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Abstract. Virtual education is one of the educational trends of the 21st
century; however knowing the perception of students is a new challenge.
This article presents a proposal to define the essential components for
the construction of a model for the analysis of the records given by the
students enrolled in courses in a virtual learning platform (VLE). The
article after a review of the use of data analytics in VLE presents a
strategy to characterize the data generated by the student according to
the frequency and the slice of the day and week that access the mate-
rial. With these metrics, clustering analysis is performed and visualized
through a map of self-organized Neural Networks. The results presented
correspond to five courses of a postgraduate career, where was found
that students have greater participation in the forums in the daytime
than in the nighttime. Also, they participate more during the week than
weekends. These results open the possibility to identify possible early
behaviors, which let to implement tools to prevent future desertions or
possible low academic performance.

Keywords: Learning management systems · Educational data
mining · SOM Networks · Virtual education

1 Introduction

The impact of data mining in the industry is increasingly evident, the proper
management of organizational data and how to learn to identify the beneficial
information for organizations and turn it into beneficial information for com-
mercial purposes is one of the pillars of its success [6]. Like the other sectors
of the industry where data mining has been gaining strength, the educational
sector has not been the exception, both in terms of data mining for educational
environments, as a research topic or as an innovative factor in the research seg-
ment. And also, as an investment in administrative terms, because big data and
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analytics remain top priority for CIOs, due to the return of the invention (ROI)
in this kind of projects [9,22].

Educational data mining (EDM) [7] describes the process of converting raw
information from a platform or educational system to be used as a knowledge
asset for educational entities. EDM seeks to generate value from the information
they can gather from the interaction of their students or teachers with their sys-
tems. This paper seeks to address the concept of EDM in e-learning platforms,
and how data from the interaction records of students or tutors in these plat-
forms can be used to define tools or policies that directly impact the retention
and permanence. In traditional learning environments, teachers can obtain feed-
back of learning through direct interaction with students, enabling a continuous
evaluation by teachers [21]. The interaction and observation of students’ behavior
in the classrooms, as well as the analysis of the history of the courses, give data
to estimate appropriate pedagogical strategy to apply in the classroom. How-
ever, for work with students in virtual learning environments, this monitoring
is more complicated. Tutors should look for other sources than direct observa-
tion for audit the learning process of students in the virtual classroom. One of
these options is the Web platforms used by educational institutions, which col-
lect large amounts of information automatically from the interaction with their
educational systems. The data that these tools collect, after some EDM, can
provide multiple dimensions of student behavior to teachers and the institution.

This paper presents a data analytic exercise with the registers (LOGS) com-
ing from a virtual learning platform for higher education programs in virtual
mode as an input for the definition of retention and permanence policies. Article
is structured as follows: start with the description of the methodology imple-
mented, followed by the exploration and use of data for the recognition of records
from educational platforms, and finally the contextualization and use of the same
in the definition of student retention and permanence policies.

2 Previous Work

Virtual learning environment (VLEs) or course management systems (CMS) are
part of modern pedagogical approaches. These platforms host information about
the interaction of the users with these. According to [8,14,23], this information
has the potential to improve pedagogical approaches. From this premise, it is
found multiple interrelated approaches that seek to exploit the registers or LOGs.
In Table 1 is presented different approaches for the analysis of logs in virtual
learning environments.

For this particular work, there is special interest in the analysis of the behav-
ior of students and tutors in the VLEs. Taking into account the works related
to this topic, Table 2 presents multiple approaches or algorithms centered in
different dimensions of student behavior in virtual platforms.
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Table 1. Approaches for the analysis of logs in virtual learning environments

Subject Description References

Improve the experience in
e-learning

Use the Logs of VLEs to
identify best practices or
policies that allow improving
the user experience in these

[3,12,20]

Visualization Log visualization schemes for
monitoring and understanding
virtual classrooms interactions

[13,16,18]

EDM for performance
improvement in VLEs

Data mining approaches that
allow students to improve
academic performance in VLEs

[4,5,8,23,25]

Platform behavior
analysis

Pattern analysis approaches for
the analysis of the behavior of
students and tutors in VLEs

[1,2,10,14,15,17,19,24,25]

Table 2. Mining techniques for the analysis of logs for behavior analysis.

Mining techniques Algorithm Description References

Association rules Apriori Find rules of association
between behaviors and
patterns of records

[14]

Classification Decision tree, Support
vector machines (SVM),
NaiveBayes,
NearesNeighbours

Design functions to
determine the
membership of certain
classes from patterns in
the registers

[14,25]

Clustering K-means, Elbow
Algorithm, Fuzzy
C-Means Clustering

Determine patterns of
association between the
records of different
students

[1,2,14,24]

Process Mining Heuristic Miner, Fuzzy
Miner

Discover underlying
processes in event logs

[19]

Intent mining Viterbi Algorithm,
Baum-Welch Algorithm

Model the processes
according to the purpose
of the actors

[19]

Mining of sequential
patterns

Generalized Sequential
Patterns (GSP),
Sequential Pattern
Mining (SPAM),
Sequential Pattern
Mining Consider,
probabilistic models

Find common patterns
among the data samples
where the values are
delivered in a sequence

[15,17,19]

Graph mining Branch-and-bound,
On-line Plan
Recognition, Recursive
Matrix (R- MAT)

Extract patterns
(sub-graphics) of interest
from the graphs
describing the underlying
data

[19]
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3 Methodology

In this work we seek to develop an approach to identify student behaviors in
virtual mode for an academic program using the registers (LOGS) left by them
in the virtual learning platforms. The general approach of this work can be
summarized by Fig. 1, where:

Fig. 1. Academic behavior analysis in academic programs

– Extraction: From the VLE databases a representative sample of the students
enrolled in the different courses of an academic program is taken. From these
students, once they have finished the courses, their LOGs of interaction with
the platforms and their notes are extracted.

– Data Characterization: Once the logs extracted from a sample of students
enrolled in an academic program, these records are transformed by formu-
lating metrics related to their behavior that are easily associated with their
academic behavior.

– Clustering: Once a database of coded information from the sample drawn
from an academic program has been consolidated, an unsupervised clustering
algorithm is used to identify the latent behavior patterns in the data sample.

– Analysis and interpretation: The information related to the academic perfor-
mance of the extracted sample is used to label the different groups identified
with the clustering algorithms.

3.1 Data Characterization

In a virtual learning platform (Course Management System - CMS), A log is a
sequential file with temporal records associated with all events in an academic
course product of the student’s interactions with the CMS. For finalized courses,
we can obtain a set of records of the students and tutors behavior in an specific
configuration of the CMS.
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For this work, the CMS configuration is defined as following. The set of
activities, A = {a1, a2, ..., an} where n is the number of activities, to perform-
ing during a specific course. The set of forums F = {f1, f2, ..., fn} defined for
each activity, the agenda (interval time) T = {[t1, t2], [t3, t4], . . . , [t(n − k), tn]}
defined for each activity, the evaluative weight P = {p1, p2, . . . , pn} for each
activity where

∑n
i=1 pi = 500, the course materials, M = {m1,m2, . . . ,mw}

where w is the number of folders (folders with books, articles, videos, etc.). The
students enrolled in the course, E = {e1, e2, . . . , em} where m is the number
of students, and the academic ponderation N = {n1, n2, . . . , nm} for each stu-
dent. According to the CMS configuration, a course is defined as the function
C(A,F, T, P,M,E) → N .

The Logs list L = {l1, l2, . . . , lm} ∈ C for each student where li =
{fi, ui, uai, eci, ci, eni, oi, ipi} ∈ ei contains the temporal records of each stu-
dent, see Table 3.

Table 3. Log structure

Component Description

fi LOG date and time

ui User name

uai Interaction with the user

eci Event context

ci Course component accessed

eni Event name

oi Access origin (mobile, web)

ipi IP address

Standard logs representation is not enough to contextualize this information
in academic terms [3,13]. To transform the logs into academic relevant informa-
tion we realize a characterization process in order to measure a set of variables
that allows realize an academic interpretation of the behavior of students and
tutors in the CMS. We propose a set of variables measured using the logs li ∈ ei
for each student, see Table 4.

In a first approximation, ∀ei ∈ E we can characterize each student as g(li) →
xi | xi = {Tpi, T ti, Efi, Eri,Dpi,Dei, V mi, Nli, Lsi, Lfi, Ldi, Lni, Pai, Fai}.
However, this characterization need a special encoding to approach multiple
courses particularities.

3.2 Clustering

Let Σ the database of information encoded for an academic program, define the
function F (Σ) → W where W = [c1, c2, ..., ch] are the different types of behavior
that students adopt in the CMS. Assuming that it is not known a priori what
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Table 4. Logs characterization for each student

Variable Description

Tp Total time spent by student in the CMS

Tt Average time spent by a student in an activity

Ef Average posts in forums for each student

Dp Average time (days) spend by each student to participate in an activity

De Average time (days) spend by each student to send the activity
products

V m Number of visits to the course materials

Nl Number of logs generated by the student

Ls Number of weekday generated logs

Lf Number of weekend generated logs

Ld Number of diurnal generated logs

Ln Number of nocturnal generated logs

Pa IP ratio

Fa Access frequency

types of behavior exist, the problem is to classify or segment the behavior inside
the virtual courses. Therefore, the type of function proposed is an unsuper-
vised grouping algorithm [26], specifically for this work, the Self-organizing map
(SOM) networks proposed by Kohonen [11] following by a hierarchical clustering
are used.

SOM networks are an algorithm based on unsupervised neural networks. The
main functionality of the SOM networks is their ability to project nonlinear data
with high dimensionality in a regular grid of low dimensionality (usually in 2D).
The algorithm look for points that are near each other in the input space to be
transformed to nearby map units in the SOM.

For our particular case of study, each information element is the vectors,
Xi ∈ Σ, where each of its components is a variable with a defined meaning. The
grid generated by the SOM network can be used as a basis on which vectors with
similar characteristics can be projected using a color-based coding, and based
on these generated groupings, explain the possible types of behaviors that can
be found in virtual courses.

For our study, this topological mapping consists of projecting a set of vectors
X k-dimensional in a two-dimensional discrete mesh (2-D) of M positions, see
Fig. 2. Each position in the output is characterized by a node hj(j = 1, 2, ...,M).
For each hi node, a position in the output space is associated by w, which is
obtained through an optimization process, which reduce the distance between
all the inputs and the output in the new space of M positions.
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Fig. 2. The SOM mapping pass from a high-dimensional space into a 2-D space.

Starting from the database Σ14+(w−1),E (input space), where 14 + (w − 1)
is the number of characteristics, w the number of classifications within an aca-
demic program and E the number of students that have been used to create the
database. In Fig. 3 is observed that although the student condition is the same
for any sub-classification within an academic program, it is assumed that their
behavior may vary depending on the type of subject they are studying.

Fig. 3. Input space configuration.

What in terms of the clustering algorithm, will be introduced w primary
clusters to which they are looking to perform an additional subcluster, see Fig. 4.
To perform this clustering Hierarchical clustering, is used, which is an algorithm
that groups similar objects into groups called clusters. The endpoint is a set of
clusters, where each one is distinct from the others, and the objects within each
cluster are broadly similar.
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4 Results

The information of the LOGS and the notes of a semester in five courses of a
virtual postgraduate offered by the university was used. The 14 variables already
described (Table 4 and N) were obtained, and the students with NaN values in
any variable were eliminated. After this preprocessing, the results proposed here
are based on a total of 175 students.

Visual Analytics is usually the best way to understand the results of data ana-
lytics compared with descriptives techniques, since it facilitates to identify rela-
tions between the information. The first exploration, presented in Fig. 5, explore
the distribution of the each variable through the diagonal of image table. The
distribution of all variables are spread over all the range of data, but some vari-
ables can be approximated to some probabilistic distributions. Also, the relation
between all the variables of vector X is presented, where it is possible o view
some correlation between the variables like is presented in the Fig. 6.

Then, the next step was to obtain a SOM network of dimension five by five.
Over this SOM Network the process of grouping, using hierarchical clustering,
was done, which allows combining the nodes that are similar and that are side
by side in the SOM grid. The results of the grouping with three groups are
presented in Fig. 7. To analyze the behavior of each variable, Fig. 9 presents heat
maps of the inputs, in which it is possible to analyze the relationship between the
clusters and the ranges of the data. Finally, the Fig. 8 presents the histogram of
the variable N for each cluster. Both the blue and the green cluster are made up
of students with low and medium academic performance, respectively, and are
characterized by having little participation in the forums (Ef), low frequency of

Fig. 4. Clusterization scheme.
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Fig. 5. SOM network 5 × 5 with cluster using hierarchical clustering of three. (Color
figure online)

Fig. 6. Correlation of the input data x.
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Fig. 7. SOM network 5 × 5 with cluster using hierarchical clustering of three.

Fig. 8. Histogram of variable Notes (N) for the three clusters.

access (Fa) and little access to the course material (Vm). Otherwise, it happens
in the orange cluster, made up of students with the best grades in their majority.

This procedure was repeated for a different number of groups as well as
different input variables, which allowed to obtain the following results:

– In the clusters there is a differentiation in a shorter time of participation in
the forums (Dp); likewise, there is a more significant number of contributions
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between the groups. Regarding the number of logs generated during the week
and the frequency of access, certain groups are more abundant.

– Students with low grades, where the total is less than 250 are mainly those
who do not participate as much in the activities as in the deliveries and
represent 10% of the sample.

Fig. 9. Heat Maps of each variable over the SOM network architecture.
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– The time it takes a student to make the deliveries (Of), as well as the partic-
ipation in the forums (Dp) does not have an impact on the notes.

– Few contributions in the forums (Ef) and low frequency of access (Fa) to the
platform is positively correlated with better grades.

– The variables Ln, Ld, Ls, Lf , V m, Ttmin, Tpmin, Nl, and Pa have a weak
correlation with the notes.

– Students have greater participation in the forums in the daytime than in the
nighttime. Also, they participate more during the week than weekends.

– Students participate about 55% on the day versus 45% at night; however,
there is a 76% participation in the platform during the week compared to
24% on the weekend.

5 Discussion

Logs analysis in educational platforms is not a new issue. Even, in terms of char-
acterizing the students’ behavior in this kind of technological tools. Research
papers as shown in Tables 1 and 2 afford similar approaches like this one. How-
ever, the principal contribution of this study is the application of this kind of
analysis in a particular population with a socio-economical, cultural, geograph-
ical and political environment, in order to afford in future works, use this infor-
mation to define policies, design new interfaces for technological tools, between
others.

This work is framed in the analysis of Colombian virtual students behavior.
principally, to understanding how to prevent desertion in virtual high education
programs. In this project phase, the characterization approach, and the mining
tool was defined, in order to in a future phase use this information to understand
the Colombian virtual Student and also improve the technological tools.

6 Conclusion

Teaching or coaching tasks in virtual environments imply new challenges in ped-
agogy. Virtual Learning environments provide useful tools for the interaction
between students, teachers, learning materials, and also with the educational
institutions. However, it creates barriers between the players participating in
the learning process, such as the understanding of students or teachers behavior
beyond the actions in the virtual platforms.

Mathematical approaches that allow continuous monitoring of student behav-
ior according to the logs analysis in VLE, can help to define educational policies
in order to take preventive actions in order to reduce the desertion. This also
suggests the need to design involving a greater number of variables related to
the behavior of the teacher and whose purpose is focused on determining how
they affect the performance of their students.

In the development of this work, we will include a representative sample
to the analysis of a complete higher educational institution, and also include
socioeconomic and geographic information concerning understand particularities



Academic Behavior Analysis in Virtual Courses 29

of virtual students. Whit this information we want to develop a support tool to
aid policies makers to plane in order to reduce desertion and increase the quality
of service.
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