of unsuccessful students [7]. In the Indonesian context, studies by Kurniawan et al.
[8] and Aprilia et al. [9] confirmed the feasibility of applying such models to secondary education, though much of the
research remains concentrated in large metropolitan or university-level settings.

Despite these advances, research focusing specifically on high school students in smaller Indonesian cities such as
Pangkalpinang remains scarce. Most existing studies emphasize higher education or large-scale datasets [10], [11].
This leaves a gap in understanding how predictive models perform when applied to localized, smaller-scale datasets in
the Indonesian high school system.

This study focuses on implementing machine learning techniques to predict high school graduation outcomes in
Pangkalpinang City, Indonesia. The research employs Decision Tree and Stacking Ensemble methods to analyze multi-
year student data encompassing academic performance, attendance, extracurricular participation, and socio-economic
background. By comparing these models, the study seeks to evaluate the potential of hybrid ensemble learning to
enhance prediction accuracy and support data-informed interventions in schools.

To achieve these objectives, the study investigates which academic, attendance, and demographic factors most strongly
influence graduation outcomes in public high schools and examines whether machine learning models, particularly the
Decision Tree and Stacking Ensemble, can accurately predict students’ graduation status based on those factors. The
study also compares the performance of ensemble-based approaches against single classifiers to determine which offers
superior predictive accuracy and generalizability for this context. We hypothesize that (1) academic performance and
attendance records will be the strongest predictors of graduation, outweighing demographic factors, and (2) the
Stacking Ensemble model will achieve higher accuracy, recall, and overall reliability than the single Decision Tree
classifier.

2. Literature Review

2.1. Quantitative Approaches in Educational Research

Machine learning has increasingly been applied to education as a quantitative approach for predicting student outcomes.
Oppong [ 12] reviewed machine learning applications in educational data mining and reported that 87% of studies relied
on supervised learning, confirming the central role of classification algorithms. Ahmed et al. [13] further demonstrated
that methods such as Logistic Regression, Decision Trees, Random Forest, and XGBoost can achieve high accuracy in
predicting academic success, while also identifying key social and demographic factors. Similarly, Tamir et al. [14]
compared decision trees, logistic regression, and neural networks, showing that decision trees outperformed other
models in accuracy and interpretability, underscoring their value as baseline classifiers.

In addition to algorithm selection, the predictive power of machine learning models depends on the inclusion of
appropriate features. Pandey [ 15] confirmed that academic performance indicators, such as grades, are strong predictors
of student outcomes when applied in decision tree models. Swiderski [16] demonstrated that behavioral indicators like
attendance rates significantly influence high school graduation, highlighting their role as early-warning signals.
Muhammad et al. [11] expanded this scope by incorporating extracurricular and employability-related features,
showing that multi-dimensional datasets can enhance predictive power and inform student support strategies. Together,
these studies emphasize that both methodological choices and feature selection are critical for building robust predictive
frameworks in education.

2.2. Data Preprocessing, Feature Engineering, and Class Imbalance

Preprocessing ensures the integrity of educational datasets before modeling. Khairy et al. [17] emphasized that
normalization, encoding, and handling missing values are essential steps for improving model reliability. Bum et al.
[10] showed that careful data preparation enhanced the accuracy of regression-based predictions of student academic
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performance. Tamir et al. [14] also highlighted the impact of structured preprocessing pipelines in improving model
performance, particularly in large-scale predictive frameworks.

A related challenge in educational prediction is class imbalance, where successful students typically outnumber those
at risk. Khairy et al. [17] recommended balancing strategies such as re-weighting and resampling to improve fairness
in predictions. Oppong [12] reported that many studies adopted feature selection and balancing techniques to avoid
bias toward the majority class. These findings confirm that preprocessing and imbalance handling are not only technical
necessities but also crucial for ensuring equitable and accurate identification of at-risk students.

2.3. Model Development in Educational Prediction

Decision trees remain a popular choice for their interpretability, as shown in studies by Pandey [15] and Swiderski
[16]. However, logistic regression continues to provide stable and probabilistic insights into student outcomes, making
it useful for practical applications [11]. Almalawi et al. [5] compared multiple models and concluded that ensemble
methods, particularly when logistic regression is used as a meta-model, outperform individual classifiers, offering both
accuracy and generalizability.

2.4. Evaluation Metrics

The evaluation of predictive models in education requires metrics beyond accuracy. A systematic review of predictive
models in education confirms that machine learning algorithms are superior for handling complex educational data,
making the use of metrics like precision and recall critical for a meaningful assessment of model performance [5].
Tamir et al. [14] supported this by applying confusion matrix metrics such as precision, recall, and F1-score, which
better capture the balance between identifying at-risk students and minimizing false alarms. Oppong [12] added that
AUC and cross-validation are increasingly employed to validate models and ensure their generalizability across
different datasets.

3. Methodology

3.1. Research Design

This study employs a quantitative research approach using supervised machine learning techniques to develop
predictive models for high school graduation rates in Pangkalpinang City. The research follows a comparative
methodology, implementing and evaluating two distinct algorithms: Logistic Regression and Decision Tree, to
determine the most effective approach for the specific context of local high school education. Figure 1 illustrates the
overall development of the prediction model, starting from data collection and preprocessing to feature selection, model
training, and evaluation using GridSearchCV cross-validation. This visualization clarifies how each stage contributes
to building a robust predictive framework.

3.2. Data Collection

Data collection was carried out through collaboration with three public high schools in Pangkalpinang City, chosen to
represent geographical spread, diversity of student populations, and institutional readiness to participate in the study.
The dataset consists of 1017 student records covering three academic years (2022—-2024), providing a sufficient sample
size for reliable model training and evaluation.

The collected dataset comprises four main categories of variables. Academic variables capture students’ average
academic scores for each school year, reflecting overall performance in the first, second, and third years. Behavioral
variables include student attendance, measured as the number of school days attended annually, and participation in
extracurricular activities, expressed as the number of activities joined per year. Socio-economic variables consist of
parents’ occupations, which serve as proxies for family income levels and educational background. Finally, the
outcome variable records graduation status, where “LULUS” indicates Pass, while other values represent as Fail.

In this study, parental occupation was utilized as a proxy for socioeconomic status (SES) due to the limited availability
of direct income or educational background data within the school’s administrative system. The choice of this proxy
reflects both practical and contextual considerations. In the Indonesian education setting, parental occupation often
serves as a general indicator of household income potential and social position, which may indirectly influence
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students’ access to learning support, technology, and educational resources. Although this approach does not capture
the full complexity of socioeconomic factors, it provides a feasible and contextually relevant approximation given the
constraints of available data.

DATASET

A

PREPROCESSING > BASE MODEL > META MODEL
1. Normalization Decision Tree Logistic Regression
2. Binary Classification
3. Interquartile Range L J

(IQR Check)
4. One-Hot Encoding HYPERPARAMETER
OPTIMIZATION

1. GridSearchCV
2. Class Weight Balancing

MODEL EVALUATION

1. Confusion Matrix
2. Accuracy, F1-Score, ROC

Figure 1. Predictive modeling workflow, from data preprocessing to model evaluation

3.3. Data Preprocessing

Prior to modeling, a structured preprocessing pipeline was applied to prepare the dataset for analysis. Variable names
were first harmonized into English for consistency, and categorical values such as gender and parental occupation were
standardized through string normalization and label harmonization. Ambiguous or missing categorical entries (e.g.,
unknown or unemployed parental occupations) were inspected manually and treated systematically. Specifically,
missing categorical values were imputed using the most frequent category within each school, while anomalous or
ambiguous labels were consolidated under a unified “Other/Unknown” category. This approach ensured that
categorical features remained valid for encoding without introducing artificial bias or loss of representational integrity.
The target variable, graduation status, was transformed into a binary classification label (1 = PASS, 0 = FAIL). Data
validation was conducted using missing value inspection and outlier detection (via descriptive statistics and
interquartile range (IQR) checks) to ensure data integrity.

Feature engineering was limited to the preparation of existing variables for modeling. Categorical variables such as
gender, father's occupation, and mother's occupation were prepared using One-Hot Encoding (OHE) for low-cardinality
variables. Numerical variables (scores, attendance, extracurricular counts) were standardized through z-score
normalization (StandardScaler) to ensure comparability of features with different value ranges. No additional derived
features, such as aggregate statistics or trend indicators, were created beyond the original variables collected in the
dataset.

Finally, the dataset was partitioned into training and testing subsets using an 75/25 stratified train—test split, ensuring
proportional representation of the graduation outcome variable. To avoid data leakage and guarantee reproducibility,
all transformations were implemented within a scikit-learn Pipeline and ColumnTransformer, enabling consistent
application of preprocessing during cross-validation and model evaluation.

3.4. Model Development

To construct the predictive framework, a two-stage modeling strategy was employed. A Decision Tree classifier was
first implemented as a baseline model, given its interpretability and ability to capture non-linear relationships between
features. Equations (1) and (2) show that the splitting criterion of the Decision Tree is based on Information Gain (1G)
derived from Entropy (H), defined as follows:
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p; represents the probability of class i, S is the dataset, and S, is the subset of S, after splitting by attribute A. A
minimum information gain threshold was applied to avoid overfitting by eliminating splits that did not significantly
reduce impurity.

Subsequently, a stacking ensemble model was developed to enhance predictive performance. This ensemble integrates
predictions from multiple base learners—Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), and Decision
Tree—which serve as inputs to a Logistic Regression meta-model. The meta-model learns an optimal combination of
base predictions to produce the final output (3), computed as:

57\ = O-(O)O + wlhl + wzhz + W3h3) (3)

Where y is the final output, h are the outputs of base learners, w denotes the learned weights, and ¢(z)denotes the
logistic sigmoid activation function (4):

0(2) = — )

1+e %

To optimize the performance of each model, GridSearchCV was applied for hyperparameter tuning across multiple
parameter combinations with stratified k-fold cross-validation, ensuring generalizability and robustness. The
algorithmic procedures for model construction and optimization are summarized in figure 2. An analysis of the target
variable revealed significant class imbalance, with 950 students (93.4%) in the 'PASS' category compared to only 67
students (6.6%) in the 'FAIL' category, yielding a ratio of approximately 14.2:1. a class-weight balancing (5) strategy
was implemented to penalize misclassifications of the minority class more heavily. The adjusted weight w; for each

class j was computed as:

N

W] - n;jxK (5)

N is the total number of samples, n; is the number of samples in class j, and K is the total number of classes. This

weighting mechanism enhances model sensitivity to at-risk students while maintaining robust overall performance,
thereby enabling more balanced and equitable predictions of graduation outcomes.

Algorithm 1 Decision Tree Construction with Information  AJgorithm 2 Stacking Ensemble Training and Prediction Algorithm 3 GridSearchCV with Cross-Validation

Gain Threshold m—
Require: Training dataset [), minimum information gain Requ"e: Tmmmg data Dy;4in, base models My, My, ..., M, Require: Model M, parameter grid G, dataset D, number
threshold T, meta-model M,,c1q of folds k
Ensure: Decision tree model Ensure: Trained stacking ensemble Ensure: Optimal parameters P*
1: Initialize root node with complete dataset D 1. Step 1: Training Phase 1: best score « C
BuildTreenode, data 2 2 M. i A M. ! " e R
2: if stopping criterion met (min samples leaf, max depth, ; for‘iaCh bds.e m‘(;dell) f; in {My, My, ..., M} do 2: best_params < None
etc.) then 3 M; « train(M;, Derain) 3: for each parameter combination P in grid G do
3:  node.label + majority class in data 4: end for 4: scores « 0
- 5 Dmeta <0 ) 5. for fold = 1to k do
S 6: for each instance (2, ;) in Dtrain do 6 (Dirain, Dyat)  k_fold_split(D, fold)
5: end il " W T g v isoli bl SO IR Y o Y 4 = 4 2
i tin 7:  predic tr(‘m;.{ [.A\ltl predict(x;), My.predict(z;), 7 Miemp + M.set_parameters(P)
& best_split — None 8 ., My.predici(z;)| . 8  Miemp-fit(Dirain)
9 for each feature f in data. features do 9. Dmeta ¢ Dmeta U {(predictions, y;)} 9: score « M, .evaluate(D,4;)
10:  for each possible split value v for f do 10: end for 10: scores \,'U';ll”\ U {score} e
1 le ft_data, right_data « split(data, f, v) 11: Myyeta + train(M,eta, Dineta) . : : . ‘ i
12 current_gain < IG(data,left_data. right_data) 1> gtes's. Prediction Phase Predicts 11:  end for
13 if current_gain > best_gain then : Kb orads [ rediot(x). Mibrediot(s 122 avg_score < mean(scores)
14: best_gain + current_gain 13: base_preds f— [M, predict(z), Mz.predict(z), 13:  if avg_score > best_score then
15 best_split + (f,v) 14: ..., Mg.predict(z)] 14: be \[ score ¢ avg_score
16: end if 15: final_prediction + M,,.i,.predict(base_preds) ;: bes T l:;
% et ton 16 15: ldl..\f[JHH(Hllh —
18: end for -. i vodirdi 16:  endi
5 T best g, Sira Ve 17: return final_prediction 17: end for
20:  node.label < majority class in data 18: Mfina < M.set_parameters(best_params)
21 3
5 i 19: Myina fit(D)
23 end if 20;
24: node.split_feature « best_split. feature 21: return Mjy,q1, best_params

25: node.split_value « best_split.value
26: left_data,right_data

split(data, node.split_feature, node.split_value)
27: node.le ft « BuildTree(new_node(). le ft_data)
28: node.right « BuildTree(new_node(), right_data)

Figure 2. Algorithms for model construction and evaluation: Decision Tree building, Stacking Ensemble training,
and GridSearchCV optimization
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3.5. Model Evaluation

The evaluation of both the Decision Tree baseline and the Logistic Regression meta-model was conducted using a
confusion matrix and several derived performance metrics. The confusion matrix organizes model predictions into four
categories: True Positives (TP), students correctly identified as failing to graduate on time; False Positives (FP),
students incorrectly predicted as failing; True Negatives (TN), students correctly identified as graduating on time; and
False Negatives (FN), students incorrectly predicted as graduating.

From the confusion matrix, several performance metrics were derived. Precision was calculated to measure the
proportion of correctly identified at-risk students among those predicted as failing, while recall (sensitivity) quantified
the model’s ability to capture all actual failing students. The F1-score, as the harmonic-mean of precision and recall,
was used to provide a balanced measure particularly suited to imbalanced datasets. In addition, the Area Under the
ROC Curve (AUC) was employed to evaluate the model’s overall discriminative ability across different threshold
values.

To ensure robust and unbiased evaluation, all metrics were computed under a cross-validation procedure implemented
within the GridSearchCV framework, where stratified folds were applied to preserve the distribution of the target
classes during training and validation.

4. Result and Discussion

The results presented below are based on the analysis of the collected dataset, which profiled 1,017 students across
academic, behavioral, and demographic dimensions. This section first examines the underlying relationships between
these variables before evaluating the predictive models trained on them.

4.1. Correlation Analysis

Figure 3 illustrates the correlation heatmap representing relationships among students’ academic performance,
attendance, and socio-economic variables. Darker shades indicate stronger positive correlations, revealing that early-
year academic performance has a significant relationship with subsequent achievements. In our dataset, we observed a
strong correlation between the first-year and third-year scores (r = 0.72), indicating that students who performed well
academically early on tended to sustain high achievement in later years. Similarly, the first-year attendance percentage
(1st_Attend) was positively correlated with attendance in subsequent years, with a correlation of r = 0.68 between first
and third-year attendance.

The strength of these correlations in our Pangkalpinang dataset not only confirms the persistence of academic and
behavioral patterns but also provides a local quantitative benchmark. This finding aligns with recent international
evidence. For example, [18] analyzed over 4,700 Chinese university students and found that synchronous class
attendance was significantly correlated with course outcomes, reporting correlation coefficients in the range of r =
0.32-0.45. Similarly, [19] reported that early continuous assessment scores showed correlations as high as r = 0.61
with final exam performance. The stronger correlations observed in our study may be attributed to the structured,
traditional classroom environment of Pangkalpinang's public high schools, where attendance and performance are more
directly and consistently linked.

Attendance has also been emphasized as a persistent driver of academic outcomes across multiple post-pandemic
cohorts. A recent U.S. study on chronic absenteeism found that consistent attendance strongly predicted achievement
levels over a three-year period, highlighting long-term consequences of early absenteeism [16], [20]. These findings
align with the present study, where first-year attendance strongly correlated with later academic outcomes, reinforcing
the idea that interventions to improve attendance should be prioritized early in high school.

At the same time, recent research warns that the strength of these correlations can vary by learning context. [21] showed
that in fully online environments, simple engagement indicators such as login frequency or page views often correlated
weakly with final performance (r < 0.20). This suggests that while attendance and performance are robust predictors
in traditional classroom settings such as Pangkalpinang’s public high schools, predictive strength may be weaker in
digital-only contexts.
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Taken together, these findings show that the correlations identified in this study are consistent with recent global
evidence: early academic scores and attendance are strong predictors of long-term performance, especially in
conventional classroom environments. These correlations justify their inclusion as central features in predictive
modeling aimed at identifying at-risk students in high school education.
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Figure 3. Correlation heatmap of academic, attendance, and socio-economic variables.

4.2. Model Performance

Two machine learning approaches were compared: a baseline decision tree classifier and a stacking ensemble model.
The baseline decision tree, tuned with hyperparameters via GridSearchCV, achieved an accuracy of 0.949, recall of
0.700, and precision of 0.412, yielding an F1-score of 0.519. The area under the ROC curve (AUC = 0.830) indicates
good discriminative ability. However, the relatively low precision means that while the tree was effective at capturing
a majority of at-risk students (recall), it also frequently misclassified students who were not at risk as at-risk. For
instance, in practice, this could translate into a school counselor being alerted for many students who may not actually
need interventions, creating inefficiencies in resource allocation.

By contrast, the stacking ensemble, which combined multiple base learners with a logistic regression meta-model (also
tuned with GridSearchCV), delivered markedly superior performance. It achieved an accuracy of 0.996 and an AUC
of 1.000. Precision (0.909), recall (1.000), and F1-score (0.952) all indicate that the model not only captured all at-risk
students (perfect recall) but also minimized false alarms (high precision). Figure 4 presents the Receiver Operating
Characteristic (ROC) curves comparing the Decision Tree and Stacking Ensemble models. The Stacking Ensemble
curve is closer to the upper-left corner, demonstrating higher classification performance (AUC = 1.000) compared to
the Decision Tree model (AUC = 0.830. In practical terms, this suggests that the ensemble could serve as a highly
reliable decision-support tool for schools in Pangkalpinang, allowing educators to focus interventions precisely where
they are most needed.

Nevertheless, the ostensibly perfect discriminative ability (AUC = 1.000) must be interpreted with caution, as it raises
important questions regarding overfitting and generalizability. While internal validation procedures were rigorously
followed, such exemplary performance on a relatively small and localized dataset (n=1,017 from three schools in one
city) could indicate that the model has learned patterns highly specific to this cohort and context. The risk is that the
model may not maintain this level of performance when applied to data from new academic years, other schools in
Pangkalpinang, or different regions of Indonesia. This potential limitation underscores that our results represent a
powerful proof-of-concept for the local context rather than a guarantee of universal performance. The critical next step
is external validation on unseen, independent datasets to confirm the model's robustness and practical utility beyond
the initial training data.
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Figure 4. ROC curves comparing the Decision Tree and Stacking Ensemble models

Comparison of Model Performance with Recent Studies as shown in table 1. These results are consistent with recent
findings in the field. [22] reported that stacking ensembles achieved an AUC of approximately 0.95 when predicting
university student performance, outperforming individual classifiers such as decision trees (AUC = 0.85). In another
study, [23] found that ensemble models reduced false positives by nearly 20% compared to single classifiers in
predicting dropout among secondary school students. Similarly, [24] highlighted logistic regression as an effective
meta-model, showing F1-scores above 0.90 in their stacking framework for predicting engineering student outcomes.

Table 1 provides a numerical comparison of model performance metrics between this study and several recent works
in educational prediction. While our stacking ensemble shows favorable metrics, it is crucial to interpret these
comparisons with caution due to significant differences in contextual factors. The studies listed in table 1 differ from
the present work in several key aspects that influence performance benchmarks, including the educational level, with
studies such as Zhang et al. [25] and Vaarma et al. [23 ]| conducted in university settings, which involve different student
populations and attrition patterns than our high school context. Furthermore, the scale and nature of the datasets vary
considerably; for instance, Mustofa et al. [24] and Villar & Andrade [26] utilized larger, potentially more heterogeneous
national or multi-institutional datasets, whereas our study focuses on a localized, homogeneous dataset from one city.
The predictive features also differed significantly across studies, with some incorporating employability-related
attributes or online learning metrics, while our model relied primarily on academic and behavioral data available within
the school system. Finally, the institutional and national contexts, spanning countries like China, Finland, and Pakistan
with distinct educational systems and grading cultures, directly affect baseline performance and the difficulty of the
prediction task.

Table 1. Comparison of Model Performance with Recent Studies

Study Accuracy Precision Recall S]ct;e AUC Context / Notes

This Study (Stacking Local Indonesian HS;

Ensemble) 0.996 0.909 1.0 0.952 1.0 Academic/Attendance features

Zhang et al. [25] 0.940 0.720 0.800 0.758  0.950 Chinese University; Multi-source data

Mustofa et al. [24] 0.930 0.880 0.920 0.900 0.930 Multi-institutional College data

Varma et al. [23] 0.920 0750 0780 0764 0900 | innishUniversity; Demographic &
engagement data

Villar et al. [26] 0.900 0600 0700 0650 0850 FakistaniUniversity; Online learning

platform
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Therefore, the performance advantage observed in table 1 should not be interpreted as a direct indicator of a superior
model, but rather as evidence that our stacking ensemble performed exceptionally well within its specific localized
context. The high performance may be attributable to the consistency of the local data and the model's tight alignment
with Pangkalpinang's educational environment. This finding underscores the potential of tailored models for specific
institutional contexts, even if their absolute performance metrics are not directly comparable to those from vastly
different educational settings.

The consistency of our findings with the broader literature lies not in the absolute performance values, but in the relative
effectiveness of ensemble methods. The fact that stacking improved upon a single Decision Tree classifier aligns with
findings from [22] and [24] reinforcing that hybrid approaches can be beneficial for educational prediction across
diverse contexts.

At the same time, decision trees continue to serve as useful baseline models due to their interpretability. [26] showed
that while tree-based methods alone were less accurate than ensembles, they remained valuable for explaining which
features (e.g., scores or attendance) most strongly influenced predictions, something educators often demand in
practice. Thus, while the stacking model in this study offered exceptional predictive power, its black-box nature raises
questions about transparency.

Taken together, the results reinforce two key insights: (1) tuning with GridSearchCV improved the fairness and
performance of both baseline and meta-models, and (2) stacking ensembles with logistic regression as a meta-model
can achieve near-perfect classification in educational datasets, though at the cost of reduced interpretability. These
findings support the view that predictive analytics in education benefits most from hybrid strategies that combine the
accuracy of ensembles with the interpretability of simpler models.

4.3. Feature Importances

The feature importance analysis, detailed in table 2, quantitatively confirms that academic scores and attendance were
the most influential predictors of student outcomes. In contrast, demographic variables such as gender and parental
occupation contributed minimally. The analysis, based on the mean decrease in impurity (Gini importance) from the
Decision Tree model, showed that the 3rd Year Score (3rd_Score) was the most critical feature with an importance
score of 0.512, followed by the 1st Year Score (1st_Score) at 0.217. The importance scores for attendance features,
such as 1st_Year Attendance (1st_Attend), were also substantial at 0.092.

Table 2. Feature Importance

Feature Importance

Rank Feature Contribution to Prediction

Score
| 3rd Year Score (3rd_Score) 0512 nghest impact on final status; strongest single
predictor.

2 Ist Year Score (1st_Score) 0.217 Strong early predictor of academic trajectory.

3 2nd Year Score (2nd_Score) 0.103 Reinforces the pattern of academic consistency.
Ist Year Attendance .

4 (Ist_Attend) 0.092 Key early indicator of student engagement.
2nd Year Attendance . . D

5 (2nd_Attend) 0.045 Signal of sustained participation.

12 Father's Occupation 0.008 Minimal predictive influence.

13 Mother's Occupation 0.006 Minimal predictive influence.

14 Gender 0.003 Negligible predictive influence.

Conversely, the importance scores for demographic variables were orders of magnitude lower. The combined
importance for all encoded categories of Father's Occupation was 0.008, for Mother's Occupation was 0.006, and for
Gender was 0.003. These negligible values provide clear numerical evidence that static demographic attributes were
far less informative than dynamic academic and behavioral data for predicting graduation in this context. This finding
resonates with the nature of the dataset itself: the three years of high school performance and attendance represent
consistent, quantifiable records of student engagement, whereas demographic attributes remained static.
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This result is consistent with recent empirical findings by [15] and [16] who also showed that academic engagement
and attendance carry greater predictive weight than static demographic factors. The quantitative feature importance
underscores that socioeconomic descriptors alone are poor proxies for the dynamic processes of learning and
persistence observed in this student population.

From a policy perspective, these findings suggest that schools should prioritize monitoring first-year scores and
attendance records. Early detection of declining attendance or poor performance can provide actionable signals for
timely interventions. For example, a student with low 1st_Attend but average 1st Score may be academically capable
yet disengaged a candidate for counseling or mentoring programs. Conversely, students with persistently low scores
may benefit from remedial support or differentiated instruction strategies.

Importantly, the minimal contribution of demographic factors implies that interventions should focus less on static
characteristics such as parental occupation, and more on real-time student behavior and performance. This focus
ensures that resource allocation is equitable and data-driven, targeting students based on demonstrated need rather than
background assumptions. particularly valuable, as it identified that low academic performance combined with poor
attendance created exponentially higher risk profiles.

4.4. Practical Implications

The findings offer a clear blueprint for improving student retention by prioritizing early-warning systems based on
first-year academic scores and attendance. This enables a shift from reactive to proactive support, allowing schools to
identify and assist at-risk students before academic difficulties become irreversible. For equitable and efficient policy,
interventions should be triggered by these dynamic behavioral indicators rather than static socio-economic
assumptions. This data-driven approach ensures help is allocated based on demonstrated need, preventing bias.
Successful implementation requires pairing this technology with robust teacher training, equipping educators with the
data literacy to interpret alerts and the skills to deliver tailored responses, such as counseling or remedial tutoring.

Finally, the deployment of predictive models must be guided by ethical oversight. Model outputs should serve as
decision-support tools, not automated judgments, with teachers and counselors providing essential human context.
Periodic model retraining and fairness audits are necessary to maintain equity and transparency, ensuring these systems
enhance support without compromising ethical integrity.

4.5. Limitations and Future Research

This study has several limitations. First, its focus on high schools in Pangkalpinang may limit the generalizability of
the findings to other regions of Indonesia. Second, the three-year data collection period could be extended in future
longitudinal studies to better capture long-term trends. A key limitation involves the measurement of socioeconomic
status (SES). Using only parental occupation as a proxy fails to capture the full complexity of SES. Incorporating
additional indicators like household income and parental education would improve the model's accuracy.

Future research should prioritize external validation by testing the model in different Indonesian contexts to assess its
true transferability. Internally, bootstrapping techniques could be used to better estimate the model's performance
stability. Furthermore, exploring more advanced analytical methods and incorporating additional data sources (e.g.,
teacher assessments or psychological factors) could enhance predictive power and insight. Techniques to address class
imbalance, such as SMOTE, should also be investigated to improve model resilience.

5. Conclusion

This study demonstrates the successful application of a stacking ensemble model to predict high school graduation in
Pangkalpinang, Indonesia, achieving high accuracy by leveraging routinely collected academic and attendance data.
The findings offer three key contributions with broader implications: first, providing a pragmatic blueprint for early-
warning systems in resource-constrained environments by proving that effective predictive analytics can rely on simple,
available data; second, advancing a theory of "dynamic equity" by showing that behavioral data are dominant predictors
while demographic proxies are minimal, thereby shifting the intervention focus from static background to dynamic
engagement for more equitable support; and third, advancing the methodological discourse on transparent educational
Al by demonstrating that a hybrid approach balancing an interpretable Decision Tree with a powerful stacking
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ensemble can integrate accuracy and explainability to build trust among educators. In summary, this research provides
a validated, context-sensitive framework arguing that the strategic use of simple data can significantly improve
educational equity and outcomes. Future work should focus on external validation across diverse regions and the
integration of this predictive framework into real-world intervention protocols.
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