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Abstract—The study of the relationships between self-regulated
learning and formative assessment is an active line of research in
the educational community. A recent review of the literature
highlights that the study of these connections has been mainly
unidirectional, focusing on how formative assessment helps
students to self-regulate their learning, being much less explored
the effect of self-regulated learning strategies on formative
assessment. In this context, analyzing automatically captured
students’ activities within online learning tools can provide us
further insights on the interactions between these two topics. More
specifically, this article examines the activity traces of 382 students
who used an online tool to learn a programming language. The tool
incorporates review exercises for promoting self-assessment (an
important self-regulated learning strategy). Furthermore, the tool
is used in supervised laboratories where students receive formative
assessment. This study uses process mining techniques to analyze
the temporal component of student behavior in both types of
activities, their interaction, and how self-assessment relates to
formative assessment. Some key lessons are learned: activities
promoting self-assessment significantly improved students’
involvement in formative assessment activities; increasing self-
assessment cannot compensate for a lack of effort in formative
assessment. We also underline that, to the best of our knowledge,
to date no research has used process mining to consider the time
component in the analysis of the relationships between formative
assessment and self-assessment.

Index Terms—Educational data mining, formative assessment,
learning analytics, online learning, process mining, self-assessment
technologies, self-regulated learning.

I. INTRODUCTION

ELF-REGULATED learning (SRL) and formative
assessment (FA) are topics of great interest in the
educational community [1]-[14]. In particular, the study of the
relationships between SRL and FA is an active line of research
[11],[12]. For example, a recent literature review [9] shows that
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instructors who use FA focus primarily on the effect of FA
feedback on activities promoting SRL strategies. The results of
this review suggest that FA, being a form of feedback, provides
inputs to the SRL cycle, specifically assisting in the cognitive
assessment of learning and in supporting goal and plan setting.
However, the aforementioned review [9] states that the effect
of specific SRL strategies on FA is much less explored, and
highlights the potential benefits of analyzing how SRL
strategies influence the way in which FA is used and its results.
In this regard, when students strive to improve their SRL, the
involved skills may boost their interest and motivation in FA
activities and the benefits they reap from it [13].

This paper focuses on a specific SRL strategy, that of self-
assessment (SA). This is the first strategy included in the list of
strategies presented in [8], which is described as “student-
initiated evaluations of the quality or progress of their work”.
Our work aims to contribute by considering the time component
to examine patterns of student engagement with both SA and
FA activities and the interaction on how SA relates to FA. The
exploration of these patterns is especially relevant when online
learning support tools [15] are used, as these tools provide
lower levels of guidance than face-to-face classes [7].

In particular, our case study is based on the use of an online
tool called DELFOS (that stands for Databases Exercises
Laboratory For Online Study) in a course of a software
engineering degree program. This tool has been used for several
years with a two-fold purpose. The first is to perform exercises
in FA supervised laboratory sessions. The second is to provide
students with a set of review exercises that enable and promote
SA. To this end, we study the moments throughout the course
when certain events linked to students’ interactions with the
tool occur. In our work, the study of the timing of activities is
addressed by means of Process Mining (PM) [16]. PM has been
recognized as a powerful approach for identifying event

C. Dominguez, F. J. Garcia-Izquierdo, A. Jaime, B. Pérez, and A. L. Rubio
are with Departamento de Matematicas y Computacion, Universidad de La
Rioja, 26006 Logrofio, Spain (e-mail: cesar.dominguez@unirioja.es,
francisco.garcia@unirioja.es, arturo.jaime(@unirioja.es,
beatriz.perez@unirioja.es, arubio@unirioja.es).

M. A. Zapata is with Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain (e-mail: mazapata@unizar.es).



TLT-2020-08-0253

patterns of SRL [17]. The analysis of traces of tool use has been
admitted as a method of interest for a better understanding of
the learning process [3], since what or how many real-time
actions students made through the tool can be used for this
purpose [18]. Nevertheless, to the best of our knowledge, to
date no research has used PM to consider the time component
in the analysis of the relationships between FA and SA.

II. BACKGROUND

A. Review Exercises Promoting Self-Assessment

Pintrich defined self-regulated learning (SRL) as “an active,
constructive process whereby learners set goals for their
learning and then attempt to monitor, regulate, and control their
cognition, motivation, and behavior, guided and constrained by
their goals and the contextual features in the environment” [14].
SRL boasts an active line of research; and numerous models of
SRL have been proposed (see, for instance, Zimmerman [19],
Pintrich [14], or Winne and Hadwin [20] models). Most of these
models share some characteristics [1]: a forethought or
preparatory phase that includes task analysis, planning, and
goal setting; a performance phase that involves the use of
learning strategies and monitoring activities; and a reflection
phrase, which includes evaluation of learning outcomes and
reaction. SRL involves the use of specific strategies to achieve
academic goals on the basis of self-efficacy perceptions [14].
SRL strategies are actions and processes directed at acquiring
information or skills that involve agency, purpose, and
instrumentality perceptions by learners [19]. In [8] fourteen
categories of strategies are devised. The first of them is self-
evaluation, described as “student-initiated evaluations of the
quality or progress of their work”. A recent bibliographic
review of these types of strategies, applied in our field of
interest (Computer Science), highlights self-evaluation over all
other types of SRL activities [7]. In this field, self-evaluation
usage is described as “student-initiated self-assessments to
validate programming exercises”. This type of activity can
include optional exercises for self-assessment done through
online tools. In this article, we call these optional exercises
review exercises promoting self-assessment.

Goal orientation is an aspect that also appears in most SRL
models (see, for instance, [14], [19]). Goal orientation reflects
the motivation and purpose for doing a task, and can influence
the different process of self-regulation and use of SRL
strategies [14]. There exists different classification of goal
orientations based on mastery or performance orientations [14].
An individual with a mastery goal orientation focuses on the
development of knowledge, skills, and competences, and can
use deeper processing strategies, whereas a work avoidant can
use more surface ones [12], [21]. An individual with a
performance orientation focuses on demonstrating competence
by trying to outperform peers on academic tasks [14].

Some SRL models (such as Pintrich [14] or Winne and
Hadwin [20] models) include the context as an area for student
regulation. This involves individual perceptions of the task and
the context. The student tries to actively monitor and regulate
the context as well as to adapt to it [ 14]. Indeed, self-regulation

activities can mediate between students personal and contextual
characteristics and their academic performance. In this way,
perception of the environment can be central in order to
understand the student academic performance and achievement,
and indeed some authors [14] claim that it is needed research
on how different features of the context could shape, facilitate
or constraint SRL.

B. Formative Assessment Exercises

Formative assessment (FA) is defined by the United States
Council of Chief State School Officers as “a process used by
teachers and students during instruction that provides feedback
to adjust ongoing teaching and learning to improve students’
achievements of intended instructional outcomes” [10]. This
information can be used by teachers to shape instruction to meet
students’ needs, and by students to better understand and
advance their learning [22]. FA achieves learning
improvements through feedback received by students and
teachers during the instruction process [23]. This type of
assessment has some features such as learning progressions that
articulate subgoals of the ultimate goal (which should be clearly
identified and communicated to students), evidence of learning
elicited during instruction, descriptive feedback of the
instructional outcomes, self and peer assessments, and
collaboration between teachers and students [10].

FA can take the format of a wide range of instruments or
tasks with the purpose of assisting, strengthening, or shaping
student learning during the educational process [22]. It may be
formal or informal, spontaneous or planned, on an individual or
group basis, oral or written, graded or ungraded [22]. Let us
note an example: laboratory exercises built along the subgoals
of a course, included in online tools and designed to be solved
individually, but in a collaborative classroom where the
instructor, the classmates, and/or the tool can offer FA
feedback.

A controversial issue is whether deliverables produced by
students in FA activities could be graded. Since the goal is to
improve learning, requiring students to submit a deliverable
which may be graded could distract them, and ultimately detract
from their learning progress [24]. Meanwhile, some authors
argue that “low stakes” assessments encourage students to pay
more attention [23], [25], [26]. Nevertheless, a problematic
situation arises when tasks are graded: some students may
decide to copy other students’ work, thus losing the opportunity
to learn by completing the tasks on their own [23]. When the
grade assigned to these activities is of minor importance and is
clearly designed to motivate and recognize students’ effort,
students copying work may be considered “instructional
disobedience”, i.e., the student is engaging with the learning
environment in a way different from the original intention [13].

C. Relationships Between SRL and FA

The study of the interactions between SRL and FA is an
active line of research [9], [11], [12]. A recently published
literature review [9] discussed keystone publications on the
relationship between FA and SRL. This review highlights that
the study of these connections between assessment and SRL
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began in the early 1990s and have been primarily
unidirectional: FA scholars have expanded their scope of
assessment to include SRL [9]. FA helps students to
conceptualize what and how they are learning. These processes
activate students’ cognitive and motivational capacities, focus
students on their learning goals, and provide feedback and
strategies they can use to help them to self-regulate their
learning [9]. Practical methods that have been used to study the
link between SRL and FA include self-assessment and
formative feedback, for instance. Self-assessment involves
reflecting on one’s work which can serve to regulate one’s own
learning more effectively [27], [28]. Formative feedback
provides information on how successfully a task has been done
and on how and what can be done to perform it more
effectively. This feedback equips students to self-regulate their
learning [11], [12].

It is widely recognized by scholars in both the fields of FA
and SRL that the interests of both strategies are reciprocal and
that their combination is beneficial [29]. It seems clear that SRL
skills are needed to take full advantage of student involvement
in FA [9]. In this vein, researchers call for increased investment
to explore this reciprocal relationship. It also seems logical to
ask questions about how SRL strategies, as SA (or their
absence), are related to the uses and results of FA [9].

D. Online Tools Supporting SRL and FA

Online tools have the capability to support SRL and FA. On
the one hand, online tools can be used to enhance SRL [3].
These tools provide learners with the flexibility and
accessibility to be able to study anywhere, at any time. But this
flexibility requires that students structure their own learning
and manage their time efficiently. Broadbent et a/. [3] described
three types of these tools. Firstly, some educational
technologies (e.g., online training or mobile-based apps) can
provide direct instruction on how to acquire and develop SRL.
Here the technology is used for the primary purpose of helping
students learn how to regulate their learning [3]. Secondly,
some tools (such as nStudy [30] or MetaTutor [31]) are
embedded within online learning environments to support and
promote SRL while students are completing course-specific
content learning tasks. Finally, non-SRL tools can be used for
SRL purposes. This is an alternative approach that uses already
available tools to support and develop SRL (or build up on top
of these tools). These types of tools can help learners to monitor
their learning process while performing the activities, through
SRL strategies that have proven to be beneficial, such as self-
assessment, goal setting, planning or organization [30], [32].
Moreover, researchers seeking to produce a student reaction
through a tool can use the tool to try to measure such reaction
(this is called “third wave of SRL measurement” [4]). Specific
studies on how SRL strategies affect learners’ behavior in the
use of Massive Open Online Courses [5], [33] and some
literature reviews of online tools that support SRL have been
published recently [3], [34].

On the other hand, technology can help instructors to create
engaging FA. For example, an effective tool may provide
immediate or personalized feedback to students [35]. Existing

online learning tools enable FA to be offered in different
formats: questionnaires, supervised or unsupervised [23]; peer
reviews [36]; self-assessments [37]; or automatic evaluation
and complementary feedback, in programming problems [38],
[39]. Indeed, other recent literature reviews also show that
computer-based tools can effectively enhance FA [40], [41].
Laboratory sessions that include programming exercises
designed for FA are another example.

Clearly an online tool can be used for both FA and SRL
purposes [9], [41]. For example, in [42], an FA tool is used to
promote SRL skills. In addition, [43] presents an online game-
based FA module that influences students’ SRL-motivational
strategies.

E. Educational Process Mining

Both Broadbent et al. in [3] and Cicchinelli et al. in [6]
included a definition of learning analytics as “the measurement,
collection, analysis, and reporting of data about learners and
their contexts, for purposes of understanding and optimizing
learning and the environments in which it occurs”. This
discipline has great potential to improve the technologies that
support and promote SRL, and several challenges have been
identified, such as the need for data analysis methods capable
of identifying patterns related to SRL [3]. In this line, in [44]
learning analytics techniques are used to detect learning
strategies. In particular, the authors present a comparison of
three analytic approaches showing how different approaches
influence results. More specifically, [44] identifies process-
oriented data analysis approaches (which emphasize the timing
of events), sequence analysis (which combines sequence
techniques with unsupervised learning to detect learning
strategies from trace data), and network approaches (where
learning strategies are identified through networks based on the
co-occurrence of learning states or actions). In order to focus
specifically on the distribution of students’ actions over time, it
is logical to opt for a process-oriented data analysis.

A more specific field that falls within the scope of learning
analytics is educational data mining (EDM). This field is
concerned with the use of different data analysis techniques,
backed by automated support, for the study of educational
topics. It is a field still in development [45] that has been
recognized to “play a signal role advancing research on
motivation, metacognition, and self-regulated learning” [18]. A
subset of the techniques used in EDM is process mining, whose
use has given rise to the term educational process mining
(EPM) [46], [47]. The most common uses of EPM include
understanding educational processes, giving feedback for
students and teachers, detecting challenges for students, or
improving the management of learning objects [46]. At present,
there is no well-established methodological approach for how
to apply these techniques. Usually, data analyzed with EPM
come from educational platforms, are collected in an event log,
cleaned, and organized to eventually perform a process
discovery [16]. Generally, the models obtained are complex and
it is difficult to reach clear conclusions [33]. For this reason,
clustering techniques (such as trace clustering [48]) are used to
pre-process and segment the event log.
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EPM has been recognized as “a powerful tool for identifying
patterns of SRL” [17]. Some studies see SRL as a process and
use EPM tools to analyze recorded data from student
interactions with the online learning tool in order to identify
different learning strategies [33], [49]. An important variable in
this type of analysis is the moment during the course when
activities occur, for example, SRL activities, or sessions during
which students receive FA. For instance, Cicchinelli ef al. [6]
studied (albeit without using EPM) traces of interactions with a
Learning Management System throughout a course, in order to
analyze self-regulated behavior on the platform. As another
example, a process-oriented analysis on a massive open online
course (MOOC) is presented in [33]. The most frequent
processes followed by students are identified, and then PM is
applied to the entire group of those processes, but regardless of
when they were conducted. The authors obtained three clusters
called Sampling, Comprehensive, and Targeting learners.
Sampling students explore some materials and do very few
activities; Comprehensive students are those who make the
most effort, delve deeper into content, and perform the most
SRL; Targeting students focus their efforts on assessments and
are less engaged. These clusters are also comparable to those
obtained by [6], under the names Probers, Continuously active,
and Procrastinators, respectively.

As far as we are aware, no study thus far has analyzed
relationships among SRL and FA using EPM techniques
considering the moment during a course in which students carry
out both review exercises promoting SA and sessions with FA.

III. RESEARCH QUESTIONS

When an online tool is used to perform both review exercises
promoting SA and FA activities, the tool itself can track not
only which exercises have been solved and the proposed
solutions, but the time period over which each student has
completed the activities. Traces of use of this tool could be used
to analyze student engagement with review exercises promoting
SA and FA activities. It is also interesting to examine the
performance of students regarding their engagement. This
performance will be measured through the academic results
reflected in the course grades. In this context, and using tool
traces to analyze the type and the timing of submitted exercises
through an online tool, the research questions of this study are
as follows:

RQI1. What are the patterns of student engagement with
review exercises promoting SA over time?

RQ2. What are the patterns of student engagement with FA
exercises over time?

RQ3. What are the patterns of student engagement when
combining the SA and FA previous obtained patterns?

In the three questions above, we will also enquire how the
identified patterns are associated with students' academic
success (as measured by their course grades).

RQ4. How do review exercises promoting SA (or lack
thereof) relate to students’ engagement with FA exercises?

The implications of the results obtained in this study
underscore the importance of taking into account the timing of
SA and FA exercises when characterizing student behavior. In

addition, this research represents progress in the bi-directional
study of SA, as a SRL strategy, and FA. In this line, techniques
such as process mining, that consider the temporal component
of activities developed through an online tool, appear to be
fundamental.

IV. MATERIAL AND METHODS

A. Academic Context and Online Tool

The present case study was conducted with students in a
relational database course. It is a 60-hour course included in the
first year of a software engineering degree program.
Approximately 25% of the total class time was devoted to
lectures on theoretical aspects of relational database systems
and the SQL language [50], during which an instructor explains
such concepts to the entire class. The remaining 75% of class
time was reserved for hands-on learning of the SQL language,
i.e., pen-and-paper SQL exercises, and scheduled SQL
laboratories, which lasted 120 minutes. The SQL language is
the predominant language used to define and manipulate
relational databases. Although SQL syntax is relatively simple,
it allows the construction of complex queries and learning the
language requires considerable effort [51].

We developed an online tool, called DELFOS, that assists
students in the process of learning the SQL language (see
Supplementary Material for a description of the tool
functionality and interfaces). DELFOS has two purposes. The
first is to perform exercises in FA laboratory sessions. These
sessions are a collaborative scenario in which the students, with
the instructor help, try to progressively solve programming
SQL queries provided by the tool. These labs are intended to
articulate subgoals leading to the ultimate goal of learning SQL,
which will be assessed through different written exams.
DELFOS offers automatic assessment that informs students
whether or not their answer matches the expected result. When
the execution of the query is free of syntactical errors, the tool
checks to see if the obtained query result and the expected query
result match. This matching could overlook some students’
misconceptions, such as the incorrect use of some SQL clauses
or the inclusion of unnecessary tables or subqueries.
Consequently, a basic help feature has been incorporated into
DELFOS to call students’ attention to these kinds of errors (Fig.
8 of the Supplementary Material shows a screenshot of the tool
including a hint). Students also receive formative feedback
from the session instructor. Depending on the circumstances,
the instructor will address concerns individually, or explain
issues to the whole group. In these labs, either another student
or the instructor can help a student to solve a SQL query.
Finally, each student individually submits the exercises
developed using the tool. The work submitted throughout all
the sessions receives a global grade intended to motivate and
recognize students’ effort in these activities. This is a “low
stakes” grading that is automatically calculated through
DELFOS, based on the number of exercises submitted by the
students in these labs. However, as already noted by other
authors [23], such relatively minor assessment can impel some
students to falsely improve their deliverables by copying
exercises from classmates. Nevertheless, this action has a
negligible impact on the final grade and can be considered a
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type of instructional disobedience [13]. In the case of
supervised FA laboratory sessions, students may have other
motives for copying. For example, students may be running out
of time, they are unable to solve a particular exercise, or they
may have solved an exercise by collaborating with a classmate.
In addition, well-intentioned students may collect solutions
from peers to further study them, or ask classmates for help if
they have problems with exercises [23].

The second purpose of DELFOS is for students to have
access to a set of review exercises to promote their self-
assessment. These review exercises are: optional, not
scheduled, available at all times, and done by the students on
their own. The tool assigns the review exercises to specific
review sessions according to a set of options selected by the
students. For instance, students may choose how many review
exercises want to attempt in the session and the level of
difficulty or kind of exercise. In this way, students can
personalize each session according to their goals. The tool
offers the automatic assessment and basic hints described
above. Students can download a PDF document with the
statements of the exercises and the solutions that they have
proposed. This setting can be considered a use of a non-SRL
tool for SRL purposes, in particular through a SA strategy [3].

The students’ performance during the course was evaluated
through three different formats (with grades ranging from 0 to
10 in all three cases):

1) Laboratory sessions: Seven supervised laboratory
sessions with a total of 40 exercises were conducted
using DELFOS. 3% of the course grade corresponds to
students’ efforts in laboratory sessions, which represents
less than 0.05 points out of 10, per session.

2) Interim tests and exams: Three tests and three written
exams were completed throughout the course. The tests
included 6 to 10 questions about theoretical aspects of
relational database systems. These tests constitute 3% of
the final grade. The exams dealt with the SQL language,
took place after the second, fourth, and seventh query
laboratory sessions, and represented 24% of the final
grade. The first exam includes simple queries and inner
joins; the second: aggregations, outer joins, and set
operations; and the third: subqueries.

3) Final exam: A written exam about relational databases
and SQL exercises was given after all instruction had
been completed and represented 70% of the final grade.

Students needed to earn at least 5 points to pass the course.

B. Participants

After a pilot test of the tool was conducted during several
laboratory sessions throughout the 2011 academic year,
DELFOS was fully incorporated into laboratory sessions in the
2012 academic year. In 2014, the feature of review exercises
promoting SA was introduced for the first time. However,
during that year only the number of review sessions completed
by each student was collected (but not the specific exercises
solved in the session). With this in mind, data from two
different periods were analyzed: (1) an initial period covering
the 2012 and 2013 academic years, including 123 student
participants (85% men), and during which only FA activities

were conducted; and (2) a second period consisting of the
academic years from 2015 through 2018, which includes 259
student participants (84% men), and during which both SA and
FA activities were conducted. Both periods will be compared in
order to analyze students’ engagement and provide insight into
the relationships between SA and FA. Let us note that the year
2014 has been discarded from the analysis for the reasons
described above. Students who dropped out, i.e., students who
did not take the final exam, have been excluded from the
analysis. During all the years analyzed the instructors were the
same and the difficulty of exercises, tests, and exams remained
unchanged. The only variation between both periods was the
inclusion of the review exercises promoting SA starting in
2014.

C. Log Events

In this study, the interaction of the students with DELFOS
was categorized as several series of events, grouped into two
collections. Both collections were obtained from the tool log
files. The first collected events are related to review exercises
promoting SA. The kind of events considered here include the
start and end-times of review sessions, and exercise
submissions, noting which of the four written exams they
preceded. A total of 13,407 events were collected in this log.

The second log collected the events of the laboratory sessions
where students received FA. The kind of events considered
include start and end-times of the laboratory session, and
submission of original or copied exercise (hereinafter, original
FA exercise or copied FA exercise). A total of 3,464 events of
the 20122013 period and 8,288 events of the 2015-2018
period were collected in the second log. In this study, a
submission is considered copied if it is a complete and exact
copy (discarding word and line separators) of another solution
submitted earlier by another student during the same session.
Full copies have already been examined in other SQL learning
studies [52]. Let us note that matches are not always due to
copying, for example they could be the result of student
collaboration. In addition, some submitted work that has some
minor differences may be the result of copying. Obviously,
there are more advanced mechanisms to detect student copying
[53], but our experience in previous years indicates that the
aforementioned measure of similarity is sufficient for our
research purposes. We analyzed five of the seven laboratory
sessions in which the tool was utilized. The first laboratory
session was discarded from the study because it included very
simple exercises. Such simple exercises resulted in many
students proposing the same solution, even they were not
necessarily copying each other’s work (false positives). The last
session was also discarded because it could not be held some
years due to time constraints.

D. Instruments Used

The Process Mining Project Methodology PM? was followed
[16], which has also been used in other educational studies [33].
This methodology consists of six stages, and starts off by
defining research questions (planning). Afterwards, the event
data are extracted (extraction) and event logs are created
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structuring the obtained data in different views (data
processing). Each event has information about the executed
activity, as well as temporal information to sort the events.
Fourthly, during the most important stage, process mining
techniques are applied to event logs (mining and analysis). The
discovered process models and other findings are evaluated
(evaluation) and, finally, if the findings are satisfactory, they
can be used to modify the process execution (process
improvement and support).

In our case, once the research questions were established, the
event data was extracted from the DELFOS database.
Afterwards, following the research questions, the two event
logs detailed in the previous subsection were created following
a divide-and-conquer proposal [54], which allows each type of
process to be analyzed separately with greater precision. The
extraction and generation procedure for the two event logs was
performed using the specialized tool XESame [55]. For the
mining and analysis stage, we used the best-known process
mining tool, called ProM [47]. In addition, we used Guide Tree
Miner [56] as process diagnostic technique. Guide Tree Miner
is a plugin for ProM that, working from event logs, uses
agglomerative hierarchical clustering to automatically generate
clusters, once it has been instructed about the number of clusters
to create. For the evaluation stage, the clusters obtained were
statistically analyzed using complementary data on academic
performance (interim tests and exams, and final exam).

E. Measures

The different grades obtained in the various assessment types
are utilized to describe the academic performance of each
cluster identified in terms of both SA and FA, as well as in the
crossing of SA and FA clusters. In this analysis, ANOVA tests
were conducted (including Bonferroni corrections to analyze
each pair of data sets included in the ANOVA). Parametric
conditions were verified prior to using these tests; and when
parametric conditions were not fulfilled, the corresponding
non-parametric tests (i.e., Kruskal-Wallis test) were used
instead. Finally, a chi-square test was utilized to study the
distribution independence for categorical data. The controlled
variables included the instructors; the tool; the difficulty of the
questions on the tests, exams, and labs; and the compulsory use
of the tool in labs.

V. RESULTS

The following four subsections describe the results obtained for
each research question posited by this study.

A. Clusters From the SA Event Log

To answer the first research question, we analyzed the time
information collected in the tool’s trace to reveal students’
engagement when doing review exercises promoting SA, and
to compare the academic grades corresponding to each of them.
Following the criteria and procedure indicated in the previous

section, four clusters were obtained by applying PM to the log
of SA events. We chose a four clusters solution, since adding
more clusters did not provide relevant differences, and fewer
clusters result in underspecification of students’ traces (an
analogue clustering approach is used in [6]). Fig. 1 contains a
bubble chart representing the mean number of review exercises
done by the students per week (within the semester) in each
cluster. Table I includes the mean number of review exercises
done by the students in the course and a comparison of the
academic performance of each cluster. The labels chosen for
these clusters were Strong, Initial, Final, and Weak SA.

By observing Fig. 1 one can appreciate that the cluster Strong
SA contains a much greater amount of review exercises than the
rest. In addition, the review exercises are distributed throughout
the course in a more or less balanced manner, with intensity
waning slightly as the final exam approaches. The Initial SA
cluster contains fewer exercises than the Strong SA cluster and
intensity decreases as the course progresses. Students started
out investing a lot of work and then their effort decreased to a
nominal level during the sessions associated with the final
exam. The Final SA cluster is, in a way, the opposite of the
Initial SA cluster because the pace of work increased over time
and it was much higher in the sessions associated with the final
exam. Last, the Weak SA cluster is the one with the fewest
sessions and exercises throughout the course. The level of work
was very low regardless of which exam the review sessions
were associated with.

Considering the four clusters obtained, which reflect the
individual self-assessment effort, comparative analyses were
done with other data. Firstly, distribution does not differ among
the different clusters according to gender: Weak (82 vs. 14),
Final (65 vs. 12), Initial (33 vs. 5), and Strong (37 vs. 11); (y* =
2.059, p = .560). On the other hand, drop-out students are
concentrated in the Weak SA cluster (24), and very rare in the
other clusters: Final (2), Initial (1), and Strong (2).

A comparative study was also done of the grades obtained by
the clustered students on the different assessments (excluding
drop-out students). Table 1 shows these comparisons, where
significant differences between clusters can be observed in all
assessments except for the exam 1. After comparing the groups
by pairs (using Bonferroni correction), differences can be
observed among exams 2, 3, and the final exam between the
Strong SA cluster and the two with fewer review exercises
(Final and Weak). There are also differences among exams 2
and 3 between the Initial and Final clusters, but not between
Initial and Weak. Fig. 2 shows graphically how the Initial SA
cluster got the best marks at the beginning, even surpassing the
Strong SA cluster, but its performance declined as the course
progressed. It can also be observed that the Weak SA cluster
obtained better grades than the Final SA cluster on the first three
exams, but is slightly surpassed by Final in the last exam. As
we have seen, students in the Final SA cluster completed many
review exercises associated with the last exam.
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Representation of the clusters (y-axis) obtained from the SA Event Log. The x-axis shows the number of the week (within the semester) when

the students perform review exercises promoting SA. The size of the bubble represents the average number of exercises done by the students in that
week. The vertical lines mark the moments when the three interim exams are scheduled.

TABLEI
MEAN (STANDARD DEVIATION) OF THE NUMBER OF EXERCISES SOLVED IN REVIEW SESSIONS PROMOTING SA AND OF THE GRADES FOR THE DIFFERENT
ASSESSMENTS IN THE FOUR REVIEW GROUPS (GRADES ON A 10-POINT SCALE)

Groups regarding SA . .
S: Strong I: Initial F: Final W: Weak Statistic After Bonferroni
N 46 37 75 72
Reviews 41.69 (30.01) 15.79 (11.49) 12.13 (12.53) 2.44 (4.17) 1’ = 160.304%%* S>LF>W
Exam 1 5.41(2.98) 5.63(2.92) 4.54 (2.22) 4.65 (2.91) ¥ =1.656; p= 437 -
Exam 2 5.71(2.74) 5.00 (2.59) 3.47 (2.47) 4.01 (2.70) F=8.180%** S>F, W;I>F
Exam 3 6.25 (3.33) 5.14 (3.13) 3.34(2.91) 420 (3.53) F=8.345%** S>F, W;I>F
Final Exam 6.06 (2.40) 4.63 (2.36) 4.16 (2.31) 3.81(2.77) F =8.400%** S>F, W
Labs 8.67 (1.96) 8.73 (1.68) 7.69 (2.33) 7.58 (2.73) 1 =10.569**; p = 005 -
Tests 5.18 (1.91) 4.74 (1.78) 4.29 (1.74) 4.06 (2.16) F="1.737%** S>W

*kp < 01, ***p < 001, Statistics: ANOVA F test, Kruskal—Wallis x> test

B. Clusters From the FA Event Log

To address the second research question, the time
? Strong
8 @—Initial

—O=—Final
7 —a—\Weak
6
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Exam 1 Exam 2 Exam 3 Final Exam

Fig. 2. Comparison of exams grades according to SA clusters.

information and the submitted exercises (distinguishing
between original and copied work) collected in the tool’s trace
are analyzed to identify student’s engagement when completing
FA exercises. Students’ academic grades are also considered.
Following the criteria and procedure indicated in the
previous section, four clusters were obtained by applying PM
to the laboratory session events log (FA). Fig. 3 contains a
bubble chart representing the average number of exercises done
by students (distinguishing between original and copied
exercises) in each consecutive period of 20 minutes in the FA
laboratory sessions. Table II includes the mean number of
exercises done by the students (also distinguishing between
original and copied exercises) and a comparison of the
academic performance of each cluster. The labels chosen for
these clusters were Very High, High, Medium, and Low FA.
One can observe in Fig. 3 how the Low FA cluster contains

a much larger amount of copied exercises in all the sessions and
that these are fairly evenly distributed throughout each session.
In many cases, fewer exercises were submitted. The Medium
FA cluster has fewer copied exercises than the Low FA cluster,
but considerably more than the two remaining clusters. Copies
are not concentrated at the beginning or at the end of the
session. The High FA cluster has fewer copies than the Medium
FA cluster. In addition, copies are concentrated at the end of
some sessions. Finally, the Very High FA cluster is the one with
the fewest copies and includes the largest number of original
exercises.

Comparative analyses of these clusters were also performed.
First of all, there are slight differences in the distribution of men
and women: Very High (74 vs. 13), High (34 vs. 13), Medium
(51 vs. 4), Low (58 vs. 12); (x> = 7.947, p = .047). A smaller
proportion of women can be observed in the Medium cluster
and a higher proportion in the High cluster, although due to the
small total number of female students, conclusions cannot be
drawn. In addition, drop-outs are concentrated in the Low
cluster (19), and are very rare in the other clusters: Very High
(1), High (1), and Medium (4).

A comparative study of the grades obtained by the different
clusters of students on the various course evaluation
assessments (again excluding drop-out students) was also
conducted. Table II shows these comparisons, where significant
differences can be observed between the clusters in all the
assessments. After comparing the cluster pairs (applying the
Bonferroni correction), differences are observed in all the
assessments between the Very High and High clusters and the
Low cluster. The Medium cluster obtained worse results on
exams 2, 3, and the final exam as compared to the Very High
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Fig. 3.

Representation of the clusters (y-axis) obtained from the FA Event Log when review exercises promoting SA are included in DELFOS. The x-axis shows

the five laboratory sessions. The size of the bubble represents the average number of exercises (original exercises, in light grey; copied exercises in dark grey) done
by the students throughout the session (consecutive periods of 20 minutes has been considered in each laboratory session).

TABLE II
MEAN (STANDARD DEVIATION) OF THE GROUPS’ GRADES FOR THE DIFFERENT ASSESSMENTS REGARDING FA (GRADES ON A 10-POINT SCALE)

Groups regarding FA

V: Very High H: High M: Medium L: Low Statistic After Bonferroni
N 86 46 51 51
Copies 0.76 (1) 2.30(1.47) 5.78 (2.86) 7.18 (6.27) 2= 117.870%** V,H>M,L
Originals 21.62 (4.37) 20.57 (3.68) 16.29 (4.86) 10.26 (4.86) 1= 132.630%** V,H>M>L
Exam 1 5.52(2.77) 5.54 (2.56) 4.53(2.76) 3.94 (2.61) ¥ =14.335%% p= .02 V,H>L
Exam 2 5.32(2.58) 5.40 (2.77) 3.74 (2.55) 2.52(1.97) F=17811%** V,H>M,L
Exam 3 5.42 (3.30) 5.62 (3.37) 3.67 (3.26) 2.58(2.63) F=10.930%** V,H>M,L
Final Exam 5.35(2.37) 5.73 (2.23) 3.58 (2.55) 2.76 (2.18) F=19.256%** V,H>M,L
Labs 8.49 (1.68) 8.60 (1.80) 8.53(1.72) 6.69 (3.10) 1P = 16.279%** V,H,M>L
Tests 4.84 (1.97) 5.12 (1.93) 4.50 (1.52) 3.63 (1.84) F="7.737%%* V,H>L

*kp < 01, ¥**p < 001, Statistics: ANOVA F test, Kruskal—Wallis x> test

and High clusters. However, it achieved better results than the
Low cluster in terms of submitting laboratory exercises (which
contains students who failed to deliver some exercises). Fig. 4
shows graphically that the Very High and High clusters score
similarly on the exams and that the other two clusters remain
far below them, with the Low cluster getting the worst scores.

Applying PM to obtain 3 clusters, the Very High and High
clusters are unified, and when applied to 2 clusters, Medium
and Low are also unified. In the light of the results in Table II,
the fusion of these two cluster pairs seems a natural
simplification of the situation found in this study. In the
following section, these two clusters are referred to as High and
Low FA. This simplification does not alter the distribution of
men and women in either of the two clusters: High (108 vs. 26),
Low (105 vs. 16); (x> =1.765, p = .184).
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Fig. 4. Comparison of exams grades according to FA clusters.

C. Clusters Combining SA and FA

To answer the third research question, an analysis that
combines the engagement patterns obtained in the two previous
sections is performed. Table III lists the eight clusters resulting
from crossing the four on SA and the two on FA: Strong, Initial,
Final, and Weak, each paired with High and Low. Drop-out
students were excluded from these results (they were
concentrated in the Weak—Low cluster (21) and very rare in the
rest of clusters: Strong—Low (2), Initial-Low (1), Final-Low
(1), Strong—High (2), Initial-High (0), Final-High (2), and
Weak—High (2)). Table I1I shows differences in all assessments
and the differences that remain after applying the Bonferroni
correction. These results are displayed graphically in Fig. 5,
where one can see that strategies with a high level of FA
exercises (dashed lines), in most cases, obtained better results

SRL & FA clusters

Strong&High Strong&Low

=M= Initial&High @~ Initial&Low

8 =F-Final&High —O—Final&Low
- M- Weak&High —8—Weak&Low

Exam 3 Final Exam

Exam 2
Comparison of exams grades when combining SA clusters with High

FA (dashed lines) and Low FA (straight lines) clusters.

Exam 1

Fig. 5.
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Fig. 6. Representation of the Very Low cluster obtained from the FA Event Log without review exercises. The x-axis shows the five laboratory
sessions. The size of the bubble represents the average number of exercises (original exercises, in light grey; copied exercises in dark grey) done by
the students throughout the session (consecutive periods of 20 minutes has been considered in each laboratory session).

TABLE III
MEAN (STANDARD DEVIATION) OF THE GROUPS’ GRADES FOR THE DIFFERENT ASSESSMENTS REGARDING SA AND FA

Groups regarding SA and FA

Strong Initial Final Weak  Strong Initial Final Weak
High High High  High Low Low Low Low Statistic After Bonferroni
SH IH FH WH SL IL FL WL
N 28 22 42 37 12 15 32 36
Copies 1.2(1.3) 15(1.5) 14(1.5) 1.2(1.4) 52(2.8) 6.3(3) 7(6) 6.8(5.6) x*=101.157%%* H>L
Originals 21.5(4.8) 21.8(3.1) 21.1 (4.5) 21 (3.9) 15.9 (4.8) 14.9 (4.1) 12.6 (5.9) 11.8 (5.6) > = 117.259***x L>H

Reviews 50.4 (32.3)17.5 (13.4)15.2 (14.4)4.1 (5.5)27.1 (18.7) 13.58) 8.1(8.5) 1.4(2.5) »*=150.047*** SH>SL,IH, FH> WL, WH; SH > IL, FL; SL > FL
Exam1 62(3.1) 6(29) 48(22) 572.7) 4225) 52@3.1) 43(23) 3.9(2.9) 2=21311%* p=.003 -
Exam2 68(22) 6.1(2) 4(2.6) 53(2.6) 39(2.6) 35(2.5 2.8(22) 29(2.3) F=11.518%** (SDH > FH, (SIFW)L; WH > (FW)L
Exam3 7.1(33) 6@3) 4227 54(3.6) 49(3) 38(29) 1.8(24) 3.1(3.1)  F=8.733%*x SH > FH, (IFW)H; H > (FW)L; (FW)H, SL > FL
Final Exam 7.1 (2) 52(1.8) 5(Q2) 527 41(Q2) 3829 3(22) 2724) F=12.028%* SH > (FW)H, (SIFW)L; (IFW)H > (FW)L
Labs  8.7(1.9) 9.1(L.1) 82(1.8) 84(L.8) 8.7(2.9) 82(22) 72(2.5) 7.1(3.1) 3*=18.391*p= 01 -
Tests  5.6(1.9) 5(L7) 4.6(L7) 4.8(2.3) 4.5(L.7) 4.4(1.9) 4.1(L6) 3.7(1.8) F=3.514%*p=001 SH > (FW)L

*p < .05, ¥*p < .01, ***p < 001, Statistics: ANOVA F test, Kruskal—Wallis x> test

than those with a low level of FA exercises (straight lines). Fig.
5 also shows that only the engagement pattern involving a high
level of FA exercises and reviewing at the end (Final-High)
was surpassed in some assessments by other patterns where
students had a low level of FA exercises

D. FA Clusters Without Review Exercises Promoting SA

In order to answer the fourth research question, we analyzed the
log of events of laboratory exercises (FA) from the previous
period (2012-2013) when there were no review exercises
promoting SA. Four clusters were obtained using the same
criteria than in the previous cases, and, after their visualization
and comparison, similarities were found in three of them with
the High, Medium, and Low clusters obtained with the log of
the review-exercises period. The average number of copies and
originals ("Copies" and “Originals” rows) of the clusters with
the same name in Tables IT and IV are similar, as are also similar
the ratios between the average number of copies and the average
number of originals: 0.11 and 0.16 for High, 0.35 and 0.34 for
Medium, and 0.70 and 0.67 for Low. However, none of the
clusters obtained in this new period is similar to the previous
Very High. On the contrary, the Very Low cluster appears with
a smaller number of originals and a larger number of copies
(compare again rows "Copies" and “Originals” in Tables II and
IV with ratios between the averages of copies and the averages
of originals for Very High and Very Low of 0.03 and 1.54,
which are very different from all the others). Fig. 6 contains a
bubble chart representing the average number of exercises done
by the students (distinguishing between original and copied
exercises) each consecutive period of 20 minutes in the FA

laboratory sessions for this Very Low cluster.

Distribution of gender does not differ in the various clusters:
High (43 vs. 10), Medium (24 vs. 4), Low (20 vs. 1), Very Low
(18 vs. 3); (3> = 2.404, p = .493). Drop-outs are concentrated in
the Low (12) and Very Low (6) clusters, while less frequent in
the High (3) and Medium (3) clusters. Drop-outs were excluded
from the study of academic performance.

Table IV shows the comparative study of clustered students'
grades on different course assessments. Significant differences
between clusters are observed in all assessments, as is the case
for the period that includes review exercises promoting SA. In
the comparison between clusters, after performing the
Bonferroni correction, differences are observed in all the
assessments between the High and Medium clusters and the
Very Low cluster except in the case of submission of laboratory
exercise (labeled "Labs"). There are also differences among
these two clusters and the Low cluster in all the assessments
except the first two exams. In this case, the High and Medium
clusters obtained similar results, while Low and Very Low also
shared some similarities.

Finally, Fig. 7 graphically compares the evolution of exam
scores in the FA clusters of the two periods studied. During the
period without review exercises promoting SA (straight lines),
there was a strong improvement in the final exam as compared
to the previous exams (improvements were around two points).
However, in the period with review exercises (dashed lines), the
grades for exams 1, 2, and 3 were much better in general and
similar to the final exam.
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TABLE IV
MEAN (STANDARD DEVIATION) OF THE GROUPS’ NUMBER OF EXERCISES SOLVED IN REVIEW SESSIONS AND OF THE GROUPS’ GRADES FOR THE DIFFERENT
ASSESSMENTS REGARDING FA WITHOUT REVIEW EXERCISES PROMOTING SA

Groups regarding FA without SA (Review Exercises)

Very High H: High M: Medium L: Low V: Very Low Statistic After Bonferroni
N 50 25 15
Copies 2.74 (2.05) 4.50 (2.68) 5.57 (2.81) 10.76 (4.24) 1 = 48.410%** H<M,L<V
Originals 16.77 (5.32) 13.39 (5.57) 8.25(4.33) 7 (3.01) 12 = 45.542%% H>M>L,V
Exam 1 4.31(2.87) 4.57 (2.94) 3.07 (2.53) 2.12 (2.81) 1 =16.902%* p = 001 H,M>V
Exam 2 4.33 (2.67) 3.73(3.37) 1.57 (2.26) 1.21 (1.61) ¢ =22.611%** H,M>V
Exam 3 3.44 (2.95) 3.6 (3.37) 0.44 (0.62) 0.81 (1.61) 1= 19.666%** H,M>L,V
Final Exam 5.27 (2.73) 5.31(3.23) 2.94 (2.12) 2.35(1.92) F=6.084**p=.001 H,M>L,V
Labs 7.38(1.92) 7.16 (2.80) 4.80 (2.19) 6.77 (2.02) 1 = 19.190%** H,M,V>L
Tests 5.45 (2.07) 5.49 (2.51) 3.43 (1.90) 3.9 (1.60) F=7.677%%* HM>L,V

*kp < 01, ***p < 001, Statistics: ANOVA F test, Kruskal—Wallis x* test

Review and No Review
Very High High
7 High Med
=--O-- Medium
=@=Low

Exam 3 Final Exam

Exam 2

Exam 1
Fig. 7. Comparison of exam grades for periods with SA review exercises
(dashed lines) and without them (straight lines).

VI. DISCUSSION

The following four subsections discuss the results obtained
for the four research questions set out in this study.

A. Discussion on SA Clusters

The four clusters obtained from the review exercises log
seems to indicate four engagement patterns regarding SA.
Students in the Strong cluster did continuous review exercises
throughout the course and achieved the best academic results
on almost all assessments. Students in the Weak cluster made
few review exercises and obtained poor results. These results
are in line with what other studies have observed regarding
academic performance and SRL [2], [7], [33].

Regarding the behaviors in the two intermediate clusters,
students’ efforts were concentrated into a few weeks, and the
difference compared with the rest of weeks is very noticeable.
In Initial, the greatest SA effort was condensed into the first
weeks and in Final, in the last weeks. There are no differences
between these two clusters in regards to average dedication; but
Initial’s efforts turned out to be more beneficial, as those
students obtained better intermediate results, and even achieved
the best results on the first exam. Then, as their SA investment
waned, their results became worse. On the other hand, Final had
poor results in general (the lowest grades on several
assessments) and reacted too late, although this cluster’s results
were similar to the Initial cluster on the final exam. The Initial
group’s relaxation during the final stretch of the course could
be the consequence of achieving sufficiently satisfactory results
on initial assessments; while the Final cluster’s reaction could

result from not obtaining the desired grades. Some authors
assert that SRL can be conceptualized as a dynamic series of
behavioral and motivational events (among others) [4].
Furthermore, it is difficult to determine whether students’
behavioral changes throughout the course derive from their
SRL strategy, or involve other factors [33]. Based on the way
they access to optional reviews, both intermediate groups could
be classified as surface learning which is characterized by the
student trying to avoid failure, and which differs greatly from
the mastery learning orientation, adopted by the Strong group,
which prioritizes real comprehension and is intrinsically
motivated [14], [21].

Our clusters can be compared with those obtained in other
studies regarding SRL [6], [33]. Clusters called Sampling [33]
and Probers [6] could correspond to the Weak cluster from our
study, or even to drop-out students. Comprehensive [33] and
Continuously active [6] clusters would correspond to the Strong
cluster. Initial and Final clusters would fit primarily to
Targeting [33] and Procrastinators [6].

B. Discussion on FA Clusters With Review Exercises

The clusters obtained from the log of laboratory sessions in
the period with review exercises also seems to indicate four
engagement patterns regarding FA. The trace of students in the
group called Very High showed that these students did almost
all the FA exercises and barely copied; while the ones in the
Low group did not often do the FA exercises on their own, with
a low “instructional obedience” according to the terminology of
Elen [13]. These groups obtained the best and the worst
academic results, respectively. This result was expected, and is
noted in the literature on FA [23], [S7]. Very High students are
those who invested the most effort in finding their own
solutions. These students learned much more than students who
avoided tackling exercises, such as the Low students, for
instance.

The intermediate patterns are: High, i.e., students whose
trace in the tool reflects their engagement in almost all the FA
exercises (as in the case of Very High) and with very few non-
original exercises submitted at the end of a session (perhaps
these students just needed more time); and Medium, whose
trace indicates the submission of non-original exercises quite
frequently throughout the session (perhaps they were
overwhelmed by difficulties solving exercises). High’s results
were very similar to those of the Very High group. It seems that
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High students tried their best, but when they ran out of time,
they copied some exercises. Apparently, the Medium students
avoided tackling challenging exercises and probably did not
fully understand the solutions they copied. This last pattern
obtained poor academic results in intermediate assessments,
although copies helped them obtain a score comparable to Very
High and High for a very small portion of the course grade
(laboratories). The absence of this learning effort is evident in
the supervised exams [23].

C. Discussion on Clusters That Combine SA and FA

It is worth recalling that in this analysis the four SA clusters
(Weak, Final, Initial, and Strong) have been crossed with the
two FA clusters which gather the students that submitted the
most (High) and least (Low) original FA exercises. When
comparing the academic results of the eight resulting clusters,
it is observed that all the clusters with a high level of
involvement in FA laboratories (High) obtained better results
on all the assessments than those with low level of involvement
(Low), with only two exceptions located in the cluster with
review exercises promoting SA at the end and many originals
(Final-High). This last cluster does end up surpassing all of the
Low ones in the final exam. Therefore, it can be inferred that,
in general, students with better grades engaged more with FA
exercises, regardless of how much they reviewed.

As could be expected, the group that submitted more FA
original exercises and more review exercises promoting SA
(Strong—High) obtained the best academic results (significantly
better in the last two exams), and the group that reviewed only
a little and had less originals (Weak—Low) is among the worst
(on the last exam significantly). Another group that is among
the worst is that which reviewed only at the end and submitted
less original work (Final-Low). This third group, which began
to review very late, obtained progressively worse results (and
in some cases had the worst results). Although it did manage to
slightly surpass Weak—Low on the final exam, it still got poor
results. The first group (Strong—High) seems to fit into the
mastery goal orientation, and the other two into work-avoidant
[14], [21]. Mastery students focus on learning, finding problem-
solving strategies, and strive consistently throughout the course.
Work-avoidant students try to complete the course with the
minimal effort necessary. The literature makes it clear that the
first orientation tends to have satisfactory academic results and
the second tends to obtain poor academic results [21].

Among the three intermediate groups that had more FA
original exercises (Initial-High, Final-High, Weak—High), the
one that reviewed the least (Weak—High) seemed to follow a
performance-goal orientation [14], [21]. Performance students
strive to prove their worth and are interested in obtaining strong
academic results in comparison to other students. Therefore,
they tend to present their own version of the exercises without
copying others. However, they do not usually do self-study
tasks [21], perhaps because this activity does not produce
results that can be compared with other students. The
engagement patterns of the other two intermediate groups that
had more original FA exercises seem to be variations of the
latter. The Initial-High group began like mastery students but,
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after obtaining satisfactory results, decided to perform fewer
review exercises. The Final-High group, on the other hand,
reacted to unsatisfactory results, applied themselves quite late
in the course, and therefore failed to achieve the desired
performance.

The remaining intermediate groups (Strong—Low and Initial—
Low) had less original FA exercises. Strong—Low reviewed a
lot, and seemed to follow a performance-avoidant goal
orientation [14], [21]. Performance-avoidant students do not
consider themselves to be very competent, and want to avoid
revealing their lack of ability, so they are focused on avoiding
failure [21]. Therefore, they try to copy exercises from other
classmates and also do review exercises to compensate for their
insecurities. Nevertheless, the effort avoided in FA sessions is
not compensated by increased SA review sessions, since the
obtained results are worse than the Weak—High students. The
other group is Initial-Low, which looks like a variant of the
previous orientation who, in view of its good initial results,
decided to relax its SA effort.

Students with mastery goal orientation have been found to
achieve better results than performance-orientation students
[21]; and the latter, better than performance-avoidant [58]. This
situation is also observed in the results presented herein, if we
match our clusters with goal orientations.

D. Discussion on FA Clusters Without Review Exercises

Data from the log of laboratory sessions, collected during the
period when the tool did not include review exercises, allowed
us to compare the student activity in laboratory sessions
including FA before and after these review exercises promoting
SA were available. Analyzing these data, four new clusters
were obtained. Three of these clusters were labeled High,
Medium, and Low, due to their great similarity with the clusters
of the same name from the aforementioned period including
review exercises. The fourth cluster was labeled Very Low, as
students in that group had even less originals than those in the
Low group. There is no cluster equivalent to the Very High
cluster. Therefore, a change in the students’ engagement in the
laboratory sessions providing FA can be observed. The
introduction of review exercises promoting SA could suppose a
change in the contexts and the individual perceptions of the
course activities, and could originate a student reaction [4],
[14]. The new SA activities could mediate between students
personal and contextual characteristics and formative labs
engagement. In particular, students were impelled to position
themselves in groups with greater instructional obedience,
thereby enhancing their learning effort during FA sessions.

Comparing the academic results among the clusters of both
periods also allows differences to be identified. In the period
without review exercises promoting SA there was a marked
improvement in the results of the final exam compared to
previous assessments. However, in the period with the review
exercises, the results of the final exam are very similar to the
earlier assessments. In addition, intermediate exam scores are
much better in the review-exercises period. This seems to
indicate that promoting SA, by offering review exercises,
enables students to distribute learning effort throughout the
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course, as other studies also suggest [59], [60]. On the contrary,
when students did not have this possibility, they concentrated
their learning effort into the weeks prior to the final exam. This
reaction could also be a direct consequence of poor results on
earlier exams. Some studies find that starting to study late has
negative consequences on academic performance and can lead
students to drop out of the course [59].

An improvement of results can also be observed in all the
clusters of the review-exercises period as compared to the
similar clusters from the other period. This difference is very
evident in exams 1, 2, and 3; however, the results on the final
exam are more similar. As noted above, in the review-exercises
period, students put in more effort in FA laboratory sessions and
performed review exercises. This additional effort was
distributed throughout the course and explains the improvement
on interim exams during this period. However, the students
from this period did not feel inclined to make the same degree
of final effort as their peers from the period without review
exercises; and in the end, the final grades of the different groups
are similar. Some research raises doubts about the effectiveness
of interim exams in improving final assessment [10], [61].
Herein, we have found that improved interim exam results did
not translate directly into better final assessment results.

E. Limitations of the Study

Let us bear in mind that this study characterizes students’
learning behavior solely based on their use of an online tool
with review exercises promoting SA and FA exercises done in
laboratories, without a prior assessment of SRL skills.

The work of Broadbent et al. [3] mentions that the
technology could aid the learner with “distributed
metacognition” that prompts and supports SA during the
student’s interaction with a tool. While this may improve
learning outcomes, as appears to be the case in our study, more
research is necessary to conclude whether it also enhances
metacognitive knowledge and independent self-regulation
outside the interaction with the technology.

Moreover, this study has been conducted on a concrete
domain (relational databases and SQL programming), in a
single course with specific methodological choices that could
affect the study results. Nevertheless, we believe that the
primary components of this research—review exercises
promoting SA and FA exercises on a tool used in an
undergraduate course—can be applied to other contexts, but
more research is needed to generalize the obtained results.

F. Implications

The knowledge provided by tracking the timing of tasks
through process mining allows researchers to determine clusters
of students, not only according to the amount of activity, but
also the timing of their different types of activities. This
information makes it possible to recognize, and even anticipate,
each student's behavior during the course. On the other hand, it
is beneficial to encourage activities that promote SA since it
positively impacts FA activities by fostering strategies that
make better use of FA laboratory time, probably because
students come to laboratory sessions better prepared. Finally,
empowering SA also has a strong influence on intermediate
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exams. This could be a consequence of less procrastination and,
therefore, of a more balanced distribution of learning effort
throughout the course.

VII. CONCLUSION

Online computing tools support teaching in face-to-face
degree programs in many different ways. For example, the two
educational approaches studied herein—Self-Assessment (SA)
and Formative Assessment (FA)—can benefit from these tools.
In addition, researchers can track student activity with these
tools, which allows them to examine student’s engagement
through techniques such as process mining. In our case, both
SA and FA were integrated into the same tool, which enabled
us to analyze the relationships between them.

Our study traces the students’ interactions with a particular
tool for both the diversity and quantity of activities completed
by them, considering their distribution over time. This study
allows us to explore whether it is possible to find different
student engagement patterns when the tool is used alone in FA
laboratories compared to when, through a modification of the
learning context, the tool is used to additionally provide review
exercises that promote SA. The main findings of the study are
that activities designed to promote SA significantly improved
students’ involvement in FA tasks; on the other hand, it was
also observed that a lack of effort in FA exercises cannot be
compensated by increased SA activity.
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