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Abstract—This complete article of the research category pre-
sentes proposes the application of Educational Data Mining
(EDM) techniques, based on data generated by a web-based
Intelligent Tutor System (ITS), developed for the teaching of
algebra, which helps students to develop fundamental knowledge
of mathematics, in addition to carrying out a comparative study
between the level of difficulty of the proposed algebraic questions.
For this, we use the knowledge discovery methodology to perform
the following steps from the data: cleaning, integration, selection,
transformation, mining, evaluation and presentation of informa-
tion. The practical results reveal that the proposed architecture
can classify the academic performance of students in each
evaluation period with an accuracy of around 80%. It was also
possible to identify factors related to the resolution of questions,
such as the rate of correct answers and the mathematical steps to
solve an exercise, classifying the level of difficulty of the questions
proposed by the system, acting on the student’s deficiencies, and
the system. The results obtained from the data analysis can serve
as a basis for decision-making, helping in the teaching process for
teachers, tutors and managers to monitor academic performance,
enabling the correction of problems and identifying the individual
and collective difficulties present in each class. In summary, these
results also provide a general roadmap on the performance of
using EDM techniques in a given context.

Index Terms—Educational Data Mining, Intelligent Tutoring
System.

I. INTRODUCTION

With the increasing use of technologies to support the
teaching and learning process in the educational field, a large
volume of data has been generated based on the different
types of interaction with the system, covering mainly students,
tutors, and teachers. However, much of this data has not been
analyzed, establishing a significant gap, given the amount of
information that can potentially be extracted from such data
[1].

Consequently, data mining techniques are gaining more
and more important in the education sector. Educational Data
Mining (EDM) has attracted significant interest in recent years
in an attempt to personalize and improve students’ learning
process [2]. Some other areas, teaching is discovering the
potential impact of these techniques on the learning process.
Certainly, these techniques can provide information to sup-
port the development of educational models that increase the
efficiency and quality of [3] teaching and learning.
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According to Organization for Economic Co-operation and
Development (OECD), through the International Student As-
sessment Program (PISA), 68.1% of 15-year-old Brazilians
students have a lower mathematics learning degree than that
classified as basic. [4].

Taking into account the current moment in public high
schools, it becomes increasingly complex for the teacher to
detect individual or collective difficulties, given the abundance
of variables. Often, this recognition is only noticed through the
results of the final grades that are part of the evaluation method
that makes up the [5] educational process.

The environment of an educational institution involves three
types of actors: teacher, student, and the environment. The
interaction between these three actors generates voluminous
data that can be systematically grouped to extract valuable
information. These data analyses allow the prediction of stu-
dent performance, associate learning styles of different profiles
and their behaviors, and collectively improve institutional
performance [6].

Given this scenario and considering the amount of data
generated by the support systems for the teaching and learning
process of students [7], the project proposes to apply mining
techniques in data generated by a web-based Intelligent Tutor
System (ITS) called LEIA (LEarnIng Algebra), which helps
students develop foundational math skills [8].

The rest of the paper is organized as follows. Section 2
presents and discusses related work. Section 3 presents the
research method used while Section 4 shows the results and
discussions. Section 5 presents conclusions and future work.

II. THEORETICAL FOUNDATION

This Section exposes the fundamental concepts for under-
standing this work. The concepts of Educational Data Mining
and the main works related to the research are presented.

A. Educational Data Mining

EDM is a subarea of Data Mining, that is, this line is
composed of models, tasks, methods and algorithms that
support the exploration of data from educational environ-
ments, to discover patterns and predictions that characterize
the behaviors, practices, contents of domain, assessments and
educational activities of students [9]. EDM is concerned with



developing methods to explore the unique types of data from
educational environments, using methods to better understand
students and the settings in which they learn [10] [11].
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Fig. 1. Fields related to the EDM process.

The EDM method uses related fields such as machine
learning, text mining (approaches to find patterns in text in
natural language) and statistics, as we can see in Figure
1. Other important influences are psychometrics (the study
of psychological instruments to measure human abilities and
characteristics) and web log analysis (approaches to identify
user profiles and browsing patterns of website users). EDM
can contribute to the assessment of learning systems, identify
regular or unusual patterns, student problem-solving strategies
and patterns of successful or unsuccessful collaboration, thus
helping to formulate new scientific hypotheses [12].

B. Related Works

[13] applied EDM techniques to identify the learning
behaviors of students in a programming class, using machine
learning methods, such as classification and grouping, based
on the use of Python language for data analysis, also inte-
grating the following libraries: Panda , Numpy, Matplotlib,
Seaborn, SciPy, Scikit-learn. The work verified the efficiencies

of the Random Forest model, being ahead of the logistic
regression and decision tree models, also managing to identify
factors such as the pace of learning with synchronous and
asynchronous activities. Although this study adds new insights
into the application of EDM to identify student learning
patterns, the questionnaires were based on self-report, which
can lead to inaccuracy in responses.

[14] developed a predictive analysis to estimate the extent
to which it is possible to predict the final grade point average
of students in an engineering class. The work used data min-
ing models based on Konstanz Information Miner (KNIME),
which uses 6 algorithms: Probabilistic Neural Network (PNN),
Random Forest, Decision Tree, Naive Bayes, Tree Ensemble,
and Logistic Regression.

To carry out the analysis, the authors used as a basis the
data generated in the classes of the Covenant University in
Nigeria, in seven engineering departments, namely: Informa-
tion and Communication Engineering, Chemical Engineering,
Computer Engineering, Mechanical Engineering, Electrical,
and Electronic Engineering , Civil and Petroleum Engineering.

The results showed that among the six data mining algo-
rithms used, a maximum precision of 89.15% was achieved.
The result was verified using linear and quadratic regression
models. This creates an opportunity to identify students who
may graduate with poor results or may not even graduate, so
early intervention can be critical [14]. Unlike this work, we
seek to analyze the data generated from interactions with the
ITS LEIA, addressing other variables of interest.

[15]. conduct an EDM process based on data generated
from four institutions in the Indian education system, to predict
student performance. The authors implemented the Apriori
algorithm to extract patterns along with their associations
against various sets of records. It also used the K-means
model to efficiently group students into specific categories.
All algorithms were implemented in the WEKA (Waikato
Environment for Knowledge Analysis) tool.

The work concludes that the overall performance of students
is predicted to be satisfactory after analyzing 100 students
using 45 parameters. In general, the results obtained in the
case study indicate that data mining using the WEKA tool
is satisfactory. As a result of the analysis, students can be
classified based on their academic data, family history and
learning methodolog. However, the authors use a large number
of different variables, differing from this work that uses a
reduced number of attributes, to answer specific questions,
having to apply EDM techniques that benefit the independence
between the variables.

[16] present a web-based tool to support the teaching of
engineering students, without the students necessarily having
data science experience. The system is focused on analyzing
student performance. The author’s used classification models
(Support Vector Machine (SVM)), clustering, and logistic
regression.

The tool’s usefulness was classified as satisfactory to the
stated objectives, showing its potential for supporting students.
Real data from higher engineering education institutions show



the tool’s potential for higher education management and the
validation of its application in real scenarios.

[17] presented the conduction of a high-influence vari-
able selection process for predicting student performance in
an Industrial Engineering department at the Islam Indonesia
University, the authors implemented a classification analysis
using Bayesian Network and Decision Tree with the aid of
the WEKA tool, The work showed that the Bayesian Network
model is superior to the decision tree since it presented a
higher accuracy rate. It also presented the scenario where the
average grade attribute proved to be the most influential in all
methods. However, some attributes such as gender and origin
can be biased without taking into account social aspects.

As previously highlighted, unlike the works reported, we
developed analyses focused on the ITS, using only data
referring to user interactions with the system, not considering
social aspects related to the educational process, seeking to
measure student performance and the level of the proposed
questions.

III. METHOD

The objective of this work is to analyze the data generated
by the ITS LEIA for the teaching of algebra, applying data
mining techniques, to extract information that contributes to
the evolution of the educational performance of the system.

To achieve the objectives, the solution proposed in this
work developed, of a nature applied to teaching and learning,
focusing on the ITS LEIA, the model for carrying out this
work was inspired by the knowledge discovery approach, in
order to extract, visualize and understand the generated data.
[18].

the architecture proposed for the development of the
knowledge discovery process is presented in Figure 2,
detailing the sequential process of the following steps:

o Data cleaner to remove noise and inconsistent data.

o Data integration where multiple data sources can be
combined.

o Data selection where data relevant to the analysis task is
retrieved from the database.

o Data transformation where data is transformed and con-
solidated into forms appropriate for mining, performing
summary or aggregation operations.

« Data mining an essential process where intelligent meth-
ods are applied to extract patterns from data.

o Pattern assessment to identify patterns that represent
knowledge based on measures of interest.

o Knowledge presentation where visualization and knowl-
edge representation techniques are used to present infor-
mation.

The data applied in the knowledge discovery process were
stored in the ITS LEIA database, these data were obtained
through an experiment, where 20 students from a public
school used the system, trying to solve a set of questions
proposed by the ITS. From this, the process steps can be
applied, starting with data cleaning where irrelevant variables
were selected and excluded based on the information to be
extracted, for example, at this moment the ITS incorrectly
counted the resolution time of each question, then the variable
that represents the time was excluded from the mining, the
other relevant data were integrated into the process.
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Fig. 2. Research knowledge discovery process.



After the execution of the cleaning and integration pro-
cess, the relevant data were selected and transformed to be
properly applied in the data mining process, transporting to
the type ARFF (Attribute Relation File Format), format used
by WEKA, being the tool used in this work to carry out
the EDM process, the WEKA package has a huge variety of
algorithms from different approaches, acting after statistical
analysis, seeking to identify patterns and generate hypotheses
[19]. In Figure 3 we can see one of the files used in EDM.
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@attribute student {=1
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Fig. 3. Data in ARFF format.

After the transformation step, the data were entered in the
WEKA tool, to analyze the best mining algorithm for this
context and the most appropriate filter, to obtain the best
possible use.

After performing the data mining step, the extracted infor-
mation was analyzed and organized to identify patterns looking
for evidence that is related to the students’ learning process
to improve the ITS LEIA.

IV. RESULTS

Based on the data set with the attributes described, some
experiments were carried out, to evaluate the performance of
the students, measuring the level of difficulty of the questions
and comparing with the classification adopted by the system,
in addition to understanding the path that the student goes
through until he hits or misses an activity. Below we can
understand the variables used in the EDM process.

o Question: Represents the algebraic questions available in
ITS LEIA.

o Student: Represents the students who participated in the
experiment, using the ITS LEIA.

e Accuracy: Represents the errors and successes in each
activity.

o Level: Represents the difficulty level of each question.

The metric used to evaluate the results of the experiments
is the Accuracy. Defined as the ratio between the number of
students and questions correctly classified by the algorithms
in their respective class and the total number of students
considered in the study.

A. Rate of correct steps for each question

In experiment 1, we sought to identify the rate of correct
steps to get each question right, serving as an example, to
solve question 1, student 1 needed two correct steps to reach
the conclusion, that is, 100% of correct steps in the question
1.

We use the Naive Bayes technique [20], being one of the
most popular data mining algorithms, its efficiency comes
from the possibility of independence between the variables,
even though this can be violated in many datasets [21] .
Through the algorithm we obtained 80.4665% of correctly
classified instances and 19.5335% of incorrectly classified
instances.

We also apply the resample filter, in each experiment, in
order to try to increase the quality and performance of the
classifier of each experiment, since it acts in the balancing
of the classes, not allowing the classification to be biased,
considering only a few attributes. In Table I we can identify
the correct rate for each question.

Questions q14, q19 and q20 were disregarded in the mining
process, since few students were able to answer such ques-
tions, due to the high level of difficulty. Taking into account
the data in the table, we noticed that only questions g4 and
ql1 received a small hit rate.

Below 35%, demonstrating a clear difficulty of the students
in the development of the mathematical steps.

TABLE I
RATE OF CORRECT STEPS FOR EACH QUESTION
Question | Hit rate
ql 81.15%
q2 77.14%
q3 92.95%
q4 31.03%
q5 46.53%
q6 82.35%
q7 58.57%
q8 88.53%
q9 88.37%
ql0 84.93%
qll 18.18%
ql2 47.36%
ql3 50%
ql5 70.37%
ql6 66.66%
ql7 53.84%
ql8 68.57%

Another 6 questions obtained a rate of correct steps above
80%, namely: ql, g3, g6, g8, q9 and ql0. Indicating a



greater proficiency of the students on the questions. The other
questions were between 35% and 80%, indicating an average
rate. In Figure 4 we can observe the distribution of errors and
correct answers among the questions, where 1 represents the
correct answer and O represents the error.
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Fig. 4. Graphical representation of errors and successes between steps

Table II displays the accuracy rate of mathematical passes
for each student participating in the experiment, demonstrating
that half of the students managed to reach a rate of success
greater than 70%, in addition, only 2 students reached less
than 50 % hits.

TABLE I
STEP SUCCESS RATE PER STUDENT

Students | Step success rate
student1 91.66%
student2 89.47%
student3 88.23%
student4 94.73%
student5 39.74%
student6 87.14%
student7 89.58%
student8 34.61%
student9 44.30%

student10 58.73%

student11 62.00%

student12 76.08%

student13 58.62%

student14 85.71%

student15 42.85%

student16 72.50%
student17 64.38%
student18 58.06%
student19 59.64%
student20 78.43%

B. Setting the level of questions

To define the level of the questions, we used the ease
index [22], developed by the National Institute of Educational

Studies and Research Anisio Teixeira (INEP), to be applied
during the National Student Performance Exam. This index
classifies the questions in five levels of difficulty through the
correct rate, being: very easy, easy, medium, difficult and very
difficult [23]. Table III displays the rate corresponding to each
level.

TABLE III
INEP CLASSIFICATION MODEL

Hit Rate Classification for ENADE
>0,86 Very easy

0,61 - 0,85 Easy

0,41 - 0,60 Normal

0,16 - 0,40 Hard
<0,15 Very hard

One of the research objectives is to compare the difficulty
level assigned to each question with its real level, based on
the ease index, since clearly the students felt difficulties in
some questions classified as easy. The ITS LEIA distributes
the questions among three categories: easy, normal and hard,
based on the size of the equations, the more elements the
equation had, the greater its level of difficulty.

To perform the comparison, we used the Naive Bayes
classification algorithm again, with the purpose of obtaining
the correct rate of each question, then categorizing within the
standards of the ease index and performing the comparison
between the methods. Through the algorithm we obtained
78.6164% of correctly classified instances and 21.3836% of
incorrectly classified instances. In Figure 5 we can see a graph
that details the distribution of questions among the levels of
difficulty proposed by ITS LEIA.
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Fig. 5. Distribution of questions among the levels proposed by the ITS



After classifying the data, we obtained the hit rates for
each question, with this we were able to make a comparison
between the classifiers of difficulty of questions. In Table
IV we can observe the rate of correct answers and the
categorization of the questions.

TABLE IV
COMPARATIVE TABLE BETWEEN THE CLASSIFICATIONS

Question | Hit Rate | Classification - INEP | Classification - ITS
ql 0.97 Very Easy Easy
q2 0.69 Easy Easy
q3 0.63 Easy Easy
q4 0.48 Normal Easy
q5 0.27 Hard Easy
q6 0.36 Hard Easy
q7 0.65 Easy Normal
q8 0.63 Easy Normal
q9 0.40 Hard Normal

ql0 0.48 Normal Normal
qll 0.05 Very Hard Normal
ql2 0.25 Hard Normal
ql3 0.30 Hard Hard
ql5 0.57 Normal Easy
ql6 0.55 Normal Hard
ql7 0.71 Easy Hard
ql8 0.28 Hard Hard

Taking into account the hit rate of the steps taken to solve
a question, as we saw in Session 4.1, we can see some
substantial differences between the types of hits, exemplifying
through q6 where the hit rate of steps obtained was 0.82 and
the correct rate of questions was 0.36, that is, even with a
high number of steps, few students managed to finish the
question, this difference is also justified by the dropout at the
time of resolution, when the student passes the question, the
ITS counts as a abandonment, classifying as an error.

The other example is question q17, which in relation to the
success rate of steps reached an index of 0.53, but regarding
the success rate of the question itself, it was more successful,
reaching 0.71, this is justified due to the fact that students
manage to solve the problem even if they miss some steps,
probably due to the help of the ITS, at the moment the system
does not keep the data related to the use of the help resource,
being impossible to detect if the help was useful or not, this
functionality will be implemented in the future.

As for the comparison between the classification models,
some considerations must be made, such as the adequacy of the
categories so that they are equal in number, since the facility
index method has 5 sets and the ITS classification contains
only 3, so the Very Easy and Easy categories, corresponded
to ITS Easy. Consequently, the Very Hard and Hard types
match the ITS Hard, the Normal category remains the same.
In Figure 6, we can observe the comparison between correct
and incorrect classifications.

After adjusting the nomenclatures, it is noted that most of
the questions do not have the same level of difficulty, 11
questions did not fit the classification established by the ITS,
namely: g4, q5, q6, q7, g8, q9, ql1, ql2, q15, ql16, and ql7.
Among these, the questions q5 and g6, categorized as Easy by
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Fig. 6. STI method hit rate

the ITS, stand out, but based on the INEP classification, they
are classified as Hard, exposing a discrepancy in the labeling,
as well as in ql1, considered a Normal question in the ITS,
however it has only 0.05 in the hit coefficient, being evaluated
as Very Hard.

V. CONCLUSION

Assimilating the particularities of each student in detail has
proved to be a great challenge for researchers and professionals
in the educational field. In view of this, efforts have been
made by the scientific community in the development of
technological solutions that provide relevant information to
help the management of the [24] teaching process.

In order to understand some educational aspects of interac-
tions between student and system. In this work we propose the
application of EDM techniques, based on data generated by the
web-based ITS LEIA, developed for the teaching of algebra,
which help students to develop fundamental knowledge of
mathematics, seeking to identify patterns that contribute to
the educational process.

For this, we used EDM techniques employing classification
algorithms, reaching more than 80% of accuracy, even without
a large volume of data, since the experiment had only 20
participants, but it was enough to generate interesting results,
being possible to classify and compare the difficulty level of
the questions used in the ITS.

It was also possible to verify some important information,
such as the relationship between the number of correct steps
and the coefficient of correct answers for questions, we can
see that some questions with a high rate of correct steps do
not present a high rate of correct answers for the question,



indicating that in some exercises the students managed to get
most of the steps right but could not reach the final result.

The results obtained from the analysis carried out indicate
that the method used in the EDM process can be used in future
research, even if these works have a more significant amount
of data.

The research had some limitations, such as the system’s
inefficiency in storing some important attributes, such as
counting the number of tips used by students, so it was not
possible to identify whether the tips given by the ITS were
useful or not. Therefore, new possibilities for analysis must
arise as the system updates the proposed needs.

In future works, we will seek to expand the amount of data
to be analyzed, based on new experiments and updates in the
way the system stores data and the implementation of new
functionalities, allowing the extraction of a wide variety of
information. We also intend to carry out a comparative study
between EDM techniques, in order to report the advantages
and disadvantages related to the use of each technique, iden-
tifying the best performance.
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