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The data about high students’ failure rates in introductory programming courses have been alarming
many educators, raising a number of important questions regarding prediction aspects. In this paper, we
present a comparative study on the effectiveness of educational data mining techniques to early predict
students likely to fail in introductory programming courses. Although several works have analyzed these
techniques to identify students' academic failures, our study differs from existing ones as follows: (i) we
investigate the effectiveness of such techniques to identify students likely to fail at early enough stage for
action to be taken to reduce the failure rate; (ii) we analyse the impact of data preprocessing and al-
gorithms fine-tuning tasks, on the effectiveness of the mentioned techniques. In our study we evaluated
the effectiveness of four prediction techniques on two different and independent data sources on
introductory programming courses available from a Brazilian Public University: one comes from distance
education and the other from on-campus. The results showed that the techniques analyzed in our study
are able to early identify students likely to fail, the effectiveness of some of these techniques is improved
after applying the data preprocessing and/or algorithms fine-tuning, and the support vector machine

technique outperforms the other ones in a statistically significant way.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

The alarming indexes of students' academic failures, along the
years, in universities' introductory programming courses
(Bennedsen & Caspersen, 2007; Watson & Li, 2014) have been
concerning educators. Studies (Hanks et al., 2004; lepsen et al.,
2013; Tan, Ting, & Ling, 2009) show that students face many diffi-
culties during their programming activities in such a way that many
of them end up failing or quitting the course at some initial stage.

In the above context, one relevant problem is on the ability to
accurately predict the students likely to fail in introductory pro-
gramming courses at early enough stage for possibiliting
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pedagogical interventions to be taken to avoid students’ failures. In
order to deal with this problem, some works (Arora, Singhal, &
Bansal, 2014; Bayer et al., 2012; Manhaes et al., 2014; Marquez-
Vera, Morales, & Soto, 2013; Martinho, Nunes, & Minussi, 2013;
Sim et al., 2006; Watson, Li, & Godwin, 2013) have proposed and
analyzed the use of Educational Data Mining (EDM) techniques to
predict students' academic failures. However, in general, these
works are not concerned with two important questions: (i) how
effective are the EDM techniques to early identify students likely to
fail?; and (ii) Do the data preprocessing (Hu, 2003; Crone et al.,
2006; Zaki & Jr.W. M. 2014) and algorithms fine-tuning
(Gunawan et al., 2011; Hutter, Hoos, Leyton-Brown, & Stiitzle,
2009) impact the effectiveness of EDM techniques?

In order to answer the above mentioned questions, we present a
comparative study on the effectiveness of EDM techniques to early
predict students likely to fail in introductory programming courses.
Given the amount of existing EDM techniques available (Caruana &
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Niculescu-Mizil, 2006), we used the following classifiers: Neural
Networks (Niirnberger et al., 2002; Rumelhart, Hinton, & Williams,
1988), Decision Tree (Breiman et al., 1984; Salzberg, 1994), Support
Vector Machine (SVM) (Cortes & Vapnik, 1995; Vapnik, 1995) and
Naive Bayes (Domingos & Pazzani, 1997). These techniques have
been widely investigated by existing EDM works (Wu et al., 2008)
and they have presented interesting results.

In our study we used the f-measure (Han et al., 2011) to evaluate
the effectiveness of the selected techniques on two different and
independent data sources concerning two introductory program-
ming courses available from a Brazilian Public University: one
comes from distance education and the other from on-campus. The
experiment was performed by considering the preprocessing of
these data sources and the fine-tuning of the analyzed techniques.

The results showed that the techniques analyzed in our study
are able to early identify students likely to fail, and demonstrated
that the data preprocessing and algorithms fine-tuning tasks in-
fluence the effectiveness of these techniques. The SVM technique
outperformed the other ones by predicting with 92% and 83% of
effectiveness the failures of students that have performed at least
50% of the courses by distance education or on-campus,
respectively.

This paper is organized as follows. Section 2 we present the
method applied in our experiment. In Section 3 we present the
results and discussions of the experiment. In Section 4 we discuss
some similar work. Conclusions and future work are presented in
Section 5.

2. Method

The general goal of this study is to compare the effectiveness of
existing EDM techniques for early identification of students likely
to fail with high precision. This section is organized as follows.
Section 2.1 poses four research questions that drive our assessment.
Section 2.2 presents the data sources and the EDM techniques we
have analyzed in our experiment. Sections 2.3 and 2.4 indicate the
tools and metrics, respectively, we have used when conducting the
experiment, and, finally, Section 2.5 presents some details about
the steps and configurations used to perform the experiment.

2.1. Planning

Our comparative study is guided by the following research
questions:

Question 1. How effective are the EDM techniques to early
identify students likely to fail?

Our aim with the Question 1 is to evaluate the effectiveness of
the EDM techniques that have been used by existing approaches to
early identify students likely to fail. To answer Question 1, we
performed these techniques on two different data sources and then
we used the F-measure to evaluate the effectiveness of such
techniques.

Question 2. Is the data preprocessing able to increase the
effectiveness of the EDM techniques?

The Question 2 aims to analyse if the effectiveness of EDM
techniques increases after performing the data preprocessing. In
order to answer Question 2, we performed a preprocessing of the
two data sources used in this experiment, then we applied the EDM
techniques on these data sources. Subsequently, we evaluated the
effectiveness of these techniques and we compared such results
with the effectiveness obtained by performing the same techniques

on the data without the preprocessing.

Question 3. Is the fine-tuning of algorithms able to further in-
crease the effectiveness of the EDM techniques?

The Question 3 aims to analyse if the effectiveness of EDM
techniques further increases after performing the fine-tuning of
their parameters. In order to answer Question 3, we performed a
fine-tuning of the EDM techniques, then we performed the fine-
tuned techniques on the preprocessed data source, as well as we
evaluated the effectiveness of techniques and we compared their
effective-ness with the results obtained by performing the EDM
techniques without the fine-tuning.

Question 4. After performing the data preprocessing and fine-
tuning of algorithms, which of the EDM techniques are more
effective for early identification of students likely to fail?

The Question 4 aims to find the most effective techniques for
early identification of students likely to fail. In order to answer
Question 4, we analyzed the effectiveness of the EDM techniques
after performing the fine-tuning of their parameters and the pre-
processing of the data sources.

2.2. Data sources and EDM techniques selection

In this experiment we have analyzed two data sources extracted
from introductory programming courses performed either on-
campus or distance education. In what follows a brief description
of these two data sources:

(Distance Education) The first data source contains information
about 262 undergraduate students that took the introductory
programming course performed in a distance education mo-
dality in our university in 2013 during 10 weeks. In this course
the students were weekly evaluated according to their activities
plus two exams that were applied in the fifth and last week of
the course. These activities and exams were applied through an
online system used in our university.

This data source contains the following information about the
students: age, gender, civil status, city, income, student registration,
period, class, semester, campus, access frequency of the students in
the system, participation in the discussions forum, amount of
received and viewed files, use of the educational tools provided by
the system as blog, glossary, quiz, wiki, message, year of enrolling in
the course, status on discipline, and performance of the students in
the weekly activities and exams.

(On-campus) The second data source contains information
about161students that took the introductory programming
course performed on-campus in our university in 2014, during
16 weeks. In this course the students were weekly evaluated
according to their activities plus four exams that were applied in
the fourth, eighth, twelfth and sixteenth week of the course.

The data source contains the following students information:
age, gender, civil status, city, income, student registration, period,
class, semester, campus, year of enrolling in the course, status on
discipline, amount of exercise performed by the student, number of
correct exercises, and performance of the students in the weekly
activities and exams.

Our main goal is to evaluate the effectiveness of the EDM
techniques to predict students likely to fail at early enough stage for
supporting future pedagogical interventions to be taken to avoid
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students' failures. Thus, in this experiment we used the students
information only until the application of the first exams to analyse
the effectiveness of four EDM techniques: Naive Bayes classifier,
which is based on Bayes' theorem (Domingos & Pazzani, 1997),
decision tree (Breiman et al., 1984; Salzberg, 1994) (in this case, we
used the J48 algorithm (Witten et al., 2011) to implement the De-
cision Tree technique), multilayer neural network (Niirnberger
et al., 2002; Rumelhart et al., 1988) and support vector machine
(Cortes & Vapnik, 1995; Vapnik, 1995).

These techniques were selected since they have presented good
effectiveness in different domains (Caruana & Niculescu-Mizil,
2006). In particular, they have been used in existing approaches
(Wu et al., 2008) for the identification of students likely to fail.

2.3. Instrumentation

We used the Pentaho Data Integration tool (Pentaho, 2015) to
perform all the preprocessing of the data sources. Pentaho is an
open-source software, developed in Java, which is able to: (i)
extract information from data sources; (ii) select attributes; (iii)
discretize data and (iv) generate files compatible with the format
used by data mining tools. In addition, we used the WEKA tool
(Weka, 2015) to apply the EDM techniques analyzed in this
experiment.

2.4. Effectiveness metrics

To characterize the effectiveness of the EDM techniques
analyzed in this experiment, we decided to adopt the F-Measure
(Han et al., 2011), which is widely used in domains such as infor-
mation retrieval, machine learning and other domains that involve
binary classification (Olson & Delen, 2008). In short, F-Measure (Eq.
(1)) is the harmonic mean between Precision (Eq. (2)) and Recall
(Eq. (3)), as described below:

Precision x Recall

249
.. TP
Precision = TP (2)
TP
where

(True Positives - TP) TP is the number of positive instances
correctly classified as positive.

(False Positives - FP) FP is the number of negative instances
incorrectly classified as positive.

(False Negatives - FN) FN is the number of positive instances
incorrectly classified as negative.

2.5. Operation

In this Section we describe in more details the preprocessing
performed on the two data sources and the fine-tuning of the EDM
techniques used in our experiment. Section 2.5.1 describes the
preprocessing and Section 2.5.2 describes the fine-tuning of
algorithms.

2.5.1. Data preprocessing

Before applying the EDM techniques, we performed the pre-
processing of each data source, separately, in order to deal with two
important problems that may exist frequently in educational data
(Marquez-Vera et al., 2013): (i) high dimensionality, that is, a large
number of attributes. A large number of attributes may hinder
prediction algorithms to reach interesting results in a short time;
and (ii) unbalanced data. When the number of instances from one
class is much larger than the number of instances from other
classes (Gu et al., 2008), prediction algorithms tend to focus on
learning from classes with larger number of instances.

The two data sources analyzed in this experiment suffer with
the high dimensionality problem since they contain many attri-
butes to be handled, as described in Section 2.2. In order to deal

Fmeasure = ZXW (1) with the high dimensionality problem, we evaluated experimen-
ecision + Reca tally the attributes selection algorithms provided by WEKA on each
data source analyzed in this experiment, and then we selected the
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Fig. 2. Attributes weights of the on-campus data source.

Information Gain algorithm (InfoGainAttributeEval) (Quinlan,
1986) since it presented the best results in both data sources.
Figs. 1 and 2 show the attributes’ weights defined by the InfoGai-
nAttributeEval algorithm after applying it on the distance educa-
tion and on-campus data sources.

In addition, according to the students' information stored in the
data sources, the number of students that have failed (or suc-
ceeded) are not balanced. In order to deal with such problem, we
evaluated experimentally the balancing algorithms provided by
WEKA and then we selected the SMOTE algorithm (Synthetic Mi-
nority Oversampling Technique) (Chawla et al., 2002) to be applied
on each data source.

2.5.2. Fine-tuning of the EDM techniques
After preprocessing the data sources, we performed the fine-
tuning of the four EDM techniques as follows:

(Support vector Machine) Studies (Viana et al., 2007) show that
the SVM algorithm is very sensitive to fine-tuning, mainly in real
word problems. As the manual fine-tuning is undesirable
because it is imprecise and it does not guarantee the quality of
the results (Imbault & Lebart, 2004 ), we used the “Grid-Search”
method (Han et al., 2011) to perform the fine-tuning of the SVM.
(Decision Tree via J48) According to (Witten et al., 2011), the
effectiveness of the J48 decision tree algorithm can be improved
by performing a fine-tuning of two parameters: (i) the amount
of leaf nodes and (ii) the decision-tree pruning. Thus, we per-
formed some comparative experiments in order to perform the
fine-tuning of these two parameters.

(Neural Network) We performed the fine-tuning of three pa-
rameters of the Neural Network algorithm: (i) the learning rate
of the weights; (ii) the momentum applied to the weights dur-
ing their updating; (iii) the number of hidden layers existing in
the network. According to (Witten et al., 2011), the fine-tuning
of these parameters can improve the effectiveness of neural
network algorithm.

(Naive Bayes) The fine-tuning of the Naive Bayes algorithm was
performed by following the approach described in (John &
Langley, 1995), which uses a method based on the kernel

estimation to perform the fine-tuning of parameters of Naive
Bayes algorithm.

3. Results and discussions

In this section, we present the main results of the experiment
outlined in Section 2. In Section 3.1 we answer the research ques-
tions listed in Section 2.1. Section 3.2 discusses some threats to
validate our experiment.

3.1. Research questions

Next we answer and discuss the following research questions.

3.1.1. How effective are the prediction algorithms to early identify
students likely to fail?

In order to answer this question, we performed the four EDM
techniques, analyzed in this experiment, on the data sources: dis-
tance education and on-campus. Figs. 3 and 4 present the effec-
tiveness (represented by F-measure) of the EDM techniques to
identify students likely to fail. In this case, we considered the stu-
dents' information by the application of first exams of the distance
education and on-campus courses, respectively.

We observe that the techniques present an effectiveness that
varies from 0.55 to 0.82 in the distance education course, and from
0.50 to 0.79 in the on-campus course. These results indicate that
after the first week of the courses the EDM techniques are able to
identify with at least 50% of effectiveness the students likely to fail.

We also note that Decision Tree techniques present the highest
effectiveness on both data sources. It reached a F-measure value
equal to 0.82 after applying the first exam of the distance education
course, and 0.79 in the second week of the on-campus course.

Given that the distance education and on-campus courses have
duration of 10 and 16 weeks, respectively, we can state that the
Decision Tree technique is able to reach an effectiveness of 82%
when the students have performed at least 50% of the distance
education course, and an effectiveness of 79% when the students
have performed at least 25% of the on-campus course.

The results present evidences that the EDM techniques analyzed
in these experiments are effective to early identify students likely
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Fig. 4. Effectiveness of the EDM Methods on the Data Source On-campus (NB - Naive Bayes; DT - Decision Tree; NN - Neural Network; SVM - Support vector Machine).

to fail. In the next section, we will show that the effectiveness of
these techniques can be improved by performing the two addi-
tional steps: data preprocessing and fine-tuning of algorithms.

3.1.2. Is the data preprocessing able to increase the effectiveness of
the EDM techniques?

In order to answer this question we performed a preprocessing
of the two data sources used in our study, as described in Section
2.5.1. Then, we applied the four EDM techniques on the pre-
processed data sources and we evaluated the effectiveness of
these techniques on the preprocessed data sources. Finally, we
compared such results with the ones obtained by the techniques
when we applied them on the data sources without preprocessing.

Fig. 5 presents the comparative results of the effectiveness of the
four techniques (Naive Bayes, Decision Tree, Neural Network and
Support Vector Machine) when we applied them on the distance
education data and then on the preprocessed distance education
data. The results shown in Fig. 5 indicate that the effectiveness of all
techniques was improved when we applied them on the pre-
processed distance education data.

Given the mentioned scenario, it is necessary to use a statistical
test to verify whether such improving is statistically significant. By
applying the t-test (Han et al., 2011) on the results as shown in
Fig. 5, we obtained the following p-values: (Naive Bayes) p-

value = 0.1158; (Decision Tree) p-value = 0.006349; (Neural
Network) p-value = 0.002343; and (Support vector Machine) p-
value = 0.0005339. According to (Han et al., 2011), in order to
represent a significant difference, normally, the p-value should be
lower than 0.05. Thus, we conclude that the Naive Bayes is the only
technique that does not present a statistically significant increase
when we applied the techniques on the preprocessed distance
education data.

Fig. 6 presents the comparative results of the effectiveness of the
four EDM techniques when we applied them on the on-campus
data (see results shown in Fig. 4) and then on the preprocessed
on-campus data. The results shown in Fig. 6 do not make clear
whether the effectiveness of the algorithms was improved.

By applying the t-test on the results shown in Fig. 6 we obtained
the following p-values: (Naive Bayes) p-value = 0.7793; (Decision
Tree) p-value = 1; (Neural Network) p-value = 0.468; and (Support
vector Machine) p-value = 0.8422. We note that the algorithms do
not present a significant improvement when we applied them on
the preprocessed on-campus data.

Based on this discussion, we can conclude that the preprocessing
on the distance education data was able to increase the effectiveness of
most of the techniques, but the preprocessing on the on-campus data
did not significantly impact the effectiveness of the techniques.
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Preprocessed).

3.1.3. Is the fine-tuning of algorithms able to further increase the
effectiveness of the EDM techniques?
Studies (Gunawan et al., 2011; Hutter et al., 2009) indicate that

the effectiveness of some EDM techniques can be further improved
by fine-tuning them, specially in real-world problems. In order to
investigate such evidences we performed the fine-tuning of the
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EDM techniques, as described in Section 2.5.2, then we used the
preprocessed data sources to compare the effectiveness of the
techniques without the fine-tuning and then by performing the
fine-tuning of them.

Fig. 7 presents the comparative results of the EDM techniques
effectiveness when we applied them on the preprocessed distance
education data without performing their fine-tuning and then by
performing their fine-tuning. The results shown in Fig. 7 indicate
that the effectiveness of the techniques was improved after per-
forming the fine-tuning of the techniques.

By applying the t-test on the results shown in Fig. 7 we obtained
the following p-values: (Naive Bayes) p-value = 0.01182; (Decision
Tree) p-value = 0.005095; (Neural Network) p-value = 0.001285;
and (Support vector Machine) p-value = 0.0003295. Thus, we
conclude that the fine-tuning improved the effectiveness of all EDM
techniques.

Fig. 8 presents the comparative results of the effectiveness of the
EDM techniques when we applied them on the on-campus data.
The results shown in Fig. 8 do not make clear whether the effec-
tiveness of all techniques was improved by fine-tuning them.

By applying the t-test on the results shown in Fig. 8 we obtained
the following p-values: (Naive Bayes) p-value = 0.02317; (Decision
Tree) p-value = 0.2945; (Neural Network) p-value = 0.6532; and
(Support Vector Machine) p-value = 0.03911. According to these p-
values, only the effectiveness of the Naive Bayes and Support Vector
Machines algorithms were improved.

Based on this discussion, we can conclude that the fine-tuning of
the EDM techniques was able to increase their effectiveness when we
applied them on the preprocessed distance education data, but only
two fine-tuned techniques (Naive Bayes and Support Vector Machine)
increased the effectiveness when we applied them on the preprocessed
on-campus data.

3.1.4. After performing the data preprocessing and algorithms
fine-tuning, which of the EDM techniques are more effective for
early identification of students likely to fail?

According to the results shown in the previous Section, after

preprocessing the data sources and performing the fine-tuning of
the techniques, the fine-tuned Support Vector Machine algorithm
presented the best effectiveness on both data sources by reaching a
F-measure value equal to 0.92 and 0.83 after the first exams
application of the distance education and on-campus courses,
respectively. In other words, the fine-tuned Support vector Ma-
chine techniques is able to identify with at least 92% and 83% of
effectiveness the students likely to fail when they have performed
at least 50% and 25% of the distance education and on-campus
courses, respectively.

3.2. Threats to validity

Although our experiment provided interesting evidences about
the effectiveness of existing EDM techniques to early identify stu-
dents likely to fail, it is important to note some threats.

First, the data sources used in our experiment represent infor-
mation about students of two courses (distance education and on-
campus) from only one university. Therefore, the experiment re-
sults are not general.

Second, we adopted the f-measure to characterize the effec-
tiveness of the EDM techniques. Although this measure has been
widely used by existing EDM works, other measures, such as, ac-
curacy and Kappa, could be used. Finally, only the fine-tuning of the
SVM and Naive Bayes techniques were performed in an automatic
way. This is an important threat because the manual fine-tuning of
the techniques can impact their effectiveness.

4. Related work

Several studies have been reported in the literature to predict
students' academic failures by using EDM techniques. Although
such studies have presented promising ways to identify whether a
given student will fail in a given course, some of them are some-
what limited in terms of predicting failure accurately and early
enough to allow for timely intervention delivery. Moreover, part of
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those works requires many non-academic data to be used by the
prediction algorithm, normally, using time-consuming question-
naires. In addition, most of such studies do not properly investigate
the influence of data preprocessing and algorithms fine-tuning on
the effectiveness of the analyzed EDM techniques.

The approach proposed in (Marquez-Vera et al., 2013), the au-
thors evaluate the use of EDM techniques: induction rules and
decision trees, to predict students' academic failures in middle or
secondary education. The results show evidences that such tech-
niques are a promising way to perform such kind of predictions
with relevant accuracy. However, to achieve those results, this work
had to consider many different variables from several data sources,
including non-academic data, such as personal and family, from
time-consuming survey, as well as students' data from grades ob-
tained in several courses. Moreover, they do not predict whether a
student will fail at early enough phase.

The work in (Khobragade & Mahadik, 2015) follows a similar
approach as the one previously discussed work, to predict the
students' failure, this paper invested in some White-Box classifiers
algorithms to induce rules and decision tree, involving the use of
two algorithms for rules and two for decision tree. Moreover, it also
used Naive Bayes algorithm. It selected 11 best attributes and most
of the features selected were based on real-world data of student
information (e.g. student marks, family background, social and
academic related features) and also their past performance, as the
past performance of a student is indicative of his present/future
performance. In most of the cases, these data can be collected by
using college reports and surveys. Naive Bayes algorithm provided
the best accuracy with 87.12. Therefore, this work obtained result
for prediction was high, but it does not invested in early prediction
and it used many other data source, besides academic data.

The work proposed in (Ahmad, Ismail, & Aziz, 2015), presents an
approach for predicting students academic performance of first
year bachelor students in Computer Science course. It uses a
framework, which supports Decision Tree, Naive Bayes, and Rule
Based classification techniques, to be applied to the students' data
to produce the best students' academic performance prediction
model. The used data were collected during 8 semesters, containing
the students' demographics data, previous academic records, and
family background information. The results show that the Rule

Based classifier is a best model among the other techniques by
receiving the highest accuracy value of 71.3.

The work in (Yukselturk et al., 2014), examined, based on the
surveyed data, the prediction of students dropouts from a course
through the EDM classifiers: Decision tree, Naive Bayes, Neural
network, and K-Nearest Neighbor (k-NN). The data was collected
through online questionnaires (Demographic Survey, Online
Technologies Self-Efficacy Scale, Readiness for Online Learning
Questionnaire, Locus of Control Scale, and Prior Knowledge Ques-
tionnaire). The collected data included 10 variables, which were
gender, age, educational level, previous online experience, occu-
pation, self efficacy, readiness, prior knowledge, locus of control,
and the dropout status as the class label (dropout/not). The pre-
cisions obtained were k-NN (87%), Decision Tree (79.7%), Naive
Bayes (76.8%) and Neural Network (73.9%). As stated, it just used
data from surveys. In addition, it does not predict early the student
performance.

The work in (Bydzovska, 2016) addressed the problem of pre-
dicting final grades of students at the beginning of the semester
with the emphasis on identifying unsuccessful students. To do this,
it used two different approaches, where the first was based on
classification and regression algorithms. This approach was
considered interesting when used for the grade prediction of
courses with a small number of students. The employed algorithms
were: Support Vector Machine, Random Forest, Rule-based classi-
fier, Decision Tree, Part, IB1, and Naive Bayes. In this study, SVM
reached the best performance. The results were improved by also
using data about social behavior of students in the predictions. The
second used approach was in a different line by considering
collaborative filtering techniques and predicted grades, based on
the similarity of students' achievements. This way is very different
of the one discussed in our approach. It included data about social
behavior of students, being in this way different from our approach,
but the best performance with SVM was similar to the one obtained
in our approach.

The work in (Bayer et al., 2012) uses a method to classify stu-
dents at risk of failures throughout the course. It uses personal data
of students enriched with data related to social behaviors. It uses
data preprocessing techniques and evaluates the effectiveness of
seven EDM algorithms in order find the best one. The results show
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that the analyzed algorithms are able to reach effectiveness up to
93.51%. However, this effectiveness is only reached at the end of the
course, therefore it does not predict early, making difficult to apply
pedagogical interventions in order to avoid students' failures. In
addition, it uses non-academic data, such as personal and social
behavior, from time-consuming survey.

In (Watson et al., 2013), the authors present an approach, called
Watwin, based on a dynamic algorithm designed to predict student
performance in a programming course. In a nutshell, the approach
works as follows: when a student compiles its program on a uni-
versity PC, the approach takes a snapshot of the program source
code and it collects information about the success or fail of the
program, execution time, error messages and code line number.
Such information is used by the Watwin approach to predict the
failure of students. The results indicate that the approach is able to
reach effectiveness up to 75%. This performance is not so effective,
but it just used data generated from the system. Moreover, it does
not predict early.

In (Er, 2012) is proposed an approach for predicting students'
performance based on three EDM techniques: instance-based
learning Classifier, Decision Tree and Naive Bayes. The experiment
was performed in a distance education course and it was performed
in three steps, which correspond to different stages in a semester.
At each step, new instances were added to the data sources until
the course achieved the final stage. The results suggest that the
model was able to reach effectiveness up to 85%. However, it does
not explicit how to predict early.

The work in (Manhaes et al., 2014) presents an approach that
uses EDM techniques to predict students likely to fail in an aca-
demic course. To do this, it uses data from three undergraduate
engineering courses from a Brazilian public university. According to
the experiments, the Naive Bayes technique presented the best
effectiveness for all data sources analyzed in the experiment. It is
not clear in this paper whether the used approach predict in an
early stage.

The study of (Martinho et al., 2013) investigates the use of the
Neural Network technique to early identify groups of students
likely to fail. The experiment results indicate that the proposed
approach is able to reach effectiveness equal to 76%. This approach
is similar to ours in the sense that it pursued the aim to early
identify groups of students likely to fail. However the obtained
performance to do that was not so good.

As discussed before, our approach to determine students that
might be at risk of failing, firstly takes into account the need of early
prediction because the information result of this could potentially
provide early educational intervention for students. Additionally,
we pursued the requirements of obtaining results with high pre-
cision, as well as to avoid explore non-academic data, just using
data from the academic systems. To achieve this aim, we invested in
EDM techniques by considering the influence of the data pre-
processing and algorithms fine-tuning techniques on the pre-
dictions. In this aim, the works (Ahmad et al., 2015; Bayer et al.,
2012; Bydzovska, 2016; Khobragade & Mahadik, 2015; Marquez-
Vera et al., 2013) are, mainly in some technical data mining way,
very similar to our approach, in the sense that they invest in a
comparative study by exploring, besides the data mining technique
in itself, other involved aspects, such as data preprocessing mech-
anisms. Moreover, all of them obtained high precision in their re-
sults. However, the majority of them do not invest in early
prediction, as well as, some them use data from survey or
questionnaire.

5. Conclusions and future work

We have presented the results of an investigation on the

effectiveness of EDM techniques for early identification of students
likely to fail in introductory programming courses.

Our investigation differs from related works and in this reside
our contributions, in that: (i) we investigate the effectiveness of
EDM techniques to identify students likely to fail at early enough
stage for action to be taken to reduce the failure rate; and, (ii) we
analyse the impact of data preprocessing and algorithms fine-
tuning tasks on the effectiveness of these techniques.

Specifically, the study was conducted by performing a compar-
ative study on the effectiveness of four EDM techniques (Decision
Tree, Support Vector Machine, Neural Network and Naive Bayes).
These techniques were evaluated on two different and independent
data sources on introductory programming courses available from a
Brazilian university: one comes from distance education and the
other from on-campus. In addition, we performed data pre-
processing and fine-tuning tasks during the realization of the
experiment.

The study results allow us to draw one important conclusion,
indicating that the analyzed EDM techniques are sufficiently
effective to early identify students' academic failures, and then they
are useful to provide educators or teachers with relevant infor-
mation to help your decisions.

We also investigated the effectiveness of the EDM techniques in
other data sources related to advanced programming courses and
the techniques present similar results. As future work, this study
can be improved by considering other data sources from different
universities as well as the use of other techniques of data pre-
processing and algorithms fine-tuning.
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