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ABSTRACT

Student dropout requires accurate and explainable early detection so that model outputs can
support academic decisions responsibly within an early warning system. This study compares
logistic regression, Random Forest, and extreme gradient boosting for student dropout
prediction and examines how explainable artificial intelligence clarifies influential predictive
factors through SHapley Additive exPlanations (SHAP). The Predict Students' Dropout and
Academic Success dataset from the Machine Learning Repository contains 4,424 observations
and 36 features. The Enrolled class was excluded because it is not a final outcome, producing
a binary dataset of 3,630 observations comprising 1,421 Dropout and 2,209 Graduate records.
Data were stratified into 60% training, 20% validation, and 20% test sets. Hyperparameters and
classification thresholds were selected on validation data, while the test set was reserved for
final evaluation. Logistic regression achieved the highest precision-recall area under the curve
of 0.9728 and Dropout recall of 0.9754. Random Forest produced the highest F1-score of
0.8346 and balanced accuracy of 0.8710. Extreme gradient boosting achieved a precision-recall
area under the curve of 0.9705, recall of 0.9613, precision of 0.7319, F1-score of 0.8311, and
balanced accuracy of 0.8675 SHapley Additive exPlanations (SHAP) ranked study program,
second-semester approved curricular units, tuition payment status, and early academic
achievement among the dominant features. Extreme gradient boosting is competitive but not
universally superior. Local validation, temporal evaluation, fairness assessment, and
intervention testing are required before operational deployment.

Keywords: Early Warning System; Explainable Artificial Intelligence; SHapley Additive
exPlanations (SHAP); Student Dropout Prediction; XGBoost.

ABSTRAK

Putus sekolah memerlukan deteksi dini yang akurat dan dapat dijjelaskan agar hasil model dapat
mendukung pengambilan keputusan akademik secara bertanggung jawab dalam sistem
peringatan dini. Penelitian ini membandingkan regresi logistik, Random Forest, dan extreme
gradient boosting untuk prediksi putus sekolah, serta mengkaji bagaimana kecerdasan buatan
yang dapat dijelaskan menguraikan faktor-faktor prediktif yang berpengaruh melalui SHapley
Additive exPlanations (SHAP). Dataset “Predict Students’ Dropout and Academic Success” dari
Machine Learning Repository berisi 4.424 pengamatan dan 36 fitur. Kelas “Enrolled”
dikecualikan karena bukan merupakan hasil akhir, sehingga menghasilkan dataset biner dengan
3.630 pengamatan yang terdiri dari 1.4217 catatan “Dropout” dan 2.209 catatan “Graduate”. Data
dibagi menjadi 60% untuk set pelatihan, 20% untuk set validasi, dan 20% untuk set pengujian.
Hiperparameter dan ambang batas klasifikasi djpilih berdasarkan data validasi, sedangkan set
pengujian disisihkan untuk evaluasi akhir. Regresi logistik mencapai area di bawah kurva presisi-
recall tertinggi sebesar 0,9728 dan recall putus sekolah sebesar 0,9754. Random Forest
menghasilkan skor F1 tertinggi sebesar 0,8346 dan akurasi seimbang sebesar 0,8710. Extreme
Gradient Boosting mencapai area di bawah kurva presisi-recall sebesar 0,9705, recall sebesar
0,9613, presisi sebesar 0,7319, skor F1 sebesar 0,831], dan akurasi seimbang sebesar 0,8675.
Penjelasan aditif Shapley menempatkan program studj, satuan kurikulum yang disetujui pada
semester kedua, status pembayaran uang kuliah, dan prestasi akademik awal sebagai fitur-fitur
dominan. Extreme gradient boosting kompetitif namun tidak secara universal unggul. Validasi
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lokal, evaluasi temporal, penilaian keadjlan, dan pengujian intervensi diperlukan sebelum
penerapan operasional,

Keywords: Early Warning System, Explainable Artificial Intelligence; SHapley Additive
exPlanations (SHAP); Student Dropout Prediction; XGBoost.

INTRODUCTION

Machine learning has consequently been used to classify students according to dropout
risk. Research has compared conventional classifiers, ensemble approaches, class-imbalance
strategies, and optimized models, but no single algorithm performs best in every setting
because performance depends on the target definition, feature distribution, institutional context,
and validation design (Duro et al. 2026; Flores, Heras, and Julian 2022; Ogaidi, Aouhassi, and
Mansouri n.d.). Indonesian studies also show that recall, class imbalance, and hyperparameter
optimization can materially change model performance (Alfahrizi et al. 2026; Arthana et al.
2024; Hakim et al. 2026). This makes comparative evaluation important for an EWS intended to
be integrated into an Information System rather than assuming that one algorithm is universally
appropriate.

The need for an EWS is therefore closely related to the practical role of Information
Systems: collecting, processing, interpreting, and presenting information for timely
organizational action. In a dropout-risk context, a useful EWS should provide more than a binary
prediction. It should produce interpretable risk information, identify supporting predictive
factors, and allow academic staff to verify the result before an intervention is considered.
Explainable Artificial Intelligence can contribute to this requirement by showing which observed
features contribute to a model output. However, an explanation can stillaccompany an incorrect
prediction and therefore requires human verification (Bunay-guishan et al. 2024; Nagy and
Molontay 2024; Saqr and Pernas 2024).

From a System Information perspective, academic information systems, learning
management systems, digital attendance platforms, and administrative services continuously
generate data describing students' study trajectories. Variables such as completed curricular
units, semester grades, learning activity, payment status, scholarships, and admission
characteristics have been associated with dropout risk (Gutierrez-pachas et al. 2022; Nagy and
Molontay 2024; Romero and Liao 2025). These data create an opportunity to develop an Early
Warning System (EWS) in which predictive models convert historical and academic information
into risk indicators that can be reviewed by academic advisers. Such a system should support,
rather than replace, human decision-making because predictive relationships do not establish
that a particular student characteristic causes dropout (Romero and Liao 2025; Saqr and Pernas
2024).

Student persistence is a major concern in higher education because student dropout
affects students, institutions, and the efficiency of educational resources. Indonesian Higher
Education Statistics for 2025 recorded 289,670 students who left higher education, an increase
of 2.62% from 2024. Private higher education institutions accounted for 73.81% of these cases,
while students aged 21-30 years formed the largest age group among those leaving their studies
(Tinggi 2026). These figures indicate that dropout is not only an academic outcome but also an
information-management challenge. Higher education institutions need mechanisms that can
transform available student data into timely risk information so that academic staff can review
and support students before dropout becomes a final outcome.

This study addresses four related gaps. First, it compares logistic regression, Random
Forest, and Extreme Gradient Boosting (XGBoost) using an explicit training-validation-test
design. Second, hyperparameters and classification thresholds are selected without using the
test set. Third, the selected XGBoost model is explained with SHapley Additive exPlanations
(SHAP) at the global feature level. Fourth, the findings are interpreted as a foundation for a
human-in-the-loop Early Warning System rather than an automated decision mechanism. The
contribution to Information Systems practice is a reproducible prediction-and-explanation
pipeline that can be connected to an institutional workflow, where risk probabilities, categories,
supporting factors, and verification status can inform academic review. The study therefore
focuses not only on model performance, but also on how predictive and explainable outputs
can be structured as decision-support information within an academic information system.
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RESEARCH METHODOLOGY

Research Design

This study used a quantitative experimental design focused on reproducing a student
dropout risk-prediction pipeline. A public dataset was selected so that the data source,
processing logic, model parameters, and evaluation outputs could be inspected and
reproduced. The experiment produced trained models, evaluation tables, test-set predictions,
confidence intervals, and SHAP explanations. Dashboard usability, user acceptance, and
intervention impact were not tested because those components were outside the executed
experiment. The experimental workflow is summarized in Fig. 1.

= - 4 7 =
b= SEbT S 1 =
UCI dataset Select final outcome Stratified split Preprocessing and LR, RF, XGBoost Test evaluation
4,424 observations Dropout vs Graduate 60% / 20% / 20% class weighting Tuning + F2 threshold and SHAP

(n =3,630)

Fig. 1 Experimental workflow for student dropout risk prediction

Dataset and Target Construction

The Predict Students' Dropout and Academic Success dataset was obtained from the
UCI Machine Learning Repository under DOI 10.24432/C5MC89 and a CC BY 4.0 license (UC
Irvine Machine Learning Repository 2021). The data were collected from students in a
Portuguese higher education institution and include multiple study programs (Uci 2026). Each
row represents one student. The 36 predictors cover admission characteristics, demographics,
socioeconomic information, macroeconomic indicators, and first- and second-semester
academic achievement.

The initial audit identified 4,424 observations, no missing values, and no duplicated
rows. The original target contained 2,209 Graduate, 1,421 Dropout, and 794 Enrolled records.
The Enrolled class was excluded because it does not represent a final outcome. Assigning those
records to either Graduate or Dropout would create label error. The binary experiment therefore
used 3,630 observations, with Dropout encoded as 1and Graduate encoded as 0. The predictor
set contained 17 categorical and 19 numerical features. Categorical examples included marital
status, application mode, course, previous qualification, debtor status, tuition-fee status, and
scholarship status. Numerical examples included admission grade, age at enroliment, curricular-
unit counts and grades, unemployment, inflation, and gross domestic product.

Because first- and second-semester features were retained, the resulting risk score is
conceptually available after the end of the second semester. “"Early” prediction in this study
therefore means identifying risk after the first two semesters, not before university entry. The
dataset does not provide cohort or timestamp variables that permit temporal validation.

Data Split and Leakage Prevention

The binary dataset was divided using stratified sampling with random seed 42. Twenty
percent of the data was first reserved as the test set. The remaining 80% was divided again to
obtain final proportions of 60% training, 20% validation, and 20% test data. Stratification
maintained a Dropout proportion close to 39.1% in each subset. The training set was used to fit
model parameters. The validation set was used to select hyperparameters and classification
thresholds. The test set was used only once for final evaluation.

All imputation, standardization, and one-hot encoding operations were placed inside
pipelines learned from the training set. This design prevented validation or test statistics from
entering the training process. Because the dataset does not include cohort identifiers, stratified
random splitting cannot test distribution shifts between academic intakes. Test performance
therefore represents generalization to a random sample from the same source population rather
than temporal generalization.

Preprocessing and Class Imbalance Handling
Numerical features were processed using median imputation. Logistic regression
applied z-score standardization after imputation, whereas Random Forest and XGBoost used
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numerical values without standardization because tree models do not require a common feature
scale. Categorical features used mode imputation followed by one-hot encoding with unknown-
category handling enabled.

Class imbalance was handled through weighting rather than oversampling. Logistic
regression and Random Forest used balanced class weights. XGBoost used a positive-class
weight calculated from the ratio of Graduate to Dropout cases in the training set, equal to 1.553.
Weighting retained all original observations and avoided generating synthetic records. Previous
studies show that SMOTE can be useful in some dropout settings, but its effect remains data-
dependent and should be compared empirically (Arthana et al. 2024; Flores et al. 2022).

Models, Hyperparameter Optimization, and Classification Threshold

Three models were compared. Logistic regression served as an interpretable baseline.
Random Forest represented a bagging ensemble. Extreme Gradient Boosting represented a
regularized boosting ensemble suited to tabular data (Lin et al. 2025). Candidate
hyperparameter combinations were specified before final testing. The best candidate for each
model was selected using precision-recall area under the curve on the validation set, with the
F2-score as a secondary criterion.

Table 1. Best Hyperparameters Selected on the Validation Set

Validation F2
Model Selected Hyperparameters Threshold
Logistic C=5.0; class_weight=balanced;
; 0.1767
Regression solver=Ibfgs
Random Forest n_‘estlmators=500; max_depth=14; 0.2103
min_samples_leaf=2; max_features=0.5
n_estimators=300; max_depth=3;
XGBoost learning_rate=0.05; subsample=0.85; 0.2280

colsample_bytree=0.85

The classification threshold was not fixed at 0.50. For each selected candidate, the
validation-set precision-recall curve was used to identify the threshold that maximized the F2-
score. The F2-score gives more weight to recall than precision, which is appropriate for early
screening when missing a truly at-risk student is considered more costly than reviewing an
additional false positive. The selected threshold was then locked and applied to the test set.

Evaluation Metrics and Confidence Intervals

The primary metric was precision-recall area under the curve because the analysis
focused on the Dropout class. Additional metrics were receiver operating characteristic area
under the curve, recall, precision, F1-score, balanced accuracy, Brier score, and the confusion
matrix. Recall measured the proportion of actual Dropout cases detected. Precision measured
the proportion of Dropout alerts that were correct. Balanced accuracy gave equal importance
to both classes. Brier score measured squared probability error, with lower values indicating
better probability predictions.

Uncertainty in XGBoost performance was estimated using 1,000 bootstrap resamples
of the test set. The 95% confidence interval was obtained from the 2.5th and 97.5th percentiles
of the bootstrap distribution. Bootstrapping was performed only after the model and threshold
had been locked.

Explainable Artificial Intelligence

The selected XGBoost model was explained using TreeSHAP after model,
hyperparameter, and threshold selection were complete (Wang et al. 2024). SHAP values were
computed on transformed test data. One-hot encoding creates several columns from a single
categorical feature, so the absolute SHAP values of derived columns were summed back to the
original feature. Mean absolute SHAP was then used to rank global feature contribution (Givisis,
Kalatzis, and Christakis 2025; Kim, Khomidov, and Lee 2025).

SHAP values describe how strongly observed features contribute to model output;
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they do not demonstrate causality. Sensitive or difficult-to-act-on variables, such as family
characteristics or study program, should therefore be treated as signals for further review rather
than grounds for automated treatment (Nti and Ramanayake 2026a; Romero and Liao 2025;
Saqgr and Pernas 2024).

Reproducibility and Data Ethics

The experiment used random seed 42 and was executed with Python 3.13.5, pandas
2.2.3, NumPy 2.3.5, scikit-learn 1.8.0, XGBoost 3.1.3, SHAP 0.50.0, SciPy 1.17.0, and joblib 1.5.3.
The Google Colab notebook, Python script, dataset, trained model, test predictions, selected
parameters, confidence intervals, and SHAP outputs were retained as reproducibility materials.

The public dataset does not contain names or direct identity numbers. Any application
to institutional data should require institutional authorization, pseudonymization, purpose
limitation, access control, and appropriate safeguards under Indonesian Personal Data
Protection Law No. 27 of 2022 (Republik 2022). Risk scores should not be used as an automatic
basis for sanctions or service termination

RESULT AND DISSCUSSIONS

Data Characteristics and Sample Split

The original data audit confirmed 4,424 observations and 36 predictors with no missing
values or duplicated rows. Graduate comprised 2,209 observations (49.93%), Dropout
comprised 1,421 observations (32.12%), and Enrolled comprised 794 observations (17.95%).
After Enrolled records were removed, the Dropout proportion in the binary dataset was 39.15%.
Stratification maintained a similar class distribution in the training, validation, and test subsets.
The test set contained 726 students, including 284 Dropout and 442 Graduate cases.

Table 2. Data Distribution in Each Subset

Subset Total Dropout Graduate Dropout Proportion
Training 2,178 853 1,325 39.16%
Validation 726 284 442 39.12%
Test 726 284 442 39.12%

Model Performance

All three models produced high discrimination on the test set. Logistic regression
achieved the highest precision-recall area under the curve at 0.9728 and the highest Dropout
recall at 0.9754. It detected 277 of 284 Dropout cases, but precision was 0.6707 because 136
Graduate cases were classified as Dropout. Random Forest produced the highest F1-score at
0.8346, the highest balanced accuracy at 0.8710, and the lowest Brier score at 0.0609. XGBoost
was close to Random Forest with an F1-score of 0.8311, balanced accuracy of 0.8675, and Brier
score of 0.0614.

Table 3. Model Performance on the Test Set

Model PR-AUC ROC-AUC Recall  Precision F1 ii'canced Brier

Logistic Regression 0.9728  0.9755  0.9754 0.6707 _ 0.7948 0.8338 0.0628
Random Forest 09679 09726  0.9683 07333  0.8346 0.8710 0.0609
XGBoost 00705 009723 09613 07319  0.8311 0.8675 0.0614
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Precision-Recall Curve on Test Set

1.0 —

0.9

0.81

—— Logistic Regression (AP=0.973)
Random Forest (AP=0.968)

—— XGBoost (AP=0.971)

---- Class baseline

S
oS

Precision

o
o

0.5

0.44

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 2 Precision-recall curves for the three models on the test set

The precision-recall curves in Fig. 2 remained well above the positive-class baseline of
approximately 0.391 across most of the recall range. The three curves were close to one
another, consistent with their similar precision-recall area under the curve values.

XGBoost Confusion Matrix

XGBoost was retained for explainability analysis because it matched the study objective
and has an efficient TreeSHAP implementation. At the validation-selected threshold of 0.2280,
the test-set confusion matrix contained 342 true negatives, 100 false positives, 11 false
negatives, and 273 true positives. Overall accuracy calculated from the confusion matrix was
84.71%. Dropout recall was 0.9613, while Dropout precision was 0.7319.

XGBoost Confusion Matrix

300

Graduate A 250

200

Actual

150

Dropout 100

50

Graduate Dropout
Predicted
Fig. 3 XGBoost confusion matrix on the test set

Performance Uncertainty

Bootstrap resampling showed that XGBoost performance remained high within the test
sample. The 95% confidence interval for precision-recall area under the curve was 0.9578-
0.9813, and the interval for Dropout recall was 0.9387-0.9836. The corresponding intervals for
the other reported metrics are presented in Table 4.
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Table 4. XGBoost 95% Bootstrap Confidence Intervals

Metric Estimate Bound Lower Bound Upper

PR-AUC 0.9705 0.9578 0.9813
ROC-AUC 0.9723 0.9596 0.9839
Dropout Recall 0.9613 0.9387 0.9836
Dropout Precision 0.7319 0.6857 0.7735
Dropout F1 0.831 0.7994 0.8600
Balanced Accuracy 0.8675 0.8427 0.8895
Brier Score 0.0614 0.0513 0.0726

Dominant Features Based on SHAP

Mean absolute SHAP ranked Course as the largest aggregated contributor, followed by
Curricular units 2nd sem (approved), Tuition fees up to date, Father's occupation, Father's
qualification, and Curricular units 1st sem (approved). Other highly ranked variables included
Mother's occupation, first-semester evaluations, second-semester grade, application mode,
scholarship status, admission grade, and second-semester evaluations. The fifteen highest-
ranked original features and their mean absolute SHAP values are shown in Table 5 and Fig. 4.

Top 15 Original Features - XGBoost

Course

Curricular units 2nd sem (approved)
Tuition fees up to date

Father's occupation

Father's qualification

Curricular units 1st sem (approved)
Mother's occupation

Curricular units 1st sem (evaluations)
Curricular units 2nd sem (grade)
Application mode

Curricular units 1st sem (without evaluations)

Scholarship holder

Admission grade
Mother's qualification

Curricular units 2nd sem (evaluations)

k T T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Mean absolute SHAP value

Fig. 4 Fifteen original features with the highest mean absolute SHAP values

Table 5. Fifteen Dominant Features Based on Mean Absolute SHAP

Rank Feature Mean |SHAP|
1 Course 2.0388

2 Curricular units 2nd sem (approved) 1.3022

3 Tuition fees up to date 1.2919

4 Father's occupation 0.6927

5 Father's qualification 0.5900

6 Curricular units 1st sem (approved) 0.3944

7 Mother's occupation 0.3808

8 Curricular units 1st sem (evaluations) 0.3700

9 Curricular units 2nd sem (grade) 0.2878
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Rank Feature Mean |SHAP|
10 Application mode 0.2762
( Curricular units 1st sem (without evaluations) 0.2716
12 Scholarship holder 0.2270
13 Admission grade 0.2169
14 Mother's qualification 0.2065
15 Curricular units 2nd sem (evaluations) 0.2032

Disscussions
Comparative Interpretation

The results show that model choice depends on the operational objective rather than on
a single ranking. Logistic regression was strongest when the priority was to maximize detection
because it produced the highest Dropout recall and precision-recall area under the curve.
Random Forest produced the best balance between precision and recall, as indicated by the
highest F1-score and balanced accuracy. XGBoost was highly competitive but did not dominate
every metric. This pattern is consistent with Putra et al. (2025), who found that Random Forest
could slightly outperform XGBoost on the same public dataset. Direct numerical comparison
remains inappropriate because the present experiment used a binary target, a separate
validation set, class weighting, hyperparameter optimization, and an F2-based threshold.
Broader reviews likewise report that model performance changes with target construction,
features, class distribution, and evaluation design (Duro et al. 2026; Saqgr and Pernas 2024).

The XGBoost confusion matrix illustrates the operational trade-off. Only 11 of 284
Dropout cases were missed, but 100 Graduate cases were flagged as Dropout. A false-positive
rate of this magnitude may be acceptable when the first response is a low-cost academic
review, such as a check by an academic adviser. It would be less appropriate if every alert
triggered an expensive intervention or a decision that could stigmatize students. Explainability
should therefore be shown together with model uncertainty and error patterns. Saqr and (Saqgr
and Pernas 2024) emphasize that an apparently reasonable explanation can accompany a
wrong prediction, so human verification remains necessary.

Interpretation of SHAP Features

The SHAP analysis placed Course at the top of the global ranking, but this result requires
caution because the reported contribution aggregates multiple one-hot encoded categories. A
high aggregated contribution does not mean that a particular study program causes dropout.
Course may act as a proxy for differences in curriculum, admission selection, academic load, or
student composition that are not fully represented by other predictors. The same caution applies
to parents' occupation and qualification. These variables should not be used as a basis for
restricting services or assigning adverse treatment.

More actionable predictors included approved curricular units in the first and second
semesters, second-semester grades, tuition payment status, evaluation activity, and
scholarship status. This pattern is consistent with studies that identify early academic
achievement and financial conditions as important predictive signals (Bettahi, Belouadha, and
Harroud 2025; Nagy and Molontay 2024; Nti and Ramanayake 2026b; Romero and Liao 2025).
SHAP can therefore support interpretation by showing which observed features increase or
decrease a risk score, but the explanation remains predictive rather than causal. Any mapping
from a feature to a specific intervention should be validated with academic managers and
students.

Implications for an Early Warning System

In this workflow, the model functions as an information-processing component within the
SIA: student data are collected from institutional sources, the model generates a risk probability,
the threshold determines whether an alert is created, SHAP provides supporting explanatory
information, and authorized staff perform verification and decide whether a support action is
appropriate. The present experiment, however, did not build or test an actual dashboard, user-
acceptance process, or intervention workflow. Therefore, the proposed SIA integration is a
practical implementation framework derived from the experimental results, not evidence that
such a workflow has already improved student retention. Any operational deployment should
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first be validated with local pseudonymized data and evaluated for fairness, probability
calibration, explanation stability, user acceptance, and intervention outcomes.

The alert generated by the SIA should be routed to an authorized academic adviser or
designated student-support officer who is responsible for reviewing the case. The system can
present the student's risk probability together with the main supporting predictive factors
identified by SHAP, relevant academic indicators, and the date of the latest available data. The
receiving staff member should then verify the alert against contextual information that may not
be represented in the model, such as recent academic circumstances or other institutional
information. The verification result can be recorded in the SIA as a status such as reviewed,
confirmed for follow-up, requires additional information, or not confirmed, together with an
appropriate follow-up note. This workflow preserves the human-in-the-loop approach
described in the study and avoids treating a model prediction as proof that a student will drop
out.

For the XGBoost model, the validation-selected classification threshold of 0.2280 can be
operationalized as the alert rule: a predicted dropout probability at or above 0.2280 is flagged
for academic review, while a probability below 0.2280 is not flagged under this threshold. The
threshold was selected on the validation set by maximizing F2-score and was then locked
before evaluation on the test set. In an operational SIA, this rule should be implemented in the
prediction service or scoring layer, with the model producing a probability, risk category,
supporting factors, and verification status rather than only a Dropout label. The threshold should
not be interpreted as a universal institutional cutoff because adviser capacity, intervention cost,
local validation results, and the consequences of false positives and false negatives may differ
across institutions.

The findings suggest different use cases for the three models in an Academic Information
System (SIA)-based Early Warning System. Logistic regression is suitable when the institution
prioritizes sensitivity and has enough capacity to review more false positives. Random Forest
offers the strongest balance between the two classes in this experiment. XGBoost provides
nearly the same predictive performance while supporting efficient TreeSHAP explanations.
From an SIA implementation perspective, the prediction should be treated as a decision-support
alert rather than an automatic administrative decision.

Answers to the Research Questions

The experimental evidence answers the study questions as follows. The dominant
predictors were study program, second-semester approved curricular units, tuition payment
status, parental background variables, and early academic achievement, with academic,
payment, evaluation, and scholarship variables being the most actionable. XGBoost was not
universally better than the comparison models: logistic regression led on precision-recall area
under the curve and recall, Random Forest led on Fl-score and balanced accuracy, and
XGBoost remained very close to the best model. SHAP provided a global ranking of feature
contributions and can also support individual explanations, but its values must be interpreted as
predictive contributions rather than causal effects. The pipeline can provide probabilities, labels,
stored models, confusion matrices, and explanations as a technical foundation for a dashboard,
while user acceptance, operational intervention, and retention impact remain untested.

Limitations and Threats to Validity

Several limitations constrain the interpretation of the findings. The dataset comes from
one institution in Portugal, so its study-program distribution, academic policies, and
socioeconomic conditions are not identical to Indonesian higher education. The absence of
cohort or time markers means that stratified random splitting does not establish temporal
generalization. The Enrolled class was excluded because it has no final outcome, so the binary
model does not address three-class prediction or time-to-event analysis. The validation
threshold was optimized for F2 rather than for measured intervention cost or adviser capacity.
SHAP analysis did not test explanation stability, subgroup fairness, or user comprehension. The
study also did not build and evaluate a dashboard, conduct user acceptance testing, or test
whether model-supported intervention improves retention. Finally, Brier score was reported, but
additional probability calibration methods such as isotonic regression or Platt scaling were not
evaluated.
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CONCLUSION

Importantly, this study has not demonstrated an improvement in student retention. The
experiment evaluated model discrimination, classification performance, uncertainty, and feature
contributions, but it did not implement or experimentally evaluate interventions, compare
retention outcomes before and after deployment, or conduct a controlled evaluation of student-
support services. Therefore, the evidence supports the conclusion that the proposed models
can predict dropout risk under the study design, not that their use increases student retention.
Before operational use in Indonesian higher education, the models should be validated on local
pseudonymized data, tested across cohorts, assessed for fairness and probability calibration,
and connected to interventions whose effects on actual retention outcomes are measured.
Future work should also evaluate dashboard usability, user acceptance, explanation stability,
and the effectiveness of different threshold policies.

SHAP identified study program, second-semester curricular completion, tuition payment
status, and early academic achievement as major predictive contributors. These academic and
financial signals can support review and referral to student services, but SHAP explanations do
not establish causality and should not become a basis for automated adverse decisions. The
main contribution is a reproducible predictive and explainability pipeline that can serve as a
technical foundation for an Early Warning System with human verification.

This study compared logistic regression, Random Forest, and XGBoost on 3,630 binary
observations derived from the UCI Predict Students’ Dropout and Academic Success dataset.
The training-validation-test design ensured that hyperparameters and classification thresholds
were selected without using the final test set. All models achieved strong predictive
performance, but their strengths differed by metric. Logistic regression achieved the highest
precision-recall area under the curve and Dropout recall, while Random Forest achieved the
highest F1-score and balanced accuracy. XGBoost remained highly competitive, with a
precision-recall area under the curve of 0.9705, recall of 0.9613, precision of 0.7319, F1-score
of 0.8311, and balanced accuracy of 0.8675. These findings demonstrate predictive
performance under the experimental conditions; they do not establish that one model is
universally superior or that the model itself improves student outcomes.
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