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Introduction: Research about student performance has traditionally considered
academic procrastination as a behavior that has negative effects on academic
achievement. Although there is much evidence for this in class-based environments,
there is a lack of research on Computer-Based Learning Environments (CBLEs).
Therefore, the purpose of this study is to evaluate student behavior in a blended learning
program and specifically procrastination behavior in relation to performance through
Data Mining techniques.

Materials and Methods: A sample of 140 undergraduate students participated in
a blended learning experience implemented in a Moodle (Modular Object Oriented
Developmental Learning Environment) Management System. Relevant interaction
variables were selected for the study, taking into account student achievement and
analyzing data by means of association rules, a mining technique. The association rules
were arrived at and filtered through two selection criteria: 1, rules must have an accuracy
over 0.8 and 2, they must be present in both sub-samples.

Results: The findings of our study highlight the influence of time management in online
learning environments, particularly on academic achievement, as there is an association
between procrastination variables and student performance.

Conclusion: Negative impact of procrastination in learning outcomes has been
observed again but in virtual learning environments where practical implications,
prevention of, and intervention in, are different from class-based learning. These aspects
are discussed to help resolve student difficulties at various ages.

Keywords: procrastination, CBLEs, learning failure, Educational Data Mining

INTRODUCTION

Research on self-regulated learning (SRL) behavior covers a wide area of knowledge. It has
shown us that learners of all ages have difficulties deploying key cognitive and metacognitive
self-regulatory skills during learning in open-ended learning environments (Azevedo, 2015) like
many Computer-Based Learning Environments (CBLEs). CBLEs have brought new opportunities to
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current education (European Commission, 2014) but also bring
many challenges for the student. Deciding what, when, how, and
for how long to learn, in short, self-regulation, gains importance
in this context (Lajoie and Azevedo, 2006; Jacobson, 2008;
Winters et al., 2008; Azevedo et al., 2009; Michinov et al., 2011;
Klingsieck et al., 2012; You, 2015; Sánchez-Santillán et al., 2016).
In this study, we specifically explore a small but determinant
part of self-regulation, procrastination, trying to discover its
relationship with student failure in CBLEs. Although there is little
work on this specific topic, we provide an overview of the key
concepts and related research and then try to shed some light
on our research questions through the so-called Data Mining
methodology Association Rules. Lastly, we propose several ways
to use our findings to improve student learning and avoid
academic failure.

Self-Regulated Learning, Time
Management, and Procrastination in
Academic Contexts
SRL involves deploying metacognitive, motivational, and
behavioral processes in a systematic way, being able to adapt
strategies to different contexts, in order to achieve the stated
learning goals (Zimmerman, 1990); in this particular case, we
would say to different learning environments like the increasingly
common open-ended CBLEs. Self-regulated students face the
learning process with confidence, draw up a plan to guide
the study, monitor processes, adapt them to suit changing
environments, and know when they have achieved their goals
(Zimmerman, 1990). Bearing in mind the complexity of the SRL
construct, in this paper, we focus on one of the dimensions of
SRL, time management.

Zimmerman and Risemberg observed as early as 1997 that
within the personal qualities that differentiate students who
succeed from those who do not, there are six underlying self-
regulatory processes; time use, goal setting, self-monitoring,
self-reactions, self-efficacy, and motivation (Zimmerman and
Risemberg, 1997). From these processes, time management,
motivation, and perceived self-efficacy play the most important
role (Zimmerman, 1998). Along the same lines, several studies
highlight the impact of time management on fear of failure and
motivation (Visser et al., 2015), anxiety and stress (Hen and
Goroshit, 2014; Häfner et al., 2015) and academic achievement
(Balkıs, 2011; You, 2015). Therefore, it seems as though time
management plays a notable role in educational outcomes
from school to higher education and is highly interconnected
with many others variables that somehow determine learning
(Zimmerman and Risemberg, 1997; Zimmerman, 1998; Liu et al.,
2002; Lee, 2005; Stoeger and Ziegler, 2008; Odacı and Kalkan,
2010; Rabin et al., 2011; Kirk et al., 2013; Visser et al., 2015). Thus,
although it is possible for students to acquire time management
and other self-regulation skills through proper intervention, most
continue with this handicap throughout their education, and it is
often pointed out as a skill lack that affects students from primary
to tertiary education (Reid and Moore, 2008), and in authentic
and online learning environments (Lewis et al., 2014; Shukla et al.,
2014).

Numerous studies report on the importance of time
management and learning, not only in terms of quantity but
also the quality of time the students spend learning (Balkıs,
2011). Many of these studies focus on academic procrastination,
understood as “the tendency to postpone an activity under one’s
control to the last possible minute or even not to perform
it at all” (Gafni and Geri, 2010, pp. 115) and extensively
researched for decades. One of the seminal empirical papers
on student procrastination was published by Beswick et al.
(1988). In the last few decades, several different approaching to
procrastination arose. While some authors see functional forms
of procrastination (e.g., Chu and Choi, 2005), others take the
view that procrastination has no functional aspects (e.g., Corkin
et al., 2011). In a review of procrastination construct typology
attempts, Gueorguieva (2011) maintained that there are different
theorists using different labels when referring to similar types of
procrastination but what it is already well known is that failures in
self-regulation are the core of academic procrastination and that
this phenomenon poses a serious threat to students’ academic
achievement and subjective well-being (Steel and Klingsieck,
2016).

In addition, procrastination is one of the most extended lapses
in time management and is a common student behavior in every
educational stage (Terry, 2002; Rabin et al., 2011; Yang, 2012;
Romero, 2013; Katz et al., 2014; Karatas, 2015). For instance,
Sánchez (2010) found the presence of these behaviors in 80%
of university students and found that it was chronic in 20%
of them. Hence, procrastinating behavior—even though it is a
common practice in modern western societies—is in need of
further research (Levy and Ramim, 2012).

As mentioned previously, the negative effect of
procrastination on learning and performance has been observed
in authentic educational settings (class-based learning) but
there is a lack of research within CBLEs, which is aggravated
because, as has been previously observed, procrastination has
even greater influence in distance learning settings (Tuckman,
2005). This kind of misbehavior also seems to be related to
the higher student dropout rates in online than conventional
learning environments. In order to explain or predict dropout
in online courses, different conceptual models were suggested
(Lee et al., 2013; Cochran et al., 2014). These approaches found
several predictors of dropout associated with the difficulty of
employing responsible self-generated academic behavior in these
environments (Azevedo et al., 2009), leading to the conclusion
that a student who displays self-regulation skills is more likely to
succeed in CBLE one who does not (Winters et al., 2008).

Returning to previous results specifically related to online
learning, Michinov et al. (2011) found that high procrastinators
are less successful online learners than low procrastinators.
Recently, You (2015) applied multiple regression techniques
over LMS data from 569 college students obtaining results
that emphasize time management as a predictor of course
achievement. However, both studies concluded that although
their work sheds some light on the relationship between
procrastination and performance, further research is necessary to
expand the understanding of procrastination in online learning
environments.
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Related results were also produced by Goda et al. (2015) in a
longitudinal study with the goal of observing university students’
learning behavior in an e-learning environment. The authors
found seven behavioral profiles (procrastination, learning habit,
random, diminished drive, early bird, chevron, and catch-up)
and their relation to learning outcomes, highlighting the better
performance of students with a learning habit profile, in
contrast to those with a procrastinating profile. Meanwhile,
Broadbent and Poon (2015) carried out a useful literature
review of SRL strategies and academic achievement in online
learning environments emphasizing the association of optimal
time management and academic success in almost all research
reviewed. Moreover, several studies confirm the association of
procrastination and other academic misconduct, with the most
frequent being the use of fraudulent excuses (Patrzek et al., 2015;
Sureda-Negre et al., 2015).

Although some research findings highlight the negative
effect of procrastination, others have pointed out an active
procrastination profile corresponding to students who decide to
postpone tasks in order to produce a better performance (Choi
and Moran, 2009; Kim and Seo, 2013). This kind of finding, along
with the observed consequences of procrastinating behavior in
general learning, make it even more necessary to contextualize
the study of this specific phenomena in open-ended CBLEs.

EDM and Association Rules
CBLEs present significant differences in relation to traditional
learning settings that should be taken into account but that can
also offer an advantageous environment to observe and overcome
their aforementioned challenges; In general, CBLEs are ready to
collect large amounts of data from the user–machine interaction.
In particular, LMSs collect data from students that, properly
analyzed, can provide teachers and researchers with the necessary
information to support and constantly improve the learning
process (García et al., 2009; Paule-Ruiz et al., 2015). One of the
most used is Modular Object Oriented Developmental Learning
Environment (Moodle), a free LMS enabling the creation of
powerful, flexible, and engaging online courses and experiences
(Rice, 2006). Unfortunately, these platforms do not provide
specific tools to allow educators to thoroughly track and assess all
students’ learning process but one of the most suitable promising
and innovative techniques for handling these data is based on
Educational Data Mining (EDM).

EDM is an interdisciplinary research field, developing
methods for exploring the unique data that come from
computer educational environments (Romero and Ventura,
2013). Different EDM procedures have been used to get a
better understanding of the underlying educational processes,
to generate recommendations for students, to provide feedback
to either students, teachers, or/and researchers, to early detect
learning difficulties, to help students with specific learning
disabilities, to avoid academic failure, etc.; in short, to help
address the difficulties that students of different ages have when
learning in highly cognitively and metacognitively demanding
learning environments, like open-ended CBLEs (García et al.,
2009; Azevedo et al., 2012). Previous research has shown how web
usage mining can be applied in Moodle in order to predict the

marks that students will obtain in a course (Romero et al., 2013)
and even specific Moodle mining tools have been developed
for the use of not only experts in data mining but also of
newcomers like instructors and courseware authors (Romero
et al., 2008).

One of those procedures is the so-called association rules,
one of the most commonly used and best known Data Mining
techniques (Romero et al., 2010a) in very different research
disciplines such as medicine (Antonie et al., 2001), earth
sciences (Tan et al., 2001), banking (Aburrous et al., 2010),
telecommunications (Wei and Chiu, 2002), and the stock-market
(Hajizadeh et al., 2010), and also in the educational field. This
methodology has been extensively used to identify e-learning
indicators and their influence on student performance (Paule-
Ruiz et al., 2015), describe learning behavioral profiles (Goda
et al., 2015), point out variables that influence instruction
(Romero et al., 2010a), to improve a collaborative learning
experience (Mora et al., 2014), to test 3D virtual reality
environments (Cherenkova et al., 1996), to understand the role
of social networks in learning (Paredes and Chung, 2012), and
as the basis of adaptive learning systems (Murugananthan and
ShivaKumar, 2016). Based on this body of previous research,
and as Han already concluded in 2001, it seems as though
this methodology could produce enough knowledge to discover
patterns from a huge amount of data which would be a useful
base for a decision-making process (Han and Kamber, 2001).

In this paper, we intend to apply such analysis techniques
to data gathered from a course implemented in an open-ended
learning environment managed by a Moodle system in order to
discover time management parameters which will, hopefully, be
stable over time and samples that could be used as predictors of
the learning process and its result.

Research Questions
Considering the limited previous research findings in this
particular area, we arrive at the starting research question,
does procrastination behavior have any predictive value for the
student’s performance in LMSs in a distance learning experience?
Supported by previously reviewed literature in face-to-face
learning environments we hypothesize that procrastinating
behavior will have that assumed predictive value. Secondly,
and if so, how is procrastinating behavior related to student
performance in the LMS? Paule-Ruiz et al. (2015) and You (2015,
2016) found results in this direction but with a very different
methodology based on correlation, not necessarily causation.
Moreover, although these research findings found a negative
effect of procrastination, others have suggested the opposite
(Choi and Moran, 2009; Kim and Seo, 2013), leading us to
hypothesize with less confidence than the first hypothesis but
predicting a negative relationship between procrastination and
achievement, and therefore making further research necessary.

Finally, regarding the hypothetical Association Rules’
predictions made for a given sample, are they stable enough to
apply to another sample in following academic years? In other
words, we expect to extrapolate from the hypothetical predictive
values for procrastinating behaviors and use them to predict
different student’s performance in LMSs?
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MATERIALS AND METHODS

Participants
To test our research questions, we applied EDM techniques to log
file data from a Moodle 2.0 course, 140 undergraduate psychology
students from a state university in Northern Spain took part in
this research through a Blended-learning course. The sample was
formed mainly by women (83%), as the population of psychology
students is highly feminized. Their ages at the moment of the
study were ranged between 19 and 21 years (mean age = 20.23;
SD= 1.01).

This research focuses its attention on the study of variables
related to effort and time spent working—also needed in order to
ensure that students perform the minimum requested tasks—and
variables related to procrastinating behavior as focal parameters of
student interaction with the LMS used in the current work.

Procedure
We analyzed the interaction of two groups of undergraduate
psychology students with an LMS over two consecutive academic
years (N1 = 67; N2 = 73). The course is eTraining for
Autonomous Learning—eTRAL program (Cerezo et al., 2010;
Núñez et al., 2011) implemented in a university in the North
of Spain. eTRAL is a program about SRL and study strategies
that take part of the course curriculum but completed entirely
outside of teaching hours, and organized into 11 weeks/blocks
(blended-learning). Every Monday a new block is accessible to
the students, allowing them a 2-week period to complete it. In
order to do so, the students ought to carry out three compulsory
tasks per block, in any order: First, check a theoretical content
about learning strategies; second, complete a practical task related
to the theoretical content; third, contribute with a post in the
subsequent forum. These tasks merged with the three levels of
knowledge to reach an optimal learning (Biggs, 2005): declarative
knowledge level: theoretical contents, description, information,
and how-to put in practice the strategy or strategies of the week;
procedural knowledge level: practical tasks where the students
have to put the declarative knowledge into practice; conditional
knowledge level: discussion forums where the students have
to discuss about how they have or would use the strategy or
strategies of the week in different contexts. The role of the
instructor was to manage the Moodle course interfering as less
as possible in the learning process; just setting the technical
details required for running the contents, notifying by mail
every time that there were a new unit available—even though it
follows a feasible periodicity—moderating the forum if necessary,
and answering students questions off-line about technical o
theoretical issues.

Due to eTRAL being part of the course content, students were
required to complete 80% of the 11 blocks in order to gain an
extra point in the final mark of the course. Further information
about this program can be found in Cerezo et al. (2015).

Extraction of the Variables
During the implementation of the course, the interaction of
the students with the LMS is recorded in the Moodle database

logs (Cole and Foster, 2007). The Moodle system tracks student
interaction based on actions collected from every student and
their metadata, for example; the date, kind of action, and
name of the resource which has been worked on. Moodle
stores a total of 76 actions, but we selected only eleven raw
log actions (see column Moodle Actions on Table 1), paying
particular attention to previously contrasted significant variables
of students’ interaction with LMSs (Hung and Zhang, 2008; Lust
et al., 2012, 2013; Macfadyen and Dawson, 2012; Murray et al.,
2012; Kim et al., 2014; Cerezo et al., 2016), and particularly
representative of the students’ performance in this Moodle
course (Cerezo et al., 2016), which allows us to recalculate
nine representative variables for our study. A few variables
were extracted directly from Moodle records; however, it is
sometimes advisable to formulate queries to obtain aggregated
results (Talavera and Gaudioso, 2004) so other variables were
calculated based on those records with a simple operation (e.g., as
seen in Table 1, the variable Days Post is calculated by subtracting
the date that the student Posts their opinion in the forum from the
date that is officially possible to View and Post in the forum).

The variables were extracted and organized in two different
groups taking into account what they represent at a higher
granularity level: variables related to effort and time spent working
and variables related to procrastination:

• Variables related to effort and time spent working. One of
the most challenging issues was giving meaning to the
learning context from the raw data. Aiming to achieve this,
we have classified the variables Time Theory, Time Task,
Time Forum, and Relevant Actions in this group as indirect
indexes of student effort.
• Variables related to procrastination. On the one hand, the

number of days in a 2-week period that the students
wait to check each assignment, the task (Days Task), the
forum subject (Days Forum) and the theoretical content
(Days Theory). On the other, the number of days that they
take to hand in the task (Days hand-in) and post their
opinion (Days Post). The rationale was that we wanted
to approach procrastination by observing the students’
behavioral patterns before the homework deadline and not
solely considering late or absent submissions.

In summary, nine student interaction variables from the LMS
(Table 1) were extracted along with student achievement in this
course, used as the tenth variable.

Data Analysis
Class Association Rules (CAR) were applied to the described
data. The CAR are a variety of association rules which allow the
identification of confluent relationships between a combination
of variables and a class variable pre-defined by the researcher.
Thus, the association rules are defined by the conditional relation
of one of the characteristics to be analyzed (precedent variables)
and the previously defined class, which would be the consequent
(IF the precedent variable takes place, THEN it is revealed
in the categorization of the subject in a given class) (Romero
et al., 2010b). Rule interest is based on support and confidence
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TABLE 1 | Name of variables considered in the study with their description and extraction method.

Variable Description Moodle actions Extraction method

Variables related to effort and time spent working

Time Theory Minutes spent on theoretical contents Resource view Sum of the periods between resource
view and the next different action

Time Task Minutes spent on practical tasks Quiz view, quiz attempt, quiz continue
attempt, quiz close attempt

Sum of the periods between quiz
view/quiz attempt/quiz continue
attempt/quiz close attempt and the
next different action

Time Forum Minutes spent in forums Forum view, forum view discussion,
forum add reply, forum add discussion,
forum add post, update post

Sum of the periods between forum
view/forum view discussion/forum add
reply/ forum add discussion/forum add
post/update post and the next different
action

Relevant Actions Total of significant actions in the LMS All actions related to Time Theory, Time
Task, and Time Forum

Actions like log in, log out, profile
updating, check calendar, refresh
content, etc. are dismissed

Variables related to procrastination behavior

Days Theory The days that go by from when a block
is available until the student checks the
theoretical contents for the first time

Date of the first resource view after the
block became available

Date of resource view after the
theoretical contents became available

Days Task The days that go by from when a block
is available until the student checks the
practical task for the first time

Date of the first quiz view after the
block became accessible

Date of quiz view since the task
became available

Days “hand-in” The days that go by from when a block
is unlocked until the student finishes the
task

Date of the first quiz close attempt after
the block was made available

Date of quiz close attempt after the task
became available

Days Forum The days that go by from when a block
is unlocked until the student checks the
forum for the first time

Date of the first forum view discussion
after the block was made available

Date of forum view discussion after the
task became available

Days Post The days that go by after a block is
unlocked until the student writes in the
forum for the first time

Date of the first forum add reply after
the block was made available

Date of forum add reply after the task
became available

measures (Hastie et al., 2001). Support denotes how frequently
the precedent appears in the dataset (Hahsler et al., 2005).
Confidence denotes how often the rule appears in the dataset
(Hipp et al., 2000).

In this process, we have used the Predictive Apriori algorithm.
This algorithm searches with an increasing support threshold
for the best n rules concerning a support-based corrected
confidence value (Scheffer, 2001). Predictive Apriori considers
both the confidence and support in ranking the rules. A Bayesian
framework is used to calculate the predictive accuracy out of the
support and confidence of a rule (Nahar et al., 2013). Predictive
accuracy values are between 0 and 1. Predictive Apriori has
been chosen because, in general, it performs better than the
Apriori algorithm (García et al., 2011). In order to produce the
rules, Weka (Hall et al., 2009), the software used for analysis,
needs to receive discrete variables. Discretization is a process that
transforms numeric variables into categorical variables (Hussain
et al., 1999). Equal-width is a method that discretizes the
domain of a variable into equal-width intervals (Chmielewski and
Grzymala-Busse, 1996). In the present study, we have selected
equal-width method to discretize antecedent variables as seen in
previous work (García et al., 2011; Paule-Ruiz et al., 2015). Also,
performance was selected as class variable (consequent) and was
reasonably discretized based on Spanish typical grading system

of students’ performance: from 0 to 4.9 points, we assigned the
value “Low” (as it means that the student failed the course exam),
from 5 to 6.9 points as “Medium” value, and from 7 to 10 points
as “High” value (see Table 2). These values were extracted from
the performance of every student. In this work, it is considered
to be an index of general achievement because it is not only the
grade for the assignments completed during the LMS e-course
but also the sum of the grade with an objective final exam of the
subject.

TABLE 2 | Discretization method and discretized values for each variable.

Variable Discretization method Discretized values

Time Theory Equal-width Low, Medium, High

Time Task Equal-width Low, Medium, High

Time Forum Equal-width Low, Medium, High

Relevant Actions Equal-width Low, Medium, High

Days Theory Equal-width Early, Normal, Late

Days Task Equal-width Early, Normal, Late

Days “hand-in” Equal-width Early, Normal, Late

Days Forum Equal-width Early, Normal, Late

Days Post Equal-width Early, Normal, Late

Performance Manual-Method Low, Medium, High
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RESULTS

In many cases, association rules algorithms generate a high
number of association rules and it is nearly impossible for
teachers to comprehend or validate such a quantity of rules
(Kotsiantis and Kanellopoulos, 2006). As the objective was to
predict student performance in upcoming years, and we had
samples from two courses, we only selected the rules that were
repeated in both years. This method allows us to validate the
rules’ generalizability in order to apply the results to new students
in similar contexts, as pointed by Winne and Baker (2013). As
result of this procedure, we achieved rules describing behaviors
that were consistent throughout the samples and academic years.

Application of the Predictive Apriori algorithm supplied
49 rules during the first academic year and 62 rules during
the second academic year with an accuracy greater than 0.94,
producing 111 rules in total. The number of times that each
variable appears in the rules found, as well as the ratio between
the previous and the number of rules found, is shown in Table 3.

Next, we merged the 111 rules obtained into one file and with
a simple algorithm, we selected those ones that were repeated
in both academic years. We considered a rule as repeated if it
had the same precedent (same variables with same values), and
it had the consequent class value (Performance: Low, Medium,
and High). If a rule was repeated in both years, with the same
precedent and consequent but there was another rule with the
same precedent and different consequent value, this rule was
automatically discarded by the algorithm. The algorithm found
three association rules which are repeated in both academic years:

• Days Theory = NORMAL and Days
Task = LATE→ Performance = LOW (accuracy = 0.972).
Rule 1 states that if the access to theoretical content is done
in an average time and access to task is carried out late,
then, performance is low.
• Time Theory = LOW and Days Theory = LATE and

Days Forum = NORMAL → Performance = LOW

(accuracy = 0.943). Rule 2 shows that if the average
time devoted to theoretical content is low, access to the
theoretical content is late and access to the forum is in an
average time, then performance is low.
• Time Task = MEDIUM and Days Theory = EARLY

and Days Task = NORMAL → Performance = HIGH
(accuracy = 0.943). Rule 3 reflects how if the average
time devoted to task fulfillment is medium, access to the
theoretical content is early and access to task is in an average
time, then performance is high.

DISCUSSION

This work focuses on procrastination, one of the most common
problems at every educational level and is an extension of the
similarly prevalent and pernicious phenomena in daily life (Steel,
2007). This failure of time management is more frequent when
the learning process is not class-based (distance or computer-
based learning), as the student has to take an active role, where
self-regulation becomes determinant (Yaakub, 2000; Azar et al.,
2009; Klingsieck et al., 2012). In this study, we have observed
how procrastination behaviors can lead to poor academic results
while learning in an LMS, something that has been previously
and thoroughly noted in authentic academic contexts (Kim and
Seo, 2015) but not as extensively in online learning environments
(Michinov et al., 2011; You, 2015).

We tracked and analyzed student behavior in an LMS,
specifically procrastination behaviors in relation to performance
through Data Mining techniques. Relevant interaction variables
were selected for the study, also taking into account student
achievement and analyzing data by means of extracting and
filtering association rules. The association rules obtained show
the importance of academic procrastination when learning in
distance CBLEs. At first sight, it can be seen that two out of
the three variables making up the antecedents are related to
procrastination behavior in most of the Rules. Moreover, in

TABLE 3 | Variables’ distribution in the rules obtained for each academic year and their global presence.

Variable First academic year Second academic year Both academic years

Antecedent variables

Time Theory 33 (67.34%) 37 (59.67%) 70 (63.06%)

Time Task 25 (51.02%) 24 (38.70%) 49 (44.14%)

Time Forum 0 19 (30.64%) 19 (17.12%)

Relevant Actions 17 (34.69%) 18 (29.03%) 35 (31.53%)

Days Theory 15 (30.61%) 13 (20.96%) 28 (25.25%)

Days Task 16 (32.65%) 20 (32.25%) 36 (32.43%)

Days “hand-in” 15 (30.61%) 11 (17.74%) 36 (32.43%

Days Forum 15 (30.61%) 10 (16.12%) 25 (25.25%)

Days Post 19 (38.77%) 26 (41.93%) 45 (40.54%)

Consequent/class variable values

Performance—High 12 (24.48%) 12 (19.35%) 24 (21.62%)

Performance—Medium 20 (40.81%) 19 (30.64%) 39 (35.13%)

Performance—Low 17 (34.69%) 31 (50%) 48 (43.24%)

Natural numbers indicate the amount of rules containing each variable, and the percentage corresponds to its presence in the total amount of rules.
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general terms, evidence of procrastination in the antecedents
leads to poor performance, and signs of successful time
management end up with satisfactory achievement. The global
presence of the variables in the 111 Rules is also revealing.
Looking again at Table 3 it can be seen that three out of the five
most commonly present variables belong to actions in the LMS
related to procrastination behavior.

In particular, if we analyze Rule 1, we can see how when
a student accesses the theoretical resource in an average time
but delays dealing with the corresponding task, performance
is lower. Looking at Rule 2, it shows that students that access
the theoretical resource late, and devote a little time to it, but
check the forum topic in an average time-frame, perform worse.
It makes sense that when a student starts working late on a
topic, they have less time available to take advantage of, and
consequently achieve lower marks. Interpreting these results in
terms of procrastination, they are more pessimistic but agree with
those found by Paule-Ruiz et al. (2015), who found that when
students start assignments late, they perform poorly, Michinov
et al. (2011) that found that procrastination and performance
in online learning environments was mediated by the level of
the learners’ participation in discussion forums, and You (2015)
found that the extent of achievement predictability of academic
procrastination in LMSs cumulatively increased at different time
points of the course. Therefore, this rule could be indicating that
even students who start studying within an average time-frame
are at risk of later procrastination behaviors and subsequent
consequences in terms of performance. This interpretation could
be very valuable considering that students who postpone and
cram assignments at the last minute showed poorer long-term
retention and achievement (Tuckman, 2005; Asarta and Schmidt,
2013). According to Bannert et al. (2014), there are differences
in the temporal pattern of students’ spontaneous learning steps
when learning in hypermedia environments, also in how their
regulatory activities unfold over time. Therefore, early detection
of low self-regulated learners is necessary to provide them with
support at the right time. A key application of these results
concerns personalization in e-learning environments, such as the
suitability of different types and times of prompts for different
students’ learning models (Lehmann et al., 2014) and building
Recommender Systems based on e-Learner groups (Kardan et al.,
2012). By combining the knowledge from this with previous
work about learning in LMSs, this study could contribute to
a valid student learning model for adaptive learning systems
(Brusilovsky, 2001; Cerezo et al., 2016).

Rule 3 shows how a more organized learning process, around
the average, can lead to academic success. When the student
accesses the first theoretical resource early, spends a medium
amount of time on assignments and accesses the assigned task
within an average time-frame, they achieve high performance.
It is remarkable that this is the only Rule with an early value
in procrastination values and the only one with a satisfactory
performance in the consequent. These findings agree with the
conclusions of the meta-analysis carried out by Kim and Seo
(2015), which found procrastination variables to be negatively
correlated to students’ performance, but we dare say that the

results of this study are more valuable for intervention in low
achievers’ learning issues.

At this point, the found association rules lead us to
clarify our two first research questions, supporting the idea
that procrastination variables can be used to predict student
performance (first research question) and that the values
of procrastination variables are inversely related to student
performance (second research question).

With respect to the third research question, about the
association rules’ predictive potential, it seems as though that is
solved by the methodology used itself. Although 111 rules merged
from both samples, in two different academic years, the Rules
discussed are the only ones present in both academic years, with
the same precedent about time management variables and the
same consequent in terms of performance. It seems that these
indicators are steady over time (different course) and individuals
(different samples) and so could potentially be used as predictors
for the same course in following academic years benefiting
students with knowledge obtained from previous cohorts. Similar
practical implications were found by Sekhavatian and Mahdavi
(2011), Mosharraf and Taghiyareh (2012), and Murugananthan
and ShivaKumar (2016), who used this kind of predictors as
a guide for their learning recommender system in subsequent
years.

Considering that variables related to procrastinating behavior
are present in every Rule and are two out of three variables
that define the antecedent, it could be considered that the
procrastinating behaviors in the precedent could have a
predictive value for early detection of student performance in
LMSs. In this sense, it seems as though EDM, and in particular the
methodology used in the current study, will be able to contribute
beyond strictly predicting student performance, as a guide to
improve learning process efficacy, as claimed by Mosharraf and
Taghiyareh (2012). Most procrastination studies, even in CBLEs,
have used self-reported questionnaires to measure the behavioral
tendencies of this phenomena, or statistical techniques such as
correlations or multiple regression (You, 2015).

Although these instruments have been validated and the
procedures used in many studies, they are intrusive for the
students and limited to capturing the variables of interest during a
course. In this sense, self-report measures could be not enough to
measure a construct with a processual nature, apart from how the
questions shape the answers, and other well-known limitations
(Schwarz, 1999). Likewise, the current study methodology is
one of the values of this research, not for adopting an EDM
approaching able to capture the learning process but for applying
CAR technique to the study of the procrastination in LMSs.
LMSs collect data from students that, when properly analyzed,
can provide the different educational agents with the necessary
information to support and constantly improve the learning
process (Paule-Ruiz et al., 2015). One of the most promising
conclusions from this work would have been harder to be learned
without using Data Mining techniques. The variables that most
of the studies use to research about procrastination and could
be expected to shed more light on the research questions were
not that relevant in our study (last minute submissions, late
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submissions, failure completing assignments, etc.) (Michinov
et al., 2011; You, 2015, 2016). In other words, approaching the
procrastination phenomena as a result, finalization actions like
hand-in the homework on time, or not, seems to be a feasible
index of this behavior. However, none of those finalization
actions defined the repeated Association Rules in subsequent
samples in our study (Days hand-in and Days Post). In contrast
to, variables belonging to the procrastination process, always
previous to fail with a task deadline, were present, denoting
the importance of approaching to learning as a process, not as
a result. These particular results have an essential application
to Adaptive Hypermedia Systems and Adaptive Educational
Systems (De Bra and Calvi, 1998; Brusilovsky, 2001).

To sum up, these results seem to confirm the association
of time management and academic achievement in the LMS,
particularly for those behaviors denoting procrastination. Those
students that perform their academic work early or with average
timing, and devote a sufficient amount of time to it, demonstrate
satisfactory performance, whereas those students that do not
manage timing well (in terms of checking and devoting time to
tasks and study) are unable to match the standards and perform
worse. Similar results have been obtained by many researchers,
regardless of country, educational level, or educational setting
(Tuckman, 2005; Stoeger and Ziegler, 2008; Tan et al., 2008;
Liu et al., 2009; Rakes and Dunn, 2010; Balkıs, 2011; Michinov
et al., 2011; Broadbent and Poon, 2015; Goda et al., 2015;
Paule-Ruiz et al., 2015). Therefore, in combination with the
aforementioned Adaptive and Educational Hypermedia Systems
technology, and knowing that these learning environments can
be more challenging for students both with and without learning
difficulties (Rodríguez-Málaga et al., 2017), and understanding
that procrastination is a failure in academic self-regulation
(Clariana et al., 2011), empowerment of SRL in open-ended
CBLEs is the key. There is already well-studied software
which is able to perform assessment and training in a wide
spectrum of SRL [e.g., about epistemic beliefs (Trevors et al.,
2016), reading patterns (Bondareva et al., 2013), scaffolding
(Azevedo et al., 2010), learning strategies (Trevors et al., 2014),
self and social-regulation (Azevedo, 2014), emotions (Azevedo
et al., 2013), motivation (Duffy and Azevedo, 2015), and
engagement (Azevedo, 2015)], among other things, but at this
point it is necessary to work together with computer science
to develop reliable prediction models and efficient preventive
tools.

Although these results shed light on the phenomenon being
studied, several limitations should be noted. With respect
to the results of Choi and Moran (2009) and Kim et al.
(2014), still further research is needed to determine which
procrastination variables could be linked to the different
active and passive procrastination profiles found. Regarding
methodology, the online learning experience is a core variable
to be controlled in future research. However, the context of
the present work was a traditional university, and CBLEs have
become more conventional, so students are assumed to have
similar levels of online learning experience. In addition, LMSs
are only one component of the learning ecosystem (García-
Peñalvo and Seoane Pardo, 2015). This raises awareness about

the future work on data collection moving toward Personal
Learning Environments (PLEs) or Massive Open Online Courses
(MOOCs), and checking the results in diverse types of learning
platforms. Moreover, it would be more appropriate to compare
two student groups who studied the course in the same
academic year synchronically than over two consecutive years,
however, using different sets of data helps to validate the rules’
generalizability in order to apply the results to new students
in similar contexts. In this line, we have generated valid and
consistent rules selecting the repeatedly discovered ones in both
samples; this is only the first and previous step to apply those rules
to predict the performance in other student groups and check its
accuracy, a very close prospect of the present work. Finally, it is
well known that novice students report less sophisticated study
strategies to address new domains of information (Alexander
et al., 2004) so the results of this study could have been different
if it had been in freshman students.

To conclude, this study sheds some light on the relationship
between procrastination and performance in open-ended
learning environments and provides interesting possibilities for
improving online learning together with fruitful material for
future research.
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