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Abstract. This study proposes four indices for predicting student dropout in
a computing course at a higher education institution, using machine learning
(ML) and dimensionality reduction. Ten classification algorithms were applied
to three datasets, including versions with and without the proposed indices. The
best performance was achieved by QDA. SHAP analysis highlighted persistence
and number of enrollments as the most relevant predictors.

1. Introduction

Student dropout is a global concern that affects both public and private universities
[Fuentes et al. 2024]. This phenomenon is influenced by a variety of factors, including
financial constraints, personal issues, academic difficulties, lack of motivation, and social
pressures, which makes predicting which students are at risk of dropping out a challenging
task [Abdi et al. 2024]. In addition, institutional factors, such as successive failures and
the mismatch between academic training and demands from the labor market, also play
an important role in the dropout process [Fukao et al. 2023]. Other factors influencing
course withdrawal are the enrollment of students in a workload that exceeds their capacity
and the difficulties faced in specific subjects [Rabelo and Zarate 2024].

Dropout in higher education is a critical problem with social, economic, and
institutional consequences. Identifying and understanding the factors contributing to
dropout is essential for developing effective strategies that promote academic retention,
reducing the negative impacts on students, institutions, and society. Courses such as
Computer Science and Information Systems face particular challenges due to the effort
required to align academic training with labor market demands. Thus, early identification
of at-risk students and the implementation of targeted interventions emerge as key
measures to mitigate these adverse effects [Nurmalitasari et al. 2023,Naseem et al. 2019].



Although the use of ML techniques to predict dropout is already widespread,
differences in educational policies and the difficulty of accessing updated data present
significant challenges, requiring constant adaptations to predictive models [Kriiger et al.
2023]. Given this, the present study aims to propose indices that influence the prediction
of student dropout in higher education. These indices summarize patterns of progression,
failure, and course load, obtained through the processing of students’ academic records.
Also, the indices were defined based on the literature and empirical evidence and they
were analyzed using quantitative and predictive techniques to assess their relevance and
impact. This research aims to provide support for practical interventions to reduce dropout
in the program, as well as to offer a replicable approach for other educational contexts and
advances in the literature on academic dropout.

This article is organized as follows: Section 2 discusses the main factors related
to dropout in higher education and its early identification using data mining and ML
techniques. Section 3 offers a review of related works. Section 4 details the methodology
of this study. Section 5 describes the experiments, while Section 6 presents the obtained
results. Finally, Section 7 provides the conclusions and suggestions for future work.

2. Theoretical Aspects

The study in [Fuentes et al. 2024] reports declining academic success at Cebu
Technological University’s Faculty of Computing, with only 42% of 2018-2019 students
graduating by 2021-2022, and 33% for the 2019-2020 cohort. Dropout rates ranged from
11% to 24%, reaching 25% in the Information Systems program in 2021-2022. These
figures reflect a broader global trend, especially in computing-related programs. In a
computing program at a higher education institution Bachelor’s program in Information
Systems (BSI) at UFRN, dropout is a major concern. From 2009.1 to 2022.2, only
17.73% of students completed the program, with a dropout rate of 60.32% and 21.08%
still enrolled. A review of 162 studies (2010-2022) on machine learning for academic
prediction found most focused on identifying students at risk of failure (129 studies),
while 33 addressed dropout or retention [Alalawi et al. 2023].

Machine learning-based solutions have shown potential in identifying and
predicting factors influencing school dropout, such as social well-being, academic
performance, learning conditions, demographic characteristics, and others [Prasanth
and Alqgahtani 2023]. Among these factors, academic aspiration stands out, reflecting
students’ motivation and commitment to achieving their educational goals. The alignment
between academic performance and individual goals promotes healthier integration into
the university environment, strengthening students’ engagement and motivation, which,
in turn, contributes to reducing the risk of dropout [Singh and Alhulail 2022].

Given the context of Brazilian higher education, for instance, notably, the federal
network has experienced remarkable growth in its share of enrollments over the years
[INEP and Teixeira. 2023]. Between 2012 and 2022, there was a significant 23.7%
increase in enrollments in the federal network, showing the relevance of this sector to
education in the country. In 2022, more than 1.3 million students graduated courses,
reflecting the positive impact of higher education on professional training.



3. Related Work

Several studies explored dropout causes and early risk detection in higher education
[Alyahyan and Diistegor 2020, Ferndndez-Garcia et al. 2021, Freitas et al. 2020,Kim et al.
2023, Niyogisubizo et al. 2022, Shohag and Bakaul 2021]. Thus, those researches show
the challenges faced by educational institutions and the relevance of using data mining
and ML to improve dropout prediction.

In [Alyahyan and Diistegor 2020], a set of guidelines provides for educators
to apply data mining to predict student success. Therefore, a literature review was
conducted, and the state-of-the-art was compiled into a systematic process, where possible
decisions and parameters are extensively addressed and explained. [Ferndndez-Garcia
et al. 2021] developed predictive systems capable of identifying high-risk dropout
students in advance was examined, monitoring them from enrollment to the fourth
semester at regular semester intervals. This aims to assist in formulating effective
preventive policies, primarily applied to engineering students using real data. According
to [Freitas et al. 2020], predicting school dropout based on socioeconomic data is essential
for educational management, as it enables early interventions to reduce attrition. Hence,
the author proposes automating the prediction process using an Internet of Things system
to forecast dropout rates through ML and socioeconomic data.

[Shohag and Bakaul 2021] aimed to enhance the performance of an early warning
system for dropout prediction. Therefore, the classifiers Decision Tree, Naive Bayes,
Random Forest, SVM, and KNN were used. In [Niyogisubizo et al. 2022], a novel
ensemble approach was proposed based on a hybrid method that combines Random
Forest, XGBoost, Gradient Boosting, and Feedforward Neural Networks to predict
student dropout. In [Kim et al. 2023] prescriptive analysis is utilized to assess the
necessity of intervention programs for students at risk of dropping out. Therefore, a fuzzy
logic-based algorithm was employed, which considers five linguistic variables identified
from a previous study. This study aimed to determine the key factors influencing dropout
risk and predict such risks based on input variables. Therefore, this study focuses on the
application of data mining and machine learning techniques to predict dropout of higher
degree, using a customized approach adapted to the specificities of the context of the field
of computation. Additionally, this research stands out by emphasizing institutional factors
such as failure rates, academic history, and specific course characteristics.

4. Methodology

As explained, the data used were obtained from the open data center of a higher education
institution !, which provides public information about undergraduate programs, including
a course in the field of computing. The data collection covered the period from 2009.1, the
year the program was created, to 2022.2, totaling 62 files used to construct a consolidated
dataset that offers an overview of students’ academic trajectories in the program.

Therefore, the data were organized from four main sources. The first corresponds
to class information (30 files), which includes details such as class code, semester,
schedule, and assigned professor. The second, curricular components (1 file), presents
a list of courses offered in the program, with information such as course code, name,

"UFRN Open Data: https://dados.ufrn.br



Table 1. Description of dataset attributes

Attribute Description Type Attribute Description Type
student Student identifier. object || estate_resid | Student’s state of residence. object
unit Current unit of the academic term. | float64 || city_resid Student’s city of residence. object
grade Grade obtained in the course. object || final_grade Final grade in the course. float64
replacement | Grade replacement (yes/no). object || description Final status (approved, failed, etc.). object
absences Total absences in the course. float64 || year Year and term of course offering. int64
gender Student’s gender. object || course_name | The name of course. object
birth_year Student’s birth year. int64 workload Total course workload. int64
estate_origin | Student’s state of origin. object || entry_year Year of admission to the program. int64
city_origin Student’s city of origin. object || status Student’s overall status in the program. | object

workload, and prerequisites. The third, course enrollments (30 files), contains records
of students’ enrollments in each course, detailing status (approved, failed, withdrawn),
grades, and attendance. The fourth, supplementary student data (1 file), provides
sociodemographic and academic information of students, such as age, gender, program,
and admission date.

To unify this dataset, these sources were integrated using primary and foreign
keys. Course enrollments were linked to curricular components and classes using the
course identifier and class code. Next, the supplementary student data were associated
with enrollments through each student’s unique identifier. Subsequently, the attributes
were carefully selected to ensure that the final dataset was properly structured for further
analysis. This stage included organizing and creating new datasets derived from the initial
consolidated dataset, preparing the information for analysis and prediction steps. The
characteristics of attributes used are presented in Table 1.

Creating the dataset, the records underwent a preprocessing to ensure the quality
and consistency of the dataset. The data cleaning combined filling strategies guided by
academic meaning and the removal of occurrences irrelevant to the study. First, duplicate
records were identified and excluded, removing duplicates. Next, missing values were
handled using appropriate filling or exclusion strategies, depending on their potential
impact on the analysis. The attributes were standardized, ensuring uniformity in formats
and nomenclature used. Records with critical errors, such as missing grades, attendance,
and unit data, underwent a detailed review. Those that could not be corrected were
excluded to minimize biases in the results. Similarly, records with inconsistencies were
removed to preserve the integrity of the dataset.

4.1. Proposed Indices

The proposed indices were defined based on prior studies that associate academic
persistence, repeated failures, and course progression with dropout risk [Kriiger et al.
2023, Niyogisubizo et al. 2022, Alyahyan and Diistegér 2020]. These variables are
consistently reported in the literature as significant predictors and reflect core aspects
of student engagement and academic trajectory. In the transformation, variables were
modified for classification algorithms. As defined in Equation 1, the “persistence” index
is calculated as the ratio between the hours attended and the total course workload (1830
hours), calculated from the total hours completed by students in mandatory courses until
their exit from the program. To obtain this value, the total hours per student were summed
using the attribute “ch_total”. This index reflects the student’s progress toward program
completion.

The index “persistence_per_semester”’, which quantifies a student’s academic



progress about the expected duration of the program, is obtained by the ratio between
the number of semesters attended—calculated by summing the semesters in which the
student was enrolled in courses, counted from the year of admission—and the number
of semesters required for regular program completion, see Equation 2. The index
“failure_rate,” determines the proportion of hours in which the student failed to the total
“hours_attended,” assisting in evaluating the failure impact on academic performance,
shown in Equation 3.

Besides, the “num_enrollments” index was included to count the number of
enrollment attempts made by students, excluding enrollments classified as “denied” and
“withdrawn,” as these do not have a direct impact on academic performance. Finally, the
target variable “status” was transformed into a binary format to simplify the analysis: the
value “-1” denotes dropouts, while “1” indicates completion or remain enrollment.

Other indicators such as grade point average - GPA and enrollment duration were
considered but not incorporated, as the selected indices already cover core aspects of
persistence and academic difficulty. To minimize bias, the indices were calculated from
aggregated historical data prior to modeling, and their influence was validated through
SHAP analysis, which confirmed their relevance independently of the target variable.
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5. Experimental Design

To assess the predictive indices related to student dropout, three distinct datasets were
developed, designed to enable a comparative analysis that enhances accuracy. The initial
dataset, consisting of 12,618 records and 18 attributes (detailed in Table 1), served as the
foundation for constructing datasets BD1, BD2, and BD3, each designed with specific
characteristics to provide a more detailed understanding of the dropout phenomenon.
These datasets were structured to capture different perspectives of the problem, ranging
from raw data to transformed and synthesized structures, as shown in Table 2. The
academic status of students was defined as the class for the predictive models, allowing
the analyses to focus on identifying key factors in course completion or dropout.

BD1 consists of raw information extracted directly from the initial database,
containing 12,618 records and 6 attributes (student, final grade, description, year,
workload, course_name, entry_year, and status). The remaining attributes were removed
as they were not relevant for calculating the proposed indices. These data were
maintained in their original format, without preprocessing, serving as the structural basis
for developing the dropout prediction indices. The decision to preserve raw data ensured
the integrity of the information. BD2 was derived from the manipulating, categorizing,
and pivoting the initial dataset, which contained 12,618 records and 6 attributes, because



Table 2. Description of datasets used for prediction
Dropout| Non-Dropout Total Total
Class Class Instances | Features

Dataset | Description

Raw database, unprocessed, containing
selected attributes from the original dataset,
which will be used to construct the proposed
indices in this study.

Dataset derived from the original data
BD2 |(BD1), containing cleaned, categorized, and| 410 248 658 327
pivoted data based on the initial structure.
Dataset derived from BD2, resulting from
BD3 |data manipulation to obtain the indices| 410 248 658 4
proposed in the research.

BDI 6,500 6,118 12,618 6

Table 3. Descriptive Statistics of BD3

Statistic Persistence Failure Rate Persistence per Number of Status
Semester Enrollments

Mean 0.69 0.34 0.7 19.36 -0.611

Std. Dev. 0.45 0.32 0.5 12.86 0.792
Min 0.03 0 0.12 1 -1
25% 0.21 0.09 0.25 6 -1
50% (Median) 0.64 0.25 0.62 17 -1
75 % 1.08 0.48 1.12 31 -1
Max 1.75 1 2 50 1

in BD1, each student has an instance for each course. Therefore, the main transformation
in BD2 was to merge all student information into a single instance. After transformation,
each row came to represent the complete academic history of a student, from admission
to program completion or dropout. This reorganization resulted in BD2, which consists
of 658 records and 327 attributes, providing a detailed view of individual academic
trajectories.

The BD3 dataset, derived from BD2, uses data manipulation to transform the 327
attributes of BD2 into four predictive indices of academic dropout proposed in this study
and uses them as attributes of BD3, as described in Section 4.1. The process involved
removing inconsistent records, transforming raw variables into aggregated indices,
categorizing continuous variables into specific ranges, and using pivoting to reorganize
the data into a structure suitable for predictive analysis. After these adjustments, the
dataset was reduced from 12,618 to 658 records, consolidating each student’s academic
history into a single row while preserving essential information. In Table 3, descriptive
statistics were used to summarize the main characteristics of the BD3 dataset, whose
attributes correspond to the proposed indices.

Since it is a classification task with a wide variety of available algorithms, ten
supervised learning algorithms were selected, with the attribute “status” (dropout and non-
dropout) defined as the target class. The choice of this diverse set of algorithms was based
on their distinct characteristics, which offer specific capabilities to handle challenges
such as data noise, class imbalance, and high dimensionality. The algorithms used
were: Logistic Regression (LR), Random Forest (RF), Decision Tree (DT), AdaBoost
(AB), Gaussian Processes (GP), Naive Bayes (NB), Artificial Neural Network (NN),
Quadratic Discriminant Analysis (QDA), K-Nearest Neighbors (K-NN), and Support
Vector Machine (SVM).

In order to evaluate the performance of the models in each scenario, accuracy



and F1-score metrics were used, complemented by the 10-fold cross-validation technique,
repeated three times. The adopted cross-validation method was stratified, a recommended
approach to preserve class proportions in each subset, which is essential for classification
models with imbalanced distributions. This approach ensures more stable estimates,
allowing each sample in the dataset to be used for both training and testing in different
iterations.  Additionally, it reduces bias in model evaluation and promotes better
generalization of results, making it valuable in scenarios with limited datasets [Wong
and Yeh 2020].

To assess the obtained results from a statistical point of view, the Friedman
test is applied to verify whether statistical differences exist among all combiners.
The Friedman test determines whether observations related to & methods derive from
the same population (similar performance) or if the observed differences occurred by
chance (performance superiority), for a complete discussion on Friedmann test, see
[Theodorsson-Norheim 1987]). A significance level of 0.05 is used for this test.

If the p-value is smaller than the established threshold, the null hypothesis is
rejected, with a confidence level exceeding 95%. If statistical differences are detected
among the analyzed methods, a post-hoc test will be applied, and the results presented in
the Critical Difference (CD) Diagram. In the CD diagram, the performance of one method
is statistically different from another if the difference between their average rankings
exceeds the critical difference calculated by the CD. When two methods are similar, a
horizontal line connects them. The CD will be applied using the Nemenyi test, a multiple-
comparison test aimed at pairwise comparisons to identify statistical significance.

6. Results

This section presents the results of the empirical analysis performed in this study,
comparing the performance of ten classifiers across three scenarios: using the proposed
indices as attributes (BD3), applying them directly to the original data (BD1 and BD2),
and applying the PCA (Principal Component Analysis) feature extraction method in both
datasets. For a fair comparison with the proposed dataset, PCA was employed to reduce
the dimensionality of the data, generating a new dataset with four columns. The objective
is to compare the performance of the algorithms using both the dataset reduced by PCA
and the one constructed with the proposed indices. The models were evaluated based on
two performance metrics (accuracy and F1-score), statistical analyses (critical difference
plot), and a model interpretation tool (SHapley Additive exPlanations - SHAP).

6.1. Performance Analysis

Table 4 presents the accuracy (Acc), standard deviation (std), and Fl-score (F1) for
different classifiers tested on two inicial datasets (BD1 and BD2), their respective PCA-
transformed versions (PCA_BD1 and PCA_BD?2) and the dataset using the proposed
indices as attribute (BD3). The first column of the table lists the classifiers (class),
identified by the abbreviations described in Section 5. The analysis of this table reveals
that all classifiers achieved better performance with BD3, the dataset constructed using
the indices proposed in this study, both in terms of accuracy and F1-score. Additionally,
the standard deviation ranges from 0.03 to 0.05 in both metrics.

Still in Table 4, it can be observed that QDA achieves the highest accuracy
(89.98%) and F1-score (90.62%) in BD3, consolidating itself as the best model in this



Table 4. Accuracy and F1-score results for different models and datasets.

Class BD1 PCA BDI BD2 PCA BD2 BD3
Acc + std F1 + std Acc + std F1 + std Acc + std F1 + std Acc £ std F1 + std Acc £ std F1 + std
QDA | 72.46 £ 0.01 7246 £ 0.01 | 7246 £ 0.07 72.46 + 0.01 | 62.56 = 0.05 63.64 £ 0.07 | 78.93 £ 0.05 78.72 £ 0.05 | 89.98 & 0.04 90.62 = 0.03
SVM | 7424 +£0.01 35.03 £0.01 | 74.24 £0.06 74.17 £0.01 | 87.89 +0.04 47.85 +0.01 | 79.02 +0.04 78.82 +0.04 | 89.72 + 0.04 82.65 + 0.04
DT | 68.56+0.01 68.59+0.01 | 68.19+0.06 68.1340.01 | 82.47 +0.05 82.50+0.05 | 7821 £ 0.04 78.10 +0.04 | 89.19 +0.05 89.11 = 0.05
GP | 74824001 7479 +0.01 | 74.96 +0.01 74.94 +0.01 | 86.88 +0.04 84.67 + 0.10 | 80.89 £ 0.04 80.84 +0.04 | 89.19 +0.04 81.37 = 0.04
LR | 73.08£0.01 6597001 |73.08+0.06 73.06+0.01 | 86.22+0.04 81.29+0.04 | 78.93 £ 0.04 78.64 +0.04 | 88.99 +0.04 87.19 = 0.04
AB 75.18 +£0.01 75.15+£0.01 | 74.29 +0.05 7425 +£0.01 | 85.56 +0.04 85.49 +0.04 | 78.73 £ 0.05 78.54 +0.05 | 88.74 = 0.04 88.68 + 0.04
NN | 7491 4+0.01 48.73+0.14 | 75.11 + 0.06 75.09 + 0.01 | 87.89 4 0.04 74.00 + 0.10 | 81.57 £ 0.04 81.55 +0.04 | 88.34 +0.04 88.55 + 0.04
RE | 71324001 71.16£0.01 | 71.52 4 0.04 71.51 +0.01 | 87.83 +0.03 87.86 = 0.04 | 83.79 + 0.04 88.02 + 0.04 | 88.15 +0.04 88.02 + 0.04
K-NN | 71.98 £ 0.01 71.81 £ 0.01 | 71.97 £ 0.06 71.96 + 0.01 | 85.05 +0.04 85.97 + 0.04 | 81.25+ 0.04 83.71 +0.04 | 87.62 +0.04 85.33  0.04
NB | 72194001 72.19+0.01 | 7237 +0.06 7237 +0.01 | 76.35+0.05 76.38 +0.05 | 79.12 + 0.04 81.28 +0.04 | 84.61 +0.05 85.97 + 0.04
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Figure 1. Boxplot Results by Dataset

experiment. Additionally, other classifiers such as SVM, DT, and GP also obtained high
accuracies in BD3, reaching 89.72%, 89.19%, and 89.19%, respectively. Regarding the
F1-score, the classifiers DT (89.11%), AB (88.68%), NN (88.55%), and RF (88.02%)
also demonstrated significant performance. These findings highlight the consistency of
the proposed approach in this study, indicating that the proposed indices positively impact
model performance. Moreover, it is important to note that although Principal Component
Analysis (PCA) demonstrated efficiency, in the datasets where this technique was applied
for dimensionality reduction (PCA_BD1 and PCA_BD?2), the classifiers’ performance did
not surpass that observed in BD3. This emphasize that proposed indices achieves the best
results across all classifiers, helping the classifiers to predict dropouts.

Additionally, Figure 1 present the boxplot graphs over the evaluated measures.
These figures illustrate how the different datasets and their PCA-transformed versions
influence classifier performance in terms of accuracy (Figure 1a) and Fl-score (Figure
1b). The boxplot is a statistical tool that provides a clear visualization of data distribution,
highlighting key information such as the median (represented by the central line in the
box), quartiles (upper and lower box limits), and variability range (whiskers). The boxplot
highlights the superior performance and lower variability of BD3 across classifiers,
reinforcing the robustness of the proposed indices compared to other datasets. The
based on the results achieved and the boxplot, it can be concluded that the identified
pattern highlights that success is not exclusively linked to the type of classifier used
but fundamentally depends on the careful organization and preparation of the data. The
systematic and well-structured approach adopted in this study proved to be decisive in
achieving superior results in terms of accuracy and F1-score. This organization ensures a
solid foundation for future analyses, maximizing the potential of classifiers and reducing
the influence of external factors such as data variability.



In summary, these findings demonstrate that the proposed methodology not only
enhances the consistency of classifier performance but also establishes a methodological
advantage. The quality of data organization emerges as a factor as critical as the choice of
classifier, reaffirming its importance as a foundation for successful analyses and paving
the way for more efficient and reliable applications.

6.2. Statistical Analysis

Figure 2 compare the rankings of datasets using a critical difference diagram (CD)
with accuracy and Fl-score metrics, respectively. In both cases, the results show that
BD3 ranks first, exhibiting the lowest average ranking, making it the most efficient
configuration among those evaluated. This analysis corroborates with the idea that
the proposed indices are relevant for predicting students at risk of dropout. Although,
BD1 and PCA BDI1 had the highest rankings, with BD1 standing out as the worst-
performing dataset, with rankings between 4 and 5. However, with accuracy (Figure
2a) the connections between these datasets suggest that there is no statistically significant
difference between them. This outcome was expected since BD1 and PCA_BD1 were
based on raw data without any preprocessing. BD2 and PCA _BD2 ranked second and
third, respectively with accuracy (Figure 2a), and their performances were statistically
different, the opposite situation is observed with F1-Score (Figure 2b). Once again,
this analysis reinforces that the success of predictive models depends not only on data
organization but also on the appropriate selection of preprocessing methods and feature
selection techniques.

6.3. SHAP Analysis

As explained, SHAP was used to enhance the interpretability of results, enabling a
detailed analysis of the impact of predictive variables on academic dropout. SHAP is
widely recognized for its applicability in both academic and practical contexts and is
considered a reliable methodology for interpretable ML analyses [Salih et al. 2024].
Here, SHAP helped identify key variables and understand their interactions, as well as
how these interactions influenced the model’s predictions. This approach contributed to
a deeper understanding of model behavior, promoting transparency in the results. Figure
3a shows the impact of predictive variables on the QDA model, which achieved the best
performance. Given similar patterns in other classifiers, only QDA results are shown for
simplicity. In this figure, the horizontal axis reflects the positive or negative impact of
each variable on the classifier prediction, while the vertical axis ranks the variables in

J [ 1 2 3 4 5
L 1 1 |
BD3 PCA BD2 BDaJ -

PCA_BD1 PCA_BD2 PCA_BD1
L BDI -— BD1

(a) Accuracy (b) F-Score

Figure 2. CD Diagram for Statistical Evaluation



descending order of importance. Each point represents an observation from the dataset,
with colors indicating variable values: red for high values and blue for low values. The
dispersion of points within each row illustrates the variability of the individual variable
impacts on the model.

The SHAP results reveal key patterns regarding the impact of predictive indices
on the QDA model, highlighting the variable “persistence” as the most influential. The
broad spread of points along the horizontal axis shows that different values of this
index, represented by high (red) and low (blue) values, significantly affect the model’s
predictions, both positively and negatively. High values, generally associated with a
positive impact suggest that students with greater engagement and continuity have a lower
risk of dropping out. However, a significant number of red points on the left side suggests
that very high values may reflect specific situations, such as delays in course completion,
lack of motivation, or burnout, ultimately increasing the likelihood of dropout.

The “num enrollments” index shows a similar pattern. High values on the right
have a positive impact, suggesting that enrolling in an appropriate number of courses
helps students persist. However, High values on the left suggest that excessive enrollment
can cause exhaustion, increasing dropout risk. For the “failure rate” index, low values on
the right have a positive impact, showing that students with fewer failures are more likely
to persist. High values on the left indicate that a high failure rate negatively impacts
persistence, contributing to dropout risk. Finally, the “persistence per semester” index
shows that high values on the right are linked to retention, while red points on the left
suggest that even highly persistent students may face issues like poor performance or
poor course selection, raising their dropout risk.

Additionally, Figure 3b presents a bar diagram summarizing the average impact of
each variable on the model, using the absolute mean SHAP values. This diagram allows
for the identification of the most influential variables in aggregate form, ranking them
in descending order of relevance. As highlighted, “persistence” and “num_enrollments”
remain the most critical factors, reflecting their consistent influence on the QDA model.
The indices “failure_rate” and “persistence_per_semester” have a lower average impact
but still play a significant role in specific situations, demonstrating the importance of
considering them in the modeling process.

In summary, the findings highlight the importance of academic factors like
“persistence” and “num enrollments” in predicting dropout. Meanwhile, the “failure
rate” and “persistence per semester” support the need for policies to enhance retention
and reduce the effects of repeated failures and withdrawals. A key insight is the observed
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Figure 3. Analysis of the Proposed Indices



impact of the number of enrollments on dropout rates. While the persistence metric aligns
with common sense and prior literature, the connection between multiple enrollments
and higher dropout risk is less intuitive and therefore noteworthy. SHAP analysis
also underscores the model’s ability to identify nonlinear relationships and complex
interactions among variables.

7. Conclusion

This study proposed four predictive indices to support early detection of dropout risk
in higher education. Among them, persistence had the greatest impact, followed by
num_enrollments, failure rate, and persistence_per_semester. These variables highlight
the central role of academic performance and progression in student dropout.

All models achieved superior accuracy and F1-score using the BD3 dataset, which
incorporates the proposed indices and reflects the students’ complete academic history.
Statistical tests confirmed BD3’s effectiveness, with the QDA classifier delivering the best
results. In contrast, dimensionality reduction with PCA (in PCA_BD1 and PCA_BD2)
did not improve performance. These findings underscore that data quality and attribute
selection are as critical as classifier choice. Less refined datasets, like BD1, showed lower
predictive effectiveness.

The results offer practical insights for educational management. Monitoring
key variables—such as failure rates and progression—can help identify at-risk students
early. Institutions should also implement targeted academic and emotional support
policies. Future work could include regression models to estimate dropout timing and the
incorporation of new variables (e.g., socioeconomic or extracurricular data) to enhance
predictions. Finally, applying this methodology in different contexts can help validate
and generalize its use.
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