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Abstract—In self-regulated learning, evaluation is a complex
task of the teaching process, but even more if students have social
media that allow them to build their personal learning environ-
ment in different ways. In these kind of virtual environments
a large amount of data that needs to be assessed by teachers
is generated, and therefore they require tools that facilitate the
assessment task. In this paper, we present an experiment with a
process mining-based learning analytics tool, called SoftLearn,
that helps teachers to assess the student’s activity in self-
regulated learning. The subject of this experiment is taught in
blended learning mode with weekly classroom sessions, and the
students use a social network software, called ELGG, as an e-
portfolio in which they reflect their individual knowledge process
construction. The results show that the use of this tool reduces
significantly the assessment time and helps teachers to understand
the learning process of the students.

I. INTRODUCTION

In the contemporary social and economic conditions it is
imperative an education that goes beyond the boundaries of
formal education, and enables the acquisition of skills that
allow learning throughout life. The aim is a model that tries to
make students active learners, actors and responsible for their
learning [1]. In this context emerges the self-regulated learning,
which is defined as an active and constructive process by which
the student sets their own goals, trying to monitor, regulate and
control their thoughts, their motivation and behavior according
to those objectives [2]. Behavior, cognition, motivation and
context are the areas that control the regulatory process and
individuals (or students) need to select, study and create
environments to optimize the learning behaviors that lead them
to achieve their goals. Specifically, the self-regulated learning
can be considered as a students’ ability to establish the goals
to be achieved and identify how to will reach them [3]. This
ability is one of the main skills to be achieved in the university
level, and distinguishes that level from others of the education
system. The university education has to be responsible for
providing the students with the necessary tools with which
adapt to the changing society in which they live. This kind of
activities can become social when activities are supported by
others, or when students share tasks, perceptions, goals and
strategies [4].

In this context, we present a learning approach that works
through a personal learning environment (PLE), a social
network and e-portfolios. PLEs consist of a set of tools, data

sources, connections and activities commonly used by the
student [5]. They are spaces characterized by personalization,
ownership, interaction, dispersion, awareness, self-regulation
and organizational involvement, and their use involves a
methodology where students share and build processes that
trigger their self-regulation [6]. Social networks have become
a substantial support for the development of proposals that
promote individual growth through the collective support [7],
[8].

A proposal of formal learning that combines PLEs and
social networks necessarily requires consistent evaluation pro-
cesses. This is a key element in the quality of learning,
conditioning its depth and level, because students can escape
hardly from the effects of a poor teaching, but they cannot
escape the effects of a poor assessment [9]. The e-portfolio
becomes a teaching and evaluation methodology that appears
as an alternative to those that are purely quantitative. It
searches for the development of strategic and critical students
and is consistent to support the development of self-regulatory
behaviors. It is a collection of objects that can be shown
as evidence of the learning process and the achievement of
a student. It has a dual function: to collect and reflect the
learning experiences and most meaningful achievements of
a person (student, professional, worker, etc.) in a continuous
way; and to inform clearly about the level of competence and
other important experiences along their learning. According
to Barrett [10], the portfolio is a comprehensive collection
of the student’s work that shows its efforts, progress and
achievements.

However, in this learning context, a rigorous monitoring
process generates such a volume of information that it becomes
unmanageable: assessing a set of portfolios is much more
complex than a simple note granting process [11]. In order
to solve this problem, we need assessment tools based on
the analysis of complex data that are stored when students
participate in the PLE. This kind of tools, called learning
analytics tools [12], can support the learning process as they
provide customized information about student progress, allow
us to investigate the traces of different users, and provide a way
to track and record data, enhancing the assessment process
[13]. Particularly, for student’s assessment in self-regulated
learning it is needed to discover the student’s behavior from
the activity registered in the PLEs. To achieve this goal, two
different kinds of techniques have been proposed: sequential
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pattern mining (SPM) [14] and process mining (PM) [15].

On one hand, SPM techniques are mainly oriented to
discover simple behavioral patterns that can occur during
the set of learning activities carried out by learners, such
as in self-regulated learning [16] or collaborative learning
[17], [18]. Therefore, SPM is not appropriate for discovering
learning paths that describe the whole process carried out
by the learners during a course [18]. 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 activity
in the PLE. Some authors have applied PM to discover the
processes followed by the learners in self-regulated learning
[18], collaborative learning [19], [20], collaborative writing
[21], and multiple-choice questions tests [22]. These works
have two main drawbacks. The first one is that these techniques
do not guarantee the completeness of the discovered learning
path, i.e., they do not assure that all the activities undertaken
by learners will be included in the learning path. The second
drawback is that these works do not provide a graphical tool
that enables teachers to visualize the real learning path of the
course and to access easily to the learning content generated
in the personal learning environment.

In this paper, we present a process mining-based tool,
known as SoftLearn, which automatically discovers and repre-
sents the learning process followed by the students. SoftLearn
guarantees that there are no missing activities in the student’s
learning process, enabling teachers to use it for student’s
assessment through its intuitive graphical interface. Further-
more, we have conducted an experiment where SoftLearn was
used to assess the self-regulated learning process. As a result,
SoftLearn reduces significantly the time needed for students’
assessment and facilitates teachers to better understand the
learning process followed by the students.

The paper is structured as follows: Section II describes the
pedagogical scenario in which the SoftLearn tool has been
applied; Section III presents the architecture of the SoftLearn
tool; Section IV describes the experiment that was conducted
to demonstrate the benefits of the SoftLearn tool; Section
V discusses the main results of the experiment; and finally
Section VI summarizes the main contributions of the paper.

II. PEDAGOGICAL SCENARIO

The results presented in this paper show an experiment in
the subject Educational Technology of the Grade in Pedagogy
at the Faculty of Education of the University of Santiago
de Compostela. The subject uses the open source platform
ELGG, which is an environment that integrates an individual
space and also a social network with forums, blogs, micro-
blogging, details of the user profile, friend lists, screen of
activities, a personal wall, calendar, favorites and pages. The
subject is developed in the form of blended learning with
weekly classroom sessions where students discuss about the
topics of the subject or undertake a practical exercise using
a particular resource. This model seeks the development of
learner’s autonomy, a goal that is supported by a combination
of classroom sessions and online contexts where the teacher
is supporting the learning process [23].

We propose a methodology that is individual and in group
at the same time, and that stimulates the development of self-
regulated learning skills. The creation of student e-portfolios
induces them to make a personal search showing how they have
understood the concepts worked in the classroom sessions.
Also, they incorporate into their PLE a blog post or a file
reflecting their reflections as a result of the classes and
readings. This work presents the process of each individual
student, showing in the platform the progress in its knowledge.
The students also make assignments in small groups in which
they cooperate to achieve a shared product. Therefore, although
the assignments are the minimum requirement for the subject,
each student can follow their own path, selecting topics and
resources that complement the training according to their own
objectives.

This set of elements, which make up the personal environ-
ment, is evaluated by the teachers through a rubric. A rubric is
an explicit set of criteria used for the evaluation of a particular
type of work or activity, which provides more information than
a simple note. This assessment is carried out during the process
(midway through the course) and at the end. The assessment
is qualitative, and it analyzes the text of blogs, microbloging,
pages, etc., and requires the reading of hundreds of inputs to
know if the student has achieved the expected competencies.
The assessment of the student’s behavior is extremely time
consuming, given the number of students (72 in this course)
and the amount of documents associated to each personal
space. Table I shows the number of elements generated by the
students during the entire course of Educational Technology.

TABLE I. SIZE OF THE STUDENTS’ E-PORTFOLIOS IN THE SUBJECT
EDUCATIONAL TECHNOLOGY.

Portfolio element #Elements
Blogs 934
Pages 377
Tweets 891
Comments 1,097
Bookmarks 317
Files 894

The time taken by this type of assessment for each student
becomes an obstacle for teachers to integrate this type of
pedagogical approach. On the other hand, the processes of self-
regulated learning, whether social or individual, are hidden to
the evidences. In order to solve these problems, we need a
tool that helps to extract the information required to evaluate
the learning processes and, at the same time, improve the
efficiency of the process, saving time and providing valuable
information to support students in their learning.

III. LEARNING PROCESS DISCOVERY ARCHITECTURE

Recently some conceptual architectures characterizing the
main components of a learning analytics application have
been presented. These architectures describe from a general
perspective the relations between the educational data, the data
processing algorithms, and the actors involved in learning-
teaching processes. However, this paper focuses on learning
process discovery and, therefore, a framework to characterize
this kind of learning analytics applications is necessary. For
this reason, we have extended the architecture proposed in
[24] by introducing a more precise description of the data
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Fig. 1. Architecture for learning process discovery in self-regulated learning.

processing component, i.e., the learning process discovery
algorithm, which includes explicitly: pre/post-processing steps;
a distinction among the different kind of learning data involved
in these applications; and an advanced graphical interface to
visualize and evaluate the discovered learning paths. This new
conceptual architecture is depicted in Fig. 1.

a) Educational World: Teachers and students are the
typical participants in any learning activity. On the one hand,
teachers, playing the role of instructors, design the learning
processes by following some educational methodology, support
the learning activities of the course, and, summarizing, are in
charge of supporting student’s success. On the other hand,
students are the core of the educational world since they
undertake the learning activities by using the resources and
services available in a personal learning environment.

b) Personal Learning Environments: PLEs provide the
means to undertake the learning paths designed by the teach-
ers: students carry out the learning activities planned for a

course, accessing to the learning contents and executing the
services required to facilitate those activities such as interacting
with other students through synchronous tools, looking for
information in libraries, and so on. From a process discovery
perspective, PLEs detect and register all the relevant events
which are related to the undertaking of learning activities by
teachers and students such as uploading files, posting blog
inputs, answering tests, and so forth. Typically, these events
are stored in an event log database that contains two different
types of data:

• Metadata. This kind of data describe the context in
which an event is generated such as the identifier and
type of the learning activity that has been performed,
the user that participates in the activity, and the time
at which the event has been generated. Note that each
student generates a sequence of these metadata, known
as trace, and the set of all the traces are the only inputs
required by the process discovery algorithms. Fig. 2
shows an extract of the traces stored in ELGG [25]
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Fig. 2. Example of event traces registered in ELGG during the subject Educational Technology.

for the subject Educational Technology.

• Learning content. Most of the events are associated
with learning content that has been created during
the learning activity such as the blog input text, the
messages of the forums, and so forth. This kind of
data are shown by the graphical interface to facilitate
teachers the student’s assessment.

c) Event Log Manager: The higher is the number of
different traces, the more difficult is to obtain complete, precise
and simple descriptions of the learning processes. Typically,
this issue is addressed by reducing the complexity of the input
space for the process discovery algorithms, i.e., reducing the
diversity of the traces available in the event log database.
This goal is achieved through a pre-processing component
that implements strategies for clustering activities based on
teacher’s criteria, filtering traces that are not relevant from the
point of view of the student’s assessment, and clustering traces
when several traces are exactly the same.

d) Process Mining Algorithms: This component is the
core of the architecture, since it provides the algorithms
for process discovery and for evaluating the conformance of
a previously designed process. This paper focuses on the
discovery of learning processes, and therefore this component
implements discovery algorithms whose aim is to obtain the
learning process that describes all the learning paths followed
by students during a course. The quality of this learning flow
is evaluated taking into account the following metrics [26]:

• Completeness, which indicates how much of the be-
havior observed in the event log can be reproduced
by the discovered learning process. Thus, a learning
process is considered as complete when it can re-
produce all the events contained in the log database.
In order to guarantee feasible and correct student’s
evaluations, teachers need to access to all the activities
performed by students. Therefore, the completeness of
discovered learning processes is a hard requirement
for the process discovery algorithms.

• Precision, which measures if the discovered learn-
ing process is overly general, allowing an additional

behavior that is not represented in the log. Thus,
a discovered learning process is considered precise
when it cannot reproduce events that are not available
in the log database. From the point of view of the
student’s assessment, this kind of learning processes
are desirable, but it is not a requirement as hard as
completeness: teachers would not visualize the extra
behavior since it has not been undertaken by any
student.

• Simplicity, which refers to discovered learning pro-
cesses with the minimal structure that reflects the
behavior contained in the log database. A desirable
requirement for process discovery algorithms is to ob-
tain simple representations of the discovered learning
paths, since it facilitates teachers to understand the
student’s behavior.

e) Process Model Manager: Discovery algorithms are
developed with the aim of guaranteeing the completeness of the
discovered learning processes that describe the learning paths
of a course. Although these algorithms seek to obtain learning
processes that are precise and simple, the main consequence of
the requirement about completeness is that discovered learn-
ing processes typically have a complex structure. To reduce
this complexity, i.e., to get simplest learning processes, it is
necessary to introduce a post-processing step that implements
strategies for simplifying the graph that describes the learning
process and path filtering, where teachers manually remove
learning paths to better visualize the learning process. Note
that teachers should be able to return to the original model
through the graphical interface.

f) Graphical User Interface: This component (Fig. 3)
enables teachers to understand the students’ behavior through
the visualization of the learning paths followed by them
during a course1. From the point of view of the student’s
assessment, this visualization has two main issues: how to
represent learning processes and how to present the data about
the learning activities, including the contents generated by
students as part of these activities.

1http://tec.citius.usc.es/SoftLearn/
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Fig. 3. SoftLearn graphical user interface.

As there is no standard language to visualize learning
processes [27] we decided to show the learning processes
by means of D/F-graphs [28], which are the output of the
learning process discovery algorithm. This kind of graphs
represents the dependencies between learning activities by
means of arcs, meaning that the source activity of an arc
is carried out before the target activity of that arc. These
D/F-graphs do not introduce additional control structures, and
therefore learning processes are easy to understand. When
teachers select a temporal period, such as a week, a month,
two months or the entire course, the learning process that
describes the behavior for all the students is presented. Then,
if the teacher selects a given student (Fig. 3.c), the learning
activities performed by that student are highlighted (blue-filled
rectangles in Fig. 3.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. 3.b):

• Step by step mode enables users to navigate through

the dependency graph by following the execution
of each of the learning activities performed by the
student. In the graphical interface these activities are
filled in blue to be distinguished from the others. This
mode is specially designed for the visualization of the
learning content associated to the activity which has
been activated in the current step.

• Play mode, where the learning path is executed from
the beginning to the final activity undertaken by the
student. Users can set up the speed at which the
activities are highlighted.

• Player actions that enable teachers to stop, resume,
and reset the execution of the learning process exe-
cuted at each moment. These actions can be performed
in both step by step and play modes.

The dependency graph does not show any data about the
learning activities of the learning process. These data are
needed to make an effective student’s assessment. Teachers
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can access to the following data by clicking in the activities
shown through the dependency graph:

• Metadata, which describe the features of the learning
activities, including their timestamp, snippet, creator
name, etc. An example of this kind of data is showed
in Fig. 3.d.
Learning content, which is related with the learning
activity description and with the content generated by
the student in the context of the learning activities.
Fig. 3.e shows the content of a blog input.

IV. METHODOLOGY

To evaluate the benefits of the SoftLearn tool for students’
assessment in self-regulated learning, we have conducted an
experiment with the two teachers of the subject Educational
Technology of the University of Santiago de Compostela. In
this experiment, the 72 students of the subject were divided
in two groups of 36 students: the first one was evaluated
through the SoftLearn tool, while for evaluating the second
one was directly evaluated through the ELGG environment.
Fig. 4 shows the ELGG environment where teachers must
navigate through web pages (related to blogs, files, pages, etc.)
in order to access to the students’ e-portfolios. Taking this into
account, the evaluation of the SoftLearn tool was made from
two different perspectives:

• Pedagogical perspective where teachers evaluate
whether the SoftLearn tool allows to improve the
students’ assessment process and whether it is ap-
propriate for the assessment needed in self-regulated
learning. Table II shows the test performed by the
teachers for this evaluation.

• Usability perspective where teachers evaluate the Soft-
Learn tool for testing if it is easy to use and if
it provides the information needed for the students’
assessment. The test used in this evaluation is the
CSUQ test [29], but we have also included a question
about the average time needed by teachers to assess
students through the SoftLearn tool and the ELGG
environment. This parameter is very relevant for the
experiment, since one of the main drawbacks of the
students’ assessment in self-regulated learning is the
amount of learning contents to be evaluated.

V. RESULTS

The results of the teachers’ assessment of the subject
set a time saving of 54%. While without the use of the
tool the average time to assess the weekly activity for each
student was about 2 hours, with SoftLearn this time decreased
approximately to 55 minutes. This time savings occurs because
the tool eases the reading of the contributions of the students
through a better and more accessible overall display. Also,
the tool enables to access information that is inaccessible
from ELGG. In particular, the information related to both the
sequence and timing of the student work, which are key issues
in the analysis of the process of self-regulated learning. The
sequence expressed in the graph of each student was unknown
without the SoftLearn tool, and it allows to understand the
differences of the temporal patterns between students with
more and less self-regulation [18].

Furthermore, the tool provides information, previously in-
visible, of the social conditions of learning regulation showing
the routes through their peers’ blogs, the comments made
on them, etc. The sequential characteristics of this type of
regulation are specially important because they indicate what
actions follow others, and the temporal characteristics show
when and how they influence each other [4]. These issues are
very relevant, given the social network where the student e-
portfolio is inserted. The main advantage of the tool is the
access to personal and social evidences in a simpler form,
given the complexity of assessing all the material produced by
students around their personal learning environment.

The tool is very close to the evaluation methodology, as the
portfolio is immersed in a social network where the objective
is to create and share, allowing both the interaction between
the teacher and the student, the student and the content, and
the teacher and the content, and the three elements together
[30]. In this sense, the tool allows to visualize many of these
interactions, and to access to the impact over the class of a
student’s work in the virtual environment through the analysis
of the comments. With respect to usability, the experiments
have shown that the system is easy to use, allows to complete
the assessment and to obtain the information in an easy way.
Moreover, the information is easier to interpret, and the tool
has a nice and intuitive interface with an adequate distribution.

The main conclusion of the teachers that used the tool
is that they recommend its use. They highlight as its main
advantage the time saving, although they also point out that a
qualitative assessment also requires, regardless of the use of a
tool like SoftLearn, the reading and review of all the evidence
[11] of the 72 students of the subject.

VI. CONCLUSIONS

The research that we propose reflects the needs and realities
of education. It starts from our specific experience, seeking to
improve and facilitate the assessment as a fundamental step in
the process of teaching-learning in complex and diverse spaces
like these. In these cases, the teaching approaches incite to
create and share, beyond materials or fixed sequences, and the
personalization of spaces is taken to the absolute limits.

The learning analytics-based tool presented in this paper
facilitates the access to different sections of the PLE of each
student in a quicker and more convenient way, contextualizing
each task made by the student. Also, it allows to visualize
the learning path of the student graphically, starting from the
student’s knowledge of the subject and heading to the theme of
interest, enabling to see the connections between the different
nodes at different time slots. Furthermore, the SoftLearn tool
allows teachers to improve the student’s assessment, reducing
significantly the time required to complete this assessment.
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Fig. 4. ELGG environment.
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