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ers to visualize the real learning path of a course as well as to
access easily to the learning content generated in the VLE.
In this paper, we present a process mining-based platform, known as SoftLearn, which uses a genetic algorithm to
discover complete learning paths, guaranteeing that there are
no missing activities and therefore enabling teachers to use
this platform for evaluating the learning activities. Furthermore, the SoftLearn platform has an intuitive graphical interface which has been specifically developed to visualize both
the learning paths discovered by the genetic algorithm and
the data generated during the learning activities.

Abstract—One of the most challenging issues in learning analytics is the development of techniques and tools that facilitate
the evaluation of the learning activities carried out by learners.
In this paper, we faced this issue through a process miningbased platform, called SoftLearn, that is able to discover complete, precise and simple learning paths from event logs. This
platform has a graphical interface that allows teachers to better understand the real learning paths undertaken by learners.
Keywords-learning analytics; process mining; learning path
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I.

INTRODUCTION

II. SOFTLEARN PLATFORM
The software architecture of the SoftLearn platform is
depicted in Fig. 1. The first component of this architecture is
the virtual learning environment where learners and teachers
carry out the learning and support activities planned for a
course, access to the learning contents, and execute the services needed to undertake those activities. The only one
restriction required for the VLE is that it must register the
user activity that takes place in the virtual environment. This
restriction is not hard, since most of the current VLEs include some kind of monitoring of the learner behavior. Hereinafter, the remaining SoftLearn components are described.

In the last two decades a great effort has been made in
developing virtual learning environments (VLEs) that allow
to manage the learning activities and contents of a course.
However, little attention has been paid to develop techniques
for understanding the learners’ behavior when they carry out
the sequence of learning activities, i.e., the learning path,
which was planned for achieving the pedagogical objectives
of a course [1]. Thus key questions related to this behavior
remain still open, e.g., have learners followed the learning
paths designed by the teacher? In this context, the issue is to
determine whether learners have undertaken additional learning activities, such as looking for new learning contents, in
order to better understand the learner’s behavior. These activities should be highlighted to enable teachers to improve
the learning paths as well as the evaluation process [2].
To discover the learners’ behavior, authors have applied
two different kinds of techniques: sequential pattern mining
(SPM) [3] and process mining (PM) [4]. On one hand, SPM
techniques are mainly oriented to discover simple behavioral
patterns that could occur when learners undertake the learning activities of a course, such as in self-regulated learning
[5] or collaborative learning [6]. Therefore, SPM is not appropriate to discover learning paths that describe the whole
learning process of a course [7]. On the other hand, PM
techniques have been applied to automatically discover the
real workflow of learning activities that learners have undertaken. PM techniques achieve this objective by analyzing the
events generated as consequence of the learner’s activity in
the VLE. Thus some authors have applied PM to discover
the learning processes in self-regulated learning [7], collaborative writing [8] or multiple-choice questions tests [9]. These works have two main drawbacks. The first one is that they
do not assure that all the activities undertaken by learners are
included in the learning path. The second drawback is that
these works do not provide a graphical tool that allow teach978-1-4799-4038-7/14 $31.00 © 2014 IEEE
DOI 10.1109/ICALT.2014.111

A. Event Log System
When a learner undertakes a learning activity, such as
creating a blog input or answering a test, the VLE stores in a
database the information generated as result of performing
this learning activity. However, in order to be able to obtain
the graph that represents the learning path of the course, it is
necessary to translate this information into the input format
of the process discovery algorithm. This translation is carried
out by VLE-specific adapters that provide the independence
of SoftLearn with the particular VLE in which the learningteaching process takes place.
B. Process Mining Algorithm
The process mining algorithm (PMA) is the core component of the SoftLearn platform, since its aim is to discover
the workflow that represents the learning path followed by
the learners during a course. To achieve this objective the
PMA only needs to process the metadata information that is
available in the event log, which is independent of the kind
of learning activities undertaken by learners.
From the perspective of process mining, the quality of a
discovery algorithm is measured taking into account the
following metrics:
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Figure 1. SoftLearn software architecture.

x

1) Graph representation of learning paths
As there is no standard language to visualize learning designs, we decided to show learning paths through D/F-graphs
[4]. This kind of graphs represents dependencies between
learning activities with arcs, meaning that the source activity
of an arc is carried out before the target activity of that arc.
As D/F-graphs do not contain any control structure, they are
easy to understand.
When teachers select a temporal period, such as a week,
a month, two months or the whole course, the learning path
that describes the behavior for all the learners is presented.
Then, if the teacher selects a particular learner (Fig. 2.c), the
learning activities performed by him are highlighted (bluefilled rectangles in Fig. 2.a). Furthermore, in order to facilitate the learning path visualization, the graphical interface
incorporates a graph player that allows the execution of the
graph in several ways (Fig. 2.b):
x Step by step mode enables users to navigate through
the dependency graph by following the execution of
each learning activity performed by the learner. This
mode is specially designed for the visualization of
the learning content associated to the activity which
has been activated in the current step.
x Play mode, where the learning path is executed from
the beginning to the final activity undertaken by the
learner. Users can set up the speed at which the activities are highlighted.
x Player actions that enable teachers to stop, resume,
and reset the execution of the learning path executed
at each moment. These actions can be performed in
both step by step and play modes.
2) Visualization of the learning activity data
The dependency graph presents the learning path related
to the learner’s behavior, but it does not show any data about
the learning activities of that graph. These data are needed to
make an effective learner evaluation. The graphical interface
displays (i) metadata, which describe the features of the
learning activities, including their timestamp, snippet, creator
name, etc (Fig. 2.d); and (ii) learning content, which is relat-

Completeness: a discovered learning path is considered as complete when it can reproduce all the events
contained in the log database. In order to guarantee
feasible and correct evaluations of the learning paths,
teachers need to access to all the activities performed
by learners. Therefore, completeness is a hard requirement for the PMA.
x Precision: a discovered learning path is considered
as precise when it cannot reproduce events that are
not available in the log database. From the point of
view of the learner’s evaluation, this kind of learning
paths are desirable, but it is not a requirement as
hard as completeness: teachers will not visualize the
extra behavior because it has not been undertaken by
any learner.
x Simplicity: a discovered learning path is considered
simple when it presents the minimal structure that reflects the behavior stored in the log database. A desirable requirement for the PMA is to obtain simple
representations of the discovered learning paths to
improve the understanding of the learner’s behavior.
Taking these measures into account, we have developed a
genetic algorithm, known as ProDiGen, for process mining
in VLE that obtains complete learning paths with very high
values for precision and simplicity.
C. SoftLearn Graphical Interface
The graphical user interface of SoftLearn is the component (http://tec.citius.usc.es/SoftLearn) that enables teachers
to understand the learner’s behavior through the visualization
of learning paths followed by the learners during a course.
Fig. 2 shows a screenshot of the graphical interface for a
course where the learning activities are undertaken in a social network supported by ELGG.
The visualization of learning paths with the aim of facilitating the course evaluation must consider two main issues:
how to represent learning paths and how to present the data
about the learning activities, including the contents generated
by learners as part of these activities.
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ed with the learning activity description and with the resources content generated by the learner in the context of the
learning activities (Fig. 2.e).
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Figure 2. SoftLearn graphical interface.
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