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Abstract

Student dropout in higher education remains a critical challenge with significant academic, social, and
economic implications. Early identification of students at risk of dropout enables institutions to design timely
and targeted interventions that support academic success and improve retention rates. This study proposes
a machine learning (ML)-driven framework for the early prediction of student dropout and academic
outcomes in higher education using a comprehensive, real-world dataset collected from a higher education
institution. The prediction task is formulated as a multiclass classification problem with three outcomes:
dropout, enrolled, and graduate. To evaluate the effectiveness of different modeling approaches, we conduct
a comparative analysis of widely used ML algorithms, including Logistic Regression, Naive Bayes, k-Nearest
Neighbors, Support Vector Machine, Decision Trees, Random Forest (RF), AdaBoost, XGBoost, LightGBM,
and CatBoost. Results indicate that ensemble models achieve the best performance. RF attains the highest test
accuracy (0.7797) and ROC-AUC (OvR) (0.8919), while LightGBM yields the best Macro-F1 (0.7082). Feature
importance analysis shows that early academic progress indicators (approved units and semester grades)
are the strongest predictors, followed by selected administrative/contextual factors such as tuition-fee status
and course. Overall, this study provides empirical evidence supporting the use of ML techniques as effective
decision-support tools for higher education institutions. The proposed framework offers actionable insights
for administrators and policymakers seeking to develop data-driven strategies aimed at reducing dropout
rates, improving academic success, and promoting equitable access to educational opportunities.
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1. Introduction better understand and support student learning has
become a central focus of educational data mining
and learning analytics [1]. In particular, the ability to
accurately predict students’ academic performance at
an early stage is increasingly recognized as a critical tool
for improving educational outcomes.

The digital transformation of higher education has led
to the widespread adoption of learning management
systems, online assessment platforms, and virtual
learning environments. These systems continuously
generate large volumes of educational data, including
attendance records, assessment results, and detailed

logs of student interactions. Leveraging such data to Early identification of students at risk of poor aca-
demic performance enables instructors and institutions

to provide timely interventions such as personalized
feedback, academic advising, or targeted support pro-
grams [2]. Traditional performance evaluation methods,
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which rely heavily on final examinations or cumula-
tive grades, often detect learning difficulties too late
to allow effectively corrective and timely actions. As
a result, predictive models that can forecast student
performance during the early phases of a course have
gained significant attention in recent years [3].

Machine learning (ML) techniques have demon-
strated strong potential for modeling the complex and
nonlinear relationships inherent in educational data
[4, 5]. By analyzing historical academic records together
with behavioral indicators extracted from online learn-
ing activities, ML-based approaches can uncover hidden
patterns that are difficult to capture using conven-
tional statistical methods [6]. In particular, fine-grained
online activity logs such as login frequency, content
access behavior, assignment submission patterns, and
interaction intensity provide valuable insights into
students’ engagement and learning habits, which are
closely linked to academic success [7].

Despite the promising results reported in existing
studies, accurately predicting student performance
remains a challenging task [8]. Educational datasets are
often heterogeneous, noisy, imbalanced, and student
learning behavior may vary significantly across courses,
institutions, and time periods. Single predictive models
may therefore suffer from limited generalization
capability or sensitivity to specific data characteristics.
To address these challenges, ensemble and multi-
model learning strategies have been increasingly
explored. By combining the strengths of multiple base
learners, ensemble approaches can improve prediction
robustness, reduce variance, and enhance overall
accuracy compared to individual models [9-11].

Motivated by these considerations, recent research
has focused on integrating early-stage academic indi-
cators, online behavioral features, and ensemble ML
techniques to develop more reliable student perfor-
mance prediction systems [12]. Such approaches aim
not only to improve predictive accuracy but also to pro-
vide practical decision-support tools for educators and
academic administrators. By enabling early and data-
driven identification of at-risk students, these systems
have the potential to contribute to improved retention
rates, better learning experiences, and more effective
educational strategies in primary [13], secondary [14],
and higher education [15-20].

1.1. Related Works

Building on the growing interest in early prediction
of student academic performance, a substantial body
of research has explored the use of educational data
mining and learning analytics to model students’ learn-
ing behaviors and outcomes. The work in [9] devel-
oped an ensemble ML model that leverages multiple

classifiers to recommend potential students by accu-
rately predicting their academic suitability and per-
formance. Numerical results demonstrated that the
ensemble approach outperforms individual models,
which provides more reliable and effective decision
support for student recommendation and academic
planning. In [12], the authors proposed an early pre-
diction framework for student academic performance
in higher education by combining admission criteria
and first-year course results with ML and t-SNE-based
dimensionality reduction. Experimental results showed
that integrating early academic features significantly
improves GPA prediction accuracy, thus enabling insti-
tutions to identify at-risk students and intervene at
early stages. In [20], ML models were used to predict
students’ academic outcomes, i.e., on-time graduation,
delayed completion, or dropout, at different phases
of the first academic year using demographic, socioe-
conomic, macroeconomic, and academic data. Results
showed that random forest (RF)-based models per-
form the best, i.e., with the most accurate predictions
achieved by the end of the first semester. This enables
earlier identification of at-risk students for targeted
interventions. In [21], a comprehensive evaluation of
ML techniques for estimating student academic perfor-
mance using diverse educational data was presented.
The study compared multiple models and metrics to
identify effective approaches that can support early
prediction and data-driven decision-making in educa-
tion. A web-based ML system was proposed in [22]
to predict university students’ academic performance
at early stages using academic and demographic data.
By comparing multiple algorithms, the study showed
that academic factors, especially midterm exam scores,
have the strongest impact on performance, and the
proposed system can support early identification of at-
risk students and informed academic intervention. In
[23], the authors devised a ML-based academic advis-
ing framework that uses real-world engineering student
data to predict academic performance and identify at-
risk students early. Experimental results showed that
the proposed models achieve strong predictive accuracy
and can support advisors in making timely and per-
sonalized interventions to improve student success and
retention. The paper in [24] investigated different ML
algorithms, i.e., Support Vector Machine (SVM), Deci-
sion Tree (DT), RF, and k-Nearest Neighbors (kNN), to
predict and compare students’ academic performance
in online and offline learning environments using real
datasets. The results showed that tree-based models,
particularly DT and RF, achieve high predictive accu-
racy. The authors also revealed that students’ habits,
e.g., study time, sleep, and screen exposure, are key
factors that influence academic success in both learning
modes. In [25], a fuzzy propositional model (FPM) was

EAI Endorsed Transactions on
Industrial Networks and Intelligent Systems
| Volume 13 | Issue 1 | 2026 |

2 EA 2



Artificial Intelligence-Driven Early Prediction of Student Dropout and Academic Outcomes in Higher Education: A Comparative Study of Advanced

Machine Learning Approaches

proposed to integrate fuzzy set theory with proposi-
tional logic to reason and predict students’ academic
performance under uncertainty, thus addressing limita-
tions of traditional deterministic and statistical models.
Experiments on real university datasets showed that
FPM achieves more accurate and interpretable predic-
tions than linear regression, particularly in scenarios
with weak or imprecise relationships such as absen-
teeism and exam performance.

1.2. Problem Statement and Research Objectives

Despite the advances of learning analytics and edu-
cational data mining, building reliable predictive sys-
tems for student outcomes remains challenging due to
heterogeneous student profiles, class imbalance, and
the complex interplay between socioeconomic context
and academic performance [8]. In this work, we study
student outcome prediction using a real-world higher
education dataset that integrates information avail-
able at enrollment, e.g., demographic, application, and
socioeconomic attributes, together with aggregated aca-
demic performance indicators from the first and second
semesters, and regional macroeconomic indicators.

We address the task of predicting each student’s
academic status at the end of the normal course
duration as a three-class classification problem with
outcome categories Dropout, Enrolled, and Graduate.
In contrast to approaches that rely primarily on fine-
grained learning management system (LMS) interaction
logs, our focus is on institutional variables that are
commonly available in administrative and academic
information systems, making the proposed analysis
relevant for a wide range of higher education settings.

The main research objectives of this study are as
follows:

* O1: Performance benchmarking. Evaluate and
compare widely used ML classifiers for predicting
student outcomes in a consistent experimental
setting.

* O2: Robust multi-class assessment. Report per-
formance using metrics appropriate for imbal-
anced multi-class prediction, e.g., Macro-F1 in
addition to overall accuracy, and analyze typical
misclassification patterns.

* O3: Insight into predictive factors. Identify the
most influential predictors of dropout and aca-
demic success to support early risk identification
and data-driven student support strategies.

1.3. Contributions and Paper Organization

This paper makes the following contributions:

* We present a comprehensive empirical study of
student outcome prediction using a higher educa-
tion dataset that combines demographic, socioe-
conomic/administrative, academic performance,
and macroeconomic variables.

¢ We benchmark a diverse set of common classifica-
tion models, including Logistic Regression (LR),
Naive Bayes (NB), kNN, DT, RF, AdaBoost, SVM,
and gradient boosting methods, i.e., XGBoost,
LightGBM, and CatBoost, and compare them
using consistent evaluation metrics.

* We provide an interpretability-oriented analysis
based on feature importance to highlight key
factors associated with student dropout and
academic success, offering insights that may
inform institutional retention strategies.

The remainder of the paper is organized as follows.
Section 2 describes the dataset and provides the
formal problem formulation. Section 3 presents the ML
models and preprocessing pipeline. Section 4 details the
experimental setup and evaluation metrics. Section 5
reports and discusses the results, including model
comparison and feature importance analysis. Finally,
Section 6 concludes the paper.

2. Dataset and Problem Formulation

2.1. Dataset Description

We use the publicly available Predict students’ dropout
and academic success dataset released on Zenodo [26].
The dataset was constructed from a higher education
institution by integrating information from multiple
disjoint administrative databases. It includes variables
available at the time of enrollment, e.g., demographic
and socioeconomic characteristics, application-related
information, and students’ academic performance
summaries at the end of the first and second semesters.
The goal is to support the development of predictive
models for student outcomes at the end of the normal
duration of the degree program.

After loading the dataset, we obtain N = 4424
student records, each described by d = 34 predictor
variables and one categorical outcome label. No missing
values are observed in the provided data.

2.2. Features

The dataset predictors capture complementary aspects
of the student profile and learning trajectory. For clarity,
we group the features into four categories:

* Demographic and enrollment context: e.g., mar-
ital status, gender, age at enrollment, nationality,
course, daytime/evening attendance, application
mode and order.
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* Socioeconomic and administrative factors: e.g.,
scholarship holder status, debtor status, tuition
fees up to date, displaced status, parents’
qualifications and occupations, and educational
special needs.

* Early academic performance indicators: aggre-
gated curricular-unit information for the first
and second semesters, including the number of
units credited/enrolled/evaluated/approved and
the corresponding grades.

* Macroeconomic indicators: unemployment rate,
inflation rate, and GDP of the region in the
relevant period.

Most categorical features are provided as integer-
coded categories, consistent with the dataset documen-
tation. Continuous features include semester grades
and macroeconomic indicators. In our experiments, we
apply feature scaling to ensure comparability across
models that are sensitive to feature magnitudes, e.g.,
LR, kNN, and SVM.

2.3. Outcome Definition and Class Distribution

The target variable (Target) is defined with three
outcome categories: Dropout, Enrolled, and Graduate. In
our dataset, the class distribution is: Graduate (2209;
49.93%), Dropout (1421; 32.12%), and Enrolled (794;
17.95%), indicating a moderately imbalanced multi-
class setting.

2.4. Problem Formulation

Let D = {(xi,yi)}ﬁ1 denote the dataset, where x; € R?
is the feature vector describing student i, and y; € Y
is the corresponding outcome label. The label space
is Y = {Dropout, Enrolled, Graduate}. Our objective is to
learn a classifier f : R? — ) that predicts the outcome
of each student based on enrollment, socioeconomic,
academic performance, and macroeconomic indicators:

vi = f(x),

This formulation defines a three-class supervised
classification problem. In subsequent sections, we eval-
uate multiple ML algorithms under a unified experi-
mental protocol and report performance using metrics
appropriate for imbalanced multi-class classification,
e.g., Macro-F1 in addition to overall accuracy.

vi € V. (1)

3. Methods

This section describes the proposed ML pipeline for
predicting student outcomes. Figure 1 summarizes the
end-to-end workflow, including preprocessing, model
selection, training, classification, and evaluation.

3.1. Workflow Overview

As shown in Figure 1, the proposed system starts from
the curated student dataset (Section 2) and applies a
uniform preprocessing pipeline. We then train a diverse
set of supervised classifiers, each producing a predicted
class label in {Dropout, Enrolled, Graduate}. Finally, we
evaluate predictive performance using complementary
metrics and diagnostic plots, e.g., confusion matrices
and ROC curves, and we analyze feature relevance
using model-based importance scores.

3.2. Data Preprocessing

Let x; denote the input features for student i and y;
denote the corresponding outcome label. Prior to model
training, the following preprocessing steps are applied:

* Target encoding: The categorical target labels
(Dropout, Enrolled, Graduate) are mapped to
numeric class indices for model training.

* Feature preparation: Predictor variables include
demographic and enrollment attributes, socioe-
conomic and administrative indicators, aca-
demic performance summaries (first and second
semesters), and regional macroeconomic indica-
tors. Many categorical variables are provided as
integer-coded categories in the dataset; we use
these codes as provided to maintain consistency
across all compared models.

* Feature scaling: We standardize input variables
using z-score normalization (StandardScaler), i.e.,
each feature is transformed to have approximately
zero mean and unit variance based on the training
data. This step is important for magnitude-
sensitive models such as LR, kNN, and SVM,
and it enables a consistent feature representation
across all classifiers.

3.3. Classification Models

To provide a comprehensive benchmark, we evaluate a
set of widely used classification algorithms commonly
adopted in educational data mining and applied ML.
The model set, as shown in Figure 1, includes:

* Linear model: LR, used as a strong and
interpretable baseline.

* Probabilistic baseline: NB, representing a simple
generative approach.

* Distance-based method: kNN, capturing local
similarity in feature space.

¢ Kernel method: SVM with an RBF kernel,
enabling nonlinear decision boundaries.
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Figure 1. Overview of the proposed model-training workflow: the student dataset is preprocessed, multiple classification models are
trained, predictions are produced for the three outcome classes (Dropout, Enrolled, Graduate), and performance is evaluated using
standard classification metrics

¢ Tree-based models: DT and RF, which handle
nonlinear interactions and provide model-based
feature importance.

* Boosting-based ensembles: AdaBoost, XGBoost,
LightGBM, and CatBoost, which often achieve
strong predictive performance by combining
multiple weak learners into an ensemb]e.

This selection spans multiple learning paradigms
(linear, probabilistic, distance-based, kernel-based,
tree-based, and boosting-based), ensuring that perfor-
mance comparisons are not biased toward a single
model family.

4. Experimental Setup and Evaluation Metrics

This section describes the experimental protocol used to
compare all models and the evaluation metrics reported
in the results.

4.1. Experimental Setup

All experiments are implemented in Python using
standard ML libraries. Specifically, classical models and
the preprocessing pipeline are implemented with scikit-
learn, while gradient boosting models are trained using
their corresponding toolkits, i.e., XGBoost, LightGBM,
and CatBoost. To ensure a fair comparison, all classifiers
are trained and evaluated on the same preprocessed
feature matrix.

For evaluation, we adopt a stratified hold-out split,
where 80% of the instances are used for training and
the remaining 20% are reserved for testing, preserving
the class proportions across Dropout, Enrolled, and
Graduate. In addition, to assess robustness to data
partitioning, we report stratified k-fold cross-validation
(CV) results with k =5, summarizing performance
using the mean and standard deviation of accuracy
across folds.

2 EA

Reproducibility is ensured by using a fixed random
seed for data splitting and for stochastic learning
algorithms where applicable. Unless otherwise stated,
models are trained with standard settings to provide a
consistent baseline comparison, e.g., ensemble models
use a fixed number of estimators. For metrics that
require probabilistic outputs, we use predicted class
probabilities produced by each classifier; for SVM,
probability estimation is enabled to support ROC-AUC
computation.

4.2. Evaluation Metrics

Let C = 3 be the number of classes, and let M denote the

number of instances in the test set. Let y; and ¢; denote

the true and predicted labels of instance i, respectively.
Accuracy.

M
1 .\
Accuracy = M E 1(9; = vi), (2)
i=1

where I(-) is the indicator function.

Macro-averaged Precision, Recall, and F1-score. To
account for class imbalance, we report macro-averaged
metrics, which weight each class equally. For class ¢, we
define TP, FP,, and FN, as the number of true positives,
false positives, and false negatives, respectively:

TP, TP
—— ¢ R nmn=—=_
TP, + FP,” co0he (3)

Precision, = = TP TN
c [

2 Precision, Recall,

F1,= ,
© " Precision, + Recall,

(4)

Macro-averaged scores are computed as

C
- 1 ..
Precision e = c E Precision,, (5)
c=1
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C
1
Recall ,cr0 = c ZRecallC, (6)
c=1
1 C
Flyacro = E ZF1C~ (7)
c=1

ROC-AUC (One-vs-Rest). We report multiclass
ROC-AUC using the One-vs-Rest (OvR) strategy. For
each class ¢, we treat c as the positive class and all other
classes as negative, we compute AUC, using predicted
probabilities, and then macro-average across classes:

C
1
ROC-AUCOW = ZAUCC. (8)
=1

c

Confusion matrix. We analyze class-wise errors
using confusion matrices, where entry (7, ¢) counts the
number of instances with true class r predicted as class
c.

Reporting. For each model, we report hold-out test
performance (Accuracy, Macro Precision/Recall/F1,
and ROC-AUC OvR) and CV accuracy (mean + standard
deviation).

5. Results

This section reports the experimental results obtained
using the protocol and metrics defined in Section 4. We
first compare overall predictive performance across all
models, then analyze error patterns and discriminative
ability, and finally examine the most influential
predictors.

5.1. Overall Model Performance

Table 1 summarizes the test-set performance (Accu-
racy, Macro Precision/Recall/F1, and ROC-AUC OvR)
together with CV accuracy. Overall, ensemble meth-
ods achieve the strongest performance. RF yields the
best test accuracy (0.7797) and the highest ROC-AUC
(0.8919). Gradient boosting methods (LightGBM and
CatBoost) perform comparably, with LightGBM achiev-
ing the best Macro-F1 (0.7082) among the evaluated
models. SVM and XGBoost also show competitive per-
formance, while simpler baselines such as NB and a
single DT achieve lower scores.

Beyond the ranking itself, two observations are
noteworthy. First, the difference between the top models
is relatively small, e.g., RF vs. LightGBM/CatBoost,
suggesting that the dataset contains strong predictive
signals that can be captured by multiple high-capacity
learners. Second, the gap between test accuracy and
CV accuracy is modest for most models, and the CV
standard deviations are generally low, indicating that
performance is reasonably stable under different data

partitions. This is important in educational settings,
where predictive systems should not be overly sensitive
to small variations in training data.

The comparison between accuracy and Macro-F1
also provides insight into class-wise behavior. While
RF achieves the highest overall accuracy, LightGBM
attains the best Macro-F1, which indicates a more
balanced performance across classes (Macro-F1 weights
each class equally). This distinction matters because
the outcome classes are not equally represented,
and a model can achieve high accuracy by favoring
majority classes. The stronger Macro-F1 scores of
the top ensemble models therefore suggest improved
recognition of underrepresented or more ambiguous
outcomes.

Model family characteristics help explain these
trends. Single DT can capture nonlinear relationships
but often suffer from high variance, whereas RF reduces
variance through bagging and feature subsampling.
Boosting methods (AdaBoost, XGBoost, LightGBM, and
CatBoost) further improve performance by iteratively
correcting errors and modeling complex interactions,
which is well-suited to heterogeneous educational fea-
tures. In contrast, NB relies on conditional indepen-
dence assumptions that are unlikely to hold in this
dataset, e.g., strong dependencies among academic per-
formance variables, which can limit its discriminative
ability. The competitive results of LR suggest that part
of the predictive structure may be captured by rel-
atively simple decision boundaries once informative
early academic indicators are included, even though
nonlinear ensemble models still provide the best overall
performance.

5.2. Error Analysis via Confusion Matrices

To better understand misclassification patterns, we
visualize confusion matrices for all models in Figure 2.
This analysis complements scalar metrics by revealing
which outcomes are most frequently confused. In
general, higher-performing ensemble models exhibit
fewer confusions between Dropout, Enrolled, and
Graduate, whereas simpler models tend to misclassify
a larger fraction of minority or ambiguous cases.

A qualitative inspection of Figure 2 can be used to
identify whether errors are symmetric (mutual confu-
sion between two classes) or asymmetric (systematic
bias toward a particular outcome). In multi-class edu-
cational prediction tasks, ambiguous students often
fall near the boundary between Enrolled and the other
two outcomes, since continued enrollment beyond the
normal duration may reflect heterogeneous situations
(academic delay, part-time enrollment, or temporary
interruption). Models that better separate these border-
line cases tend to achieve stronger Macro-F1, as Macro-
F1 penalizes poor performance on any single class.
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Table 1. Model comparison on the hold-out test split and 5-fold stratified CV

Model Acc. Prec. (M) Rec. (M) F1(M) ROC-AUC (OvR) CV Acc. CV Std.
RF 0.7797 0.7347 0.6916 0.7036 0.8919 0.7703 0.0073
LightGBM 0.7706 0.7188 0.7013 0.7082 0.8901 0.7780 0.0095
CatBoost 0.7695 0.7155 0.6990 0.7055 0.8804 0.7697 0.0126
SVM 0.7593 0.7088 0.6702 0.6814 0.8689 0.7658 0.0089
XGBoost 0.7582 0.7009 0.6872 0.6927 0.8831 0.7710 0.0019
LR 0.7571 0.6949 0.6644 0.6717 0.8797 0.7642 0.0108
AdaBoost 0.7458 0.6720 0.6546 0.6578 0.8517 0.7529 0.0140
kNN 0.6915 0.6100 0.5939 0.5952 0.7893 0.7009 0.0095
DT 0.6825 0.6241 0.6247 0.6239 0.7309 0.6704 0.0153
NB 0.6667 0.5809 0.5686 0.5706 0.7909 0.6851 0.0100
Confusion Matrices for All Models
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Figure 2.

From an intervention perspective, confusion matrices
are also useful because different error types have differ-
ent operational consequences. For example, predicting
Graduate for a student who eventually Drops out may
reduce the likelihood of timely support, while predict-
ing Dropout for a student who ultimately Graduates may
lead to unnecessary allocation of resources. Therefore,
the confusion matrices provide an actionable view of
model behavior beyond aggregate scores.

5.3. Discriminative Ability via ROC Curves

Figure 3 presents One-vs-Rest ROC curves for selected
top-performing models. Overall, the best-performing
models maintain strong separability across the three
classes, consistent with the high ROC-AUC values
reported in Table 1. ROC curves provide a threshold-
independent view of performance and are especially
informative when class proportions are imbalanced.
While Accuracy and Macro-F1 summarize perfor-
mance at a specific decision rule (the model’s default
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Confusion matrices for all evaluated models

8
300 S

Dre

250

Enrolled
>
@

150

100

50 50

31 58 70

Enrolled

3
8
1
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argmax prediction), ROC-AUC evaluates the ranking
quality of predicted probabilities. This matters for real-
world early-warning systems, where institutions may
prioritize a subset of students for intervention based
on risk scores rather than relying on hard class labels
alone. The consistently high OvR ROC-AUC values of
the top ensemble models indicate that their probability
estimates retain useful separability even when the final
predicted class may be uncertain.

It is also common for ROC curves to differ
across classes, reflecting that some outcomes are
more distinctive given the available features. In
practice, classes associated with clear academic signals,
e.g., strong early performance, often exhibit stronger
separability, whereas intermediate outcomes may be
harder to distinguish due to overlapping characteristics.
These class-specific ROC curves therefore complement
confusion matrices by revealing which outcomes are
intrinsically more separable under the chosen feature
set.
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ROC Curves by Class (Top 5 Models)
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Figure 3. One-vs-Rest ROC curves for the top-performing models across the three outcome classes

5.4. Feature Importance Analysis

To provide interpretability and highlight key pre-
dictors, we compute model-based feature importance
scores using the RF model. Table 2 lists the top pre-
dictors, and Figure 4 visualizes the top-15 ranked fea-
tures. The most informative variables are dominated by
early academic performance indicators, e.g., approved
curricular units and grades in the first and second
semesters, followed by selected administrative and con-
textual factors, e.g., tuition fees up to date, course, and
macroeconomic indicators. This suggests that students’
early academic trajectory provides the strongest signal
for final outcomes, while socioeconomic and contextual
features offer additional explanatory value.

The prominence of approved curricular units and
semester grades is consistent with the intuition that early
academic progress captures both cognitive achievement
and behavioral persistence, e.g., completing evaluations
and passing courses. These variables likely serve as
high-level proxies for attendance, engagement, and
effective study habits, and they may therefore be
particularly useful for identifying at-risk students
during the first year. The importance of age at enrollment
may reflect differences in student trajectories and
external responsibilities, which are often associated
with persistence patterns in higher education.

Administrative factors such as tuition fees up to
date and scholarship holder status also contribute to
prediction, highlighting the role of financial stability
and institutional support in academic outcomes. More-
over, the presence of course-related and macroeconomic
indicators suggests that program context and broader
economic conditions may moderate dropout risk and
completion probabilities. Taken together, these find-
ings support the view that effective retention strategies
should combine academic monitoring with targeted
administrative and financial support mechanisms.

Finally, it is important to interpret feature impor-
tance as predictive association rather than causation.
Importance scores indicate which variables the model

Table 2. Top-10 most important features (RF)

Feature Importance
Curricular units 2nd sem (approved) 0.1469
Curricular units 2nd sem (grade) 0.1039
Curricular units 1st sem (approved) 0.0919
Curricular units 1st sem (grade) 0.0729
Age at enrollment 0.0461
Curricular units 2nd sem (evaluations) 0.0437
Tuition fees up to date 0.0383
Course 0.0377
Curricular units 1st sem (evaluations) 0.0363
Father’s occupation 0.0341

uses to improve prediction under the observed data
distribution, but they do not by themselves establish
that manipulating a variable would change outcomes.
Nevertheless, these results provide a useful evidence
base for prioritizing signals when designing decision-
support tools for early identification and intervention.

6. Conclusion

This paper studied student outcome prediction
in higher education as a three-class classification
task (Dropout, Enrolled, and Graduate) using demo-
graphic/enrollment, socioeconomic/administrative,
early academic performance, and macroeconomic
variables. We compared a range of widely used ML
classifiers under a unified preprocessing and evaluation
protocol.

Overall, ensemble models achieved the best perfor-
mance, with RF and gradient boosting methods, e.g.,
LightGBM and CatBoost, providing strong and sta-
ble results. Feature importance analysis indicated that
early academic progress indicators (approved units and
semester grades) are the most influential predictors,
followed by selected administrative and contextual fac-
tors. These findings support the use of ensemble-based
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Top 15 Feature Importances (Random Forest)
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Figure 4. Top-15 feature importances computed from the RF
model.

models and early academic signals for building practi-
cal, data-driven student support and retention systems.
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