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Abstract

The Brazilian Higher Education Census showed that the
dropout rates of higher education students in Brazil ex-
ceed 50% from the fifth year onwards. This high tax
of evasion causes several problems in terms of wasted
resources invested by the society and the student. There-
fore, any university must develop strategies to prevent
student dropout and minimize those problems. Never-
theless, predicting student evasion involves detecting
patterns and predicting them over a high amount of
data collected yearly from thousands of students. Con-
sidering the dimension and the amount of data involved
in dropout prediction, one can suggest using Machine
Learning techniques to automate the identification of
these students. This paper aims to identify dropout-
prone students based on the behavior history of stu-
dents at an unpaid public university. We engineered
four datasets according to the semester in which the
student is in the course. Such datasets intend to simu-
late the academic scenario and individual features of the
students available until the moment of the prediction.
Statistical tests showed a significant difference between
the three feature models proposed. Our method could
identify the students most likely to drop out and their
main characteristics. Using only the information from
the disciplines taken by the students proved to be the
best feature model. When using these features with
Gradient-Boosting, the F1-Score performance ranged be-
tween 69% and 85%, depending on the dataset.
Keywords: Pattern Recognition, Feature Engineering,
Student Dropout.

Resumo

O Censo do Ensino Superior brasileiro mostrou que as taxas
de evasdo dos estudantes do ensino superior no Brasil ultra-
passam 50% a partir do quinto ano. Essa alta taxa de evasdo
causa diversos problemas em termos de desperdicio de recursos
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investidos pela sociedade e pelo aluno. Portanto, qualquer
universidade deve desenvolver estratégias para evitar a evasio
de alunos e minimizar esses problemas. No entanto, prever
a evasdo estudantil envolve detectar padroes e prevé-los em
uma grande quantidade de dados coletados anualmente de
milhares de alunos. Considerando a dimensio e a quantidade
de dados envolvidos na previsdo de evasdo, pode-se sugerir
o0 uso de técnicas de Machine Learning para automatizar a
identificagiio desses alunos. Este trabalho tem como objetivo
identificar alunos propensos a evasdo com base no histérico
do comportamento de alunos de uma universidade piiblica
gratuita. Projetamos quatro conjuntos de dados de acordo com
o semestre em que 0 aluno estd no curso. Tais conjuntos de da-
dos pretendem simular o cendrio académico e as caracteristicas
individuais dos alunos dispontveis até o momento da previsio.
Testes estatisticos mostraram uma diferenca significativa entre
os trés modelos de caracteristicas propostos. Nosso método
conseguiu identificar os alunos com maior probabilidade de
evasdo e suas principais caracteristicas. Utilizar apenas as
informagoes das disciplinas cursadas pelos alunos mostrou-se
o melhor modelo de caracteristicas. Ao usar esse modelo com
o Gradient-Boosting, o desempenho do F1-Score variou entre
69% e 85%, dependendo do conjunto de dados.
Palavras-chave: Reconhecimento de Padrdes, Engenharia de
Atributos, Evasio de Estudantes.

1 Introduction

According to the Brazilian Institute of Research on Ed-
ucation (Inep) [1], dropout is characterized by the stu-
dent leaving a course before completing it, regardless of
the reason. Several situations can be characterized as a
dropout. Among these situations, the lack of attendance,
abandonment, dismissal, and transfer to another course
or educational institution are examples. When a stu-
dent drops out, the main consequences are financial and
social [2]. Financially, one can cite the commitment of
the budget of educational institutions that will not have
good use of the physical space, equipment, and staff,
since the classrooms are empty during the course. From
the social point of view, multiple job opportunities lack
qualified people, and individuals have fewer chances of
improving prosperity.

The Brazilian Higher Education Census carried out
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by Inep [3] between 2011 and 2020 observed the perma-
nence of those entering undergraduate courses in Brazil.
Keeping the year and entry course fixed, the census
used three concepts: (i) Permanence: when the student
remains active/enrolled in his entry course; (ii) Dropout:
when the student leaves the entrance course; (iii) Com-
pletion: when the student graduates from his entrance
course. At the end of the first five years of follow-up,
51% of the entrants dropped out, and 29% completed the
course, as shown in Fig. 1. At the end of the ten years
of follow-up, 40% of the entrants completed the course,
while 59% dropped out. In this way, we can glimpse the
importance of creating policies for student retention.

W Accumulated dropout rate Accumulated completion rate Accumulated permanence rate
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Figure 1: Evolution of the trajectory of those entering
undergraduate courses in Brazil between 2011 and 2020.
Adapted from [3].

According to a consultation carried out on the Brazil-
ian Ministry of Education website (e-MEC) [4], in Brazil,
the Bachelor’s Degree in Computer Science (BCC) is
offered by 431 Higher Education Institutions (HEI), in
which 65% of these institutions are private, and 35% are
public. The offer of vacancies by the BCC among private
and public institutions represents, respectively, 82% and
18% of the annual vacancies offered in the country. Such
undergraduate courses in Brazil have an average dura-
tion of five years. More than half of the students dropped
out of their courses within this period, according to the
Inep census [3].

With the development of student retention policies in
higher education, the damage caused by dropouts could
be reduced. Therefore, it is relevant to understand the
causes of dropout and identify students most likely to
drop out of their courses. These predictions shall allow
HEI to develop actions that encourage them to remain
in the course. However, such prediction may involve a
high amount of data considering the dimension of the
problem. Thus the use of Machine Learning (ML) tech-
niques is recommended to automate the identification
of these individuals [5, 6].

In this work, we aim to identify dropout-prone stu-
dents using ML techniques and the essential character-
istics to achieve such predictions. We propose to use
a database with the behavior history of students of a
BCC along the course from an unpaid public university
in Brazil, the Universidade Federal do Parand (UFPR).
We engineered the original database into four datasets
according to the semester of the course (3rd, 5th, 7th,

and 9th) in which the student is. These datasets intend
to simulate different scenarios for the students during
their courses, virtually isolating only the available infor-
mation until the moment of the prediction. Moreover,
we developed three characteristic models to discover
the principal characteristics that better predict dropout-
prone students.

The main contributions of this work are: (i) feature
engineering performed for the construction of datasets
capable of representing a real scenario; (ii) performance
evaluation through the AUC indicated for unbalanced
data; (iii) identification of the most important features
for prediction; (iv) identification of the dropout-prone
students; and (v) obtaining a specific model for a BCC
course from a public and tuition-free university in Brazil.

This paper is organized as follows. Section 2 describes
some related work. Section 3 outlines our method by
the data understanding, the evaluated models, and the
experimental protocol. Section 4 reports and discusses
our results. Finally, Section 5 highlights the strengths
and limitations of the proposed method, including sug-
gestions for future research.

2 Related Work

Romero & Ventura [7] stated that Educational Data Min-
ing (EDM) aims to assist efforts in educational institu-
tions based on available data, ML techniques, and under-
standing of the educational management system. They
noted that previous work applied the EDM between 2000
and 2018 to predict student dropout. In comparison, we
propose using ML to predict dropout-prone students.

Alban & Maucirio [5] published a survey showing that
classifiers based on decision trees represented 79% of
the research on student dropout prediction published be-
tween 2006 and 2018. Ferndndez-Garcia ef al. [8] used de-
mographic and academic data to predict students most
likely to drop out. They tested Support Vector Machine
(SVM), Gradient Boosting, and Random Forest classi-
fiers in five models. They engineered the first model as
the moment of enrollment, and the others as the first
four semesters in which the student is. They reported
an accuracy ranging between 70 and 91%, achieving the
lowest score with the first model and the highest with
the fifth. In contrast, we rely on different semester pe-
riods in our models, using decision trees, among other
classification algorithms.

According to Rai & Jain [9], the main features that
cause dropout are personal (28%) and learning difficul-
ties (10%), through the results obtained by the ID3 and
J48 classifiers. For Brito ef al. [10], the performance in the
first semester disciplines influenced dropout with an ac-
curacy of over 70%. For Santos et al. [11], models based
on decision trees obtained accuracy between 79.31% and
98.25% and could predict the dropout of students from
any other educational institution. The authors used for
prediction only the academic performance data of the
students in each semester of the course.
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Although these three previous works aimed to predict
the dropout rate of students in Computer Science courses
in the same way as the present research, in this work,
we propose three feature models: the first with only the
students’ features; the second with only the students’
academic features; and the third with both features.

3 Proposed Method

The database used for this study contains the anony-
mous information of the 2,763 students who entered the
BCC course at UFPR between 1995 and 2019. The data on
students in this database are the following: gender, year
of the curriculum, forms of admission and evasion, year
and period in which admission and evasion occurred. In
addition, the information on disciplines taken by each of
these students are: code, name, final grade, year and pe-
riod in which they attended, and approval status. Based
on this original database, we extracted some information
as follows.

3.1 Data Understanding

The behavior of the ways of dropout concerning the en-
tryways analyzed in this study is illustrated in Fig. 2(a).
Among the students who graduated, 93.72% entered
through the UFPR entrance exam, 0.66% through Brazil-
ian National High School Exam (ENEM), and 5.62%
through other entryways. The relation between the stu-
dents” enrollment and dropout analyzed in this study
is illustrated in Fig. 2(b). Among the students who en-
tered through the UFPR entrance exam, 46.62% dropped
out, and 42.46% graduated. In addition, 10.92% of these
students remain active in the course.

The behavior of admission forms concerning student
gender is present in Fig. 2(c). Among the students who
entered through the UFPR entrance exam, 11.59% were
female and 88.41% male. Among the three forms of
admission analyzed, all of them have the majority of
students concentrated in the male gender. The behavior
of gender concerning the ways of dropout is shown in
Fig. 2(d). Among female students, 45.75% dropped out,
and 43% graduated, where the percentage of female
graduates is higher than the male gender.

We calculated the students” dropout semester during
the data cleaning process (Section 3.2), as presented in
Fig. 3. It illustrates the behavior of the ways of dropouts
concerning the semester in which the student is enrolled
for the selected database. The number of dropouts in
each semester diverges between 10 and 20 students. For
example, the BCC course at UFPR lasts eight semesters,
but only three students completed the course until this
period for the selected database. The peak of gradu-
ated students occurs in the 11th semester. Based on this
preliminary information, we started selecting and orga-
nizing the data.
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100% 93.72%
2 82.25%
2 80% 71.19%
>
o 60%
(o]
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%0 40%
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(a) Ways of dropout by entryways.
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(d) Ways of dropout by student gender.

Figure 2: Exploratory data analysis.

3.2 Data Preparation

Throughout the history of the BCC, several curricula
were adopted according to the university’s and students’
best interests. The most recent curriculum changes were
made in 2011 and 2019. Students over the 2011 curricu-
lum were selected from the database to ensure that all
students had the same mandatory disciplines. These dis-
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Figure 3: Number of graduates and dropouts by
semester.

ciplines and the respective periods in which they were
offered are available in reference [12]. Students who
remain active in the course were removed because it is
unknown if they will drop out or graduate. Notice that
data from students’ situations were collected in 2019,
thus presenting a picture of that moment.

The years between 2015 and 2018 were not selected be-
cause the percentage of students still active in the course
was higher than 30%. Thus, the years of entry between
2006 and 2014 were selected for the study, as illustrated
in Fig. 4. In this context, we notice that students com-
monly migrate to newer curricula as soon as they are
allowed. This migration explains why students entering
before 2011 are enrolled with a newer curriculum (also
justifying our selection of students with an entry year
lower than 2011). Furthermore, disciplines that do not
belong to the regular course curriculum were removed,
leaving 594 students in the final database, in which 326
graduated and 268 dropped out.

W Dropouts Graduates Actives

70%

40%
30%
20%
10%

0%

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Year of admission

ts
o)}
=}
=X

Percentual of studen

Figure 4: The proportion of students active, graduate
and dropout in 2019 divided by admission year.

As discussed in the previous paragraph, we per-
formed a database cleaning with selected data, removing,
for example, special characters and irrelevant columns
or columns with repeated information. These columns
are: student registry code; course name; course code;
curriculum code; name of disciplines; disciplines theo-
retical and practical hours. Based on the available infor-
mation, some new attributes were calculated for each
student: (i) the semester of the course in which he took
each discipline; (ii) the semester in which the student
dropped out; (iii) how many times the student took each
discipline; and (iv) whether the student was periodized
concerning the regular schedule. According to the year
of entry of each student, the candidate/vacancy ratio

was inserted, available by the UFPR agency responsible
for the entrance selection exam [13].

Furthermore, five columns were inserted to simplify
the information regarding: (i) gender; (ii) belonging of
the discipline to the regular schedule; (iii) the final status
of the discipline; (iv) evasion; and (v) admission forms.
Moreover, the predominant classes were filled with "1’
and the others with ‘0" as described below. Filled with
"1” are: (i) male gender; (ii) disciplines that belong to the
regular schedule; (iii) approved in the discipline; (iv) eva-
sion through graduation; and (v) UFPR entrance exam.
Filled with "0" are: (i) female gender; (ii) disciplines that
do not belong to the regular schedule; (iii) failed in the
discipline; (iv) evasion through withdrawal, cancella-
tion, abandonment, transfer, and so on; and (v) other en-
tryways like ENEM, transfer from another HEI, among
others.

So, we have two sets with distinct information: demo-
graphic and academic. The former contains the follow-
ing information: gender, evasion and admission forms,
the semester in which the evasion occurred, and candi-
date/vacancy ratio. The latter includes the following
information: discipline code, final grade, belonging of
the discipline to the regular schedule, the semester of the
course in which each discipline was taken, how many
times the student took each discipline, and whether pe-
riodized concerning the regular schedule.

3.3 Data Manipulation

We created a table where all the features from the student
appear in a single row. Each feature had a fixed position
in the columns of this table. The data of the disciplines
were placed side by side. When the student took the
discipline more than once, it was selected only data from
the last time the discipline was taken. We consider a
given student periodized when all the disciplines are
taken on the same semester described in the regular
curriculum or whenever it was anticipated. A student is
not periodized whenever some discipline is taken later
or there is reprobation, e.g., when the student takes the
discipline for the first time in the regular semester and
the next time in a further semester.

We created four datasets (A, B, C, and D) simulating
the scenario of the data available at the course’s begin-
ning of semesters 3, 5, 7, and 9. For Dataset A, were
selected only the students whose dropout semester was
higher than or equal to 3. This is because Dataset A
aims to predict the students who will drop out from the
third semester onwards. Therefore, students who had
already dropped out were removed. Similarly, Datasets
B, C, and D were created with only the students whose
dropout semester was higher than or equal to 5,7, and 9,
respectively.

For Dataset A, were selected only data from manda-
tory disciplines whose semester was lower than 3. It
was made because data from other disciplines could
cause a bias in the model, as only a few students had
anticipated disciplines. That is, it was removed data
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from disciplines with a regular semester greater than or
equal to 3. Datasets B, C, and D selected only data from
mandatory disciplines with semesters less than 5, 7, and
9, respectively.

An example of a selection of the datasets is shown in
Table 1. It simulates the data of three students. Accord-
ing to the regular schedule, we assumed that a D1 disci-
pline should be taken in the second semester. Students
X and Z took this discipline only once, while student Y
took this discipline twice. For this same discipline, Stu-
dent Y graded 45 the first time and 85 the last time (in
the 4th semester).

Student Z dropped out in the 2nd semester; thus, we
eliminated this student from Dataset A, leaving only
students X and Y. Student X’s D1 data was removed
because the semester in which he took D1 was higher
than 2. Likewise, the data from the second time that
student Y took D1 was eliminated, as this data would
only be available in semester 4. So Dataset A results are
shown in the center of Table 1.

As an example of the selection of Dataset B, student Z
was eliminated because his dropout semester was less
than 5. However, the D1 data of student X was kept.
The second time that student Y took D1 was a semester
lower than 5, so this data was selected. Thus, the data
from the first time was removed. Dataset B results are
shown on the left of Table 1.

3.3.1 Data Splitting

According to each of the four generated datasets, an anal-
ysis was made between the rate of dropouts and gradu-
ates. This selection was made to ensure that rates were
maintained. So, for the training and testing datasets, the
rates of graduates and dropouts from the initial datasets
were the same. For each dataset, 80% of the students
were randomly selected for the training phase and the
other 20% for the testing. We strictly used only the train-
ing data during the development of the models. From
the training dataset, a new division was made. We ran-
domly selected 20% of these students for the validation
dataset and 80% for the training. The testing datasets
were used at the end of this process to validate and re-
port the results.

3.4 Models and Evaluation Methods

We designed three attribute models in this research.
Model 1 with only three personal characteristics of
each student: gender, admission form, and candi-
date/vacancy ratio; Model 2 with only four features
referring to the disciplines taken by the students: final
grade, the semester (within the course) in which each
discipline was taken, how many times each discipline
was taken and whether periodized concerning the reg-
ular schedule; and Model 3 combines both features of
the previous models, 3 for each student and 4 for each
discipline.

As each dataset has a different number of disciplines,
the number of attributes for each dataset is also different.

For Model 2, Dataset A has 10 mandatory disciplines, as
we have four features for each discipline, we get a total
of 40 attributes. For Dataset B, we have 20 mandatory
disciplines, therefore, 80 attributes. For Dataset C, we
have 30 mandatory disciplines, therefore, 120 attributes.
For Dataset D, we have 34 mandatory disciplines, there-
fore, 136 attributes. Now, for Model 3, the calculation
for the number of features per discipline is the same as
in Model 2. To obtain the total number of attributes of
each dataset of Model 3, just incorporate the features of
both models previously described. Thus, we have that
Dataset A has 43 attributes, B has 83, C has 123, and
Dataset D has 139 features.

We chose supervised learning algorithms as the data
in this research have a label. These labels have two possi-
ble classes: graduate or dropout. Thus, there is a classifi-
cation problem. The seven classifiers implemented were:
(i) Decision Tree (DT) [14]; (ii) Extra-Trees (ET), with
100 estimators [15]; (iii) Random Forest (RF), with 100
estimators [15]; (iv) Gradient Boosting (GB), with 100 es-
timators [14]; (v) AdaBoost (AB), with 50 estimators [14];
(vi) Support Vector Machine (SVM) [14]; (vii) Logistic
Regression (LR) [16].

To understand the feature’s importance and predict
probability, we used two methods in the scikit-learn li-
brary (version 1.0.2) [17]. The feature importance was
used to identify which features were significant to the
model’s performance. The classifiers that have this mea-
sure are: ET, RF, GB, and AB. The predict probability
was used to identify the probability of each student drop-
ping out of the course. It measures the probability of
the instance being classified among the problem classes,
namely graduate or dropout.

The classes in our dataset are imbalanced, as the num-
ber of graduates and dropouts are different. Because of
this, we selected the metric Area Under the Curve (AUC)
and F1-Score [18].

4 Results and Discussion

For training, the attributes form of evasion and semester
in which the evasion occurred were not considered since
this information would not be available in a real sce-
nario. The performances of the seven classifiers were
evaluated for each of the three models according to the
four datasets. It is worth mentioning that some original
features in the datasets were removed during the valida-
tion step since they did not demonstrate improvement
in the algorithms’ performances (less than 2%). The fea-
tures eliminated during these analyses were: if discipline
belongs to the regular schedule, how many times each
discipline was taken, and whether it periodized concern-
ing the regular schedule. So the remaining features were:
code, final grade, and the semester of the course in which
each discipline was taken. After this feature selection,
the models were re-trained and the AUC performances
obtained are shown in Table 2.

Now, we present the statistical tests performed to ver-
ify if there is a statistical difference between the models
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Table 1: Example of student data.

Dataset Dataset Dataset
Initial A B

Students Students Students

X1Y | Z X Y X Y

Semester in which the student dropped out 51| 5 2 5 5 5 5

How many times D1 was taken 1 2 1 0 1 1 2

Last semester that D1 was taken 3 4 2 0 2 3 4

Last D1 Grade 90 | 85 | 60 0 45 90 | 85

Table 2: Classifiers performances: AUC.
Data Ada Random Gradient Logistic SVM Extra Decision
set Boost Forest Boosting Regression Trees Tree

A 60 60 56 62 68 47 58
Model B 74 74 71 69 75 63 62
1 C 79 84 84 78 83 71 82
D 88 89 91 84 90 73 82
A 65 65 67 73 68 52 58
Model B 75 74 71 69 75 61 62
2 C 76 87 85 76 83 76 82
D 89 91 91 84 90 75 82
A 61 61 64 56 59 64 60
Model B 56 56 61 53 53 61 60
3 C 55 55 59 53 50 59 56
D 61 61 64 57 49 64 58

and the classifiers. For all statistical tests, we used a
significance level of 5%. Through Friedman’s test for
AUC, we found that the models are statistically different
from each other. The analysis of rankings observed that:
(a) Model 1 is significantly different from Models 2 and 3;
and (b) Models 2 and 3 are statistically equivalents.

Model 1 has only three features, and, in addition, its
performance averages (i.e., 58%) were lower than the
other models (i.e., greater than 74%). Therefore, the
statistical difference shows that Models 2 and 3 are better
than Model 1, which can be explained because they have
more features (information) than Model 01. On the other
hand, Models 2 and 3 have no statistical difference, so
we considered that Model 2 is better, as it requires fewer
attributes than Model 3.

With the selection of Model 2, the training was
repeated three times to test the statistical difference
between the classifiers. Through Friedman'’s test,
the RF, GB and SVM algorithms had the best perfor-
mances (i.e., greater than 78%). Of these three, the RF
and the GB allow identifying the attributes with the
greatest influence on the predictions, an aspect that SVM
does not allow. Consequently, we are left with just RF
and GB.

We chose to present the GB results because we intend
in future works to evaluate another algorithm that is
based on GB, the XGBoost [19]. So the performance
of GB applied to Model 2 is shown in (i) Fig. 5 for dataset
A; (ii) Fig. 6 for dataset B; (iii) Fig. 7 for dataset C; and
(iv) Fig. 8 for dataset D.

Analyzing the performance of GB in Dataset A con-
cerning the confusion matrix, there are 71 successes and
43 errors (Fig. 5(b)). The AUC score was 67%, the low-
est among the other datasets (Fig. 5(c)). Most successes
occurred with probabilities between 68% and 90%, ap-
proximately (Fig. 5(d)). For this dataset, the three most
important features were the final grades of the disci-
plines: (i) “Introduction to Algebra”, with 24% of signifi-
cance; (ii) “Algorithms and Data Structures 1”7, with 17%;
and (iii) “Analytical Geometry”, with 15% of significance.
These three disciplines are offered in the first semester.

The next analyzed performance of GB is in Dataset B,
where there are 75 successes and 33 errors (Fig. 6(b)).
The AUC score was 71% (Fig. 6(c)), and most suc-
cesses occurred with probabilities between 90% and 93%
(Fig. 6(d)). For this dataset, the three most important fea-
tures were the final grades of the disciplines: (i) “Digital
Projects and Microprocessors”, with 30% of significance;
(i) “Introduction to Algebra”, with 9%; and (iii) “Algo-
rithms and Data Structures 1”, with 7% of significance.
These three disciplines are offered in the first semester.

Now, the performance of GB in Dataset C shows that
there are 75 successes and 25 errors (Fig. 7(b)). The AUC
score was 85% (Fig. 7(c)), and most successes occurred
with probabilities between 90% and 100% (Fig. 7(d)). For
this dataset, the three most important features were the
final grades of the disciplines: (i) “Basic Software I”, with
19% of significance; (ii) “Discrete Mathematics”, with 15%;
and (iii) “Computer Organization and Architecture”, with
7% of significance. These three disciplines are offered in
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Figure 5: Gradient Boosting: Dataset A.

the third semester.

Finally, the performance of GB in Dataset D shows that
there are 75 successes and 18 errors (Fig. 8(b)). The AUC
score was 91%, the highest among the other datasets
(Fig. 8(c)). Most successes occurred with probabilities
between 90% and 100% (Fig. 8(d)). For this dataset, the
three most important features were the final grades of
the disciplines: (i) “Discrete Mathematics”, with 36% of
significance and offered in the third semester; (ii) “Op-
erational Systems”, with 8% and offered in the fourth
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Figure 6: Gradient Boosting: Dataset B.

semester; and (iii) “Differential and Integral Calculus 11”7,
with 6% of significance and offered in the third semester.

As we added information for more semesters, we
could observe an improvement in the performance of
the AUC and F1-Score. We expected this improvement
in the performance as more semesters are used since
more information about students is provided to the algo-
rithms, and, consequently, greater discriminative power
for classification. This behavior explains the lower per-
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Figure 7: Gradient Boosting: Dataset C.

formance of Dataset A and the higher performance of
Dataset D.

In addition, successes began accumulating at higher
predict probabilities, while errors started to reduce in
number at high probabilities. In this way, identifying
students likely or not to drop out become substantial.
Finally, for all datasets, the features that present impor-
tance higher than 5% correspond to the attributes of
the final grades of the disciplines, while features like

10

o N
~ o
a o

Percentage
o
(&)
o

0.25

0.00
Precision Recall F1-Score
(a) Scores.
° 23 5
3 True Negatives False Positives
=]
i
g
= 13 52
False Negatives True Positives
0 1
Predicted Values
(b) Confusion matrix.
1.00

©
3
3

True Positive Rate
o
[é)]
o

0.25 —— ROC Curve (AUC = 0.91)
/,/’/ ® Decision Point
0.00
0.0 0.2 04 0.6 0.8 1.0
False Positive Rate
(c) ROC curve.
) 1 Errors
A Success
)
C
o)
D -
1

0.6

0.7 0.8
Probability

(d) Predict probability.

0.9 1.0

Figure 8: Gradient Boosting: Dataset D.

"semester in which the discipline was taken" demon-
strate relevance lower than 5%. This observation con-
firms the choice of Model 2 as the one with the best

performance.

In a real-world scenario, datasets A, B, C, and D can be
used simultaneously for different periods of the course.
Education managers need to select students enrolled
in the respective semesters of each dataset. With the
dropout-prone students in hand, education managers



Especializagdo em Data Science e Big Data - UFPR

dsbd.leg.ufpr.br

can contact these students and take personalized action
on a case-by-case basis. These personalized action can
be applied even with students who tend to stay in the
course but with low probability (percentage obtained
through predict probability function) and could become
future dropouts. Another suggestion would be to refer
these students to the pedagogy sector and, if applica-
ble, to the institutional psychologist for more targeted
guidance. In addition, knowing the disciplines with the
greatest influence, some actions can be taken, such as
reinforcement classes and monitoring.

5 Conclusion

This paper proposes a method using ML to predict stu-
dents prone to evading undergraduate courses. Working
with different hypothetical scenarios formed by informa-
tion from different university course phases, we could
evaluate multiple algorithms and three attribute mod-
els. Separating these datasets was perceived as a way of
simulating the real-world scenario.

Statistical tests were applied to the results obtained by
the AUC metric. Through these tests, we concluded a
statistical difference between Model 1 and the others (i.e.,
Models 2 and 3). Nevertheless, we considered Model 2
the best as it requires less data, and the features that
contributed the most to the models were the final grade
of the disciplines. Although the proposed method is
directed to the BCC course, it can be adapted and eval-
uated for other courses (exact, biological, and human
sciences), whether for a public or private institution.

Although Model 1 had the worst performance, we sug-
gest in future work the inclusion of more personal data,
such as: address, marital status, whether or not he/she
is employed, family income, whether the student lives
with their parents or not, number of children, among
others. The low performance of Model 1 is probably
because only three features were considered. A model
with more personal data is likely to perform better. This
hypothesis agrees with the research in which the inclu-
sion of social and demographic data in the models was
suggested [6].

After choosing Model 2, we conducted three experi-
mental repetitions for each classifier to observe if there
was a statistical difference between them. Statistically,
the RF, GB, and SVM algorithms had the best perfor-
mances. We chose to present the GB results because we
intend in future works to evaluate another algorithm
that is based on GB, the XGBoost. Evaluating other clas-
sifiers (e.g, XGBoost) in future works is a suggestion to
improve these results.

Model 2 with the GB algorithm was analyzed, present-
ing the AUC scores between 67% and 91%, depending on
the dataset. For most models and classifiers, Dataset A
presented the weakest results, while Dataset D presented
the highest. This result was expected due to the number
of features available in each dataset. Therefore, we con-
cluded that the prediction in the 3rd semester (Dataset A)
is not as substantial as in the 9th semester (Dataset D).
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By the end of this work, we could identify the students
most likely to evade and the main features that induce
this. The prediction probability of successes performed
ranges between 90% and 100% in Dataset D. In all results,
the final grade of the disciplines was the most crucial
feature. In addition, we found that the disciplines of the
first three semesters contribute most to the predictions.
This shall indicate that educational managers should
focus on the initial phases of the course. Itis suggested in
future work to include metrics to separate the disciplines
into knowledge groups. This analysis can contribute to
understanding any learning difficulty in certain areas of
knowledge.
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