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ABSTRACT

This paper analyzes the content structure and Moodle milestone
to classify the students’ learning behavior for a basic desktop-tools
on-line virtual course. The data collection phase is completed for
a Learning Analytics (LA) process as a �rst step; by using the gen-
erated interactions among students, and with learning resources,
assessments, and so on. A �rst exploratory data analysis study is
also done with the extracted indicators (or features) of all interac-
tions to classify them in �ve traits. A multidimensional parameter
reduction has been implemented based on Principal Component
Analysis (PCA), an example of it is also given.

CCS CONCEPTS

• Social and professional topics→ Computer science educa-

tion; • Computing methodologies → Classi�cation and re-

gression trees; • Applied computing → E-learning;
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1 INTRODUCTION

Nowadays, with the evolution of technology in the �eld of vir-
tual learning, a new learning model, named Learning Analytics
(LA) [9], has emerged. The entire LA process is composed by four

di�erent phases, each of them acting as the entry point for the
next phase. These phases are data capture, extraction of relevant
information, processing it for further analysis, and taking a set of
actions. These actions will be taken into account for the next re-
�ned LA cycle, during the data capture phase.

On the other hand, Learning Management Systems (LMS) have
nowadays become an excellent platform to teach on distance. In
this sense, a big amount of data is generated when students inter-
act with other students and content resources provided by the plat-
form. All these data can be captured from the existing platforms to
be used for a LA process, as this work does. There are available
several LMSs for the academic community, both proprietary and
open-source, such as Moodle, Sakai, Blackboard, and so on.

In this work Moodle is employed. This is an open source, a well-
known platform, which has been used by a great number of learn-
ing institutions and Universities in recent years. This platform is
equipped with a basic analytic module and a log �lesystem, pro-
viding with great pieces of information about how each student is
working on the platform. Part of this information is easily acces-
sible if the content structure is designed for this purpose before
starting a virtual course.

Analyzing the di�erent parameters that are recorded by the log
system and the content structure in Moodle for an online course, it
is possible to classify those in di�erent learning traits. These traits
allow us to study the students’ learning behavior and classify them
in order to understand how they are learning, how to improve the
content structure and students’ grades. As a consequence, to help
students to minimize bad practices, as well as detecting drops out
or the loneliness of a distance student.

In order to deal with all the collected information, a multidimen-
sional parameter reduction has been implemented based on PCA
(Principal Component Analysis) [3]. Therefore, only the most rel-
evant parameters of each kind of trait have been selected in order
to classify students. In this paper, the exploratory analysis of data
(EDA) is performed by classifying the collected data and �ltering
the collected characteristics with PCA. In addition to this, the �rst
results and conclusions obtained are described by using a particu-
lar trait.
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The structure of this paper is as follows. Section II describes
the state of the art for PCA and the data collection phase focus-
ing on Moodle. After that, Section III provides with the analysis of
the extracted indicators and the PCA reduction. Finally, Section IV
discusses our conclusions and suggests guidelines for future work.

2 STATE OF THE ART

2.1 Principal Component Analysis (PCA)

In general, LA consists on measuring, collecting, analyzing, and re-
porting data about students and their general context (such as the
belonging course, faculty, and even institution) [7]. This way, the
learning process can be studied deeper and, also, optimized accord-
ing to the context where the learning process is applied. During the
data collection phase, the captured data must be �ltered in order
to produce and keep the most relevant information, and so that
the subsequent processing of information is not computationally
so complex.

The main objective of this work, once the data capture is per-
formed, is to �lter and organize the data obtained from a virtual
course, where the learning/teaching process is on distance. There-
fore, a later processing of information and classi�cation will be
more e�cient and the made decisions about the virtual course will
be easier. To achieve this, it is necessary to reduce the dimension-
ality of the captured data and to extract relevant characteristics (or
indicators) from each subset of correlated learning indicators. This
way, the latter processing of information will be computationally
a�ordable.

One of the more suitable techniques for the reduction of dimen-
sionality and extraction of characteristics of our dataset is PCA
(Principal Component Analysis). The analysis of principal compo-
nents is one of the most popular techniques for the reduction of
characteristics (or indicators), remaining with the most relevant
ones. This reduction is usually reduced to 1 or 2 features from each
subset of characteristics. The algorithm used in this work is the tra-
ditional PCA, with linear transformation, commonly known as "at-
tribute subset selection" [2]. There are in the literature other PCA
algorithms that are more sophisticated in accuracy, but with the
penalization of a greater computational complexity.

It would have also been possible to use another approach to gen-
erate a new reduced set of characteristics, in which each of them
would represent several original features. For example, for a set of
subjects from a course (mathematics, physics, history, language...),
new features could be created. In particular, they could be sciences
and humanities; mathematics, physics, and so on, would belong to
science, and history, language, and so on, to humanities. In this
paper, this approach has been discarded since our objective is to
obtain the most representative characteristics, even if there is in-
formation loss. This is not a real problem, in our case, because the
extracted characteristics have been grouped into several subsets,
the characteristics or indicators of each subset will be highly cor-
related statistically. If a set of parameters is seven or eight, PCA
gathers the two or three most relevant features.

Other techniques that could perform a similar work, such as
SVD (Singular Value Decomposition) [3] or NNMF (Non-Negative
Matrix Factorization) [8], should be studied in a nearby future to

check their precision during the �ltering task, and to compare to
the current proposal.

2.2 Data Collection in On-line Platforms

LearningManagement Systems (LMSs) are on-line platforms, which
allow students and faculty to access the learning/teaching resources
of a virtual course. At distance education, as the case of UNED
(Spanish University for Distance Education; In Spanish, Universi-
dad Nacional de EducaciÃşn a Distancia), the LMS is the main ele-
ment of interaction among students and faculty. The LMS includes
both communication tools (asynchronous forums and chats), as
well as evaluation tools, and tracking tools for monitoring the evo-
lution of students, so easing the creation of social knowledge. All
these tools try to replace traditional physical interaction. For this
reason, it is necessary to study all generated information during
the learning process in on-line platforms, thus improving virtual
interaction.

All current LMS platforms store a set of parameters/indicators
closely related to learning resources, assessment, interaction tools
and tracking of students. In this work, each of these parameters
will be seen as characteristics collected from a Moodle platform
for starting a LA process. Nowadays, some institutions have also
started massive courses in MOOCs platforms. In these platforms,
some recent studies have been completed about the students’ be-
haviors in virtual courses, from the point of view ofmassive courses,
such as Coursera [5], OpenEdX [6], or OpenMOOC [10]. The last
one is the UNED platform for MOOCs courses. These works have
taken into account for our proposed work to improve the classi�-
cation of indicators in traditional LMSs.

In the case of Moodle, which is the LMS employed in this study,
the activity recording system captures the data and stores them in
the LMS’s database. Speci�cally, all students’ interactions in the
LMS are stored in a log that improves the scalability of the system,
monitors information obtained and, also, it is able to store infor-
mation on external platforms for later �ltering, analysis and deci-
sion making [1]. The Moodle platform contains two types of APIs,
one for events and another one for registry. The second one in-
cludes four plug-ins: log manager, log store, external database log
store, and legacy log reader. More details on the internal working
of these Moodle APIs and their management and communication
can be found in [1].

As described by [4], the information modules that can be ex-
tracted from Moodle are related to content interaction (Assign-
ment, Course, Notes, Resource, Upload, Quiz) and interpersonal
interaction (Blog, Choice, Forum). This classi�cation is too simple,
and it does not take into account the students’ traits. In next sec-
tion, an improved classi�cation is proposed by taken into account
traits.

3 EXPLORATORY DATA ANALYSIS

3.1 Experiment Setup

The course selected for this study is a basic desktop tools course
where the use of word processor, spreadsheet, and so on (�ve mod-
ules in total), are introduced to students. The course is divided



in di�erent modules, in which all of them have the same mini-
mum structure: multimedia interactive content, basic documenta-
tion and assessment. The course has also a general part where all
the information needed about the use of the platform, evaluation
processes and additional useful information for the student is de-
scribed. From the collected data in the LA process, an exploratory
data analysis (EDA) is performed. As a �rst task, a total of 70 anony-
mized parameters/indicators, which can be seen as characteristics,
have been recorded and used to de�ne �ve learning traits.

This classi�cation of features is proposed by taking into account
the traditional organization of LMSs and the philosophy ofMOOCs,
and it is as follows:

(1) Pre-study: the student reads the general information for the
course, and knows how to deal with it;

(2) Basic study: the student uses the speci�c course contents;
(3) Evaluation: the student makes assessments and practices;
(4) Communication: the student uses the communication tools

for the study by asking for questions and helping other stu-
dents and, �nally,

(5) Implication: the student spends time regularly in the course.

3.2 Extracted Indicators

The extracted indicators from the virtual course from Moodle are
shown in Table 1, and grouped by each trait. As observed, the pre-
study trait contains indicators related to number of accesses to sur-
veys, guides about the general course, software, installations, and
news. The basic study contains indicators about the access to gen-
eral contents, multimedia learning, theoretical contents, and spe-
ci�c guides. As for the evaluation, indicators are thought about
partial quali�cations about each module, the whole module, and
the total �nal grade. With respect to number of students’ interac-
tions in the virtual course, several general forums area available, as
well as speci�c contents about a set of contents of modules. Amore
novel trait is the implication, in which students’ actions, intervals,
dedication, are recorded, among others.

Table 1: Extracted Indicators Organized by Traits

Trait Indicators

Pre-study(9 indicators) Quality survey
Expectative survey
Course study guide
Course user guide
Course guide
Software guide
General instructions
News
Videos for software installation

Basic study(16 indicators) About the course
Op. Systems multimedia resources
(Module 1)
Word processing multimedia resources

Continued on next column

Continued from previous column

Trait Indicators

(Module 2)
Spreadsheet multimedia resources
(Module 3)
Presentation multimedia resources
(Module 4)
Database multimedia resources
(Module 5)
Study guide of module 1
Study guide of module 2
Study guide of module 3
Study guide of module 4
Study guide of module 5
Theoretical contents of module 1
Theoretical contents of module 2
Theoretical contents of module 3
Theoretical contents of module 4
Theoretical contents of module 5

Evaluation(26 indicators) Total �nal quali�cation
Final quali�cation 1 (Module 1)
Final quali�cation 2 (Module 2)
Final quali�cation 3 (Module 3)
Final quali�cation 4 (Module 4)
Final quali�cation 5 (Module 5)
Partial quali�cation 1a
Partial quali�cation 1b
Partial quali�cation 1c
Partial quali�cation 1d
Partial quali�cation 2a
Partial quali�cation 2b
Partial quali�cation 2c
Partial quali�cation 2d
Partial quali�cation 3a
Partial quali�cation 3b
Partial quali�cation 3c
Partial quali�cation 3d
Partial quali�cation 4a
Partial quali�cation 4b
Partial quali�cation 4c
Partial quali�cation 4d
Partial quali�cation 5a
Partial quali�cation 5b
Partial quali�cation 5c
Partial quali�cation 5d

Communication(13 indicators) Debate
General forum
Student forum
Speci�c forum 1
Speci�c forum 2
Speci�c forum 3

Continued on next column



Continued from previous column

Trait Indicators

Speci�c forum 4
Speci�c forum 5
Speci�c forum 6
Speci�c forum 7
Speci�c forum 8
Percentage forum
Messages

Implication(6 indicators) Actions
Interval
Dedication
Days
Regularity
Dedication (by minutes)

Concluded

The abovementioned indicators are a re�ned classi�cation from
the found in the literature, and more speci�cally in [4]. The set of
parameters of each trait are also very detailed.

3.3 Looking for student behaviors traits

LMSs, as Moodle, depending on the content instructional design
is really high and then di�cult to interpret. For this purpose, a
PCA based methodology has been proposed in order to reduce the
dimensionality of the problem and as �rst step to develop an au-
tomatic tool for improving teaching learning processes based on
learning analytics.

First of all, the parameters are classi�ed based on the previous
knowledge that it is possible to collect from the instructional de-
sign of the contents. This can understand as previous knowledge
constraint useful for a �rst step in order to detect the most inter-
esting behaviors traits. Despite this �rst classi�cation the number
of parameters for each trait is still great.

The method applied is:

(1) To analyze the correlation matrix of each trait with the goal
of extract from the trait the less correlated parameters. This
parameters with low correlation among them could be iden-
ti�ed as components of new hidden traits.

(2) Apply PCA algorithm to detect the principal components to
reduce de dimensionality of the problem.

(3) Based on the results, applied classi�cation algorithms to the
data set to detect di�erent states for any trait proposed. The
result of this steps is a classi�cation of a students for a con-
crete trait. This method applies in turn for each trait, (pre-
vious detected and the new one result of di�erent discards)
builds a trait based pro�le for each student.

As an example, the method has been applied to pre-study trait.
This trait is about how a student prepare herself to begin her course.
Parameters grouped under this trait show the next correlation graph
(Figure 1).

Table 2: Pre-study Trait Parameters Correlation Matrix

StudyG StudyVG CGuide SoftG News Vtutorial
StudyG 1.00 0.49 0.60 0.34 0.40 0.29
StudyVG 0.49 1.00 0.62 0.40 0.36 0.32
CGuide 0.60 0.62 1.00 0.35 0.39 0.27
SoftG 0.34 0.40 0.35 1.00 0.45 0.62
News 0.40 0.36 0.39 0.45 1.00 0.38
Vtutorial 0.29 0.32 0.27 0.62 0.38 1.00

Table 3: Matrix Component

PCA1 PCA2 PCA3
StudyG -0,73 -0,38 -0,08
StudyVG -0,75 -0,31 0,28
CGuide -0,76 -0,45 0,08
SoftG -0,73 0,49 0,15
News -0,68 0,16 -0,69
Vtutorial -0,65 0,59 0,23

Figure 1: Pre-study Trait Correlation Graph

From this graph it is easy to �nd out that there are at least three
parameters with a low correlation: Quality survey (1), Expectative
survey (2) and General information (7). This result is predictable
since they are parameters that collect information about the par-
ticipation of the student in these surveys more than give informa-
tion about how prepare themselves for the study. In this example,
the parameter General information give a very short information
about the content of the course. Then it is possible to consider dis-
card them in the process or to be part of new trait. If the three
parameters are discarded the result of calculating the new correla-
tion matrix is shown in Table 2.

These parameters show a better correlation matrix (correlation
matrix determinant=1.33) for using PCA algorithm. If PCA meth-
ods is applied then, it is shown that three principal components
explain more than 75% (79,7%) of the variance and the matrix com-
ponent should be Table 3.



Figure 2: Data Set Draws in the PCA1 and PCA2 Spaces

Figure 3: Elbow Algorithm for Determining the Number of

Clusters (sum of squares)

The �rst component PCA1 it can be understood as the compo-
nent that highlights the student that read all the previous informa-
tion and follows the news. This kind of student it can be under-
stand as a conscientious student. By other hand the second com-
ponent describes the students are more interested in obtaining the
more practical knowledge about the course: software guides and
video tutorials, it may be considered as a practical student. Finally,
the PCA3 describe a student that only is interested in what is hap-
pening in the course, probably is a sophomore or a student that do
not understand the distance methodology. Since the highest vari-
ance is for the �rst two PCA components, (PCA1, PCA2) if it is
drawn the data set in the space de�ned by those PCA components,
it can be seen how the six parameters are related. Figure 2 repre-
sents the data set and the parameter vectors in the PCA1 and PCA2
space.

Taking into account these information, the next step was to clas-
sify the students to determine the possible states for a trait. For this

purpose, a non-supervised learning algorithm has been chosen: K-
means. To determine the number of possible group elbow method
has been used. The result is in Figure 3. For this example, the num-
ber of the groups chosen was four.

One the number of groups is chosen the application of the k-
means algorithm is straight and the result is shown in Figure 4.

Figure 4: Elbow Algorithm for Determining the Number of

Clusters (clusters)

As it was expected four group of students are built based on
the PCA1 and PCA2 components. The four groups then can be de-
scribed as:

• Group 1 (blue): PCA1 high. Students that read everything
and prepare themselves to begin the course.
• Group 2 (red): PCA1 low. Students that neither read some
much information nor are prepared to study.
• Group 3 (green): PC1 medium and PC2 High. Students that
are more interested in quick and visual information and do
not take care of another information maybe because they
are sophomores.
• Group 4 (black): PC1medium and PC2 Low. Students that
are neither interested in quick information maybe because
they are sophomores.

In this way them it is possible to de�ne the di�erent behav-
ior traits of a student and to �t them de�ning a number of states
(groups) for each trait. Each student will be de�ned for a group of
traits states and then will be possible to identi�ed di�erent behav-
iors.

4 CONCLUSIONS

In this work, the classi�cation of students’ learning behavior has
been performed by proposing �ve di�erent traits: general infor-
mation of the course, learning resources, assessments, interactions
tools, and implication of students. These �ve traits are composed
of an amount of 71 indicators, as students’ features. In order to
reduce these parameters to study the most representative ones, a



PCA algorithm has been implemented, so reducing the dimension-
ality of our data set. An example of this reduction is given for one
of the traits.

As future work, the PCA method will be used to all trait trying
to de�ne the students’ behavior. By other hand, also it is possible
to follow the samemethodology using a new parameter: time. This
allows us to analyze dynamically the di�erent states of each trait
for each student. The knowledge obtained will give insight about
how the contents and the dynamic of the course in�uence in the
student behavior. Also, the relation among traits will be studied, in
order to check their correlation and de�ne another more re�ned
trait classi�cation for the analysis of the students’ behavior.

Finally, the authors’ goal is to implement a system be able to de-
termine automatically the students’ behavior in order to improve
the teaching-learning processes.
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