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Data Analysis of Short - term and
Long - term Online Activities in LMS
Carmen Carrión
School of Computer Engineering, University of Castilla-La Mancha, 02071 Albacete, Spain
Abstract – Online teaching activities based on
increasingly used computer-based educational systems
lacks standard rules for its implementation. This paper
describes the design of online training activities using
Moodle as a Learning Management System (LMS)
and, evaluate short-term and long-term students’
learning outcomes applying data mining techniques.
Clustering and classification algorithms are combined
to uncover valuable, non-obvious students’ patterns
from a well-defined collection of data. Data results
from online quiz-based activities in a subject of
Computer Science show that students who are not
engaged in the training activity during the short-term
learning process fail. Data analysis also shows that the
number of trials is a key attribute. Hence, it is
important to develop user-friendly online activities
with real-time feedback based on student behaviour.
Moreover,
according to our experiment, online
training activities decrease in efficiency over time.
Keywords – higher education, Learning Management
System, Data Mining, students’ behaviour, students’
outcomes.

1. Introduction
The COVID-19 pandemic stresses the need for
innovative learning technologies based on online
activities [1].
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The spread of COVID-19 and its variants means
that many educational centres have to switch to an
educational model in which part, if not all, of their
teaching is online. Thus, the teacher incorporates
open educational resources or activities based on
Learning Management Systems (LMS) to
complement face-to-face classes [2], [3], [4].
Massive Open Online Courses (MOOCs) even
appear as an extreme expression in which all
teaching is online [5]. However, no standard guides
exist on how to implement an online activity in a
course or grade, being always left to the best
judgment of the teacher in charge [6], [7].
In any online educational activity, which is to be
developed, computer-based educational systems
become a fundamental pillar. So, LMSs, such as
Moodle, Edmodo or Canvas are becoming widely
used in higher education [4]. Nowadays, LMSs are
mainly used as a static information exchange tool [8].
On the one hand, the teacher uploads information
about the syllabus and slides of the course and, on
the other hand the students upload the results of the
laboratory practices and exercises sent as homework
[9]. But, LMSs often have configurable functional
features, such as quizzes, puzzles or blogs that allow
dynamic interaction and students’ collaboration to be
included in the online teaching-learning process. The
primary purpose for the use of these functional
features is to increase students’ motivation,
engagement and academic results. Notice that in
online learning environments measuring the
efficiency of the developed activities, as well as,
adapting the teaching process according to the
feedback received from the students is not
straightforward as it is the case in traditional face-toface classes. Efficiency analysis of online activities is
only possible if sufficient information about the
individual characteristics of the students is obtained
through interactions with the environment.
Researchers usually apply different methodologies to
the educational context in order to discover hidden
knowledge and patterns in the learning process [10].
Out of all, Data Mining (DM) techniques have
become increasingly prominent for improving
teaching-learning process. They make use of
mathematical algorithms to extract non-obvious
behavioural patterns of interest from a large data set
[11].
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In this paper, we emphasize on understanding the
education process in its full complexity, leveraging
teacher judgment, and applying DM techniques to
gain insight into the students’ learning process [12],
[13], [14]. This task is not easy, and online
behaviour of students and their predicted
performance are in contrast between the studies
carried out up to now [13], [16], [17].
To tackle this issue, more research is required, and
this paper takes a step forward by establishing a set
of objectively verifiable indicators for online
teaching-learning activities and, examining measures
related to short-term and long-term knowledge.
Hence, the major aim of this paper is to extract
valuable information about the achievement of online
activities in the short-term and long-term in order to
guide teachers in their development and to make a
continuous improvement in learning outcomes.
Data-driven analysis collects student behaviour
during the completion of online activities via LMS
and makes use of DM clustering and classification
techniques. The paper presents a use case for
Computer Engineering, but the study can be applied
to different educational environments, courses and
subjects. Specifically, the aim of this paper is to
answer questions like these:



Is there a relationship between students’ online
activity behaviours and their short-term and
long-term outcomes?
Can relevant information be extracted from the
online activity interaction data to understand its
impact, guide the teacher, and eliminate, if any,
activity-related learning deficiencies?

Education is alive process, and the proposed datadrive analysis of the online activities will support the
teacher with the feedback needed to succeed in the
teaching-learning process. To sum up, the key
contributions of this paper are:





The proposal of a generic and reproducible
online teaching-learning activity is based on
opensource tools.
The definition of a set of quantitative parameters
is useful for data analysing online activities.
The use of DM as a tool is to discover significant
patterns to model students’ trends both in the
short-term and long-term learning process.
The analysis and evaluation are of a practical use
in computer science.

The paper is organized as follows. In Section 2, we
present the results obtained and techniques employed
by the related work. Details of our life cycle for
designing and analysing online activities are
discussed in Section 3. Then, Sections 4 and 5 detail
the data parameters and data mining analysis applied
in our approach, respectively. After that, a use case in
Computer Science is presented in Section 6, followed
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by the data analysis results in Section 6-a. Finally,
Section 7 presents the conclusions and the future
work.
2. Related Work
Different DM techniques for finding hidden
knowledge and patterns in the learning process are
applied to educational environments [10]. Several
systematic literature reviews have been conducted in
education to describe the state-of-the-art in this area
[18], [19], [20]. Clustering and classification DM
techniques provide good results in predicting the
results [21].
In [18], authors present over three decade’s
systematic literature review on clustering algorithms
and its applicability in EDM. The paper outlines that
educational data are non-independent in nature and
clustering can provide a relatively unambiguous
outline of student learning style as a function of
several variables. In [19], authors show that most of
the researching work in the area of predicting
students’ performance is looking at predicting
attainable academic metrics such as exam grade,
course grade, program retention or dropout or
assignment performance [22], [23]. For example, in
[23] authors use decision trees to apply classification
techniques and detect factors linked to academic
performance in large-scale assessments. Their results
indicate that personal factors are the most indicative
for academic performance, followed by schoolrelated and social factors. Moreover, according to
[19], data of students’ activity is one of the least
explored to predict students’ performance, that is the
focus of this paper.
The effect of students’ online interaction with
Moodle and their relationship with achievement is
examined in [15]. The variables considered in [15]
are time task, time theory, time forums, word forums,
relevant actions and procrastination. Additionally,
final marks were extracted from the performance of
the subject. Using k-means clustering techniques
they found that more activity in the LMS does not
assure better results. Moreover, they got that the
students who hand in the task later were more likely
to receive a lower score, that is, the more
procrastination, the worse the performance.
In [16] significant indicators from the LMS data
such as regular study, total viewing time, sessions,
late submissions, proof of reading the course
information packets, and messages created were
chosen as predictors. The results revealed that regular
study was the strongest predictor of course
achievement, followed by late submissions, sessions,
and proof of reading the course information packets.
However, students’ total viewing time and messages
created were not significant.
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In [13], authors use time spent for accessing online
learning materials (video, slides, etc.) to classify
students into different clusters. They found that
behaviours of accessing online learning materials
were associated with learning performance. More
precisely, the students who invested more time and
effort in viewing the online learning materials had
better learning performance.
In [17], authors use k-mean clustering algorithm to
examine if students’ interaction with different online
learning activities affects students’ learning
performances, motivation, and self-regulated learning
strategies. Their results conclude that the students
who spend more time in the learning activities got
higher academic outcomes.
Nevertheless, at this point we have to highlight
that the conclusions drawn in [15], [16] contradict
the abovementioned results in [13], [17]. These facts
may be due to the analysis were done under different
contexts, type of courses and students backgrounds
[24], [17]. In any case, these facts underline the need
for further studies to establish some baselines and
avoid the contradictions, as well as, to set up a set of
objectively verifiable indicators for the teachinglearning process. For this reason, this paper presents
the results obtained for a use case using a generic
methodology based on the analysis of online activity
data for the short-term and long-term.
3. Development and Evaluation of Short-term
and Long-term Online Activities
The methodology applied in this paper to model
and analyze the effectiveness of online activities
using Moodle LMS includes a complete life cycle
that combines two main roles: the in-class and the
off-stage. Figure 1 details the steps involved in the
development of the online activities. Next, we will
explain all the involved steps in detail.

Figure 1. Proposed methodology to develop online
activities

The in-class role comprises those stages in which
the student participates actively even though they are
conducted online. More precisely, the in-class role
includes the training, the validation, and the final
step.
TEM Journal – Volume 11 / Number 2 / 2022.


Training and Practice step: Online training
activities are web-based activities accessible via the
Internet that are available 24/7 up to a prefixed day
on the digital platform. So, students can access the
online training activity whenever they want, use the
time they need and repeat the online training activity
as many times as they wish. As a counterpart to faceto-face training activities lack the direct support of
the teacher, where the teacher provides the
appropriate coaching and supervision while the
activity is running in the classroom. Hence, it is
essential to give specific and easy-to-understand
instructions on how to carry out the activity.

Validation step: After the training step the
students should have acquired new skills and
knowledge. Therefore, the validation step allows
them to check their improvement. At this point, the
student receives the first quantifiable performance
indicators about his or her progress. This step can be
an important turning point for students, being a very
stimulating phase in the learning process or just the
opposite. The parameters collected in this step are
related to short-term learning. In this paper, this term
will be defined as the learning process over the
course of a single session or during the training
period of a single online activity.

Final step: This is the last step of the in-class
role and provides information about the long-term
learning process. Data collection includes both
cognitive and affective outcomes.
The students will make theoretical questionnaires
and practices exercises at the end of the course for
measuring the cognitive outcome and will complete
post-test questionnaires for affective outcomes.
The off-stage role is characterized by the fact that
the student does not actively participate in it,
although it is crucial for the achievement of the
objectives for which the online activity is carried out.
The off-stage role includes the design and
implementation, the analysis and the feedback step.

Design and implementation step: Learning
activities are created and designed to achieve
learning objectives. So, in this step the teacher
addresses the challenges of analyzing the capacity
and feasibility of the online activities to work on the
learning outcomes: the complexity, the context and
the timeline of the activity have to be taken into
account. It is compulsory to examine carefully the
previous student’s understanding on the topic, as well
as, the activity complexity to reduce the negative
outcome of poor performance. Then, a wellstructured support has to be developed before starting
the learning activity. Both the required theoretical
knowledge and a detailed description of how to do
the activity have to be provided to the student in
order to successfully achieve the goals of the activity.
Moreover, an updated scheduling timetable has to be
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presented to the students in order to know in which
sessions the activity will be running and also some
important deadlines. For example, if the activity
requires the production of a deliverable, the
deliverable have to always be uploaded to the LMS
on time. Setting deadlines for activities in advance is
especially important if they involve extra work
outside of class time. To sum up, the design and
implementation step is a key phase in the off-stage
role that includes:

The teacher’s training period in which the
teacher searches for new teaching approaches and
learns the details of using new digital tools.

The design period in which the teacher plans
the activities considering the learning objectives and
the time available for the activity. The teacher also
has to design the observable parameters for further
analysis. A detailed description will be provided in
subsection 4.

Finally, in the get-ready step the teacher
prepares all the materials. This step may involve for
example the access to a digital platform, prepare
some hints and prizes and/or design a multiplechoice test.

Analysis step: Both a statistical exploration
of data and DM techniques can be used to discover
useful information which will allow us to improve
the scheduling and the design of the activity. The
first steps of the DM analysis include data collection
and pre-processing. In some cases, data collection for
students requires knowledge of applicable personal
privacy laws and regulations. In the proposed data
analysis, just after the pre-processing, a clustering
technique is combined with classification techniques
to observe students’ patterns and accurately predict
important features. In short, data is transformed into
useful information for decision-making. More details
of the proposed data analysis are provided in Section
5.

Feedback step: Based on the reports obtained
in the previous step, we will detect and even
anticipate possible drifts in the teaching-learning
process. It is about predicting deviations and noneffective performance in the classroom, as well as
decreasing the dropout rate. The effectiveness quality
of the activity is improved by applying successive
refinements that consider the feedback obtained from
the data analysis. The key idea is to adapt the
teaching-learning activity solving the detected
problems and reinforcing the mechanisms that do
work. It is important to note that the feedback step
may not be the last one of the season. Data analysis
can trigger a reactive mechanism on a continuous
basis while the activity is in progress. For example, it
would be possible to collect and analyze information
during the training step.
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4. Collecting Parameters for Data Mining
Improving the efficiency of teaching activities
tackles the definition of suitable metrics. It is
necessary to collect some quantifiable parameters to
measure both the students’ behavior and performance
that denote the level of success. Examples of these
parameters may be the percentage of tasks completed
or the score obtained in a test. Specifically, the
parameters employed in this research have been
classified considering their target end-goal as
cognitive and behavioral. Cognitive parameters are
directly related to academic scores or grades and,
behavioral parameters are related to the student’s
commitment and attitude during the course. Among
the parameters used to analyze the student behavior
we have collected:
The Trial (T) is measured as the number of times
as student completes an activity. Note that some
online quizzes can be done as many times as students
need but some just-in-time teaching activities can be
done only once.
The Reinforcement (Re) computes the number of
trials done by the student after having obtained the
maximum score in the activity.
The Readiness (R) is a measure of the student’s
willingness to do. More precisely, in this work
readiness has been calculated as the time the student
takes the task in-advance of the delivery time.
The learning Velocity (V) is measured as the
number of trials done by the student to obtain the
maximum mark. The parameter reflects in some way
the learning capacity of the student. It can be a useful
metric to give personal assistance to the student.
The Cost (C) is measured as the time employed for
each student to complete the learning activity.
The Participation (P) is a global metric that
measures the total number of students that participate
in a teaching-learning activity.
To measure the cognitive outcomes, we have
collected:
The Initial Score (IS) provides a quantitative
measure of the student’s initial level of knowledge on
the topic. A high score denotes a high probability that
the student already had the targeted skills before
starting the activity while a low value indicates the
opposite.
The Recent Score (RS) measures the short-term
knowledge acquired by the student. RS takes into
account what students know at the end of a training
and practice step without considering the mistakes
made during that learning process. This metric
should be collected as soon as the practice step
concludes.
The Final Score (FS) computes the long-term
knowledge. The key idea is to tackle the final
activity, probably at the end of the course, to measure
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the knowledge acquired by the students thanks to the
developed activity.
The Effectiveness (E) calculates the number of
students that did not possess the targeted knowledge
before the activity but ended up successfully at the
end.
5. DM in the Off-stage Role
In this section, we outline the steps to be carried
out to extract value from the data obtained from the
students' interaction with the Moodle activities. We
want to verify whether the online activities have been
designed successfully and therefore have boosted the
teaching-learning process. In general, the learning
data mining process consists of the following steps:
collection, pre-processing, mining, and evaluation.
Figure 2 outlines the main steps of our approach.

are also removed and, all data are filtered to consider
only those online activities that have been
successfully completed. In addition, at this stage, the
students’ first and last name is converted into a
numeric fingerprint that uniquely and anonymously
identifies each student.
After that, using a computer spreadsheet
application, simple calculations were performed to
obtain the quantitative values of the metrics defined
in the Section 4. In a course, as many short-term
online activities (Ai) can be performed as many
learning objectives are defined (N). Therefore, for
each metric defined in Section 4 we will obtain a
vector of N values. In our analysis, we have
computed a global value for each parameter to avoid
non-significant fluctuations. In general, the global
value of a parameter (labeled as K) is computed as a
weighted (Wi) average of each individual activity
(Ai) according to Eq. 1:
(1)

Figure 2. Workflow for data analyzing the online
activities

Moodle provides us with information about the
materials accessed by the students and records all the
clicks made by the students when they navigate
through the different resources. This data constitutes
the student’s digital footprint in Moodle and can be
exported in different formats to start processing. We
have specifically exported the information provided
by Moodle 3.5v Institutional [4]. By processing these
digital traces we will get the parameters indicated in
Section 4.
More precisely, from all the available data, we
have extracted the data collected by the Moodle quiz
module for each online activity and the final grades
obtained by the students. It should be noted that the
quiz module collects information about the student’s
name and the way of accessing the platform. It also
includes the access and completion times of the quiz
and the score obtained. These data are recorded each
time the student takes the activity and in our case
there may be several trials. The analysis of the data
will allow us to make a short-term cognitive analysis
while the final results will allow us to analyze the
long-term cognitive results. Moodle provides this
data in text files with csv format.
In the data pre-processing stage, the data are
purged. First of all, duplicate attributes and
unnecessary attributes such as e-mail or access IP
address are removed. Data associated with teachers
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Lastly, in the pre-processing step the numerical
values are transformed into discrete attributes
following unsupervised methods. These methods
allow the discretization of continuous values into
categorical classes following different criteria (i.e.
equal width, frequency). In our case the parameters
defined to analyze the behavior of the students have
been discretized following the equal width method
with four intervals. However, for the discretization of
the cognitive values a manual criterion has been
defined. It has four intervals and the labels Fail, Pass,
Good and Excellent. Thus, for the cognitive metrics,
a value greater than or equal to 9 will be classified as
Excellent and a value less than 5 will be classified as
Fail. In addition, the label Pass will be assigned for
values greater than or equal to 50 but less than 70
and, label Good for values greater than or equal to 70
but less than 90.
After preprocessing, clustering and classification
techniques are performed. Our approach follows the
technique detailed in [25]. In general, a clustering
algorithm will group students with similar properties.
Thus, in this study we will make use of two
clustering algorithms, one manual and one automatic.
The manual clustering groups students according to
the students’ final marks while the automatic
clustering uses a clustering algorithm based on all the
behavioral data. In this case we will use the
Expectation-Maximization (EM) clustering algorithm
that will group students with similar characteristics
without the need to indicate the number of clusters.
More precisely, the EM algorithm finds maximum
likelihood estimators of parameters in probabilistic
models that rely on unobservable variables.
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Then, for the purpose of observing students'
patterns we apply some classification techniques.
The idea is to use the criterion variable (RS or FS) as
a reference for the algorithm to split the input data set
into mutually exclusive subgroups. The aim of using
the classification algorithm is to model and predict
IR and IF for each case of the input dataset. Note that
RS is the criterion variable for the short-term
teaching-learning process while FS is used for the
long-term process. The better the students are ranked
on the criterion variable, the higher the validity of the
model.
Individual
well-known
classification
techniques, such as C4.5, LMT, RandomTree or
HoeffdingTree should be explored to increase the
final accuracy and precision of the system.
6. On-line Activities Carried out in the Subject
of Computer Architecture
The online activities outlined in Section 3 have
been implemented this academic year in the third
year subject of Computer Engineering called
Computer Architecture at the University of Castilla
La Mancha (UCLM). The university provides an
institutional Moodle, currently in its version 3.5v
[26].
In particular, eight short-term online activities
were scheduled, one for each learning objective or
subject topic. Participation in these online activities
was not compulsory for students, but participation
was encouraged using credits. So, students involved
in the online activities earn credits that are
redeemable for a percentage of the final course
grade, in our case, up to 10% of the final grade of the
course. It should be noted that all students enrolled in
the course participated in the online activities.
In the design and implementation step of the offstage role, a bank of multiple-choice questions
classified by topic is generated. In our case we have
8 topics and 542 questions. Then, the Moodle quiz
module is used to generate the eight online activities
and schedule them appropriately over time
throughout the term. Each of these quizzes is
available for the Training&Practice step and the
student can repeat the quiz as many times as he/she
wishes. A quiz will consist of 10 multiple-choice
questions randomly selected from the question bank
within the topic to be studied. Once the training
period is over, the validation stage takes place and
the students perform the final test of the short-term
online activity.
In addition, a final global questionnaire is carried
out at the end of the course. This questionnaire is
made up of 30 randomly selected questions and
covers all the topics of the course. The data obtained
from this questionnaire constitute the final step of the
in-class role and their analysis yields what in this
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work has been called the long-term results of the
online activities. All these students’ interactions with
the online activities are tracked by Moodle and allow
us to extract value from the data through data
analytic, as shown in the next section.
Table 1. Centroids of each Cluster (mean,std.dev)

a. Data analysis results
The results shown in this section have been
obtained using Weka [27]. First, we have applied the
expectation-maximization (EM) clustering algorithm.
This algorithm sorts the students into three groups
that we will call Cluster0, Cluster1 and Cluster2.
Each cluster includes a different number of students
but with similar behavior. Table 1 shows this
information and both the centroids and standard
deviation of the behavioral parameters are described
in Section 4 for each cluster. Note that the centroid
value does not have to represent the behavior of any
student but describes the most typical case within the
cluster. Students in Cluster0 have the lowest iteration
values with online activity. In Cluster0, the average
number of times the activity is performed in the
training period, T, is less than 1. Moreover, in this
cluster the short time spent performing the activity (C
parameter) is striking. On the other hand, it can be
shown that the students composing Cluster2 are quite
active in the training period. In Cluster2, students
make use of the training activity a high number of
times (T=8) and also dedicate more time to the
training process (high values in C and R). In
Cluster1, students also show active participation in
online activities, T=3, although with lower values
than Cluster2.
First, we will analyze if students’ behavior
associated with Cluster0, Cluster1 and Cluster2
affects students’ cognitive outcomes. Figures 3-a and
3-b show the distribution of students in each cluster
according to the cognitive values RS and RF,
respectively. Figure 3-a shows the results of the
short-term learning process, and it can be observed
that students in Cluster2 obtain the best results. More
than 85% obtain an excellent result. Furthermore,
only students from Cluster0 fail the activity. The
higher the participation in the training, the better the
academic results. These results highlight the
effectiveness of the online activities in the shortterm.

TEM Journal – Volume 11 / Number 2 / 2022.
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Figure 3-a. Cognitive distribution of students according
to the EM algorithm (RS distribution)

and also the dataset that includes all the students,
hereinafter called as ClusterAll.
1) Short-term teaching-learning process DM
analysis: First, we execute the J48 classification
algorithm using the behavioral attributes and
consider RS as the objective attribute with four
nominal values (Fail, Pass, Good and Excellent)
Table 2 summarizes the main characteristics
(precision, number of nodes and leaves) when the
J48 classification algorithm is applied, and RS is the
objective attribute to predict. The EM clustering
algorithm has an efficient effect on the classification
algorithm reducing the complexity of the decision
tree.
Table 2. Output performance of the J48 algorithm for RS
as classification attribute

Figure 3-b. Cognitive distribution of students according
to the EM algorithm (RF distribution)

In Figure 3-b the FS distribution, deeply linked to
the long-term teaching-learning process, is shown. In
this case, the high percentage of students who do not
pass the test stands out. So, results show that over
time, learners have forgotten what they learnt in the
online training phase. However, students in Cluster2
are less likely to fail. At this point it should be
mentioned that the complexity of the final test is
greater than those taken in the short-term learning
process, as it covers the content of all the topics of
the subject. Although this aspect may affect the
results obtained, the impact of online learning
activities on long-term academic results is limited.
To continue the search of valuable information,
data are analyzed applying decision trees. The results
of this analysis identify which behavioral parameter
has the greatest impact on academic results. Thus, the
identification of inappropriate behavior will allow us
to take corrective educational actions and improve
the quality of teaching. This analysis aims to identify
the behavioral parameters that have the greatest
impact on academic outcomes to be able to apply
corrective measures in future implementations and
improve the quality of online activities. This process
comprises two parts: analyzing the short-term
teaching-learning process which takes into account
RS and the long-term learning process directly
related to the FS attribute. Four datasets are
evaluated: the three datasets obtained from EM
algorithm called as Cluster0, Cluster1 and Cluster2

TEM Journal – Volume 11 / Number 2 / 2022.

Figure 4 shows the decision trees obtained for
ClusterAll and Cluster0. Results reflect that R, T and
their standard deviation are the key parameters. A
high value of R reports an Excellent outcome (see
Figure 4-a). An important finding is that T is a key
attribute. All the Fail outcomes are associated to
students who were not involved in the training step.
Another finding is that Re does not appear in the
classification algorithm for any dataset. Moreover, C
is not a decisive attribute and, beyond any logical
reasoning the classification algorithm shows that
students with less cost value get better outcomes.

Figure 4-a. Classification of students for the short-term
learning process using the J48 algorithm (ClusterAll)
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Figure 4-b. Classification of students for the short-term
learning process using the J48 algorithm (Cluster0)

2) Long-term teaching-learning process DM
analysis: In this case, the FS parameter will be used
to discover the long-term learning process model, as
well as to figure out how to improve the process from
the student’s point of view.
Table 3 summarizes the results of applying the J48
algorithm to predict $RF$ with the different datasets
and Figure 5 shows the decision trees obtained.
Table 3. Output performance of the J48 algorithm for RF
as classification attribute

In Cluster0, students obtain the highest scores in
FS only if they have a high score in RS and
participate actively in the training step (high value in
T). It is remarkable that students with RS=Excellent
but low participation in the training step fail the final
step. Data show that most of them are students that
enroll again in the course. To sum up, students of
Cluster0 achieve good final scores, FS, if they are
involved in the training step and attain good results
in the short-term learning process. The decision tree
obtained for Cluster1 students shows that R, T and
the standard deviation of T and Re are the attributes
used in its internal nodes to classify the target
nominal values of FS (see Figure 5-b). Moreover,
Cluster2 students are classified according to T, C and
the standard deviation of T and Re (see Figure 5-c).
Note that Cluster2 is the most active group on the
online activity. This group fails with a high standard
deviation of T and reaches the best score with a low
standard deviation in T and high T.
To sum up, clustering techniques simplify the
complexity of the models enabling better data
analysis but, long-term outcomes presents different
behavioral patterns being not only related to
academic short-term outcomes.
7. Conclusions and Future Work
Tracking and analyzing students’ activity is critical
in online activities. In this work, behavioral and
cognitive parameters of online activities have been
defined. And techniques based on DM have
uncovered significant patterns in students’ behavior.
These patterns are key to recognizing trends among
students’ work and improving their learning
outcomes. The data analysis shows that integrating
online training activities into the learning process
improves students’ results, especially in the short
term. Moreover, the parameter that most influences
the cognitive outcomes is the number of times a
training activity is completed. It is important to
highlight that the methodology has been clearly
exposed, and open-source tools has been used to
simplify the comparison and replication of similar
experiences for future improvements. The datasets
extracted from our online activities using Moodle
quizzes are available to the scientific community.
We believe that online training activities could be
improved by integrating a recommendation
mechanism generated from the behavioral metrics of
each student and the results obtained in this work.
Therefore, we would like to extend the online
activities with a real-time notification system that
guides students in the in-class role.

Figure 5. Classification of students for the log-term
learning process using the J48 algorithm
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