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ABSTRACT
Undergraduate students have different levels of motivation,
different attitudes about learning, and different responses to
specific instructional practices. Predicting the academic
performance of students is an issue faced by many universities in
emerging countries. Although those institutions store large
amounts of educational data they are unsuccessful to detect which
students are at risk of leaving the educational system. This paper
presents an architecture that uses educational data mining
techniques to predict and identify those who face the risk of
dropping out. The approach may assist educational managers in
supervising the development of students at the end of each
academic term, identifying the ones with difficulties to fulfill their
requirements. This paper shows experimental studies using real
data about six undergraduate courses in one the largest Brazilian
public universities.

Categories and Subject Descriptors
H.2 [Information Systems]: decision support, data mining.

General Terms
Experimentation, Algorithms, Performance, Design, Management.

Keywords
Educational Data Mining, Dropout, Feedback.

1. INTRODUCTION
The modernization of Brazilian society, as in other emerging
countries, cannot be achieved without proper educational policies.
It will not be possible to build a modern, internationally
competitive economy, capable of incorporating and developing
innovative technologies, productive processes, and organizational
methods with a public higher education sector in a permanent
state of crisis. Brazil has public and private universities, with 284
public universities fully financed by the Government, with no
tuition costs and fees [1,2]; the total amount of undergraduate
seats is increasing but still is not enough. The access to public
universities is often skewed towards wealthier Brazilian students
as these students tend to come from private high school education
institutions which give them an advantage in the entrance
examinations. Furthermore, it is true that a small number of
Brazilian public universities are competitive globally. Some of the
best institutions are located in the industrialized states of São
Paulo and Rio de Janeiro, including the University of Campinas
(UNICAMP), the University of São Paulo (USP) and the Federal
University of Rio de Janeiro (UFRJ) amongst only four South

American universities to make the 2013 QS World University
Ranking list of the top 300 universities [3].
The Brazilian Government has a diagnosis about the country's
economic problem. However, there is no similar consensus in the
field of higher education, neither in the Government nor amongst
the public and private educational sectors. There are several issues
that contribute to reducing the efficiency of the Brazilian higher
education system. For instance, on the primary and secondary
school levels, educational quality remains low by global
standards. Few Brazilians entering school attain the necessary
skills to pursue higher education. Thus, Brazil has a small number
of students in universities; the indicators of the Organization for
Economic Co-operation and Development (OECD) shows that
only 11% of the population have a higher education degree, with
the average for other countries being 31% [4]. Finally, the latest
census of Brazilian higher education shows that the number of
students that do not finish the courses is higher than those who
complete [1]; this phenomenon, also known as dropout [2], is also
faced by many organizations around the world. High dropout rates
have many undesired consequences not only for the students but
also for Brazilian society. For instance, students have their
professional lives limited and the society misuses considerable
resources to support professors, employers, equipments,
laboratories, libraries, and empty classrooms.
Several studies have been made to detect the causes for high
dropout rates in the Brazilian educational system [5,6,7,8,9,10].
Some explanations try to elucidate such phenomenon: (i)
difficulties to adapt to the academic environment; (ii) difficulties
to attend the courses; (iii) poor academic background, or iv) the
difficulties in balancing long hours of labour and study, to name
but a few. However, if we consider the Computer Science point of
view, the academic management software systems used by public
Brazilian universities are not properly designed to support
educational managers to investigate which students are at risk of
dropping out. Despite keeping data on the students (records on
examinations, assessments, marks, grades, and academic
progression) the systems do not provide predicting or warning
tools that can assist managers to extract knowledge on the
performance of their students.
The dropout issue has many facets. Numerous studies attempted
this. According to Márquez-Vera [11], it is a key problem with
special characteristics that requires innovative approaches, such as
the adoption of Educational Data Mining (EDM). Even if
considering the international scenario, the studies that evaluate the
performance and dropouts of students using EDM are still in their
early stages [12,13,14,15]. For Romero and Ventura [14], several

open research questions can be investigated with EDM
techniques. For instance, (i) the development of tools that can be
easily handled and reused by non-specialists in Data Mining in
any educational system; (ii) all the knowledge process
(preprocessing, data mining, and post-processing) should be
packed into a single application.
The goal of this paper is to provide educational managers in
Brazilian public universities, EDM non-experts, with a userfriendly approach that provides useful feedback information on
the performance of students and predicts the ones whose are at
risk of dropping out of the educational system. The contributions
of this paper are based on experimental studies that used real
world student data of six undergraduate courses of the Federal
University of Rio de Janeiro (UFRJ) during a period of 16 years.
We chose UFRJ as it is the largest public federal Brazilian
University with more than 100 undergraduate courses covering all
areas of the Sciences and about 50,000 undergraduate students. Its
courses are divided into two semesters (terms); at the end of each
semester the educational managers need to plan a schedule for the
next, offering courses according to the number of students
expected. This activity is a complex task due to the erratic number
of students that will attend the course in the next semester. Owing
to the large amount of students and low effectiveness of the
academic advisory services, it is hard to identify the students who
are at risk of dropping out. Thus, the challenge faced in this work
is to provide an approach that uses only the academic data
available in current academic management software systems to
aid managers to identify which students are at risk of dropping out
in the next semester.
This paper is organized as follows: Section 2 defines dropout and
EDM concepts and discusses related work. Section 3 describes the
proposed three-tier architecture named WAVE. Section 4
describes the experiments and its results. Finally, conclusions and
further research are presented in Section 5.

2. RELATED WORKS
Avoiding student dropout has been the focus of many higher
education researches. Numerous studies have proposed several
theoretical
models
to
explain
this
phenomenon
[16,17,18,19,20,21]. Among these studies, Tinto's student
integration model [16, 17] is the most discussed. The author
studied it by examining the students‟ personal attributes,
educational goals, and commitment to the institution before entry.
In this section, we present works that investigated the dropout
phenomenon and performance prediction using EDM.

2.1 Student Dropout
There are several definitions about the concept of dropout in the
literature and on how to measure it. In Brazil, this problem is not
new, just the contrary, and in recent years the Public University
has investigated dropout and evaluated it in different ways
[4,5,6,7,8,9,10]. The works produced considered dropout
according to the following perspectives: (i) social-economic (need
to keep a job to live or to support a family); (ii) vocational
(disappointment with a wrong course choice); and (iii) academic
(failure in initial courses, poor educational background,
difficulties with professor/student relationships or with
colleagues).
Before starting to expose EDM related works, we assume that it is
necessary to define some concepts used in this paper. We adopted
the terminology defined by the Brazilian Department of Education

to organize our research. It is assumed that undergraduate course
(undergraduate programs) refers to the entire program (or
curricula) of studies required to achieve a higher university
degree. The concept course refers to a unit of instruction offered
during the semester or academic year to build the undergraduate
course. Some works consider the concept dropout when a student
abandons the course [26,27]; in this paper dropout is used to
classify the student who fails to complete, abandons or withdraws
from one‟s undergraduate course.

2.2 Educational Data Mining
Baker and Yacef [12] presented EDM as a recent research area
describing it as concerned with developing, researching, and
applying computerized methods to detect patterns in large
collections of educational data that would otherwise be hard or
impossible to analyze due to the enormous volume of data.
Educational systems are evolving and many technologies are
being used to track people as they learn. Nowadays, several
technologies are used to handle enormous amounts of data, spread
across many databases. EDM comes to support educators,
students, educational managers, governments and society to take
advantage of such knowledge [12,13,14,15].
Many works that apply EDM techniques to predict student
performance are focused on improving the quality of the course
[22,23,24]. In other cases, monitoring student performance in a
given course is critical to avoid problems in other courses of the
curriculum [23]. The research made to predict student
performance in courses varies a lot due to the different levels of
student motivation, different attitudes about learning, and
different responses to specific instructional practices. More, the
amount of data available to perform such predictions could
change significantly: it can be a small amount of data collected
during a particular course, such as the number of assignments,
intermediary and final student grades [24], or huge amounts of
data stored, from student interaction with the e-learning
environments [15,22,25].
Kotsiantis et al. [26] focused on the prediction of student dropout
in undergraduate course at the Hellenic Open University. They
analyzed 354 students' records collected for the module
“Introduction to Informatics”. The data used related to the
students´ personal records and the results of the assignments. Such
work compared six data mining techniques. The authors asserted
that Naive Bayes algorithm was the most appropriate and the
conclusions could be widespread in the majority of distance
education curricula in the university. In [27], the Electrical
Engineering undergraduate course at the Eindhoven University of
Technology was evaluated. This study examined the data collect
from 2000 to 2009 from no more than 648 students in the first
year of their undergraduate course. The authors considered the
results of several data mining techniques using three datasets (preuniversity data, university grades, and both datasets). The overall
result showed the decision tree algorithm as the more suitable to
solve such problem. Pal [28] predicted the dropout of Engineering
students in the first academic year. The author used demographic
records (gender, age, and so on) collected during the admission of
student and pre-university information (high school marks, family
income of students, parents‟ qualification). The author used four
data mining algorithms, but the emphasis was on the analysis of
student data.

As far as we are concerned, the related works share similarities:
(i) identifying and comparing algorithm performance to find the
most appropriate EDM techniques, or (ii) identifying the relevant
attributes associated with the problem of dropout. Those studies
can be divided according to the type of data used. Some works use
past time-invariant student records (demographic and preuniversity student data). Others include time-varying data, and in
this case the data is collected as the course progresses (scores, test
results, activities) [22].

The EDM is the second component of the application tier. In order
to predict student performance, we evaluated several classification
algorithms. We evaluated a set of well-known public data mining
algorithms available from the Weka library [29]. WAVE adopted
the classification techniques as they have the best performance
according to our previous experiments [30, 31]. The following
classification algorithms were considered: Naïve Bayes (NB),
Multilayer Perceptron (MLP), Support Vector Machine (SVM)
with polynomial kernel and RBF kernel and Decision Tree (DT).

The key differences in such works to our approach are related to
the data used to execute the prediction and focus on the problem.
We focus on predicting student dropout in undergraduate courses
with the use of EDM techniques. And we adopt time-varying data:
semester courses with a final grade, GPA (Grade Point Average)
and derived attributes. Besides, we are able to continuously
monitor the progress of the students in each academic semester.

3. ARCHICTETURE
Our research presents an architecture named WAVE. It was
designed to keep a continuous record of student academic
progress based on the EDM requirements stated by [12,13,14].
The target is to predict and identify students that are at risk of
dropping out of the educational system. Our work was conceived
to enhance the Academic Management Software System (AMSS)
of the public federal universities in Brazil. Currently, these
systems are legacy software that store huge amounts of academic
data, but lack the functionalities to perform a systematic
processing of student information from the perspective of
evaluating student performance or predict those who are at risk of
dropping out.
The architecture aims to extend the AMSS, and we saw that the
approach is less risky and more economical than implementing a
new system. WAVE is presented in Figure 1. Due to the nature of
the AMSS, one of the most appropriate approaches to add new
analytical functionalities while retaining the existing systems is to
adopt a multi-tier architecture model. WAVE was designed as a
three-tier architecture consisting of a presentation tier, an
application tier, and a data tier.
The presentation tier is the topmost level of the architecture. It is
responsible for handling the interaction with the user. The
educational manager can access the system directly by using a
Graphical User Interface (not presented in this paper)
The application tier manages the key functionalities of the
architecture and the rules for processing data. The tier consisted of
three components: ETL, EDM, and Knowledge Management
Repository (KMR).
The ETL is responsible for loading and preparing the records for
the next components. The initial preprocessing data phase is timeconsuming and was improved by using the Pentaho Data
Integration (Kettle) an open source product for Extraction,
Transformation and Loading (ETL). The ETL component has
iterative steps to run data extraction, data cleaning, data selection,
and data transformation. The extraction stage establishes the
connection with the AMSS or other student data source and
extracts the data. The transformation stage of the ETL performs
data cleaning, data selection, and data transformation. The loading
stage is used to format and load the data produced by the previous
stages to be used by the EDM component and knowledge
management repository.

Figure 1. The three-tiers of WAVE architecture.
The third component of the tier is the KMR. It consists of a
collection of student data items. The repository is populated at the
end of each semester after final exams, the updated data extracted
from the AMSS. Thus, new data set is added to the KMR. Each
data set has different attributes that vary according to the number
of semesters completed by the student. We define a Data Model
based on student features (attributes) in each semester. The last
tier in our architecture is the data tier, consisting of the database
provided by the AMSS.

4. EDM EXPERIMENTS
In this paper, we investigated six undergraduate courses (Law,
Pharmacy, Physics, Civil, Mechanical and Production
Engineering). The courses were chosen because they belong to
distinct departments, and have different a student profile to them.
Besides, they have different numbers of entrances by
year/semester, have different historical levels of dropout rates and
also different responses to specific instructional practices. We
emphasize that all the data was previously anonymized and was
provided by the official the AMSS at UFRJ. The AMSS keeps
registers about students enrolled in courses, stores the grading
scheme, registers the examination results, calculates the GPA
(Grade Point Average), cumulative CGPA (Cumulative Grade
Point Average) and the number of credits per semester.

4.1 Definition of EDM Attributes and Data
Model
In this work, we have evaluated a large amount of data about
individual student´s academic progress in each semester from
1994 to 2010. Academic progress assumes a student‟s successful
completion academic requirements towards a degree.
The data model used by WAVE consists of the following
attributes: 1) student id is the key to identifying the student in the
datasets; 2) semester id is used to identify the data in the semester;

3) number of courses is used to store the number of courses in
which a given student is enrolled in the semester; 4) number of
courses approved in the semester; 5) average grade of the courses
approved; 6) number of courses in which a student failed due to
absence or low grades; 7) number of course a student failed in due
to a low grade; 8) first semester status; 9) value of the GPA; 10)
second semester status, it is a class label attribute. In this work,
we considered two status values for semester status. The first
class value is assigned when a student failed (no progress) in the
semester. The second class value refers to a student who has had
progress in the semester. The progress level could be configured
according to the educational manager. The rule of progress level
could be a number of courses approved (one or two as a
minimum), number of credits, or GPA. For instance, a student has
progress when one‟s performance in a given semester is above the
minimum value defined by the manager.
At UFRJ, every freshman is automatically enrolled in the initial
set of introductory courses (about 6 or 7 courses). For instance, in
Engineering the introductory courses are Physics, Experimental
Physics, Calculus, Chemistry, Computer Science and an
introductory course in a specific Engineering. Student
performance in those courses is critical. Thus, three attributes
were used to store the values for each introductory course: course
id, the numeric grade and course status (pass, low grade, absence
fail and low grade).
Table 1. Attributes of the Data Model
Attribute
Value/Type
student id

id code (string)

semester id

id code (string)

number of courses in which a given
student is enrolled in the semester
number of courses approved in the
semester, course status pass
average grade of the approved
courses in the semester
number of courses with status equal
to absence fail and low grade
(AFLG)
number of courses with status equal
to low grade (LG)
first semester status (value defined
by the rule of progress level)
value of GPA in first semester
introductory course id (about 6 or 7
courses)
numeric grade for each introductory
course
student status in the course for each
introductory course: pass (PA), low
grade (LG), absence fail and low
grade (AFLG)
second semester status
class label attribute

{1 to n} (numeric)
{0 to n} (numeric)
{0 to 100} (numeric)
{0 to n} (numeric)
{0 to n} (numeric)
{no progress, progress}
(string)
{0 to n} (numeric)
id codes (string)
{0 to 100} (numeric)

{PA,LG,AFLG}(string)
{no progress, progress}
(string)
{?,?} predicted value

We defined around 31 attributes as shown in Table 1. Those
attributes correspond to the data model of the Wave architecture.

4.2 Definition of EDM Algorithms
WAVE consists of a set of traditional classification algorithms:
Naïve Bayes (NB), Multilayer Perceptron (MLP), Support Vector
Machine with polynomial kernel (SVM1) and RBF kernel
(SVM2), and Decision Table (DT). We adjusted our architecture
to use a composition of classification algorithms and identify the
number of classifiers with the same prediction, to give more
reliability and reinforce the overall results.
Table 2 shows an example of the layout of a report that can be
analyzed by the educational manager. The report shows
individually, in lines, the results for each student. The columns
show the prediction results of each classifier. Value „1‟ indicates
progress and „0‟ no progress. The last column (?) shows the result
of the composition. Value „1‟ is used when the majority of the
classifier prediction was progress and „0‟ when the majority
indicated no progress. However, the educational manager has the
autonomy to interpret the results.
Table 2. Layout of report with prediction of the classifiers for
n students
Student ID
NB MLP SVM1 SVM2
DT
?
Student 1

0

0

0

0

1

0

…

…

…

…

…

…

…

Student n

1

1

1

1

1

1

In our preview work [30,31], we evaluated and compared the
behaviour of several of the above mentioned classifiers. All of
them have good results when applied to the data model.
Therefore, in this work, we present a deeper analysis in the
application of the Naïve Bayes algorithms, as the Naïve Bayes
classifier presented the highest true positive rate for all datasets
used in the experiments.

4.3 Description of the EDM Experiment
In this section, we evaluate the Naïve Bayes algorithm used in the
architecture, considering the student‟s datasets of the first
semester in the year to obtain a prediction for the next semester.
To check the functionalities of the architecture we reproduced the
real conditions of the academic requirements to analyze the
performance of students after their first academic semester.
As proposed in the architecture, the KMR consists of a different
student data model. Indeed, the KMR holds the datasets that are
used to train the classifiers. In this experiment, for each course,
we merged the student´s dataset of even years (1994-1, …, 20081) which were used as a training sets (see Table 3). Those datasets
have the last attribute, second semester status (class label),
completed with the current value for the student performance in
the second semester of the year. We considered the following rule
of progress to assign a value to the class label (semester status):
progress when a student finished the semester with a minimum
one course pass and no progress when all course results had low
grades or absent fail.
Tables 3, 4, and 5 show the quantitative information on the
datasets used in the experiments. The tables use the following
keys: Civil Engineering (CE), Mechanical Engineering (ME),
Production Engineering (PE), Pharmacy (Pha), Physics (Phy), and
Law (Law). Table 3 shows the number of instances for the
training set, for each undergraduate course, those numbers
representing the total number of students enrolled in even years

(1994-1, …, 2008-1). In addition, we identified a number of
students in the two classes.
Table 3. Number of students in the two classes in the training
sets for each undergraduate course
Class

Kappa) takes into account the similarities between the classes
[32]. It is calculated by taking the agreement expected by chance
away from the observed agreement and dividing by the maximum
possible agreement. A Kappa value greater than zero indicates the
classifier is doing better than chance.

CE

ME

PE

Pha

Phy

Law

81

58

25

63

326

335

Table 6 shows the accuracy of the Naïve Bayes EDM algorithms.

No progress

(17%)

(14%)

(8%)

(10%)

(52%)

(16%)

Table 6. Naïve Bayes accuracy for each test set

408

358

290

548

297

1785

Y/S

Progress

(83%)

(86%)

(92%)

(90%)

(48%)

(84%)

1995-1
1997-1
1999-1
2001-1
2003-1
2005-1
2007-1
2009-1

We also defined the same data model for the test sets, and selected
the student data from the first academic semester in the period of
(1995-1, 1997-1,…, 2009-1). As a result, we built 48 datasets
using the proposed attribute for the data model. In brief,
differently from a single training set we specified 48 datasets to be
used as individual test data files, those files being referred to as
supplied test sets [25]. Table 4 shows the distribution of students
in the undergraduate course and the entrance in each
year/semester.
Table 4. Number of the students in each undergraduate course
in each year/semester in the test sets
Y/S
1995-1
1997-1
1999-1
2001-1
2003-1
2005-1
2007-1
2009-1

CE
53
68
63
49
70
71
67
60

ME
60
50
47
45
60
65
66
61

PE
34
41
38
51
42
41
43
39

Pha
72
70
69
71
78
74
73
96

Phy
84
87
55
34
75
61
74
37

Law
266
285
285
272
264
273
253
262

Table 5 shows the percentage of students distributed in the two
classes; those values are based on the test sets. For example, 19%
of students in Civil Engineering belong to the no progress class.
Those are the students with a higher probability of dropping out of
their courses.
Table 5. Percentage of students in both classes in the test sets
Class
No progress
Progress

CE
0.19
0.81

ME
0.19
0.81

PE
0.08
0.92

Pha
0.14
0.86

Phy
0.51
0.49

Law
0.16
0.84

If we compare Tables 3 and 5, the percentage of students per
classes is similar for training and test sets in all undergraduate
courses.

4.4 Evaluation of EDM Experimental Results
In this section, we evaluate the experimental results of the Naïve
Bayes algorithm used in the architecture. In turn, we defined the
positive class as no progress and negative class as progress. In
this context, several classification metrics can be used to indicate
the performance of the classifier. For instance, (i) accuracy is one
of most frequent value calculated to show the percentage of
correctly classified instances; (ii) the statistical measures
calculated from the confusion matrix: true positive rate (TP) is the
proportion of positive cases (no progress) correctly classified and
true negative rate (TN) measures the proportion of negative cases
(progress) that are correctly classified; and (iii) Kappa (Cohen‟s

CE
0.83
0.90
0.87
0.88
0.87
0.87
0.79
0.90

ME
0.80
0.84
0.83
0.76
0.90
0.88
0.89
0.92

PE
0.91
0.95
0.97
0.90
0.93
1.00
0.93
1.00

Pha
0.81
0.80
0.84
0.86
0.78
0.86
0.85
0.93

Phy
0.79
0.70
0.85
0.76
0.88
0.80
0.85
0.78

Law
0.92
0.90
0.92
0.88
0.89
0.89
0.94
0.87

In our datasets, most of the students belong to the progress class.
However, our prior interest is to measure the performance of the
classifier when it predicts the no progress class. The accuracy
gives a measure for both classes of correct instances classified.
The accuracy has some disadvantages to estimate the performance
of the algorithms. Table 6 shows a high accuracy value for all the
dataset; it does not give significant information to evaluate the
model created by Naïve Bayes classifier to predict the
performance of students of the minority class (no progress).
Tables 7 and 8 show the performance of the Naïve Bayes
algorithm using measures calculated from the confusion matrix.
Table 7 shows rates of true positive class (no progress), meaning
that our approach scores highly in identifying imminent dropouts
and giving feedback for students and educational managers just
after the end of first academic semester.
Y/S
1995-1
1997-1
1999-1
2001-1
2003-1
2005-1
2007-1
2009-1
Average

Table 7. True positive rates (no progress)
CE
ME
PE
Pha
Phy

Law

83.33
93.33
63.64
78.95
83.33
100.00
72.73
71.43
80.84

88.89
67.39
60.87
70.18
70.49
74.36
80.33
55.56
71.01

83.33
55.56
66.67
57.14
66.67
83.33
66.67
81.82
70.15

66.67
100.00
100.00
75.00
100.00
100.00
66.67
100.00
88.54

68.75
100.00
72.73
12.50
42.86
66.67
83.33
81.82
66.08

75.00
78.05
90.91
60.00
85.29
75.00
78.38
73.91
77.07

Table 8 shows the rates for negative class (progress), based on the
values of the rates, where we can assert that the architecture
presents good results to identify the students with improved
performance.
Comparing Tables 7 and 8 we can see that there are no great
significant differences between the results for two classes of
students. We pointed that the number of students in the progress
class is higher than the no progress class (Table 4) and there are
some students that drop out without a predictable reason. In this
case, the error of the classifier could be minimized.

Table 8. True negative rates (Progress)
Y/S
1995-1
1997-1
1999-1
2001-1
2003-1
2005-1
2007-1
2009-1
Average

CE

ME

PE

Pha

Phy

Law

82.93
88.68
92.31
93.33
87.93
85.48
80.36
92.45
87.93

79.63
90.24
96.15
83.87
92.59
88.68
92.98
94.00
89.77

96.43
94.74
96.88
91.49
92.50
100.00
95.00
100.00
95.88

83.93
77.78
86.21
95.24
85.94
89.23
85.07
94.12
87.19

84.38
63.04
81.82
100.00
90.24
86.21
91.89
85.71
85.41

92.05
94.14
100.00
93.02
95.07
91.88
98.44
92.48
94.64

Table 9 shows Kappa values for each dataset. Kappa is another
measure for evaluating the performance of the classifier.
According to Table 9, all Kappa values are above 0, meaning that
the prediction model is tuned.
Table 9. Kappa values
Y/S
1995-1
1997-1
1999-1
2001-1
2003-1
2005-1
2007-1
2009-1

CE
0.58
0.73
0.56
0.74
0.61
0.60
0.41
0.57

ME
0.36
0.46
0.65
0.42
0.52
0.64
0.57
0.73

PE
0.68
0.72
0.91
0.50
0.54
1.00
0.53
1.00

Pha
0.48
0.41
0.50
0.10
0.28
0.47
0.41
0.68

Phy
0.57
0.41
0.71
0.55
0.76
0.61
0.70
0.56

Law
0.64
0.62
0.49
0.64
0.69
0.60
0.83
0.47

5. CONCLUSION
High dropout rates have many undesired consequences not only
for the students but also for society. Students differ from one
another in many ways, including the type of instruction to which
they respond and the nature of knowledge they pursue. The main
contribution of this work is the evaluation of an architecture based
on classifiers and the data model which was developed to be
coupled to a legacy AMSS. The architecture provides additional
support for educational managers to monitor the progress of the
students in each academic semester and to predict the ones who
are at risk of dropping out. Our proposal to use only time-varying
student data was effective enough to predict student performance.
As far as we are concerned our architecture is one of the first to
present the benefit of using sole student data stored in the AMSS,
no external data being necessary to point students that are at risk
of dropping out.
Our previous works [30,31] analyzed several classifier algorithms.
However, in this work we focused on measuring the performance
of the Naïve Bayes classifier. The classification accuracies found
in the undergraduate courses were very similar, the accuracy
ranging between 0.70 and 1.00. Such values are considered good
for real data. The Naïve Bayes classifier had high values for a true
positive rate for all 6 undergraduate courses analyzed. This means
that, in the majority of the undergraduate courses, the combination
of the Naïve Bayes classifier and student data model can
(correctly) predict over 70% students who will not be approved
(no progress) in any course in the second semester, meaning a
high probability of dropout from the educational system. The true
negative rate for the class (progress) is above 85% for the
classifier, and in practice our architecture was able to identify and
predict almost all students who will have a good performance and

probably will not leave University. Finally, an important goal of
this paper was to show that the set of attributes used to predict the
performance in each academic semester is effective, concise and
can easily be extracted from the existing AMSS.
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