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Abstract. Dropout rates in higher education are a challenge faced by Higher
Education Institutions (HEIs), with personal, academic, and social impacts.
This research aims to analyze dropout rates in exact sciences courses at UNIRIO
using data science and predictive artificial intelligence techniques. Three stud-
ies were conducted: a systematic mapping of the literature on Al algorithms
applied to dropout rates, a prediction of dropout rates in the Information Sys-
tems course with Decision Tree using only academic data, and a broader anal-
ysis with Gradient Boosting, including data from the Federal Revenue Service
and Annual Report of Social Information (RAIS), to verify the influence of for-
mal employment and entrepreneurship up to the fourth semester. The results
indicate that academic performance is the main factor related to dropout rates,
while employment and entrepreneurship did not show significant influence.

1. Introduction

The role of Higher Education Institutions (HEIs) is to provide their graduates with the
ability to achieve academic and professional success, contributing to economic and so-
cial progress. However, one of the main problems that can occur in HEIs is dropout
[Realinho et al. 2022], which is defined as a student permanently abandoning their stud-
ies, i.e., excluding temporary enrollment suspensions [Kehm et al. 2019].

According to [Bardagi and Hutz 2005], trying to reduce dropout rates is not only
an educational issue but also a political and economic one, as dropout can lead to social
and economic losses [Prestes and Fialho 2018, Saccaro et al. 2019].

According to [Von Foerster 2003], First-Order Cybernetics is the study of rela-
tionships between entities within a system, such as the educational system, where both
the HEI and the student can be classified as entities. An important aspect of such a rela-
tionship is the concept of feedback, where the behavior of one entity is influenced by what
happens to other entities. Foerster introduces the concept of Second-Order Cybernetics,
where each entity is aware of how its own actions influence the system based on feedback
of feedback.

In the educational system, the final status of a student (whether they successfully
graduated or dropped out) can be seen as feedback to the HEI, which can then give stu-
dents feedback of that feedback in the form of new educational policies. For HEIs to
provide such feedback of feedback in the form of new educational policies and curricu-
lum reforms, it is important for the HEI to be aware of the success or failure data of their
students as feedback from the students to the HEIs.
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Therefore, this research can be seen as a way to collect feedback from former
students to make it possible for the university to give current students feedback of those
feedbacks, aiming to minimize dropout rates.

1.1. Problem Statement

According to the Higher Education Census [Brasil 2023], 48% of students who entered
federal universities in Brazil in 2015 dropped out. When filtering for exact science
courses, such as mathematics, physics, information systems, computer science, among
others, this percentage reaches 55%. In the Bachelor’s in Information Systems (BSI)
program at the Federal University of the State of Rio de Janeiro (UNIRIO), 49.36% of
students dropped out between 2000.1 and 2023.1 [Rodrigues et al. 2024a]. With such
alarming dropout percentages, it is clear that there is a problem to be addressed in Brazil-
1an higher education.

To help solve this issue, Artificial Intelligence (AI) algorithms have been recog-
nized as potential tools to identify students at risk of dropping out [Tete et al. 2022], en-
abling HEIs to take actions so that such students remain enrolled and eventually graduate.
These actions may include mentoring programs, academic advising, specific pedagogi-
cal interventions, workshops to prepare high school students for university life, and even
financial support measures when necessary [de la Cruz-Campos et al. 2023].

2. Theoretical Framework

Figure 1 shows a diagram proposed by [Tinto 1975] to represent a student’s decision
to drop out. The diagram shows that family background, individual characteristics,
and elementary and secondary education influence a student’s commitment to good aca-
demic performance and social interaction with peers. As demonstrated by the literature
[Silva and Roman 2021, Tete et al. 2022], poor academic performance is a crucial factor
in a student’s decision to drop out.
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Figure 1. The Decision to Drop Out. Reference: [Tinto 1975]

According to [Samuel 1967], Machine Learning is a subfield of Al that refers to
the ability of computers to learn without being explicitly programmed. In this research,
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predictive models from machine learning, a field of Al, are used to predict student dropout
and academic performance. A predictive model is defined by a function:

f(X.0)=Y

where X is the set of predictive features, /3 represents the unknown factors that
may influence the outcome [Baker et al. 2011], and Y is the predicted variable, which in
the context of this research can be the final status of a student or their academic perfor-
mance.

Machine learning models use mathematical functions to predict a target feature,
known as y, from other features in the dataset, known as x. Figure 2 represents the
machine learning workflow.
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Figure 2. Machine Learning Workflow. Reference: [Osman 2019]

3. Related Work

To obtain the State of the Art, a Systematic Mapping Study (SMS) was conducted follow-
ing the protocol of [Kitchenham et al. 2023], which is designed for Software Engineering
but was adapted for Educational Data Mining (EDM) [Baker et al. 2011]. In summary,
our SMS [Rodrigues et al. 2024b] aimed to identify the main algorithms, variables used
by researchers worldwide, as well as the difficulties encountered and accuracies achieved
by them.

We searched the IEEE Xplore, ACM Digital Library, and Scopus databases using
the following search string:

(“higher education” OR “college” OR “graduation” OR “university”’) AND (“predict*”)
AND (“artificial intelligence” OR “AI” OR “data science” OR “deep learning” OR
“machine learning”) AND (“drop off” OR “drop out” OR “dropout™)

We found 223 articles, and after the filtering process, we ended up with 23 articles.
As results, we noticed that tree-based algorithms such as Decision Tree, Random Forest,
and Gradient Boosting are widely used in the context of dropout prediction. We also
saw that the most commonly used variables are related to academic performance and
that the main difficulties encountered by researchers are related to data availability, since
researchers generally use data from the HEIs to which they are affiliated. The global State
of the Art led us to develop a solution prototype presented in section 7.
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Also worth mentioning as part of the State of the Art is the dropout predic-
tion feature via logistic regression [Freire et al. 2024] in the Machine Teaching system
[Moraes and Pedreira 2020], which uses data from programming exercises in that system
to predict which students will not complete basic computing courses. As a result, they
found that students who do not practice the exercises are more likely to drop out.

4. Method
4.1. Ethical Issues

This research was approved to use data linkage via the Individual Taxpayer Registry
(CPF) by the Ethics Committee under the number CAAE: 78896924.5.0000.5285, com-
plying with the legal conditions established by the General Data Protection Law (LGPD)
[Brasil 2018].

4.2. Research Questions

This research aims to answer the following research question (RQ): “What are the factors
and characteristics of academic dropout in UNIRIO’s STEM programs?” To help answer
this question, the following subquestions were formulated:

(Sub-RQ1): “What are the most determining variables to predict dropout in
UNIRIO’s Information Systems program (BSI)?”

(Sub-RQ2): “In which years did the highest dropout rates occur in UNIRIO’s BSI
program?”

(Sub-RQ3): “Which curricular activities are most decisive for dropout in
UNIRIO’s BSI program?”

(Sub-RQ4): “Is there an association between full-time employment and dropout
rates in CCET?”

(Sub-RQS5): “Is there an association between entrepreneurship and dropout rates
in CCET?”

(Sub-RQ6): “Do university scholarships help reduce dropout rates in CCET?”

(Sub-RQ7): “Does a model that includes financial factors along with academic
data have more predictive power than a model that considers only academic data?”

5. Dropout Rate Formula

In the dataset, there are several possible values for the student’s final status. In this re-
search, students who are currently enrolled, who transferred to another HEI, and those
who unfortunately passed away during their studies were excluded.

Students who completed the program successfully and those who dropped out —
including abandonment, withdrawal, full cancellation, and dismissal — were considered.

Therefore, considering that Dropped-out Students + Graduates = Total Students,
the mathematical formula used to calculate the dropout rate is:

Dropped-out Student
Dropout Rate = ropped-out Students

Graduates + Dropped-out Students
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6. Cross-Industry Standard Process for Data Mining (CRISP-DM)

To answer the RQ and Sub-RQs, the Cross Industry Standard Process for Data Mining
(CRISP-DM) methodology [Provost and Fawcett 2016], EDM techniques, and the con-
struction of Al models using Gradient Boosting [Friedman 2000] were used.

CRISP-DM was applied in the following phases:

Data understanding: A literature review was conducted to identify which
data and models are most commonly used in the topic of dropout prediction
with Al It was observed that financial data are underexplored [Tete et al. 2022,
Rodrigues et al. 2024b], so this type of data was chosen to be investigated in this
study.

Data preparation: Three data sources were cross-referenced to identify students
who became business owners, were employed during their studies, or received
scholarships.

Modeling: Exploratory data analysis, chi-square tests, and Gradient Boosting
model training were performed.

Model evaluation: The Gradient Boosting models were evaluated.

Deployment: A web system using these models was built.

6.0.1. Chi-Square Test Hypotheses

To determine whether there is a statistically significant relationship between the variables,
the chi-square test [Ugoni and Walker 1995] was applied with the following hypotheses:

H, for sub-RQ4: there is no statistically significant correlation between dropout
and full-time employment.
H, for sub-RQ4: there is a statistically significant correlation between dropout
and full-time employment.

H, for sub-RQS5: there is no statistically significant correlation between dropout
and entrepreneurship.
H; for sub-RQS5: there is a statistically significant correlation between dropout
and entrepreneurship.

H, for sub-RQ6: there is no statistically significant correlation between dropout
and scholarship receipt.
H, for sub-RQ6: there is a statistically significant correlation between dropout
and scholarship receipt.

6.1. Model Training Process

Four models were trained for each undergraduate program: Information Systems, Pro-
duction Engineering, and Mathematics.

All models use financial and sociodemographic data. The first model of each pro-

gram includes the GPA from the first semester and the grades from first-semester courses.
The second model includes the GPA from the first and second semesters and the respective

93



Anais Estendidos do XIV Congresso Brasileiro de Informética na Educacéo (CBIE 2025)

course grades. The third model includes the third-semester GPA, and the fourth model
includes all previous data plus the fourth-semester GPA.

General models were also created for the entire CCET. These four models follow
a similar structure, but without considering course grades.

To specifically verify sub-RQ7, two models were trained without using financial
data to be compared with models that include financial data. This comparison was made
using the general CCET models for the first and fourth semesters.

For each of the three programs, four models were created to predict the student’s
final status. All models use the following variables: admission method, gender, whether
the student is an entrepreneur, entrepreneur category, and whether the student is a worker.
Each of the four models represents academic progress. Thus, the first model considers
the first-semester GPA and grades of the most retained courses in the first semester; the
second model includes the GPAs and grades of the two first semesters. These courses
were chosen based on the preliminary study results, which showed that poor academic
performance impacts dropout. The third and fourth models additionally include the third
and fourth semester GPAs, respectively.
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Figure 3. Study process

Figure 3 represents the study process using Business Process Modelling Notation
(BPMN) [White 2004]. First, academic data were retrieved from UNIRIO’s SIE. Then,
this academic data was cross-referenced with CNPJ data to identify which students be-
came business owners. Next, the merged data was again cross-referenced with the RAIS
(Annual Social Information Report) data to identify which students worked full-time dur-
ing their studies. Finally, with the three original datasets merged, data analysis was con-
ducted and the model was trained using the final constructed dataset.

In total, there are 974 unique students, of which 76% are male and 24% female.
Students who were still enrolled in the course, who died during the course, or who trans-
ferred to other courses or institutions were not included in the dataset. All rows in the
dataset were complete, with no missing data. Table 1 presents the dataset after merging.
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Table 1. Dataset

characteristics

Attribute

Description

Generic student ID

An identifier to link rows to the same stu-
dent

Program The student’s undergraduate program
Year of enrollment in the curricular activ- | The year the student enrolled in the cur-
ity ricular activity

Semester of enrollment in the curricular | The semester the student started in the
activity program

Admission method

How the student was admitted (e.g., quo-
tas or open competition)

Final grade in the curricular activity

Final grade the student received in the cur-
ricular activity

Gender Student’s gender
GPA in the semester Student’s GPA in the semester
Cumulative GPA Student’s cumulative GPA

Curricular activity name

Name of the curricular activity

Status of the curricular activity

Whether the student passed or failed

Is entrepreneur

Whether the student is a business owner

Entrepreneurship category

Whether the student became an en-
trepreneur before enrollment, during, or
after graduation

Is student-worker

Whether the student had formal employ-
ment

Has scholarship

Whether the student received a scholar-
ship

Final status (i.e., whether the student grad-
uated — this is the target variable)

Whether the student completed the pro-
gram or not

7. Results

In our SMR, we noticed that researchers only published the results of a machine learn-
ing experiment using the data they had available, but did not take the next step, which
is to build a system that can be used by academic managers to identify students at
risk of dropping out. Therefore, we decided to build a system for this purpose using
the Gradient Boosting algorithm [Rodrigues et al. 2025]. Figure 4 shows the use cases
[Seidl et al. 2015] and Figure 5 shows an example of system usage. The system is avail-
able for use by academic managers at http://evasao.uniriotec.br/ and currently contains
models for the first four periods of the courses in the Center for Exact Sciences and Tech-
nology (CCET), which, in addition to the BSI (Information Systems Bachelor’s), also
includes Production Engineering and the Mathematics Teaching Degree.

Throughout the development process of this system, we sought to answer research
questions about the characteristics of the dropout phenomenon in the BSI and CCET. In
the BSI, we found that there is a statistical association between low academic perfor-
mance and dropout, in agreement with the scientific literature [Silva and Roman 2021,
Tete et al. 2022, Rodrigues et al. 2024b], as well as an association with admission
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through the quota system, which was introduced by [Brasil 2012]. We found no statistical
association between gender and dropout. Therefore, for (Sub-RQ1), we can answer that
the most determinant variables for predicting dropout in the BSI at UNIRIO are those re-
lated to academic performance, such as grades and GPA (CR). For (Sub-RQ2), we found
that dropouts generally occur in the first part of the BSI course and for (Sub-RQ3), we
found that the most decisive curricular activities for dropout in the BSI are those related
to basic programming and mathematics.

For CCET, we sought to answer questions involving the student’s financial life
by cross-referencing UNIRIO data with data from the Ministry of Labor and the Federal
Revenue Service, something that is little explored in the literature. This data merging was
done through the Individual Taxpayer Registry (CPF), present in all three data sources.

For (Sub-RQ4) and (Sub-RQS5), we found no statistical association between
dropout and professional activities such as full-time work and entrepreneurship, obtain-
ing p-values of 0.55 and 0.63 respectively in the Chi-Square test. However, since CCET
courses are held in the afternoon and evening, such association may exist in morning
and full-day courses. For (Sub-RQ6), we found a statistical association with p-value
<0.00001 between not receiving scholarships and dropping out, that is, students who
receive scholarships graduate in a higher proportion than those who do not.

Figure 6 represents the F1-Score metric for predicting dropouts in the created
models. It can be observed that the models become more accurate as the periods progress.

Models F1-Score Performance for Dropped Students Across Semesters

0.98 A

0.94 4 ®

Values

0.92

0.90

Models

—e— Information Systems
Production Engineering

—&— Mathematics

—e— All the STEM courses

0.88

Semesters

Figure 6. F1 Score for dropped out students in the models

For (Sub-RQ7), we trained a general model for the first period of CCET without
financial data to compare with a general model for the first period with financial data.
As a result, there was an improvement in the dropout class metrics, especially in recall,
by incorporating socioeconomic variables into the models for the first period, while for
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fourth-period models there was no significant improvement. However, the most predic-
tive socioeconomic variable considered by the model was whether the student receives a
scholarship, suggesting that some financial factor may be related to dropout.

Fairness in Machine Learning is defined as the avoidance of bias in a model re-
garding gender, race, disabilities, and other characteristics [Caton and Haas 2024]. To
verify if the models are fair with genders, it was tested the CCET model of the first
semester was tested with samples containing only male or female students, exclusively.
The model containing only male students had an accuracy of 0.80, and the model contain-
ing only female students had an accuracy of 0.82. Although there are more male students
in the CCET, this tested model had a higher accuracy in predicting female students’ out-
comes.

8. Conclusion

The results of this analysis and the models built based on the data from the two main
studies demonstrate that students who struggle with curricular activities throughout the
course, especially in the first half, are considerably more likely to drop out.

This research found no association between dropout in UNIRIO’s STEM courses
and financial factors such as professional activities (e.g., full-time work) and owning a
business.

It was found that the inclusion of financial data increased the predictive capacity
of the model more when combined with academic performance from the first period than
with that from the fourth period, indicating that socioeconomic variables are more useful
early in the course, before grades from various periods are available.

A system named Dropout Prediction was built for UNIRIO’s STEM courses, in-
tended to be used by academic managers to identify students at risk of dropping out. It
is expected that this system will assist academic managers in reducing dropout rates in
UNIRIO’s STEM courses. This system was registered in the Brazilian National Institute
of Intellectual Property (INPI) in registration number: BR5120250018-4.

This research reinforces the need for higher education institutions like UNIRIO
to implement educational policies that help at-risk students remain in their courses and
successfully complete their degrees.

8.1. Limitations

This research covered only STEM courses at UNIRIO, so the analysis conclusions may
not apply to other contexts such as other UNIRIO courses, other universities, or different
geographic locations. Investigating the impact of internships on dropout was considered,
but internship data was not available.

The SMS conducted to investigate the use of Al in academic performance predic-
tion showed that previous grades are usually used to predict future ones. This research
also had difficulty predicting the GPA (CRA) using factors other than previous academic
performance; therefore, no algorithm for predicting academic performance was presented,
although that was initially planned.

The Gradient Boosting model used in the Dropout Prediction system was trained
with BSI data from before the curriculum reform implemented in 2023.2. Thus, when

98



Anais Estendidos do XIV Congresso Brasileiro de Informética na Educacéo (CBIE 2025)

used by academic managers from BSI, the system will not reflect the current state of the
course. In the future, a new model will be trained according to the updated curricular com-
ponents of BSI. This issue does not occur in the Production Engineering and Mathematics
courses.

Another limitation is that the analysis was restricted to academic and socioeco-
nomic factors. Psychological and health-related factors were not considered.

8.2. Future Work

It is expected that all undergraduate courses at UNIRIO will be included in the Dropout
Prediction system, as well as the incorporation of factors beyond academic performance
and professional life.

Further investigations are needed to understand why the models performed better
in predicting dropout among women. An analysis of dropout data based on already com-
pleted credits will also be carried out. Courses with a higher weekly workload have more
credits.

It is considered future work to use cross-validation in the Gradient Boosting mod-
els and deploy new models with cross-validation in the Dropout Prediction system.

It is also planned to investigate the impact of internships and compare the results
of this research with courses that occur only in the morning and afternoon, as there may
be dropout differences between students who work and those who do not in such daytime
courses.

Future work may also include more studies on the factors that influence academic
performance and the construction of an Al model to predict it.
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