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Abstract: Learning mostly involves communication and interaction that leads to new information
being processed, which eventually turns into knowledge. In the digital era, these actions pass through
online technologies. Formal education uses LMSs that support these actions and, at the same time,
produce massive amounts of data. In a distance learning model, the assignments have an important
role besides assessing the learning outcome; they also help students become actively engaged with the
course and regulate their learning behavior. In this work, we leverage data retrieved from students’
online interactions to improve our understanding of the learning process. Focusing on log data, we
investigate the students’ activity that occur close to and during assignment submission due dates.
Additionally, their activity in relation to their academic achievements is examined and the response
time in the forum communication is computed both for students and their tutors. The main findings
include that students tend to procrastinate in the submission of their assignments mostly at the
beginning of the course. Furthermore, the last-minute submissions are usually made late at night,
which probably indicates poor management or lack of available time. Regarding forum interactions,
our findings highlight that tutors tend to respond faster than students in the corresponding posts.

Keywords: distance learning; learning analytics; LMS activity; moodle activity; forum posts; expo-
nential distribution

1. Introduction

The transition to online education has led to the creation of vast repositories of learning-
related data. Educational institutions are now striving to utilize this data for evidence-
based decision making in their teaching and learning strategies, as well as in the design
of online courses. To achieve this goal, they are adopting and utilizing various Learning
Management Systems (LMSs) in Distance Education, which offer opportunities to analyze
students’ learning patterns and academic performance through extracted datasets [1,2].
Traditionally, tutors have relied on their daily interactions with the student community,
drawing upon their expertise and experience to make decisions. However, in the new
era of education, this knowledge and experience can be enhanced with valuable insights
provided by Learning Analytics (LA).

Distance teaching and learning possess several characteristics that make it distinct from
typical (face-to-face) education. In a face-to-face course, the instructor evaluates a series
of information to assess the learning progress. Moreover, tutors have an organized and
well-defined program, being in touch with students at a certain time schedule. However,
in Distance Learning, in order to gain insight into the educational needs, tutors have to
seek for additional context in the data mined. Communication between peers can be
both synchronous or asynchronous, and student–student or student–tutor interactions
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utilize one or more technological channels [3]. Therefore, in Distance Learning, the time
intervals between a message and its reply might affect the quality and effectiveness of
the communication. Unlike the physical classroom, where interaction is given due to the
simultaneous presence of the students and their tutor, the online learning space might be
in times “lonely” or “crowded”. However, tutors are not usually aware of the online traffic
in order to be available to respond in a timely manner, when students need them. These
problems can be addressed by leveraging LA.

Overall, researchers conduct analyses using LMS log data in order to deeper understand
the status of the students’ learning process [4], predict their learning achievement [5–7], and
assess their levels of interaction and engagement [8,9]. Predicting learning achievement
and exam performance is one of the most popular applications of LA, since it assists in
identifying students at risk of failure, to provide them with additional support [10], while
researchers agree that participation in discussion fora can enhance learning, there is a great
need to investigate its impact on students’ course performance [11]. Considering student
behavior in LMSs, this study assumes that student forum activity before or during the
deadlines of final exams and written assignments might be an important factor to consider
when analyzing activity logs. Behavioral patterns of both students and tutors can also be
hidden in metrics of forum consumption (views) and forum contribution (posts, replies),
as defined in [6], during ‘crucial’ time-frames. Despite the rich source of information on
exploiting LA to predict students’ performance, identifying activity patterns in LMSs by
considering exams/assignments dates, has not received much attention. Additionally, the
investigation of response-time in LMS fora is significantly under researched.

Despite the fact that there have been several works introduced into the literature
which highlight the supporting role of the tutors and its benefits during their interaction
with the students, such as [12–14], the probabilistic analysis of the response time in this
interaction has not received any attention. More specifically, one would be interested in
answering the following question: “what is the probability of obtaining a response in a
university forum within the next x minutes?”. Another interesting factor is how different
academic cornerstones, such as the deadlines of assignments or dates of exams, affect the
aforementioned question. Moreover, we have studied the relationship of students’ activity
with their academic progress.

Conclusively, we have set the following objectives:

1. Finding out whether the activity increases in the periods close to the deadlines of the
written assignments or close to the dates of the final exams;

2. Investigating whether there is a timely response to the posts in the forum;
3. Associating the general forum activity of students with their academic progress.

To summarize, the current study seeks to explore the students’ activity in general and
in relation to exams and assignments deadlines, as well as academic achievements and
forum response times. This work presents an analysis of students’ log data to investigate
students’ activity and the frequency of their actions, with the aim that the results would
bring us closer to the design and implementation of a system of predictive analytics that
would alert tutors to take action shortly after a situation occurs.

The rest of the paper is structured as follows: In Section 2, the related work is presented.
In the next section we discuss the methodology of our approach. Section 4 describes the
results of the analysis, followed by Section 5, where we discuss the pedagogical implications.
In Section 6, the main concluding remarks are presented.

2. Related Work

Increasing amounts of important data across the board of student academic life and
performance are becoming openly available, providing more resources with high potential
for improving learning [15]. Many types of data contain valuable information. From
simple descriptive to more elaborated methods [16–22], several different approaches shed
light to different aspects of learning. Although self-reporting may include a sufficiently
accurate insight into cognitive activities, often this insight is blurred by learners’ distorted
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self-perception during intensive cognitive activities [23]. Therefore, data logs can offer an
initial, objective glimpse of the learning process. Further data collection and elaborated
analysis methods can advance our understanding about the learning activities undertaken
by the students.

A recent meta-analysis of 41 relevant studies identified an association between broad log
data indicators of general online activity and learning outcomes [4]. Liz-Domínguez et al. [5]
found a correlation between the raw volume of interactions with the LMS and final grade,
but only for first-time students. However, this correlation is nonexistent when considering
retaking students.

In [10], the authors compared the state-of-the-art supervised machine learning tech-
niques to predict students’ performance, through log data sets. The highest accuracy score
was achieved from a neural network model fed with student engagement and past perfor-
mance data. The findings support that adequate data acquisition is a perquisite to ensure
efficient application of LA.

The sequence of students’ actions was used in various research projects to model
students’ behavior [24–26] and to evaluate the learning outcome and the educational
design that the teaching process was based on [21]. It is known that there are certain
log variables that shape whether learning has happened [27]. However, there is also
the necessity to consider the reliability of log data and their connection with existing
educational theories [28].

The activity of the students in the discussion fora was used for academic performance
prediction by Chiu and Hew [29] along with views and post counts. Their research demon-
strated greater predictive power in views count than in post counts. Crossley et al. [30]
showed that students had significantly better achievement than their peers when they
made at least one post of 50 words or more. Furthermore, students who produce more
on-topic posts, posts that are more strongly related to other posts, or posts that are more
central to conversation presented a better completion rate. Sun et al. [31] compared the
forum interaction between students who participated in predefined groups and students
in self-selected groups. It was found that there is a significant difference between the
strength of the ties that students formed, leading to the conclusion that the course design
approach is affecting students’ community structure. Chiru et al. [32] proposed a model
for counting the strength of students’ connection with certain discussion topics and with
other participants, called the participant–topic and the topic–topic attraction. Network
representation through time reveals the evolution of students’ community and along with
polarity analysis can provide insights into the social aspect of their learning behavior [33].
Hernández-García, et al. [34] highlighted the need for tailored tools for advanced and
in-depth analysis that will allow the effective confrontation of the problems that commonly
appear in Distance Learning.

3. Methodology

In this section, we discuss the methodology of this work. Firstly, we introduce a
detailed view of our data set and we present the participants’ main features. We focus on
the data set’s characteristics and then we perform our analysis based on the requirements of
our research. In the next sub-section, the theoretical background related with the following
analysis is briefly presented.

3.1. Description of the Data Set

Our data set is a log file that consists of 146,814 rows, where each row describes a
certain action in a Moodle LMS of a postgraduate distance learning course. This particular
course started in October and its duration was a whole academic year. In total, 124 partici-
pants contributed to the dataset: 111 students and 13 members of the teaching staff. The
students were divided into 5 groups, each group was assigned to a tutor. Each action in the
LMS might be an insertion of a topic, a reply to a topic, a view of a thread or topic, a quiz
attempt, an assignment submission, a view of a module, etc.
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Since the program is provided by a Distance Learning University, the courses are based
on the Distance Learning methodology. Hence, the students studied from their homes in
their own time, at a given pace. They had to hand in assignments, there were optional
real-time sessions with their tutors and their peers and, for the final evaluation, they had
to sit on face-to-face exams. Data were collected during the academic year 2020–2021.
This year, the COVID-19 pandemic forced educational institutions over the world to make
a transition to online teaching. However, Distance Learning Institutions kept up with
the same methodology as they were offering online courses anyway. The courses were
provided in Greek and the communication in the forum was in Greek as well. The course’s
forum is a domain where students can discuss every issue that concerns their studies. The
discussions vary from questions focused on the learning material, such as issues raised
during the lectures or taken from the written assignments, to simple practical issues, such
as career paths.

The majority of the rows refer to view actions and only 1% of these rows are post
actions. The view actions include access to any components of the courses (viewing the
initial web pages, quizzes, grade-books, or submission forms of the written assignments),
the various initial web pages of the fora of each course, and the corresponding discussions.
Figure 1a shows the distribution of the counts of view and post actions in each month. It
is quite obvious that the activity of the LMS grows significantly towards the end of the
academic year, where the students maximize their efforts to improve their grades.

We have specified two major user roles; the student with 111 individuals, and the
teaching staff, with 13 individuals. The student role included most of the rows, i.e., 74%
have been generated by the students, while 26% describe actions of the teaching staff.
Figure 1b illustrates the activity, in terms of the number of actions, of both roles. We have
excluded the rows which referred to actions of the technical staff, which did not exhibit any
particular educational interest.
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Figure 1. The counts of view and post actions aggregated by each month. (a) Kinds of actions.
(b) Roles of the users.
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For the needs of this research project, we have developed a data warehouse, where
we have stored aggregated data of each user of the LMS based on the available log file.
We maintain a pseudonym of each user, which is their id as given in the initial data set as
well as their gender. We also maintain the counts of their view and post actions and the
averages of students’ written assignments and final exams.

3.2. Theoretical Background

The series of actions, as stored in the log file, constitutes a Poisson process, where each
action occurs on average λ times per minute. Consequently, in a period of λt minutes, the
number of actions is a Poisson random variable with mean being equal to λt. The waiting
times, in terms of minutes, between these actions are exponentially distributed having rate
equal to λ. The Probability Density Function (PDF) [35] is:

p(x) = λ e−λ x, (1)

where x denotes the waiting time and e is the exponential constant, whose value is ap-
proximately equal to 2.718. The reciprocal of λ, namely β = 1

λ , is the theoretical mean of
the distribution.

If we assume an exponentially distributed random variable X, the Cumulative Distri-
bution Function (CDF) of X [35] evaluated at a certain waiting time x is:

P(X ≤ x) = 1 − e−λ x. (2)

Thus, the complementary of Equation (2) calculates the opposite event:

P(X ≥ x) = 1 − (1 − e−λ x). (3)

Since the rate parameters of the underlying exponential distributions in each time
interval were unknown, we used the maximum likelihood estimation technique [36] for
the exponential distribution to estimate the rate parameter λ by assuming n measurements
of waiting times between the corresponding actions in the logs of the LMS:

λ̂ =
n

∑n
i=1 xi

, (4)

The reciprocal of λ̂ was used as the estimated average waiting time β̂ = 1
λ̂

.

4. Experimental Results

For the first set of experiments, we assumed that each day of interest is divided into
three-hour time intervals starting from 9:00 until 23:59. The period from midnight to
9:00 p.m. was not included due to very low activity. The purpose of doing so was to
measure the elapsed amount of time, in terms of minutes, between subsequent actions,
i.e., view and post actions, in the LMS, which had occurred in these time intervals. These
measurements are actually the waiting times between a couple of actions, where the activity
of the LMS is idle.

We considered as major cornerstones the following dates:

• The deadline of the first written assignment, 2 December 2020 (the deadline expires
at 23:59);

• The deadline of the second written assignment, 20 January 2021;
• The deadline of the third written assignment, 24 February 2021;
• The deadline of the fourth written assignment, 7 April 2021;
• The deadline of the fifth written assignment, 12 May 2021;
• The date of the first exam, 6 June 2021;
• The date of the resit exam, 30 June 2021.

We derived estimate λ̂ for the following:
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• The fifth, third, and the day before the deadlines of each assignment;
• The dates of the deadlines of each assignment;
• The dates of the two exams.

For these dates, for each time interval, we plotted (a) the exponential distributions
using the waiting times in the density function in (1) having set λ̂ as the scale parameter
and (b) the counts of the corresponding actions. For the rest of the manuscript, we will use
λ and λ̂ as well as β and β̂ interchangeably.

4.1. Activity during the Days before the Deadlines of Each Assignment

Initially, we focused on the days immediately before the deadlines of the written
assignments, namely the fifth, third, and day before. We calculated the average number of
actions and the average values of λ for each time interval in these specific dates. We observe
in Figure 2a,b that in the fifth date before each deadline during the interval 9:00–11:59 the
number of actions exhibits a peak with rate λ = 0.95. In the third day, the interval 18:00–
20:59 is the busiest, where λ = 1.20, as Figure 2c,d indicate. In contrast, as Figure 2e,f
suggest, during the days just before the deadlines, the rates of actions per minute in the
intervals 18:00–20:59 and 21:00–23:59 are λ = 0.99 and λ = 0.97, with waiting times almost
equal to β = 1 min, respectively.
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Figure 2. The distributions calculated on certain days before the deadlines of the written assignments.
(a) The exponential distributions five days before the deadlines. (b) The counts of actions five days
before the deadlines. (c) The exponential distributions three days before the deadlines. (d) The
counts of actions three days before the deadlines. (e) The exponential distributions one day before
the deadlines. (f) The counts of actions one day before the deadlines.
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Therefore, in the peaks of these dates, λ is around 1 action per minute, which means
that the average waiting time is also β = 1, which is the empirical mean of our measure-
ments. Thus, using the CDF in (2), the probability that an action would occur in these days
within one minute from the last action received is:

P(X ≤ 1) = 1 − e−1 = 0.63, (5)

whereas, using the CDF in (3), the probability of obtaining an action after two idle minutes is:

P(X ≥ 2) = 1 − (1 − e−2) = 0.14, (6)

In contrast, by assuming the rate in the interval 21:00–23:59 of the fifth day, which is
λ = 0.6 actions per minute, the probability to receive an action within a minute decreases:

P(X ≤ 1) = 1 − e−0.6 = 0.45, (7)

and the probability of obtaining an action after two idle minutes increases:

P(X ≥ 2) = 1 − (1 − e−1.2) = 0.30. (8)

In Figure 3, we present an overall picture of the counts of actions aggregated by each
written assignment. The first and last assignments exhibit the two highest peaks, which
refer to over 1000 actions in total, on different days. We also notice that the first two
assignments follow almost the same pattern, which includes a peak in the third day, while
the rest exhibit their peaks during the fifth day, and maintain lower activity during the day
before the deadline.
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0

200

400

600

800

1000

1200
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t
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3 days
1 day

Figure 3. The counts of actions aggregated by each assignment and certain days before the deadlines.

4.1.1. Activity during the Deadlines of Each Assignment

Figure 4a,b show the exponential distributions and the distribution of the count of
actions in the deadline dates of the first three assignments, which seem to exhibit almost the
same pattern. We observe a considerable increase in activity in the last two time intervals
from 18:00 until midnight. The corresponding rates are λ = 2.40 and λ = 3.20 actions per
minute, respectively, which yield average waiting times equal to β = 0.42 and β = 0.31 min,
respectively. In the fourth written assignment, the increase in activity during the interval
18:00–20:59 is noteworthy, since it reaches λ = 3.20 actions per minute, as is indicated in
Figure 4c. The absolute number of actions is almost 600 (Figure 4d). During the deadline
date of the fifth written assignment, both time intervals from 18:00 until 23:59 exhibit high
activity. However, it is apparent that the corresponding rates, waiting times, and counts are
lower than these of the previous assignments (Figure 4e,f).
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Figure 4. The distributions during the deadline dates of the written assignments. (a) The exponential
distributions of the first three written assignments. (b) The counts of actions of the first three written
assignments. (c) The exponential distributions of the fourth written assignment. (d) The counts
of actions of the fourth written assignment. (e) The exponential distributions of the fifth written
assignment. (f) The counts of actions of the fifth written assignment.

The high rates incur higher probabilities of receiving actions. Specifically, the probabil-
ity of an action occurring within a minute by assuming λ = 3.20 is:

P(X ≤ 1) = 1 − e−3.2 = 0.96. (9)

In this case, the probability of obtaining an action after two idle minutes is negligible:

P(X ≥ 2) = 1 − (1 − e−6.4) = 0.002. (10)

Due to this high rate of actions, the waiting times are much shorter.

4.1.2. Relationship of Students’ Activity with Their Academic Progress

We evaluated the relationship of students’ activity with their academic progress, in
terms of their grades, using our own-developed data warehouse. For each student, we
have stored the average of grades of their written assignments as well as the grade of their
final exam into the data warehouse. Using this pair of grades, we derived the final grade
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for each student. These grades range from −2, which denotes violation of the rules of
plagiarism, until the highest grade, namely 10. In Figure 5, we illustrate the counts of the
view and post actions of the students aggregated by the intervals of their final grades. We
have normalized the counts due to their great difference between the view and post actions.
We observe that views scale according to the ranges; the higher the interval, the greater
the number of views. More specifically, the interval [7, 9) exhibits an increase of 33% more
views than the lower range of [5, 7), while the highest range [9, 10] has 35% increase over
the previous range. The distribution of the counts of posts is different. The interval [7, 9)
has the greatest count, 66% more posts than the range of [9, 10].
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Figure 5. The normalized counts of view and post actions aggregated by the ranges of grades of
the students.

4.1.3. Elapsed Time between Posts

In this set of experiments, we investigate the elapsed time for the reaction of students
or members of the teaching staff of each post. Specifically for each discussion, the so-
called forum threads, we measured the waiting times between its successive posts. There
are 165 discussions, where 145 and 20 are initiated by the members of the teaching staff
and students, respectively. The number of the total posts is 827, where 73% and 27% are
submitted by the members of the teaching staff and students, respectively. Figure 6 is a
histogram, which illustrates these time differences, in terms of minutes. Each bin of the
histogram represents a waiting time period of ten minutes. We observe that the distribution
of the counts of replies follow the same distribution for both the students and members of
the teaching staff. However, the majority of the replies are submitted by the members of
the teaching staff; for example, during the first ten-minute period, 77 posts are submitted
as replies, where the members of the teaching staff submitted the 60 of them, while the
students submitted only 17.
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Figure 6. The waiting times (difference) binned in 10-min intervals and the corresponding counts.
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We then estimated the rate of replies, where λ̂ is used as shorthand, per minute and
the corresponding waiting times (β̂) using waiting times within 360 min in order to exclude
late replies. The empirical mean of each λ̂ for each discussion is 0.025, with an empirical
standard deviation equal to 0.04. This actually means that each discussion has on average
0.025 replies per minute. The empirical mean of the waiting times is β̂ = 90 min with
empirical standard deviation equal to 70 min.

5. Discussion and Pedagogical Reflections

As shown in Figure 1a the number of events “forum views” is lower than the number
of “course views”. This indicates that students visit the courses’ page and the majority of
their action is related to the forum. It has to be noted that students are provided with printed
learning material. So, they do not have to retrieve it from the online platform. The online
platform mainly serves communication needs, assignments, quizzes submissions, and
course planning information. On the other hand, the fact that there are more “forum views”
than “discussion views” indicates that students usually check whether there is something
new in the course in order to remain updated. The use of the forum for interaction,
communication and information dissemination has also been stressed in the work of
Onyema et al. [37] and Mtshali et al. [38]. Additionally, one of the findings in [29]
was that besides commenting in the forum, viewing was one of major factors positively
influencing learning.

Figure 1b shows that November was the most active month for the tutors. As was
already mentioned, the data have been extracted from a postgraduate course that lasts
for an academic year, starting in October. The first few weeks are mainly introductory.
In November, students are preparing for the submission of the first compulsory written
assignment. The results show that tutors increase their activity to support students’ efforts.

The distributions shown in Figure 4a,c,e indicate some not-so-obvious, yet explainable
differences in students’ activity, which increases progressively from the due date of the
first three written assignments to the final one. The graphs in Figure 4a,b show that the
activity rises at night indicating an increased number of last-minute submissions. Academic
procrastination is defined as delaying the academic tasks such as submitting an assignment
or a term paper or last-minute preparation for the exams [39]. However, according to [40]
academic procrastination is performed more frequently in online education rather than
the face-to-face typical education. Thus, it is an issue of high importance, especially since
students who habitually delay starting assignments have higher risk of failing their courses
than students who start on time [41].

On the due date of the fourth written assignment, the maximum frequency of actions
is during the afternoon and early evening. On the due date of the final written assign-
ment, there is also a rise in last-minute submissions. This result, in combination with
the information offered in Figure 3, may imply problems related to lack of time or poor
time management. However, Figure 3 indicates a progressive improvement in students’
activity during the periods that a submission is pending. The “last day” actions gradually
decrease and, in the three last written assignments, the peak of activity is five days before
the due date, indicating a better planning strategy and time management on behalf of the
students, which has been stressed as an important asset in previous research [42–44]. It has
been found that the use of learning strategies for procrastination avoidance can influence
homework timeliness, which then can affect course achievement [45], while Jones et al. [46]
suggest that the earlier assignments are submitted, the higher the grades tend to be. There-
fore, if faculty can help undergraduate students cultivate the habit of earlier submission of
assignments, the better those students should perform in their studies.

Regarding students’ activity in relation with students’ grades (Figure 5), different
approaches of forum participation can be derived. Students with the highest grades seem
to closely monitor forum activity or engage in interaction, since forum views are very
high in this category. However, they do not participate very actively as they exhibit lower
number of forum posts. On the contrary, students that were graded between 7 and 9 do
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not visit the forum so often, but when they do, they usually make a post, contributing
more actively in the forum community. This results is consistent with the work of [47,48],
where more active students in the forum community achieved higher grades. Additionally,
Cheng et al. [49] showed that students who participated in the forum tended to have
better performance in the course, and that reading posts on the forum improved exam
performance. Along the same lines, Voghoei et al. [50] found that the common characteristic
of top students in all classes was their consistency in forum participation throughout the
semester, regardless of the number of their posts.

Finally, the supporting role of the tutors as communication facilitators is confirmed
in Figure 6, where we observe that a student’s post will be, most likely, resolved by a
tutor. Findings from the study of Larson et al. [12] demonstrated that students desire
to have engagement with their instructor in a balanced manner. This timely response by
the tutors can be beneficial [13,14], especially during the beginning of an online course;
however, in order to inspire students autonomy, tutors should gradually reduce their level
of intervention to leave space for peer interaction.

6. Conclusions

In this work, we used log data from a Moodle LMS used in a postgraduate distance
learning course to investigate the online activity during periods close to the dates of
submission of written assignments. The results confirmed the importance of written
assignments in the learning process, since they trigger an increase in students’ activity and
their active engagement in the LMS. Additionally, their activity was shown in association
with their grades. Finally, the time intervals between forum activity were investigated. The
increased activity of the tutors compared with the students’ activity indicates that tutors
are mainly in charge of the effectiveness of the communication, which is expected to a
certain degree, since students are in their first year of a two-year, postgraduate, distance
learning program and probably have not yet developed bonds of trust with their peers,
nor sufficient autonomy skills. This evidence is subject to the features of the data sample
that we consider and does not allow us to generalize the results. Hence, we consider it as
the main limitation of this study. In the future, we plan to apply the same methodological
approach to different data sets, including students of different fields and levels of studies.
Additionally, we intend to expand our methodology using Machine Learning algorithms in
order to extract patterns that may be hidden in the dataset, focusing mainly on the relations
between online activity and students’ progress.
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