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Abstract—Student dropout prediction is an important
task in educational data mining because early
identification of at-risk students can support more
timely institutional intervention. This study
investigates whether dropout risk can be predicted
using only pre-acceptance variables by comparing
Gaussian Naive Bayes and XGBoost. The original
dataset contained 4,424 student records with three
target categories: Dropout, Graduate, and Enrolled.
Since this study focuses on binary early dropout risk
identification, 794 Enrolled records were removed,
resulting in 3,630 records consisting of 2,209 Graduate
and 1,421 Dropout records. Two feature configurations
were evaluated: a Background-Only Setting and a
Background-Application Setting. The models were
trained using the same preprocessing, 80:20 train-test
split, SMOTE handling, and evaluation metrics. The
best overall performance was achieved by XGBoost
under the Background-Application Setting, with an
accuracy of 0.7328, precision of 0.6510, recall of
0.6831, and F1-score of 0.6667. These results show that
pre-acceptance variables can provide useful early
dropout risk signals, although the performance
remains moderate. GitHub:
https://github.com/LecyLecy/student-dropout-preacce

ptance

Keywords—student dropout prediction, pre-acceptance
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I. INTRODUCTION

Student dropout remains a major challenge in higher
education because late identification of at-risk students
limits the opportunity for timely intervention. In recent
years, educational data mining and machine learning have
been widely used to predict student outcomes such as
graduation, dropout, academic success, and retention in
order to support earlier institutional decision-making
[1]-[4]. However, many existing studies still rely on
semester-based academic performance variables, class
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activity records, or post-enrollment information, even
though such information is not always available at the
earliest stage of admission and student monitoring [2], [3],
[5]. As a result, the practical value of these models for
very early warning systems may still be limited.

Recent studies show that XGBoost has strong potential
for dropout and academic success prediction, while Naive
Bayes remains useful as a simple and interpretable
baseline [6], [7]. Since educational prediction also needs
practical value and interpretability [8], comparing these
two models under a restricted early-stage feature setting
remains relevant.

This study uses the Predict Students’ Dropout and
Academic Success dataset, whose original target consists
of Dropout, Graduate, and Enrolled categories [9]. To
align the task with binary early dropout risk identification,
Enrolled records are excluded, while Graduate is encoded
as 0 and Dropout is encoded as 1. Although dropout
prediction has also been widely studied in online learning
environments [10], this study focuses on a stricter
pre-acceptance setting in higher education. Two feature
configurations are evaluated: the Background-Only
Setting and the Background-Application Setting. Through
this design, the study aims to examine whether
meaningful dropout prediction can already be achieved at
a very early stage and whether XGBoost provides more
balanced performance than Gaussian Naive Bayes under
the two pre-acceptance settings.

1I. LITERATURE REVIEW

A. Student Dropout Prediction in Higher Education

Student dropout prediction has become an important
topic in educational data mining because institutions need
data-driven methods to identify at-risk students before
dropout occurs. Previous studies have used student
background, secondary school records, first-year
academic information, and pre-enrollment data to support
earlier identification of dropout risk [11], [12]. These
studies show that early prediction is useful for
intervention planning, but the practical value of a model
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depends strongly on when its input variables become
available.

Student outcome prediction has also been studied
through different algorithms and datasets. Prior reviews
and applications show that model effectiveness depends
on feature design, evaluation metrics, institutional context,
and algorithm selection [13]-[15]. Therefore, model
comparison remains important when the feature setting is
restricted to early-stage variables.

B. Machine Learning Models for Educational Prediction

Advanced tree-based and ensemble methods are
commonly used in educational prediction because they
can capture non-linear relationships among variables.
XGBoost is relevant for this study because it performs
well on structured data, has been applied to imbalanced
classification, and has shown strong performance in
learner performance prediction and broader classification
settings [16]-[19]. These characteristics make it suitable
for datasets that combine demographic, socioeconomic,
macroeconomic, and application-related variables.

Simpler models such as Naive Bayes remain useful
because they are efficient, interpretable, and easy to
implement. Previous educational prediction studies show
that Naive Bayes can still provide useful baseline
performance in learning outcome prediction [20].
Therefore, comparing Gaussian Naive Bayes with
XGBoost allows this study to contrast a lightweight
probabilistic model with a stronger boosting-based model
under the same experimental setting.

C. Dropout Prediction with XGBoost and Related
Approaches

Recent dropout prediction studies have increasingly
used XGBoost and ensemble-based methods. Random
Forest and XGBoost have been applied to identify
students at risk, while other studies combine XGBoost
with genetic algorithms, fuzzy-based modeling, or
explainable machine learning pipelines in higher
education and online learning contexts [21]-[25]. These
studies confirm the relevance of XGBoost for dropout
prediction, but many of them use broader feature settings,
online activity data, or post-enrollment variables. This
highlights the need for clear experimental boundaries
when the objective is early prediction.

D. Research Gap and Study Positioning

Based on the reviewed literature, the main gap is that
many dropout prediction studies still use mixed feature
settings that include behavioral, academic,
post-enrollment, or semester-based variables. Although
these variables can improve performance, they reduce the
usefulness of the model for very early warning systems
because they are not available before students begin their
studies. Therefore, a controlled comparison between
XGBoost and Gaussian Naive Bayes under a strict
pre-acceptance setting is still needed.

A closely related baseline study used the same Predict
Students’ Dropout and Academic Success dataset with
XGBoost and achieved strong performance by using a
broader  feature set, including  demographic,
socio-economic, and academic variables such as
admission grade and semester-based curricular unit
records [6]. However, several of these variables are

post-acceptance or post-enrollment variables because they
are only available after admission or after students have
started their academic activities. In contrast, this study
intentionally excludes those variables and uses only
pre-acceptance variables to preserve the early-warning
purpose of the model. Therefore, this study positions itself
as a controlled comparative analysis of Gaussian Naive
Bayes and XGBoost for early student dropout prediction
using only pre-acceptance variables. The study does not
aim to propose a new algorithm or maximize performance
using all available variables. Instead, it evaluates whether
useful dropout risk signals can already be identified
before semester-based academic and post-acceptance
variables are available. By  comparing the
Background-Only Setting with the
Background-Application Setting, this study also examines
whether application-related variables improve early
prediction without violating the pre-acceptance boundary.

I11. METHODS

This section explains the research design used to
evaluate early student dropout prediction using
pre-acceptance variables. The overall workflow includes
dataset collection, target transformation, feature setting
definition, preprocessing, model development, evaluation,
and interpretation of the best-performing model.
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Fig. 1. Research workflow of the proposed pre-acceptance
student dropout prediction framework.

A. Dataset and Early Target Construction

As shown in Fig. 1, the workflow summarizes the
main stages of the experiment. This study uses the
publicly available Predict Students’ Dropout and
Academic Success dataset as the main source of analysis
[9]. The dataset is originally associated with the UCI
Machine Learning Repository and was accessed in this
study through Kaggle. The dataset link used in this study
is

https: kaggl m/datasets/th astator/higher-
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cation-predictors-of-student-retention. The dataset
contains demographic, family, application,
macroeconomic, academic, and final target information
for undergraduate students. Since this study focuses on
early dropout prediction, the original multiclass target is
transformed into a binary task by removing Enrolled
records and encoding Graduate = 0 and Dropout = 1. After
this transformation, the final dataset contains 3,630
records, consisting of 2,209 Graduate records and 1,421
Dropout records, as summarized in Table 1.
Semester-based academic variables and post-acceptance
administrative variables are excluded so that the model
uses only information available before student acceptance
is finalized.

TABLE I. DATASET TRANSFORMATION AND TARGET

DISTRIBUTION
Description Count
Initial dataset 4,424
Removed Enrolled records 794
Final binary dataset 3,630
Graduate records 2,209
Dropout records 1,421

The final binary dataset consists of 60.85% Graduate
records and 39.15% Dropout records. Since the class
distribution is not fully balanced, SMOTE is applied only
to the training data to reduce bias toward the majority
class without changing the original test distribution.

B. Pre-Acceptance Variable Settings

To make the comparison more informative, two
feature settings are defined. The Background-Only Setting
represents a more restrictive early-stage perspective, while
the Background-Application Setting extends it by
including application-related variables that are still
available  during the admission stage. The
Background-Only Setting uses background-only variables,
consisting of Marital status, Nacionality, Mother’s
qualification, Father’s qualification, Mother’s occupation,
Father’s occupation, Displaced, Educational special needs,
Gender, Age at enrollment, International, Unemployment
rate, Inflation rate, and GDP. The
Background-Application Setting uses background plus
application-related variables. In addition to all variables in
Background-Only  Setting, this setting includes
Application mode, Application order, Course,
Daytime/evening attendance, and Previous qualification.
Post-acceptance and semester-based academic variables
are excluded, including Debtor, Tuition fees up to date,
Scholarship holder, and all first- and second-semester
curricular unit variables. These variables are removed
because they are only available after admission or after
students begin their academic activities.

C. Data Preparation and Model Development

After target transformation and variable filtering, the
dataset is divided into training and testing sets using an
80:20 split ratio. The same split strategy is applied
consistently across both feature settings to preserve
fairness in model comparison. Because the selected
variables include both categorical and numerical
attributes, preprocessing is conducted before model
training. Categorical variables are transformed using
encoding, while numerical variables are standardized
where necessary. To address possible class imbalance in

the binary target distribution, Synthetic Minority
Over-sampling Technique (SMOTE) is applied only to the
training data. SMOTE generates synthetic minority
samples by interpolating between a minority sample and
its nearest minority-class neighbor, as shown in (1):

x =x + 6(xnn - xl,),OS 6 <1 @)

new

where X, is a minority-class sample, x is one of its

nearest minority-class neighbors, and 6 is a random value
between 0 and 1. This is done to reduce prediction bias
toward the majority class and to improve the model’s
ability to identify dropout cases more effectively. Two
classification models are used in this study. Gaussian
Naive Bayes is selected as the baseline model because it is
simple, efficient, and interpretable. XGBoost is selected as
the stronger comparison model because it is widely
recognized for its predictive performance in structured
tabular data and its ability to capture more complex
feature relationships. Both models are trained separately
under Background-Only Setting and
Background-Application Setting so that their performance
can be compared not only across algorithms, but also
across the two early-stage variable configurations.

D. Evaluation Strategy

Model performance is evaluated using accuracy,
precision, recall, and F1-score. These evaluation measures
are chosen because they provide a more complete
assessment than accuracy alone, particularly when class
imbalance may affect model behavior. The evaluation is
carried out for both Gaussian Naive Bayes and XGBoost
under each feature setting. This produces four
experimental conditions in total: Gaussian Naive Bayes
with  Background-Only  Setting, = XGBoost with
Background-Only Setting, Gaussian Naive Bayes with
Background-Application Setting, and XGBoost with
Background-Application Setting. After the
best-performing scenario is identified, feature importance
analysis and prediction probability distribution are used to
interpret how the selected model uses pre-acceptance
variables and why its performance remains moderate. The
final comparison is then used to determine whether
background-only variables are sufficient for meaningful
early dropout prediction, whether application-related
variables improve predictive performance, and whether
XGBoost provides more balanced performance than
Gaussian Naive Bayes under the strict pre-acceptance
setting.

IV. REsuLTs AND Discussion

A. Experimental Performance Results

The experiment was conducted under four scenarios.
The Background-Only Setting uses background-only
variables, while the Background-Application Setting
extends it by adding application-related variables. Each
setting was evaluated using Gaussian Naive Bayes and
XGBoost under the same train-test split, preprocessing
procedure, class imbalance handling, and evaluation
metrics.
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TABLE II. MODEL PERFORMANCE COMPARISON ACROSS FEATURE SETTINGS

Feature Setting Model Accuracy Precision Recall F1-score
Background-Only Gaussian Naive Bayes 0.3953 0.3901 0.9683 0.5561
Setting
XGBoost 0.7011 0.6227 0.5986 0.6104
Background-Application __ Gaussian Naive Bayes 0.3994 0.3895 0.9437 0.5514
Setting XGBoost 0.7328 0.6510 0.6831 0.6667
application-related variables such as application mode,
The results show that XGBoost outperformed application order, course, attendance mode, and previous

Gaussian Naive Bayes in both feature settings based on
accuracy, precision, and Fl-score. The best overall result
was achieved by XGBoost under the
Background-Application Setting, with an accuracy of
0.7328, precision of 0.6510, recall of 0.6831, and
Fl-score of 0.6667. This indicates that adding
application-related variables improved the model’s ability
to distinguish between Graduate and Dropout cases.
Gaussian Naive Bayes achieved very high recall in both
settings, but its low precision shows that the model
produced many false positives. Since XGBoost under the
Background-Application Setting achieved the strongest
overall balance, it was selected as the best-performing
model in this study. This result can be explained by
XGBoost’s ability to capture non-linear relationships and
by the additional early-stage information provided by

qualification.  Therefore, = XGBoost under the
Background-Application Setting provides the best balance
between predictive performance, minority class detection,
and realistic early-stage feature availability.

B. Feature Importance Analysis

After identifying XGBoost under the
Background-Application Setting as the best-performing
scenario, feature importance analysis was used to examine
which variables contributed most to the model. As shown
in Fig. 2, the model relies on a combination of
background and application-related variables rather than a
single dominant predictor. This supports the result in
Table II, where the Background-Application Setting
improved the performance of XGBoost compared with the
Background-Only Setting.

Top 10 XGBoost Feature Importance Under Background-Application Setting
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Fig. 2. Top 10 XGBoost Feature Importance Under Background-Application Setting

The presence of application-related variables, especially
course choice and application pathway, among the
important predictors indicates that application-stage
information can add useful early-stage signals for dropout
risk prediction. This explains why the
Background-Application ~ Setting  produced  better
performance than the Background-Only Setting.

C. Prediction Probability Distribution

To further interpret the best-performing model, the
predicted dropout probability distribution of XGBoost

under Background-Application Setting was analyzed. As
shown in Fig. 3, the predicted probabilities of Graduate
and Dropout cases are not perfectly separated, which
explains why the model performance remains moderate
even though it is the strongest scenario in this study.
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Fig. 3. Prediction Probability Distribution of XGBoost Under Background-Application Setting

The distribution shows that some Graduate and
Dropout cases overlap around the middle probability
range. This overlap indicates that pre-acceptance variables
provide useful early signals, but they cannot fully separate
both  classes because semester-based academic
performance and  post-acceptance  variables are
intentionally excluded. Therefore, the model is more
suitable as an early warning support tool rather than a
final decision-making system.

D. Overall Discussion

Overall, pre-acceptance variables provide useful early
signals for dropout risk identification, although
performance  remains moderate  because  strong
post-acceptance and semester-based academic variables
are intentionally excluded. XGBoost produced more
balanced performance than Gaussian Naive Bayes, while
Gaussian Naive Bayes achieved high recall but low
precision. The improvement from the Background-Only
Setting to the Background-Application Setting shows that
application-related variables add meaningful information
beyond background characteristics. Therefore, the
proposed approach is valuable not because it maximizes
accuracy, but because it tests whether dropout risk can be
identified before academic performance records emerge.

V. CONCLUSION

This study evaluated early student dropout prediction
using only pre-acceptance variables by comparing
Gaussian Naive Bayes and XGBoost under the
Background-Only and Background-Application settings.
The results show that XGBoost wunder the
Background-Application Setting achieved the best overall
performance, with an accuracy of 0.7328, precision of
0.6510, recall of 0.6831, and Fl-score of 0.6667. The
main contribution is not to outperform post-acceptance
prediction, but to show that useful dropout risk signals can
still be identified earlier, although performance remains

moderate  because  stronger post-acceptance and
semester-based academic variables are intentionally
excluded.

Future work should validate the framework using real
admission data from other institutions, examine whether
early risk signals remain consistent after semester records
become available, and include fairness and ethical
evaluation before deployment. A pilot implementation
with academic advisors can also be conducted to test
whether the model is useful as an early warning support
tool.
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