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ABSTRACT

This work focuses on the identification of studbahavior patterns obtained from their interactionsa virtual
learning Environment (VLE). Clustering techniquesrevused to classify certain indicators and toinlgeoups
of students with similar characteristics. The atés performed are directly related to four Congpuscience
degree courses in the Distance Education mod@&igyerally, our results show that students intedactere with
online forum, followed by the quiz, tasks, instamssaging, resources, and twitter. The knowledgeieed via
the data mining techniques helped to discover icedaaracteristics of their online interaction, elnishould be
taken into account when enhancing the teachingpileguprocess.
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1. INTRODUCTION

Data mining techniques play an important role iheBrning since they contribute to the discoverynédrmation
about user interaction with web-based systems. iifasmation can be used by the tutor to improwenéeng and
to develop students’ interaction via web platforinsaddition, data mining helps to identify key plems related
to the usage of the system and the usage of dolite

The main applications of data mining techniquethécontext of distance or e-learning educatiorparsonalized
systems, recommending systems, and the detectiomgfilarities, among others.

In terms of the benefits provided by the above riegples, the focus of the present study is to ifiepttterns of
behavior related to student interactions via theudi Learning Environment (VLE) at the Universidadcnica
Particular de Loja (UTPL). In order to do this, lpninary analysis of the corresponding databaae garried
out. Essentially, this consisted of selecting congmts with information about the various kinds wliree activities
performed by students. After extracting the dataualthe students’ interaction with the VLE, a chustg data
mining technique was used to identify students withilar characteristics. This was done to asdesis tourse
participation, and their usage of the availablés@n the VLE. We shall now look at how data minisgise in E-
learning.

11" Latin American and Caribbean Conference for Enginering and Technology
Cancun, Mexico August-16, 2013
1



This article begins with a review of data miningeihearning that was support with some previoudisturelated
with this research. In addition we showed the medhagy used in this work, and the application dfadaining
algorithms to determine the behaviors of studditally, we showed the conclusions of this research

2. DATA MINING IN E-LEARNING

According to Hand, et al. (2001) data mining isimled “as a process that consists of a set of wiafferent sci-
ences such as (Statistics, Computer Science, Matiwsn Engineering, etc.)", which aims to extrawtden
knowledge or non- trivial information from largelumes of data, with the goal of providing solutidosspecific
problems. Educational Data Mining (EDM) uses datmaction from education systems to analyze stistdeat-
terns of behavior (Baker, 2010). For this reasbe,analysis of ‘student learning’ is recommendedrfgroving
current educational practices.

In the educational field, data mining helps teaslaerd educational institutions to use patternsti@mils from stu-
dent interaction with the aim of improving both tlearning process and the quality of education (Ronet al.,
2008). These data include the students' use ahittee learning environments, computer-supportathlgorative
learning, or data from schools and universitiesrédger, the data often have multiple levels of nvegfnl hierar-
chy, which need to be determined by propertiehendata itself, rather than using previous datuds of time,
sequence, and context also play important rolabénstudy of educational data (International Edooat Data
Mining Society, s.f).

There are certain tasks in the educational fielitlvican be done with the help of data mining teghes: data
analysis and visualization, information supportifestructors, student counseling/guidance, premtistiof student
performance, student behavior modeling, detectfamdesirable behavior, student grouping, socialvagk anal-
ysis, and so on (Romero and Ventura, 2010).

In general, web-based educational systems havechildformation recorded in log files, for exampieteractions
between students and the online learning systeatajlsl of student successes and failures, studedesg, and
knowledge levels. Data mining applications diffesnfi other applications because of their effectfmnfield of

teaching. In other words, these applications aifmmfarove the learning process— something whichaditionally

subjective and difficult to measure (Romero et2008).

To sum up, we could say that data mining is usédd for new patterns and to develop new algoritfamd mod-
els. In this way, it primarily focuses on techhiaspects.

3. RELATED WORKS

In order to find behavioral patterns of studentanaly those which could be used as student modwisus data
mining techniques have been applied to the datantha collected for the analysis of educationatesys. These
techniques are explained in more detail below.

Some activities and results that should be consitlethen analyzing the student's interaction withsystem are:
tasks performed, the order and time in which theviies were carried out, and the percentage ef@ses per-
formed correctly (Peredes and Rodriguez, 2004Brirsilovsky and Millan (2008) focused on five feasi when
viewing the user as an individual: the user’s kraalgle, interest, goals, background and individadtstr
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Other research (Petrushyna et al., 2011) analyatdabout interaction in forum that are used t@sttpstudents
who are learning English. The authors sought togeize among other things patterns of student behawnd

their role in the learning community. Also, in Biikein (2011) describes an automatic technique &tuate, ana-
lyze, and visualize students who learn computegnaroming. He works with snapshots of code in a qanogning

subject, and uses different quantitative techniqaesbtain information about student behavior, findlly classi-

fies this information in terms of their experienmeprogramming. In Anaya and Boticario (2009), dataing

techniques are applied to statistical indicatorstoflent interactions in the forums of a VLE, teoait information
about the group collaboration.

Talavera and Gaudioso (2004) discovered patterngflacting user behaviors in collaborative spadése main

characteristic used to form groups was the pararnétée students’ answers related to their intsraad abilities.
Likewise in Bouchet et al. (2012), analyzed traatado identify patterns of behavior in a studybfcollege stu-
dents learning about a complex science topic wittagent-based Intelligent Tutoring Systems (ITS)thvthe

Expectation-Maximization clustering algorithm, tardistinct groups of students were observed, whe stin-

guished by their test and quiz scores, their legrgiains, the frequency of their note-taking, timeite-checking,
the proportion of sub-goals attempted, and the §pant reading. Moreover, they employed a difféaésequence
mining technique to identify differentially frequesctivity patterns between the student groupsthed interpret-
ed these patterns in terms of relevant learning\iets.

Furthermore, in Perera et al. (2008) identifiedugsof students using a clustering algorithm irr@icr software
development project, namely where students useddlteboration tool ‘TRAC’. The authors extracteattprns by
distinguishing between stronger and weaker groapd, also made observations about the successdadtoe
results highlighted the importance of leadershigh group interaction. Patterns indicating good iidiial practices
were also identified.

4. METHODOLOGY

Data that were considered and included in thisystugte obtained from students’ interactions in\Whé& based on
Moodle. We worked with four different courses frame Computer Science major in the distance educatimdal-
ity at the Universidad Técnica Particular de Lojaing the study period April - August 2011. Basedtlis infor-
mation we were able to identify different studeabéviors and different indicators that reflecteel skudents’ us-
age of the virtual platform.

The population studied in this research compriséfsl Sudents from the following courses: Programniingic
(205), Discrete Mathematics (142), Artificial Iltgénce (18), Seminar Il (23). With the data we avable to later
identify the actions of students and the necessaigbles for the application of data mining. Thigs achieved by
analyzing their online activities.

During this process, we evaluated student chaiatitsy;, which included the analytical and inforroagl processes
that were necessary for the application of datangimlgorithms. Among the various aspects that nayaed
were data about students” interaction via the aliplatform, which was based on the analysis of éxgsters.

5. DATA MINING TO ANALYZE STUDENT LEARNING BEHAVIOUR

Drawing on the VLE database, entities were seleittatheld the most useful information about sttsleactions
performed on the virtual platform. In order to detme the students’ online activity on the VLE chgitheir stud-
ies, as well as their attributes, we performed raalysis of data extracted from the log table ofdatabase. As a
result, a series of concrete attributes were dastadal, namely those which represented studentsaction with
the system, which are the base for identifyingltbleaviors of students.

These attributes are described in Table 1, togettibrthe key actions that students performed empiatform, and
the modules on which these actions were performed.
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Table 1. Attributes of students interactions in thevVLE

U

toa

e

=
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Module Action Description of attributes

COURSE VIEW Number of hits to the selected cours

ASSIGNMENT VIEW Number of times the user accessdabi¢
jobs submitted by the teacher.

FORUM ADD_POST Number of times the user sends a post

forum.

FORUM VIEW_DISCUSSION| Number of times the user checksdise

cussions within a forum.

FORUM VIEW_FORUM Number of times the user accesses or

views the discussion forums.

FORUM UPDATE_POST Number of times the user updttegpost

that was sent to the forum.

FORUM ADD_ DISCUSSION| Number of times the user addspic of

discussion or debate.
RESOURCE VIEW Number of times the user accessed
downloaded resources uploaded by th
teacher.
USER UPDATE Number of times the user updates thgi
profile data.
USER VIEW Number of times the users check or acd
to their profile.

UPLOAD UPLOAD Number of times the user uploadsskial
MESSAGE WRITE Number of messages the user wrote.
MESSAGE HISTORY Number of visits to the messagesneed,

QuIz VIEW Number of times the user checks or a¢
cesses to the questionnaires.
QuUIZ TIMESTART, Time used to resolve a questionnaire
TIMEFINISH
QuIZz ATTEMPT Number of times the user tries to sobv

guestionnaire.

5.1 EXPERIMENTS WITH ALGORITHMS
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Within the framework of the student activities doiege the virtual platform, two key indicators wegstablished:
» Course participation: representing a student's@ati@on in a particular course by measuring thetrdmn
tion they have made to the platform. Data can syues&ly be used to recommend alternative content to
students, especially those who demonstrate lowvatatin. Furthermore, it provides an opportunity fec-
ommending more complex content. In this case, theercomplex material would be recommended for
those students who demonstrated a high level ¢itjpation.

» Usage of online tools: To address the student@rmand usage of online forum, instant messagintine
resources, distance tasks, usage of twitter, ttsts,Table 2 provided details of the actionsgrened using
each VLE tool.

Table 2: Actions performed within the tools linkedto the courses

Tool Action
View forum
Add post
Forum

See discussion in the forum
Update post
Add a topic of discussion or debate
Resources view_resourse
Display tasks proposed by professor
Send, or upload tasks
Twitter Send Twitter message
Write message
View message history
Answer quiz
View questions

Tasks

Messages

Quiz

The two indicators were measured using three @iter
» Permanent (P), referring to a high level of pgptition and interaction with the tools.
* Moderate (M), referring to a medium level whichlires both interaction and usage of online tools.
* Low (E), referring to minimum values (low access amnor usage of tools) during the course.

In order to assess the students’ online activisetaon their interactions with the VLE at UTPLg&iablish online
work groups, and to determine who made full usitn@ftools provided by the platform, the Cluster kednis Algo-
rithm was used to determine the students’ levgdasticipation in the course. When utilizing thighaique, we
focused mainly on a specific group of students #ued interaction patterns. In this way, we couwdammend
actions and resources for those users with siclilaracteristics.

Although there are other clustering algorithms sashEM, which assigns a distribution probability éach clus-
ter, we decided that we should perform the experiméth the K-Means Algorithm -- as it is one ofetlmost
widely used methods for this type of research. Allshas been widely proven that is gives more eateuresults
for similar experiments (Valdiviezo et al., 2010).

5.2 RESULTS AFTER APPLYING THE ALGORITHMS

For data mining processing, the WEKA tool was u3é¢uee experiments were performed with the K-Medlge-
rithm in order to obtain the best possible rediith this algorithm, we were able to evaluate eattfibute of the
indicators.
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For all three experiments, three groups of studemrte classified according to the activities thatavperformed,
which was based on the following levels: Low (E) foinimum values; Moderate (M) for medium valuesd a
Permanent (P), for high range values.

In the third experiment, we noticed more consistestlts. In addition, there were similar groupghwninimum,
intermediate and high values of participation, @l as a high usage of online tools. There was @teater simi-
larity between the distribution of activities ammivier values in the addition of square errors. Is Way, the third
experiment was the most adequate means to gaugeoie results.

According to the results from the third experimentluster O (group 1), students who presentedjh leivel (per-
manent) of participation in the course were groupeether. This could be seen by the high-levelamfess to the
courses and the continual usage of the online.tools

Characteristics obtained of groups

In this section shows the interpretation and resuittained for each group, considering the indisdisted above
and the ideas of Santos and Boticiario (2004) nenifest that the students are characterize®asicipatory ,
which measures activity in the different tools leé tLE, and not collaborative, which refers to sinig that con-
tribute little in the forums and on twitter.

e Group 1 - Cluster 0: This group comprises students whaHhagher participation access and replies on
VLE forums, which implies that the more a studestesses a course, the greater the probabilitythibst
will respond, update, view, add a discussion anadgiew an online topic. With regard to the dowidliog
of resources, the students who access the coumes fraquently also downloaded resources more fre-
guently. In the case of distance tasks or homewbegkmore frequently students accessed the cainese,
greater the number of tasks they uploaded ontsytsiem. With regard to messages, the studentdreho
guently accessed the system also had higher vedumegrning the writing of messages and the revigwin
the history of messages. In relation to twittegduld be observed that students with more freqaecess
to the courses send more tweets. Finally, conograccess to VLE quizzes, the more these werewedie
the greater the number of attempts were made @ soém. In light of the above, we could concluuaks t
this is a participative and collaborative grouphadt high-level (permanent usage) of online toasufihs,
resources, tasks, messaging, twitter, and quizzes).

e Group 2 - Cluster 1: Comprising students with a mediunelesf access to courses. In terms of online
tools, we determined that this group made an irgdiate number of responses to the forum, and lieat t
frequency that they downloaded resources was adealerage. Moreover, the downloading of materials
depended mainly on the regularity of access to/itie during the course, i.e. in terms of messagingt-
ter and uploading homework tasks. In addition rdseilts showed their online tool usage was averHgs.
group also showed average values in the numbettarhpts they made at answering quizzes; however,
they also showed high values for the amount of tineg took to take the quiz. So in this clustee, lével
of tool usage (forum, resources, tasks, messatyuitter, and questionnaire) is medium (moderate).

* Group 3 - Cluster 2: This group comprises students witbvafrequency of access to their courses. Their
interactions in terms of replying to forums, dowadong resources, uploading files, sending homework-
tasks, messages, tweets, and accessing testpwestihan the other groups. Therefore, they comgres
group of students who rarely used online tools,civhineans that they were a group with a low level of
online participation and collaboration.

As one can see, there were a group of studentsavlitiv level of participation and interaction witie virtual plat-
form and low usage of the online tools. This ckeatiows that the resources available on the viglaform were
not fully explored by the students in these courses

1. CONCLUSIONS
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Applying data mining techniques to the data obthiftem student interactions via the VLE allowedtogieter-
mine how effectively these tools contributed toaation. In addition, they enabled us to discovew ltliese tools
were used by the students in their courses.

In this paper, the results obtained by applyingdhstering algorithm to the three groups indicdtext the greatest
level of student interaction was in forum, followey quizzes, online tasks, instant messaging, shgeiof online

resources, and twitter. Twitter was the tool wkk teast amount of interaction because it addresszal and in-

formal topics rather than academic issues (unlikeraools on the platform).

We also observed a group of students who wereslaiofinot completing the course or degree subgintilarly,
some students might fall behind in their academidiss. By studying these kinds of problems, pisdes or tutors
could make more informed decisions about theirttisgcpractices on VLE. What's more, it would giveitn an
opportunity to look for educational alternativesthat students could interact more effectively witie online
tools, as well as increase their level of partitigpg for example, by providing more feedback, gg/iopportune
answers to students, uploading more resourcesvtingdtl foster the learning process, and finally,paging tasks
that would promote increased collaboration amondesit peers, etc.
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