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Abstract
The objective of the research is to develop a methodology to analyse a set of data extracted from a learning management
system, in order to implement a dashboard, which can be used by teachers to make timely and relevant decisions to improve
the teaching–learning processes. The methodology used consisted of analysing 9,257 records extracted through simple random
sampling from a population of 100,000 records. The indicators analysed were number of accesses, course grades, time spent,
number of courses enrolled and number of activities developed. The results show that the data analysis was carried out on the
(o Konstanz Information Miner (KNIME) data mining analysis platform, and the model was implemented in five phases:
requirements definition, model design, development, implementation and evaluation of results. The results are taken as a
recommendation to design and implement a customised dashboard for teachers to identify observable behavioural patterns
that allow them to make decisions to improve the teaching–learning processes of students.
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1. Introduction
The use of technology in the remote work of teachers and the use of better tools that facilitate the
teaching–learning process and the evaluation of students in real time have increased in recent years.
Education has evolved through the immersion information and communication technologies (ICT) in
the teaching and learning processes. By becoming more ubiquitous and active (Ribeiro & Montanaro,
2017), the transition to online learning has been difficult, yet it is expanding rapidly (O’Doherty et al.,
2018). Given this situation, there is a predominance of virtual learning environments. Due to the
increase in distance learning in recent years, there has also been a proportional increase in
educational big data due to the large amount of data generated by the interactions that platforms
allow (Asadi et al., 2019; Arriaran Olalde & Ipina Larrannaga, 2019).
There is a need to monitor the current status of the academic performance of students by teachers
in distance teaching–learning in virtual learning environments. Updated training in the use of
technology for distance learning is also required (Michaeli et al., 2020). Distance learning, in the sense,
is that generally the learning activities of a study programme do not require the physical presence of
the student (Mahou-Lago et al., 2020). Given this trend of distance education and the need to analyse
through data generated by the interaction of educational actors, this process is called learning
analytics. These analytics are intuitive graphical representations about the activity and performance
of the students, in order to optimise it (Mejia et al., 2017). The main objective is to provide processed
information on the real situation, through data collection, in such a way to anticipate and improve
student performance (Hibbi et al., 2019) as an emerging field; it has been shown that it contributes
to the prevention of dropout, as well as the optimisation of the teaching–learning process.
Conceptual or theoretical framework
Given the problems caused by the health crisis generated by the COVID-19 pandemic (Marek et al.,
2021; Sharma & Bumb, 2021), there is a need for the correct use of virtual learning environments by
teachers. It is necessary to design a detailed report viewer that allows showing student performance
data that allow timely decision-making. As mentioned by Ordonez-almeida et al. (2020), there is a
permanent need to train educational actors in the Moodle platform because there are shortcomings
identified in the training of the pedagogical application of the tools. Its main use is usually as a job
manager (Del Prete et al., 2018). In conclusion, there is evidence of the lack of training of teachers
regarding the proper use of the platform, as well as problems in the methodology, content
management and evaluation. Therefore, it is necessary to find a way to support the solution of this
problem. It is essential to carry out this type of research in conditions where, for the first time, full
use of teaching is made through the Moodle platform.
Learning management systems (LMSs) are implemented in order to improve educational quality, but
the analysis of the impact on learning is still a subject of recent research (Arriaran Olalde & Ipina
Larrannaga, 2019; Mwalumbwe & Mtebe, 2017). Moodle is a platform that has become very popular
(Alexandre Scherbyna, 2020), but problems have also arisen due to the lack of knowledge of all its
tools and in the correct use of these (Ribeiro & Montanaro, 2017); for example, one of the reasons is
that some of its functionalities are poorly known (Esnaola-Arribillaga & Bezanilla, 2020). The use of
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virtual learning environments has become a constant need; therefore, it must be part of the skills of
the 21st-century teacher.
Another problem in distance education is related to the interaction and communication between
teacher and student. Since observing the behaviour of students, regarding their complex learning, it
has been identified that monitoring the activities that are carried out by means of the Moodle report
registry presents difficulty in use (Santoso et al., 2018). Therefore, behaviour is partially observable,
but with data analysis techniques, significant information can be extracted to serve as data for a more
complete and detailed observation.
Related research
Learning analytics is completely related to educational technology. This is because it has an impact
when it comes to displaying information related to students and the online teaching–learning
environment (Kew & Tasir, 2021). KNIME is a software that provides a platform where new functions
and tools can be easily used; it has a data system that records the steps of the workflow in detail
(Fillbrunn et al., 2017). It also provides a visual graphical user interface for designing and debugging
the data analysis process (J. Jara et al., 2014). The best way to view learning analytics in the education
community is the dashboard, which helps provide solutions in learning analytics for administrators,
teachers and students to use (Kew & Tasir, 2021). By using data visualisations as scaffolding tasks, the
results of the study demonstrate the proposed model as a teaching tool in the project-based
education. The findings of the paper show that the developed model provides students with the
opportunity to develop accounting analytics visualisation skills and increase students’ engagement by
exposing them to real-world projects in the accounting domain (Prokofieva, 2021).
As Saiz-Manzanares et al. (2020) mentioned, it is necessary to design complements to optimise the
different aspects of monitoring to implement them in the LMS because they have a monitoring system
that calculates simple metrics. The data generated by the interaction is difficult to analyse to predict
the performance from Moodle (Liu et al., 2019). Moodle has limitations due to the lack of tools to
monitor students in real time because personalised data processing is more expensive, but it can be
complemented with plugins or systems that demonstrate a solution in the efficiency of processing
personalised queries (Zacarias et al., 2016). It also has a very complex and inflexible internal structure,
which makes it difficult to modify. An alternative is to use it to collect data for the purpose of further
analysis in another system (Dominguez et al., 2016). Similarly, our Moodle-based LMS has a very
simple and non-interactive monitoring reporting function for the visualisation of relevant data that
contributes to timely decision-making in teaching. Some virtual learning environments provide
reports and logs so that teachers can track student performance, but they have a deficiency in
facilitating learning analysis and are not intuitive (Brito et al., 2019) or inappropriate to use (Michaeli
et al., 2020). According to Tlili et al. (2018), in distributed teaching, it is more difficult to monitor,
control and adjust the learning process. The data generated is crucial to analyse and generate
knowledge for decision-making. For this reason, early identification of students who need support is
possible through data captured by a system (Liu et al., 2015). In this sense, various external tools have
emerged, such as control panels or dashboards, which serve to facilitate the visualisation and
monitoring of activities and provide information in real time by connecting an API (Zimmerman et al.,
2016).
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According to Brito et al. (2019), the learning analytics risk report plugins use data visualisation
techniques to show the cognitive, social and behavioural indicators of learning. It also provides
mechanisms that promote the improvement of student performance, mainly from those at risk of
dropping out, based on access, interactions (in the forum) and performance indicators (less than 50%),
as it is a qualitative research. As a result, the plugins allow the teacher to intervene and rescue
students who have never accessed the platform and those who have low performance, as well as
some limitations in the export and filter of reports.
Saiz-Manzanares et al. (2020), in the proposal of an eOrientation plugins, designed, developed and
implemented the Moodle platform that graphically analyses the record of interactions of students
and teachers, such as the frequency of access and participation, through an information extraction
process. In addition, its effectiveness was proven, facilitating the monitoring of students and the
detection of academic dropouts using predictive machine learning techniques. It was studied whether
the type of grade variable predicted the students’ learning behaviours and it was found that the
variable with the highest predictive value between the two groups of grade students was the
frequency of access to exams. The grouping technique was also applied, and three groupings were
found for the distribution of the frequency of student access to the platform’s resources. In addition,
data visualisation tools based on the orange software were used, specifically prediction and
classification aspects were shown. Similarly, Santoso et al. (2018) developed the data visualisation
dashboard as a supporting tool for teachers and for monitoring learning, which guides the teacher
and adjusts to the needs that can be improved after obtaining the information of the students.
Principles such as visualisation are also applied, which would be the attributes of creativity and visual
perception for the organisation of the visual components in the dashboard where in the qualitative
evaluation its usefulness of the prototype was satisfactory. In turn, Tlili et al. (2018) indicate that
Imoodle is a system integrated by Moodle, which presents a dashboard in an integrated system, in
order to collect and extract meaningful information from the database where teachers can track their
students, in order to control the online learning process, proposing a future study on the evaluation
of efficiency. Similarly, Florian-Gaviria et al. (2013) mentioned that the SOLAR application provides
learning analysis on the development of capacities with different social perspectives parallel to the
social plane. For the support to the follow-up, they received high satisfaction where 80% of the
teachers were able to identify patterns of failure. SOLAR can help teachers to raise awareness,
stimulate reflection and understand the behaviour of students on a social level. While EMODA (EzZaouia & Lavoue, 2017) is an emotional board that displays emotional data on a videoconferencing
platform and focuses on synchronous interactions through the application of both dimensional and
discrete emotional models. We demonstrate that the emotions of different students can be detected
during these environments. In the initial study of the EMODA board, to obtain the perception of the
usability of the board, the tutors confirmed that the board is easy to use. This suggests that a
simplified display would be easier to understand. Also, LEARNATO (Van Alphen & Bakker, 2016) is a
dashboard that provides teachers with progress information in real time. Participants reported using
the board time efficiently. Only the information extraction process was a slow task, but in general
they indicated that they feel supported by the information they obtain on the board for a
differentiated instruction.
The dashboards integrated in the LMS that had good results mostly indicate that they arise due to the
difficulties. Similarly, SoftLearn Activity Reporter (SLAR), described by Ramos-Soto et al. (2015), is
integrated into the Soft Learn platform to complement the information provided by its graphical
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visualisation tools with the textual reports of the data displayed, helping teachers understand student
behaviour during the course. Furthermore, SLAR's performance in terms of content veracity meets
expectations to a high degree.
Purpose of the study
The results of the developed analysis are taken as recommendations to design and implement the
proposed personalised dashboard for teachers to identify observable patterns of student behaviour
in a way that allows them to make timely and relevant decisions to improve the teaching–learning
processes. In conclusion, a personalised dashboard is implemented according to the
recommendations of the model implemented in the KNIME platform and can be generalised to other
educational contexts.
The aforementioned research shows us that the dashboards focus on some indicators for better
visualisation and help the work of teachers in the distance teaching–learning process. On the other
hand, our proposal includes optimal indicators obtained by a rigorous process of cataloguing the
appropriate indicators so that they can be visualised in the dashboard design and that they have a
better impact on the context. In fact, the current architecture should be modified to offer real-time
visualisation to teachers in order to optimise monitoring and make it more enjoyable. In addition,
these tools need to be based on standards that the educator must have as indicated by the
International Society for Technology in Education (ISTE) (Michaeli et al., 2021). The standards are as
follows:
•
Apprentice: Teachers follow a constant process of learning from their practice exploring
successful practices that use technology to improve student teaching–learning.
•
Leader: Teachers seek opportunities to actively promote student learning and their own
teaching.
•
Citizen: Teachers encourage students to make positive contributions to the digital world and
participate responsibly.
•
Collaborative: Teachers spend their time collaborating with their colleagues and students to
improve their practice.
•

Designer: Teachers design authentic student-oriented learning activities and their variables.

•

Facilitator: Teachers use technology to promote learning and support student achievement.

•

Analyst: Teachers understand data to improve teaching and promote student learning.

The research question that we posed is: To what extent will the design of a dashboard based on a
personalised model help efficient visualisation for the best timely decision-making of teachers in the
virtual learning environments?
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2. Method and materials
The methodology used consisted of analysing 9,257 records extracted from the LMS; these data only
constitute the sample of a total of more than 100,000 records. The indicators analysed were number
of accesses, course grades, time spent, number of courses enrolled and number of activities
developed. The data analysis was developed in the data mining analysis platform KNIME. The analysis
model was implemented through the following phases: requirements definition, model design,
development, implementation and evaluation of results.
Below are the objectives to be analysed in the KNIME platform according to the data set that was
extracted.
2.1. Research model
The research used a quantitative approach where the objectives to be analysed in the KNIME
platform are as follows:
• Identify observable behaviour patterns through the relationship between the time spent in the
courses and the time dedicated to the development of activities.
• Identify indicators of academic performance towards the achievement of success and low
performance through the relationship between the activities completed and their qualification.
• Identify the effectiveness of the activities through the relationship between activities completed,
tasks performed and the average obtained in the course.
• Track student activities and interactions through the relationship between time spent in a course
and average grade received.
• Compare the development of the activities with the other students through the relationship
between the time dedicated to the courses and the time dedicated to the activities.
2.2. Participants
For the implementation of the dashboard proposal, the LMS data was analysed through a model
implemented in the data mining platform KNIME (Kresimir et al., 2014). Online behaviour indicators
were extracted, such as access, rating and time, from the website and valid information from the LMS
of the Faculty of Education of the Universidad Nacional de San Agustin.
The data from the 9,250 record samples used were extracted through simple random sampling of a
total population of 100,000 records of the faculty LMS, using the IntelliBoard tool. With this data set,
the model was implemented in the KNIME platform whose recommendations of the analysis carried out
allowed implementing the proposed customised dashboard. The methodology for dashboard design
(Robalino, 2017) consists of five phases: requirements definition, design, development, implementation
and evaluation of the results.
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2.3. Data collection tools
2.3.1. Phase 1: Definition of requirements
Data records were extracted from the LMS using the IntelliBoard tool; data are related to the
objectives for the analysis to be carried out through the model implemented in the KNIME platform.
With these data, the dimensions and indicators to be modelled in the KNIME platform were proposed,
as shown in Table 1.
Table 1. Indicators and dimensions of academic performance
Dimensions
Access
Qualification

Indicators
Visits to courses clicks
Average rate
Grade by course

Weather

Time for each course
Total time in courses
Total time in activities

Courses

Enrolled courses

Activities

Activities seen
Homework
Completed activities

Data collection process
Phase 2: Design and modelling
Data preparation was carried out using the reports extracted from the LMS in table format in spread
sheets in files such as summary of activities on the site by user, site access statistics, demographic data,
summary of activities carried out, student progress in the course etc.
We proceed to implement the nodes in the KNIME platform to process the data and achieve, as a
result, a single table containing all the academic performance indicators.
As shown in Figure 1, the model was separated into two groups. In the first group, the data obtained
from the reports extracted from IntelliBoard were processed. The second group of statistics corresponds
to the modelling results according to the objectives requiring data visualisation.
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Figure 1. Logical representation of the modelling in KNIME
Figure 2 shows the methanode (union of nodes according to functionality) for all users where two
reports are analysed: Summary of site activity by user and Access statistics. The Joiner node was used to
join the tables containing data on accesses and qualifications, respectively, of 26,253 records.

Figure 2. Methanode of all users
Figure 3 shows the Student Identification methanode where teachers and students are distinguished
by joining with the Joiner node the Site Use by Instructor Summary tables and the table created in the
previous methanode, Access and Qualification Union.
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Figure 3. Student identification methanode
Figure 4 shows the methanode of students. With the Joiner node, we joined the Summary
Instructor Use of Site tables and the previous Student Identification methanode table, filtering the
student data from the teachers, resulting in 9,252 records.

Figure 4. Students’ methanode for filtering valid student data
Figure 5 shows the qualification methanode, which was used to verify the accuracy of the data
extracted with IntelliBoard. With the GroupBy node, we averaged the course grades of each student,
and then with the Joiner node we joined the two tables, adding a column to compare the average grade
obtained by the GroupBy node with the IntelliBoard reports table.

Figure 5. Methanode qualification for data validation
Figure 6 shows the time conversion methanode, the process of converting the time spent on courses
and activities. It also includes a methanode on the reporting of course activities.
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Figure 6. Time conversion methanode
Data analysis
Figure 7 shows the methanodes Conversion Time in courses and Conversion Time in activities, where
the process of converting time into courses and activities is carried out. Due to the format of the time
variable in hh:mm:ss in text string, with three String Manipulation nodes, the numbers of hours, minutes
and seconds are extracted, generating new variables, respectively. By means of the String to number
node, these variables are converted from text string to number. Then with the function of the Math
Formula node, the previous variables of hours, minutes and seconds are joined in a single variable of
time in seconds, and then another variable in hours is generated. Finally, with the Column Filter node,
the necessary variables are kept, such as the variables of time in hours, TimeInCourseHrs and
TimeInActivitiesHrs.

Figure 7. Conversion of time into courses and activities methanode
Figure 8 shows the table of activities methanode, where the progress course report is incorporated.
The String to Number node is used to convert the number of completed activities, assignments and text
assignments to number; then the GroupBy node is used to sum the number of activities viewed,
completed activities and assignments of each course that the students have. The tables generated with
the Joiner node are joined, creating the three summation variables. Finally, the necessary columns of
the table are filtered with the Column Filter node.
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Figure 8. Methanode of the table of activities
Figure 9 shows the process methanode of the General Datasheet. It joins the different generated
tables of time in the course, time in activities and the progress table of the course, by means of the
Joiner nodes, based on the email, last name, first name and course fields, to generate a single table that
contains all the necessary indicators for the proposed dashboard.

Figure 9. General datasheet methanode
Table 2 shows the parameters and descriptions involved in the data analysis, such as average grade,
course enrolled, mail, time updated, time spent in the activities, number of tasks developed, number
of activities completed and number of activities viewed. This data set was pre-processed through a
previous analysis on the KNIME platform.
Table 2. Detailed description of the data
Parameter
Average mark
Course
Mail

Description
Average score obtained from each student
Number of courses enrolled for each student
Email to identify the number of students

Current time
Time in activities
Homework
Completed
activities
Activities seen

Time spent on average in all courses
Average time spent on activities
Total amount of homework for each student
Total number of activities completed for each
student
Total number of activities viewed by each
student

Figure 10 shows the processing methanode of the recommendation results for the first objective.
The correlation was carried out using the Scatter Plot node that shows a scatter plot with the time in
progress in hours, TimeInCourseHrs, as the independent variable and the time in activities in hours,
TimeInActivitiesHrs, as the dependent variable.
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Figure 10. Recommendations to implement the dashboard for objective 1
Figure 11 shows the processing and recommendation methanode for the second objective. Using
the Numeric Binner node in the rating variable, a distribution of the data in four nominal categories is
configured: at the beginning from 0 to 50 points, in process from 51 to 70 points, expected achievement
from 71 to 80 points and outstanding achievement from 81 to 100 points. Subsequently, the Colour
Manager and Bar Chart nodes are used for the graphical visualisation of the average score variables and
the number of activities carried out according to the categories.

Figure 11. Recommendations to implement the dashboard for objective 2
Figure 12 shows the processing methanode to obtain the recommendations for the general
dashboard for the third objective. The Colour Manager node was used for the number of activities
variable, defining red as the minimum value and blue as the maximum value. Then, with the Scatter Plot
node, a scatter plot was made and the number of activities was completed as the X-axis and the average
rating as the Y-axis.

Figure 12. Recommendations to implement the dashboard for objective 3
Figure 13 shows the data processing methanode for the Dashboard implementation
recommendation for the fourth objective. The String Manipulation node was used to extract the code
representing an education specialty and create the code variable. With the Table Creator node, a data
table was created with code and name fields for each of the nine education specialties. With the Joiner
node, the table containing the code field was joined with the table containing the respective names of
each specialty. The Rule Engine node was used to define custom rules to match some of the records it
has with the exception’s codes. Again, the resulting tables were joined with the Joiner node to include
all the data. Finally, for the visualisation in graphs of the comparison of the variables of time in progress
in hours and time in activities of each specialty of education, the Bar Chart node was used.
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Figure 13. Recommendations to implement the dashboard for objective 4
Figure 14 shows the processing methanode and dashboard implementation recommendation for the
fifth objective. The Scatter Plot node was configured for the scatter plot view with the variables
TimeInCourseHrs and Average Rating.

Figure 14. Recommendations to implement the dashboard for objective 5
3. Results
Phase 3: Development and implementation
Figure 15 shows the behavioural patterns observable through the relationship between time spent
in the courses and time dedicated to the development of the activities.

Figure 15. Relationship between time in courses and time in activities
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Figure 16 shows a higher frequency of students who are in the outstanding, expected and process
levels, according to their academic performance. There are also many misleading values. Students who
are going through the stages will have an increase in the number of activities until they reach the
expected level, which does not vary in the number of activities completed.

Figure 16. Relationship between completed activities and average grade
Figure 17 shows that most of the points are in the upper area, where it can be interpreted that a
certain number of points are in the range of 0–200 activities completed with a score of 60–90.
Likewise, identification of the effectiveness of the activities, through the relationship between
activities completed, tasks carried out and the average obtained in the course, was carried out.

Figure 17. Relationship between completed activities, completed tasks and grade
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From Figure 18, it can be observed with respect to the subjects by major that the students
dedicated more time to courses such as Natural Sciences; it can also be observed that there are more
courses in the Natural Sciences major than in the other majors. An alternative explanation is that the
activities in this major are more intense than the other majors.

Figure 18. Ratio between time spent in courses and time spent in activities by specialty
Figure 19 shows that most of the points are in the upper part of the graph, where it is interpreted
that a large number of students have a range of 0–35 hours per course and have a score ranging from
60 to 90.

Figure 19. Relationship between time in courses and qualification
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Phase 4: Implementation
Figures 20–24 show the results of the proposed implementation. The visualiser shows that the
proposed implementation objectives, whose data are displayed, were extracted from the KNIME model.
The visualisation of the graphs and diagrams will help the teacher to make timely decisions to improve
the teaching–learning processes, while at the same time monitor student performance to identify
possible
risks
in
academic
performance.
The
dashboard
link
is
http://dashboard.benjaminmaraza.com/index.php

Figure 20. Course time versus activity time diagram

Figure 21. Graph of completed activities and average grade
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Figure 22. Diagram of completed activities versus qualification

Figure 23. Graph of time in courses and time in activities by education specialty
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Figure 24. Course time versus grade point average diagram
The implementation was carried out according to the data analysis developed in the KNIME platform,
whose recommendations are taken into account to implement the dashboard proposal, which are
supported by the ISTE standards (Michaeli et al., 2020) in the part of the design and analysis that a
teacher must carry out in teaching through ICT for the objective of designing a dashboard proposal that
best suits the needs of the teacher and to optimise the teaching–learning process of students.
For better use and understanding of the analysis carried out on the KNIME platform, the distribution
is carried out in a way to get the most out of it. The dashboard is composed of the options sidebar and
at the top of the window and a navigation area for each of the graphs: Average Qualification vs time in
courses, time in courses versus time in activities, average qualification versus activities completed and
average qualification versus activities completed. The graphs and charts’ display area is located in the
central part of the window and a data report area is located at the bottom of the display area.
Step 5: Evaluation of the results
In the development of the work, the planning has been followed consistently, except for some
specific moments in which the magnitude and the need for planning calculation were not enough to
cover the whole picture of the objectives in the proposed planning. The KNIME modelling allowed
testing different statistical graphs that were then implemented on a website.
To Society for carry out this evaluation, the International Technology in Education (ISTE) (Michaeli et
al., 2020) standards of designer, facilitator and analyst were considered, as it allows teachers to design
unique learning activities oriented to students, where technology is used to promote learning and
support students' academic performance, and finally, where teachers can understand the data to
improve teaching. Therefore, in the proposal of the control board to optimise the teacher's performance
in the distance teaching-learning process, the analysis for each academic performance indicator was
made for its visualisation in graphs, according to the objectives, in order to propose a useful tool for the
teacher.
4. Discussion
833

Ninasivincha-Apfata, J.E., Quispe-Figueroa, R.C., Valderrama-Solis, M.A. & Maraza-Quispe, B.M. (2021). Dashboard proposal implemented
according to an analysis developed on the KNIME platform. World Journal on Educational Technology: Current Issues. 13(4), 816-837.
https://doi.org/10.18844/wjet.v13i4.6267

Based on the findings, in the learning analytics risk report plugin research (Brito et al., 2019), where
only indicators access to courses, forums and grades are considered to detect academic performance,
and the research conducted by eOrientarion (Saiz-Manzanares et al., 2020), two indicators (frequency
of access and participation) are used to detect dropout, which also allows graphical visualisation.
Similarly, the research by Saiz-Manzanares (2020) shows the relevant information deals with course
visits and the correlation principle to group the information and be visualised in graphs. In the research
by Tlili (2018), their tool helped in monitoring the online learning process based on completed
activities; the research by Florian-Gaviria (2013) shows in his dashboard the results of the activities,
which can identify patterns of success or failure; moreover, the research of the LERNATO dashboard
(Van Alphen & Bakker, 2016) shows information about progress in real time through bar charts; finally,
in the research of SLAR, the activity and inactivity indicators are analysed. Unlike the proposals of the
mentioned researches, the dashboard, which was proposed in this research, is considered as a tool
that can optimise the performance of the teacher in the teaching–learning process because the
indicators are based on the access indicators, the time spent in the course, in activities, completed
activities and grading, which can be visualised in bar charts and scatter plots the correlations of the
indicators in the dashboard to optimise the monitoring of students in distance learning.
The dashboard proposal is based on ease of use and usability, as in the research on the EMODA (Tlili
et al., 2018). As future work, it will be implemented in a real environment.
5. Conclusion
It has been possible to implement the proposal of a personalised dashboard according to the
recommendations of the data analysis and processing implemented in the KNIME data mining platform
from a set of data obtained from a learning management system, which can be replicated to other
contexts.The results lead to different conclusions in the different figures resulting from the model
applied in the research. Thus, defining a conclusion for each resulting graph was also possible to
identify the most relevant and fundamental variables for the optimisation of the teacher's
performance in the teaching–learning process.
Taking IntelliBoard as a tool, the indicators were selected from the extracted data, according to the
greater usability of the activities on the platform. Finally, these actions were studied to expand the
points of view assumed from the theoretical study and the experience of different authors to confront
and adopt new ideas, which favours the consideration of other alternatives and criteria or indicators
of behaviour in virtual learning environments.
The complementary tools for virtual learning environments are useful in the distance teaching–
learning processes. This provides great help for learning to be more efficient in the virtual modality.
6. Recommendations
Despite the promising results of the proposed model for implementing a dashboard, there are
certain limitations. In particular, no correlation analysis was conducted with the outcome of content
assessment, e.g., quizzes, midterm and final exams. In fact, this was left for a future effort, as the focus
here was to analyse a data set and generate a dashboard based on these.
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