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Abstract—The inclusion of technology in the academic processes has led to
constant innovation and investment of resources to offer a first-level education-
al service, with international standards, methodologies, study plans, and last
generation laboratories. This paper focuses on how teachers can make use of an
educational technology tool that will allow them to identify patterns that are as-
sociated with learning based on human-computer interaction. We present evi-
dence of learning outcomes based on the detection of behaviors in Intelligent
Tutoring Systems. These patterns pave the way for the automatic identification
of patterns in association to students’ learning while using an educational tech-
nological tool. The results suggest a model for student’s behavior identification
when interacting with the technological tool “Scooter”. This model identifies
students with prospective better learning outcomes as well as students with dif-
ficulties to solve math problems. Work for the future will analyze data that
comes from different settings apart from solving exercises in Scooter to prove
the hypothesis that there are patterns of behavior associated to learning out-
comes in different problem-solving situations presented by educational technol-

ogy.

Keywords—Student-computer interaction, educational data mining, patter
recognition, educational technology
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1 Introduction

Technological innovations have modified the traditional learning approaches, revi-
talizing the educational system. In traditional education, the detailed observations of
how students learn require invasive methods. These methods are commonly applied
by external evaluators who give value judgments on the work done by teachers and
students, causing them to not develop adequately in the classrooms. Moreover, there
is great reluctance from teachers to use novel technological developments in the class-
room. This is due to the fact that teachers think that, at some future point, technology
could replace them [1]. In conventional classrooms, the teachers monitor the students’
learning processes analyzing their performance through observation; however, the use
of technology has made it easier to acquire the knowledge in relation to the students’
behavior based on the information that is generated in the human-computer interac-
tion.

Education technology is the incorporation of ICT in education to support the teach-
ing and learning processes in different educational contexts, formal and informal.
Besides, it seeks to improve those processes by means of reaching the objectives look-
ing into effectiveness and meaning or learning. Systems based on artificial intelli-
gence for education have been developed with the purpose of improving the learning
process and in benefit of students [2]. Artificial Intelligence in Education (AIED) is a
research area aiming at creating educational technology-based resources. It investi-
gates learning wherever it occurs, in traditional classrooms or in workplaces, with the
purpose of supporting education. It is an interdisciplinary field working alongside the
learning sciences (education, psychology, neuroscience, linguistics, sociology, and
anthropology) to promote the development of learning settings [3]. One of the most
important educational technologies in this field are Intelligent Tutoring Systems
(ITS).

There is some research focused on applying educational technology as a support to
the learning processes inside and outside the classrooms. In the ITS context some
researchers [4] have determined the usefulness of students’ response time in the pre-
diction of performance. Others [5] have studied the link that exists between the objec-
tives pursued and the carelessness in the consecutive trials (problem solving) inside
ASSISTments. Moreover, [6] look for patterns to predict student performance in uni-
versity based on their previous personal and educational characteristics; [7] allowed
observing the prediction of student performance when exploring multiple relations
between the students’ tasks by means of multi-relational matrix factorization methods.
In this research a complexity in the identification of patterns in data that comes from
education settings has been identified, for which it is necessary to design models,
tasks, methods, and algorithms that allow exploring them [8]; other research like that
from [9-11] look into academic performance, students’ behavior, learning according
to gender, obtaining profiles and typologies in the use of ITS individually, besides in
some research they have focused in students’ collaborative work during human-
computer interaction [12-14].

This paper focuses on how teachers can make use of an educational technological
tool that will allow them to identify patterns that are associated with learning based on
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the human-computer interaction, it is oriented to teaching math to a group of students
in southeast Mexico. The objective of this article is to provide a methodological pro-
posal for the detection of behaviors in Intelligent Tutoring Systems, which allows
identifying patterns associated to students’ learning while using an educational tech-
nological tool. For that purpose, the research is designed to answer the following
questions.

1. Research question 1: Which are the steps teachers should follow to identify learn-
ing behaviors in the student-computer interaction?

2. Research question 2: What kind of patterns can teachers identify when evaluating
the students’ learning process during the interaction with an educational technolog-
ical tool?

Therefore, the hypothesis that leads this research is the following: the methodolog-
ical proposal of processing and analyzing the students’ log files while using the com-
puter allows establishing generalizable behaviors focused on their learning.

There is some research that has focused on the use of educational technological
tools, for example, [15] present advantages of learning that are statistically significant
between the initial and final evaluation of computer thinking abilities in children
based on the examination of learning effects with the use of the educational tool
called Bee-Bot. In addition, [16] analyze the students’ behavior in a multiagent Intel-
ligent Tutoring System that allows reaching their goals, the results also revealed a
significant interaction between the objectives achievements and the condition in the
achievement results, in a way that students who adopted a dominant performance
approach showed greater achievement in the quick response condition; [17] show the
results obtained by the teaching assistants when they provide help to children with
learning problems and recommend scaffolding as the key theory to carry out their
practice. Finally, it is greatly important to highlight that the contribution of this re-
search is obtaining a methodology that uses artificial intelligence by means of data
mining algorithms that allow identifying patterns associated to learning, which con-
tribute directly to the feedback and constant personal instruction of teachers towards
students.

2 Theoretical Framework

The Educational Systems Based on Computer are developed under the artificial in-
telligence approaches, used inside classrooms in many countries around the world. An
important topic within Acrtificial Intelligence in Education are the Intelligent Tutoring
Systems, whose purpose is making education more accessible, efficient, and be a
means that provides useful measures in learning [18]. Among the first Intelligent
Tutoring Systems we can find SCHOLAR which was presented by [19] as one of the
first evidence. This program carried out instruction dialogues with a student about
South American geography. In SCHOLAR, the natural language was used to answer
the student’s question or to make a question and give feedback regarding the accuracy
of the student’s answer. [19] emphasized the fundamental differences between
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SCHOLAR and other types of computer assisted instructions that were designed in
the 70’s. Particularly, he discussed how a domain representation can function as a
basis to model the student’s knowledge.

Another ITS is BIP, which was developed by [20] and programming tasks were as-
signed to students with the same needs and learning competences. The interest on ITS
has increased significantly since 1980, starting with the research carried out by [21].
However, since 1997 evaluation studies that compared the learning results of students
who use ITS to those who use other learning instruction methods have been pub-
lished, for example, the ITS presented by [22-27]. In this sense, [28] present results
that determine how students are assigned collaborative activities with the objective of
optimizing the learning experience, and they identify the elements that influence in
the collaboration and how they relate to cultural issues. This research discovers that
an association between collaborative and cultural elements exist, such association
allows an improvement in the learning advantages in a student when he/she is using
an ITS.

In addition, [29] analyze the cultural aspect and the relation that exists with the af-
fective tendency while using the ITS. This research lays out the hypothesis that the
students’ cultural dimension can indicate an affective tendency during the use of the
ITS. The cultural dimensions that were analyzed were the uncertainty avoidance
(UA), the individualism (IND), the masculinity (MAS), the power distance (PD), and
the intermediate level in the long-term orientation (LTO), and the results suggest
different behavior patterns, which were observed during the use of the Math Intelli-
gent Tutoring System “Scooter” in the middle school level in Mexico. The infor-
mation about the student’s cultural criteria affects the Mexican students’ academic
environment.

Another aspect in the use of ITS is the research presented by [30], that identifies
learning gains in students that work collaboratively when using an Intelligent Tutor-
ing System for math called “Scooter”. Having as a result that a student can learn
based on his/her social environment, on his/her interaction with learning partners
when carrying out a collaborative activity and the use of educational tools that con-
tribute to the teaching-learning process. Moreover, the results show that the students
with the same learning style have more learning gains once the most successful pair in
a collaborative activity has been found in contrast with those that worked in pairs with
different learning styles.

Nowadays, the development of Intelligent Tutoring Systems has been applied in
web platforms, [31] present the validation of an ITS in its web version regarding the
original desk version by means of a hierarchical analysis process. The results show
that both versions offer similarities in their functionality, making it possible to in-
crease the results in the students’ individual performance when interacting with an
ITS. In conclusion, the use of technology in learning experiences is an area that has
had unprecedented growth throughout the years. Each person has his/her own ideas
about what students need to reach their goals in terms of education. The Intelligent
Tutoring Systems can be a fundamental support, whose use is useful to acquire and
increase knowledge, but because of technological development, the use of web plat-
forms has increased making it possible to mark attainable objectives, for example, ITS
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“Scooter” in a material resource used by students to learn math and that generates log
files, which are analyzed to detect patterns associated to learning.

However, students’ modeling oriented to represent and anticipate performance is
one of the approaches of data mining in education. Many indicators of performance
are worth being modeled, such as: efficiency, evaluation, learning styles, collaborative
activities, lapse of time in the use of the system, help request, and even, cultural dif-
ferences. In general, data mining contemplates two models: descriptive and predic-
tive. The descriptive models generally apply functions for non-supervised learning to
produce patterns that explain or generalize the intrinsic structure, the relations, and the
interconnection of data [32]. The predictive models estimate unknown values or de-
pendent variable futures based on the characteristics of related independent variables
[33].

The implementation of a type of a model depends on the specific task, for example,
association rules, [34], correlational analysis [35] and regression [36]. Moreover, [37]
apply learning through reinforcement to improve an ITS design used for teaching
basic counselling abilities. In this research, trust and gains in learning were part of the
reward function used to train learning through reinforcement, and the results show the
success in the improvement of an ITS to teach interpersonal abilities between stu-
dents.

[38] argue that boys interact differently with ITS than girls. This finding is evident
in the results of Bayesian Knowledge Tracing and Learning Curve Analysis models.
Additionally, they refute what is essential of considering the gender differences in the
way that students learn, the context in reading material that was presented, especially
for boys. In more recent years [39] present that the ITS personalizes learning for stu-
dents with different backgrounds, abilities, behaviors, and knowledge. In this research
a method that uses diffuse decision trees is proposed to build a series of diffusion
predictive models that combine all the dimensions of the learning styles model of
[40]. The results show that diffusion models increased the predictive precision to four
dimensions of learning style and made it easier to discover some interesting relations
between the behavior variables.

In education terms, the use of data mining for research matters has increased, gen-
erating the emergence of a new area named Education Data Mining (EDM). The
EDM is defined as a scientific research area centered in the development of methods
to make discoveries within the unique types of data that come from educational set-
tings, and the use of those methods to better understand the students and the setting in
which they learn [41,42]. Education data mining more often concentrates the predic-
tive models regarding a suppressor variable in the students’ learning when using a
Learning Management System (LMS).

[43] identify slow students and they show it by means of a predictive data mining
model using algorithms based in classification. Several classification algorithms are
applied like the multilayer perceptron, Naive Bayes, SMO, J48 and REPTree to a
group of academic data from a student. As a result, statistics based in all the classifi-
cation algorithms are generated and the comparison of the precision of five classifiers
is also carried out, and they find the best performance classification algorithm. Final-
ly, a knowledge flow model is presented among the five classifiers showing the im-
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portance of mining data algorithms. Moreover, [44] use different classification meth-
ods, such as statistical methods, decision trees, fuzzy logic, and artificial neural net-
works. In this research experiments were carried out using all the available data, fil-
tered to obtain a greater precision. Finally, some examples of discovered models are
shown, and it is also explained that a classifying model appropriate for an educational
environment has to be both precise and comprehensible so that teachers and course
administrators can use it to make decisions.

3 Methodological Proposal

In Figure 1 one can observe the diagram of the proposed methodology in this re-
search, which allows identifying patterns associated to learning in students who make
use of an educational technological tool.
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Fig. 1. Methodological proposal for the identification of patterns based on
human-computer interaction

3.1  Selecting the educational technological tool

Nowadays, a great variety of educational settings exists (see Table 1) and each of
them provides different sources of data that should be processed depending on its
nature, the problems, and the specific tasks that will be solved with data mining tech-
niques. Particularly, educational settings store a great quantity of possible data (raw,
original or primary) that are often not properly stored allowing to use them to solve a
specific problem [45-46].

Depending on the type of educational setting, different kinds of data can be chosen
to solve several education problems. All this data can come from different sources,
including administrative data, field observations, motivation questionnaires, meas-
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urements taken from controlled experiments, and even, final grades. The first educa-
tional technological tools allowed the analysis of data that students generate in a vir-
tual learning setting, both individually and collaboratively. The Computer-supported
collaborative learning settings (CSCL) are a tool that can be used due to the fact that
they generate log files based on the technological tools in which they are implement-
ed. A specific case in the technological tool WorkMates, implemented in a web page,
that provides collaborative tools to share files, discussion forums, and most important-
ly, files that register students’ participation.

Table 1. Educational technological tools description

Educational setting Description

Software that provides functions of administration, documentation, and infor-
mation on courses (both in traditional classrooms and online). They also offer a
Learning Management |great variety of channels and workspaces to facilitate the information exchange
System (LMS) and the communication between all the course participants. They register any
activity of the student: like reading, writing, taking exams, presenting homework,
and commenting on events with classmates.

The Intelligent Tutoring Systems provide personalized instruction in a direct way
Intelligent Tutoring and feedback to students, while modeling their behavior and even changing the
System (ITS) way each one interacts, this based on their individual model. They register all the
interactions between the student and the tutor.

They try to adapt more by building a model of objectives, preferences and each
/Adaptive and Intelligent |particular student’s knowledge, and use this model throughout the interaction
Hypermedia (AlH) with the student to adapt to his or her necessities. The data stored by the AlIH are
similar to the ITS data.

Nowadays, the great advance in technology developed in the web pages helps to
have more access to the e-learning platforms. The e-learning systems developed in a
web server are capable of adapting the users’ preferences in terms of their learning
styles. These systems are able to store the users’ behaviors in web log files. For ex-
ample, Moodle platform provides browsing reports from the students who take the
course. These reports include the different variables that are associated to the brows-
ing path of each student in the platform when he/she carries out the corresponding
activities. Finally, a specific case is the Intelligent Tutoring System, defined as an
educational technological tool which has the capacity of storing log files, in a specific
format for each system, which generally include students’ behaviors while doing the
activities requested by the teachers inside the educational platform. The compilation
and integration of this non-processed data are tasks for data mining, making a previ-
ous step necessary, which is the data processing.

3.2 Artificial intelligence in education

To correctly apply techniques of artificial intelligence in education, a sequence of
steps that allow obtaining better results must be laid out. These steps are listed below:

Data processing: The main purpose of preparing data is to manipulate and trans-
form raw data so that the information content can be exposed and made more accessi-
ble [46]. Preparing data is highly important because data without processing can lead
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to the extraction of not very useful data and rules as these can contain incomplete
data, with noise, and even, inconsistent. Generally preprocessing reduces the initial
data to a smaller set.

Selecting the data mining algorithm: Data mining is the automatic extraction of
patterns that are found implicit in large collections of data, and according to research
carried out by [48-53] the data mining models are divided in:

1. Predictive: The term prediction is generally used to develop models that can infer
only one aspect of the data (predictor variable) of one combination of characteris-
tics (predictor variables) of the data. Once the models are designed, they will work
to predict new results or settings based on new observations.

2. Finding structures: The objective is to find structures in the data without a previ-
ous idea (initial knowledge) about what should be found. It is attempted to deter-
mine what structure naturally emerges from the data.

3. Relational mining: The objective is to discover the relations between variables in
a set of data which has a great number of variables.

4. Finding by through models: The results of a data mining analysis are used inside
another data mining analysis. The objective is to obtain a model, generally through
prediction; and the predictions of this model are used as an entry for another mod-
el.

Learning model: Once data has been collected, cleaned, transformed, and inte-
grated in a file with a specific format; in this phase, the patterns of interest to the re-
search are extracted, based on the implementation of mining data algorithms. There
are a number of functionalities inside data mining: classification and regression, asso-
ciations and correlations, extraction of frequent patterns, grouping and atypical values
analysis. These functionalities are used to specify the types of patterns that can be
identified based on data analysis [54]. The objective is to identify those patterns that
frequently occur in data, including frequent elements, subsequences, and frequent
substructures. A frequent element usually refers to a group of elements that often
appear together in a group of transactional data, for example, milk and bread that
many clients often buy in supermarkets. A frequent subsequence is the pattern in
which clients tend to buy first a laptop, followed by a digital camera and afterwards a
memory card, it is a sequential pattern (frequent). A substructure can refer to different
structural forms (for example, diagrams or trees) that can be combined with groups of
elements or subsequences. If a substructure is often produced, it is called structures
pattern [1].

Validation: Phase in which methods and techniques are implemented to validate
the results, which are briefly described below:

1. State-of-the-art revision: Relevant research work, which is gathered from varied
bibliographical sources, is analyzed. These works allow establishing basic concepts
that support the research, as well as the algorithms used in its development.

2. Descriptive and inferential analysis: The data analysis in the log files is carried
out applying descriptive statistics. To do that central tendency and dispersion
measures can be implemented, as well as bar diagrams, boxes, and distributions.
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Moreover, parametric and non-parametric inference tests can be used which allow
identifying significant differences in data.

3. Validation criteria: The validation criteria used in data mining can include the
Holdout method, in which the available data is divided randomly in two groups: a)
The estimation group used to select the algorithm is 2/3 of the total data, and, b)
The validation group used to test or validate the algorithm is 1/3 of the total data.
Nevertheless, in some cases when there are low proportional values, it is recom-
mended to increase the sample value in the training set and decrease the validation
group. For example, 80% estimation and 20% for validation.

3.3  Patterns associated to learning

The most interesting patterns are presented to the final user and can be stored as
new knowledge that can be used for decision making. These activities include infor-
mation recollections from the log files, variable selection, data cleaning, information
transformation, and finally, data mining algorithms to identify patterns associated to
learning. Generally, patterns are shown in a graphic way that facilitates the compre-
hension from teachers and that are useful to make decisions inside and outside the
classroom.

4 Study case

The results presented are based in a study case that uses and validates the proposed
methodology by means of its application in the context of use of an Intelligent Tutor-
ing System in Xalapa, Veracruz, Mexico.

4.1  Participants

The participants in this research were middle school students from Escuela Federal
No. 2 “Julio Zarate” in the city of Xalapa, Veracruz, Mexico. The evaluation was
carried out in the school year 2016-2017 with students chosen from a population of
registered students (N=132) in the morning shift. The selection of students required a
simple random test, which was considered based on the regular attendance to the math
course (90% anticipated proportion), and it was evaluated with a 95% level of trust
and a maximum permissible error (tolerance) of 6.5%, providing in this way a sample
size of n=50 participants to obtain the minimum information needed during experi-
mentation. The director’s approval from Escuela Secundaria Federal No.2 “Julio Za-
rate was obtained to carry out this study, and the ethical norms for experimentation
with human beings were followed [55], such as not recollecting personal or sensitive
information from students.

1JET — Vol. 15, No. 22, 2020 47



4.2 Educational technological tool

The Intelligent Tutoring System “Scooter” is a software developed by [56] who
combines the learning given by the teacher with the problems that each student should
solve in the system and it is one of the methods used in teaching by means of a com-
puter in the classroom. “Scooter” clearly specifies the objectives that each student
should reach, knows the students’ needs, and can correct a student immediately after
making a mistake. Moreover, “Scooter” covers a problem called “gaming the system”
which consists in the fact that students use the help tools to obtain the answers to the
exercises.

To avoid this problem, the tutor makes a question to the student and it should be
answered correctly to continue providing help. The Intelligent Tutoring System
“Scooter” has two working modalities: 1) reactive, in which the system tutor “Scoot-
er” appears and reacts during all the student’s interaction; and 2) non-reactive: where
the tutor is not shown to the student so that it does not interfere the learning process;
this ITS has five parts (see Figure 2): 1) “Scooter”, 2) Problem to be solved, 3) Abili-
ties, 4) Data, and 5) Answer sheet.
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Fig. 2. Intelligent Tutoring System “Scooter”

Moreover, “Scooter” has two versions: 1) desk (original) and 2) web platform,
which is an original tutor version implemented under the direction of a development
group from the Tecnologico Superior de Alvarado, this is an external development to
this research, and it was validated by [31].

The log files show the actions which students carry out with the Intelligent Tutor-
ing System “Scooter” and they are stored in a file with a special format and extension
defined by [54]. This file with extension p-0 contains too much information regarding
the performance between the ITS “Scooter” and the student. These actions include: 1)
if he/she answers correctly or not to a question, 2) requests for help, 3) amount of time
to make the scenario, among others. The number of instances per student varies de-
pending on the times that they interact with the system to solve an exercise and it is
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stored based on a time sequence. Figure 3 is an example of log file, which contains
too much information that needs to be transformed in a suitable format to be used for
a selected data mining tool. File HEADER contains general student data, for example:
name of student, lesson, section, starting time, name of the file, and the initial proba-
bilities in each of the defines goals in the Bayesian Knowledge Tracing algorithm;
and the file BODY contains the results from the student when solving an exercise
presented by ITS “Scooter”.

Information filtering: It is highly important to filter the data because if this step is
not done, non-processed data can lead to the extraction of patterns and rules that are
not very useful, as they can contain: incomplete data, with noise, and even inconsist-
encies. The preprocessing (generally) reduces the initial data into a smaller set. The
data analysis is centered in two numerical variables (registered time during the use of
the tutor and learning probability) and two discrete variables (type of answer and
success in the activity). In table 2 the statistics of the continuous variables for the
2,764 registers of the interactions between the students and the Intelligent Tutoring
System “Scooter” are observed.

Table 2. Descriptive statistics of the continuous variables identified in the log files

Mean 3tar.‘d"’.‘rd Min | 25% | 500 | 750 | Mmax | COefficient of
eviation variation
Leaming probability |75 | 28 | 017 | 043 | 0.79 | 099 | 1.00 34.34%

(p-know)
Registered time 12.14 22.62 | 0.013 | 259 4.85 | 11.71 |329.48 186.32%

4.3  Generation of structured data

The criteria to generate structured data is based on the results presented by [57]
who define the main activities made by students when interacting with ITS “Scooter”,
such variables integrate the basis of knowledge and are described in Table 3.

Table 3. Variables used in the predictive model

Variable Type Encoding
p-know ordinal {low, medium, high}
registered time ordinal low, medium, quick}
input type nominal {b!ank, choice, number, point,
string}
success nominal {right, wrong, help, bug}
class nominal {lacking, satisfactory, advanced}
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+000:00:02 START

STUDENT; "EJGEFDD"

USER-DATA; ( (DIAGRAM- “cHorce "Diagram Scatterplot Generation") (VARIABLE-TYPE-TOOL-CHOICE "Variable Type Tool") (WORKSHEET-
CHOICE “Title Row Only Worksheet") (SPLOT2-INTERP-TOOL-CHOICE “Scatterplot Interpretation Tool2") (DA-INTERP-TOOL-CHOICE
“Scatterplot Interpretation Tool") (SPLOT-SCALING-TOOL-CHOICE "Scatterplot Scaling Tool") (GAMING-AGENT-TOOL-CHOICE “Scooter
the Tutor”)),

PROBLEM; SPLOT-DB-C-9-18-0-10 ,

NPRESENTED; (@ ©),
START-TIME; "10/27/10 23:05"
FILE-NAME;  "C:\\Users\\amy\\Deskt up\\TAH\\mcrgc ai\\Student Files\\Data Analysis Course\\Students\\Mid School Splot Gen
Camxng\\E]GEFDD\\l‘«SPLO' DB-C-2-10-0-18%0. p—8"
SCATTERPLOT-GENERATION- GAMING 2005,

LECEON” pRINT-RAME | vid Schost Splot Gen Gaming",
SECTION; scnnsnpmr GENERATION- FADING-SEC,
SECTION-PRINT-NAME; "Scatterplot generation HEADER
problems",

*000:00:04  INITIAL-PROBABILITIES

p/p=1; (0.2 META-CHOOSE-DK-BG),

p/p-2; (0.2 META-CHOOSE-X-QUANTITATIVE),

p/p-3; (0.2 META-CHOOSE-Y-QUANTITATIVE),

p/p-a; (0.2 META-DETERMINE-MIN),

p/p-5; (8.2 META-DETERMINE-RANGE) ,

p/p-6; (0.2 META-DETERMINE-SETMAX),

p/p-7 (0.2 META-DETERMINE-SETMIN),

p/p-8 (8.2 META-PLOT-FIRST-POINT),

p/P-9; (0.2 META-PLOT-POINT),

p/p-10 (8.2 METAS DUANTLTAT]Vﬁ VALUING 9§TEHH]NE ARBETRﬁﬁY RCALEKNOWN) o
p/p-11 (0.2 META-QUAN

p/p-12; (013 META-QUANTITATIVE_VALUING-SECOND. am}
p/p-13; (0.2 META-VALUING-CAT-FEATURES),

p/p-14; (8.2 META-VALUING-NUM-FEATURES),

p/p-15; (0.2 META-VALUING-SCALE),
*600:00:05 _ WINDOW-SELECT

WINDOW-TITLE; ALGEBRA-2-TRANSLATOR: : ALGEBRA-2-TRANSLATOR,

+000:32:177  READY

4000:33:946  APPLY-ACTION BODY

WINDOW; ALGEBRA-2-TRANSLATOR: : VARTABLE-TYPE-MODEL,
CONTEXT; SPLOT-DB-C-0-10-0-12,

SELECTIONS; (|var-8val-1]|

ACTION; SUBSTITUTE-TEXT-INTO-BLANK,

INPUT; ("Catealricas"),

*800:33:950  UPDATE-P-KNOW

META; META-VALUING-CAT-FEATURES,

PRODUCTION; (cuouss VAR-TYPE-CAT MIDSCH-VARIABLE-TYPING),
SUCCESS?;

P=KNOW; a 33333333333333326,

;355133 1951 GOOD-PATH

1000:33:952  HISTORY

P-1; (FOCUS—ON-VARTABLE-TYPE-TOOL-SP MODEL),

P-2; (CHOOSE-VAR-TYPE-CAT MIDSCH-VARIABLE-TYPING) ,
+800:33:953  READY

*000:44:517  APPLY-ACTION

WINDOW ALGEBRA-2-TRANSLATOR : : VARTABLE-TYPE-MODEL ,
CONTEXT; SPLOT-DB-C-8-18-0-18,

SELECTIONS; (|var-eval-2|),

ACTION; SUBSTITUTE-TEXT-INTO-BLANK,

INPUT; ("No OK para gr.:fices de dispersiln"),

Fig. 3. Log file between student and the Intelligent Tutoring System “Scooter”

4.4  Selection of algorithm

The nature of the data allowed selecting the inductive learning in decision trees,
which allows obtaining a set of rules to classify objects based on knowledge of a
subset of objects with values given in their variables. A total of 1,384 registers for the
generation of a predictive model were used, in this research the following variables
were used: success of the activity, type of answer, p-know, time registered during the
use of the tutor, and the class (associated learning); the corresponding values can be
observed in Table 3.

Learning model: In the decision tree from Figure 4 one can observe that there are
six possible final solutions: three for the lacking class, two for advanced, and one to
classify satisfactory. Moreover, if the student responds: choice, number, or string,
he/she will be classified as lacking. Another important aspect in the tree corresponds
to the 977 registers in the training group, from which, 88% are students classified with
a lacking learning which are equivalent to approximately 860 registers.
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Fig. 4. Decision tree to identify patterns associated to learning

Validation of model: In the evaluation of the model approximately 70% of the to-
tal registers for the training of the model is used and the rest of the registers for its test
(30%). In table 4 the confusion matrix algorithm applied to the knowledge basis is
observed, based on this matrix the precision model is obtained; in the decision tree
applied algorithm 44.47% precision is obtained, this is equivalent to all those that
were lacking and were classified as lacking (160), as well as satisfactory-satisfactory
(1) and advanced-advanced (20).

Table 4. Confusion Matrix of the decision tree algorithm

lacking satisfactory advanced
lacking 160 84 112
satisfactory 0 1 0
advanced 24 6 20
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4.5 ldentification of behaviors

It is important to deduce the students’ actions when interacting with the ITS based
on the decision tree in Figure 4, remembering that in the terminal node (called leaf)
the conclusions of the rules are formed. For it, the rules found are enlisted, specifical-
ly the ones that result in a lacking learning:

1. If the student’s answer in the Intelligent Tutoring System= choice or number or
string, then the learning associated to the student is lacking.

2. If the student’s answer in the Intelligent Tutoring System= blank or point and the
student does an activity = bug, then the learning associated to the student is satis-
factory.

3. If the student’s answer in the Intelligent Tutoring System= choice or number or
string, then the learning associated to the student is lacking.

4. If the student’s answer in the Intelligent Tutoring System= blank or point and the
student does an activity = bug, then the learning associated to the student is satis-
factory.

5. If the student’s answer in the Intelligent Tutoring System = blank or point and the
student does an activity = wrong and the learning probability (p-know) = high, then
the learning associated to the student is lacking.

6. If the student’s answer in the Intelligent Tutoring system= blank or point and the
student does an activity = wrong and the learning probability (p-know) = low or
medium, then the learning associated to the student is advanced.

7. If the student’s answer in the Intelligent Tutoring System= blank or point and the
student does an activity= help or right and the learning probability (p-know) =
high, then the learning associated to the student is advanced.

8. If the student’s answer in the Intelligent Tutoring System= blank or point and the
student does an activity= help or right and the learning probability (p-know) = low
or medium, then the learning associated to the student is lacking.

Based on the generated rules, the path to the help value (request for help) of the
variable activity success (AS) in the decision tree (Figure 4) concludes that a student
that requests help in the Intelligent Tutoring System “Scooter” will have a lacking
performance or a satisfactory performance, but it will not reach an advanced learning.
Based on the rules, teachers in charge of the class can identify the students with defi-
ciencies in solving math problems and making the decision to take the appropriate
correction actions.

5 Discussion

The objective of this research is to identify the behavior patterns which associate to
the students’ learning, based on the log files that Intelligent Tutoring System “Scoot-
er” generates while students solve the math exercises that correspond to the SPLOT
files (files that contain the activities done by students in exercises that correspond to
the dispersion diagrams). The analysis of the log files allowed identifying the stu-
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dents’ relevant characteristics when interacting with ITS “Scooter”. Afterwards, the
determined variables (registered time in the use of the tutor, learning probability, type
of response and activity success) were analyzed for the integration of a knowledge
base. From which, a model is presented for the students’ behavior identification when
interacting with the technological tool Intelligent Tutoring System “Scooter”, that
identifies students with major advance in the system, as well as students with difficul-
ties to solve math problems. As a result of the model it is concluded that the charac-
teristics found will allow teachers to contribute in the teaching-learning process, due
to the fact that students are grouped in 1) lacking, 2) satisfactory, and 3) advanced.
Moreover, based on the model decision rules are generated that allow concluding the
performance that students will reach when solving exercises regarding the dispersion
diagrams.

In this sense, [44] mention how web mining can be applied in learning settings to
predict the grades students will obtain in the final exam of a course, and this research
is related to the results obtained as the focus on analyzing the behavior students per-
form in an educational setting and associate it with their learning inside the classroom.
The findings in the research by [15-17] suggest that the students benefit from scaf-
folding techniques, detecting a positive effect in the student’s interaction with learn-
ing settings. These results are important because they show the strategies students use
to deal with the complexity of a specific task [58]. It is important to point that the
predictive model identifies patterns that associate to students’ behaviors when inter-
acting with the math Intelligent Tutoring System “Scooter”, additionally, it contrib-
utes to having the knowledge of students’ behavior for teachers, assistants, parents
and even students regarding how they interact with the ITS “Scooter”. Therefore, the
results presented in this research show that the proposed methodology allows model-
ling students’ behaviors in a learning situation when interacting with a technological
tool.

5.1  Future considerations

The findings In this aspect, it is suggested to explore a different point of view to
generate the knowledge base from the log files, on the grounds of identifying new
relevant characteristics that allow the application of other mining data algorithms,
whose focus is to explore and analyze atypical data that provides learning patterns in
students who take longer than the average time while using the Intelligent Tutoring
System “Scooter”. Moreover, as a future work it is suggested to perform the analysis
of data that comes from different settings apart from solving exercises in different
technological educational tools, that allows identifying new behaviors in students in
regard to the new scenarios. Finally, applying this model in other contexts, with other
experimental groups with a larger number of participants and whose objective is to
adapt the steps of the development methodology to identify new patterns, providing a
complementary vision in the teaching-learning strategies feedback.
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