
sensors

Article

Responsive Dashboard as a Component of Learning Analytics
System for Evaluation in Emergency Remote Teaching Situations

Emilia Corina Corbu 1 and Eduard Edelhauser 2,*

����������
�������

Citation: Corbu, E.C.; Edelhauser, E.

Responsive Dashboard as a

Component of Learning Analytics

System for Evaluation in Emergency

Remote Teaching Situations. Sensors

2021, 21, 7998. https://doi.org/

10.3390/s21237998

Academic Editor: Joaquin Ordieres

Meré

Received: 29 October 2021

Accepted: 26 November 2021

Published: 30 November 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Department of Mathematics and Informatics, University of Petrosani, 332003 Petrosani, Romania;
corinacorbu@upet.ro

2 Department of Management and Industrial Engineering, University of Petrosani, 332003 Petrosani, Romania
* Correspondence: eduardedelhauser@upet.ro; Tel.: +40-722-562-167

Abstract: The pandemic crisis has forced the development of teaching and evaluation activities
exclusively online. In this context, the emergency remote teaching (ERT) process, which raised
a multitude of problems for institutions, teachers, and students, led the authors to consider it
important to design a model for evaluating teaching and evaluation processes. The study objective
presented in this paper was to develop a model for the evaluation system called the learning analytics
and evaluation model (LAEM). We also validated a software instrument we designed called the
EvalMathI system, which is to be used in the evaluation system and was developed and tested
during the pandemic. The optimization of the evaluation process was accomplished by including
and integrating the dashboard model in a responsive panel. With the dashboard from EvalMathI,
six online courses were monitored in the 2019/2020 and 2020/2021 academic years, and for each
of the six monitored courses, the evaluation of the curricula was performed through the analyzed
parameters by highlighting the percentage achieved by each course on various components, such as
content, adaptability, skills, and involvement. In addition, after collecting the data through interview
guides, the authors were able to determine the extent to which online education during the COVID
19 pandemic has influenced the educational process. Through the developed model, the authors
also found software tools to solve some of the problems raised by teaching and evaluation in the
ERT environment.

Keywords: online education; learning analytics; emergency remote teaching; responsive dashboard;
eLearning and digital transformation of education; IT for education

1. Introduction

During the pandemic crisis, governments from various countries decided to force the
closure of educational institutions and universities by implementing new learning models
that could help the education sector to continue its work exclusively online. Several types
of teaching were adopted, including mobile learning and blended learning. According to
UNESCO, only 20% of countries globally were equipped with online teaching devices and
programs before the pandemic [1].

In the academic year of 2020/2021, a pandemic year, the world’s universities were
forced, in most cases, to cancel face-to-face courses and to use online education. The
responses of European countries differed, and online education took place to varying
degrees—25%, 50%, 75%, or 100%, depending on local conditions. Alternating distance
learning with present or face-to-face learning (F2F) has been the subject of several studies [2,3].

The drastic changes imposed by the pandemic have had a multitude of effects on
learning environments, including open ones. Learning environments have undergone a
changing trend from learning management systems to personal learning environments [4],
and in terms of learning infrastructures, they have provided learning services from open
educational resources to a classroom framework [5]. In the UK, according to the YouGov
study in February 2021, it was shown that the adaptation of educational tools was achieved
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by using video conferencing applications such as Zoom, Google Meet, and Microsoft Teams,
and for communication with students, Microsoft Teams and Google Classroom were used
as collaborative platforms.

Teaching exclusively online has raised a multitude of issues, namely video transmis-
sion problems, slow access to platforms, untimely responses to questions in class, students’
hopes to get corresponding guidance after class, and teachers’ feedback communicated in
a timely manner so as to improve the students’ learning. Considering the resources used
in multiple studies, proposals were made to use online resources for as many courses as
possible, as well as to add as many activities as possible to online platforms to satisfy as
many students as possible [6].

The learning analytics system through embedded dashboards was used by the authors
to monitor the activities that generate the learning process. It was also used in the monitored
activities, by analyzing algorithms using educational data mining techniques [7] and
viewing information, to monitor the degrees of involvement and reflection.

The study was based on the proposed model and the designed and implemented
application, and it was conducted in regard to the educational process in crisis situations or
ERT situations, that is, online teaching and evaluation, representing an element of novelty
in the field of online educational resources. Training carried out under the pressure of
time with minimal resources is called emergency remote teaching (ERT). Through the
application developed, the authors tried to solve some of the problems that this type of
teaching raises. There is still the fear that by the end of 2021, or after a certain period
of time, the pandemic experience will be repeated, which is why the authors focused on
developing a package of software tools. Regarding the evaluation, in the second semester
of the 2019/2020 academic year, which was carried out exclusively online, the authors
thought about the need to develop tools that help teachers in teaching, both in the process
of evaluating courses and evaluating the students. For this purpose, a model was designed
for the evaluation, a system called the EvalMathI system. The EvalMathI system is software
that supports teachers in their teaching activities, and it can be used for two evaluation
processes, namely course evaluation and student evaluation. From the designed software,
the dashboard tools necessary for monitoring and evaluating several disciplines were
implemented and tested. In addition, an optimization module was added by introducing
and integrating the dashboard into a responsive panel to facilitate and streamline the
evaluation process.

The results of the study are based on the answers of the students involved in an
investigation conducted by both authors. The sample was composed of 157 students in the
2019/2020 academic year and 143 students in the 2020/2021 academic year. Questionnaires
were distributed, and 190 and 339 answered the survey each year, respectively. The students
who responded can be considered representative from the perspective of the tested model
and application.

The process of monitoring and the evaluation of the six courses through the EvalMathI
dashboard were also attended by nine teachers from the three faculties of the University
of Petrosani, the university where the study took place, namely four from the Faculty of
Mining, three from the Faculty of Sciences, and two from the Faculty of Mechanical and
Electrical Engineering. For each of the six monitored courses, tools were developed for the
evaluation of the discipline through the parameters analyzed, highlighting the percentage
achieved by each course on various components.

By elaborating the learning analytics and evaluation model (LAEM) and the proposed
application—the EvalMathI system—the authors managed to coordinate the monitoring
and evaluation activity of the six optional courses carried out with 300 students. Through-
out this study, the authors aimed to answer the following questions regarding the central
objective by evaluating the utility of the proposed learning analytics and evaluation model
(LAEM) as well as the efficiency of the EvalMathI system software application:

Q1—How did EvalMathI affect the evaluation process of the courses in an ERT situation?
Q2—What are the best EvalMathI dashboard tools regarding content evaluation?
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Q3—How is the content of each course assessed through EvalMathI in terms of relevance
and applied scientific content, coherence, and consistency?
Q4—What skills were obtained by the students in completing the six courses?

2. Related Work
2.1. Emergency Remote Teaching (ERT) and Learning System Process

Lately, the teaching–learning process has been the subject of many studies; previous
research has referred to different processes as blended learning, face-to-face learning, or
eLearning. Because of the COVID-19 threat, universities and colleges have had to decide
how they can continue teaching under conditions of acute uncertainty. Many institutions
have opted to suspend face-to-face classes, including the operation of laboratories, opting
for online courses.

In a normal situation, the planning, preparation, and elaboration of a completely online
university course requires an elaboration time between six and nine months, time that the
teachers did not have during the pandemic [8]. It was also impossible for every university
professor to suddenly become an expert in online teaching and learning. The process
of preparing and implementing online resources was prolonged over time, increasing
stress and pressure, and it was sincerely acknowledged that there were many online
teaching experiences in which instructors failed to fully prepare materials, leading to a
large probability of suboptimal implementation [9].

In this time of crisis, teachers and students have made the best use of the available
resources, but it must be acknowledged that there is a big difference between vocational
training on online platforms and education carried out under the pressure of time with
minimum resources—emergency remote teaching (ERT) [8].

In contrast to activities that are planned and designed from the beginning to be online,
emergency remote teaching is a temporary form of education that is used to carry out
the training process in an alternative way in crisis circumstances. This mode of training
involves the use of entirely remote teaching solutions. The main objective is not to create a
robust educational ecosystem but rather to ensure temporary access to training in a rapid
manner in an emergency or in a period of emergency crisis. This is the main difference
between ERT and classic online learning [8].

During the pandemic, some educational institutions supplemented the hardware
support made available to teachers for conducting online courses. The technical staff
of universities were also involved to facilitate the educational process. Carrying out all
activities exclusively in an online environment meant flexibility in the teaching and learning
processes [10,11], but the problems raised by teaching exclusively online were multiple
because many of the systems that provided the resources were overworked and even
exceeded capacity [9].

In ERT, speed and “just get it online” are detrimental to the quality of the course, so
the authors of [9–11] believe that courses created in an ERT situation should be a temporary
solution to an immediate problem. Further, the principles of the universal design for
learning (UDL) should focus on creating flexible, inclusive, student-centered learning
environments that ensure that all students have access to courses and activities [12].

2.2. Learning Analytics Dashboards and Learning Analytic Evaluation Models

Siemens (2010) defines learning analytics as “the use of intelligent data, learner-
produced data, and analysis models to discover information and social connections, and
to predict and advise on learning”. In recent years, a series of tools have been developed
to monitor and/or to evaluate learning activities and then to visualize them in learning
dashboards. Learning dashboards, depending on how the teaching process is carried out,
are divided into three categories—dashboards based on face-to-face courses, dashboards
for face-to-face work groups, and dashboards that work in online learning or blending
learning [13,14].
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Dashboards that collect data from traditional face-to-face courses have been integrated
into multiple applications, such as Backstage [15], which is a dashboard that displays Twit-
ter activity during the course activities [16], Classroom Salon [17] which allows teachers
to create, manage, and analyze social networks to view the contribution of each mem-
ber, and in which the dashboard allows for viewing the contribution of each member
to view the correct answers received, and finally, Slice 2.0. [18], which is a system that
interconnects the teacher’s slides with the students‘ devices, and the teacher can view the
students’ annotations.

Several dashboards for working in face-to-face groups and a classroom orchestration
design [19] have been developed, including TinkerBoard [20], Collaid [21], and Class-
on [22–24], and some of them were developed by taking data from OpenSocial [25].

A learning analytic evaluation model usually contains the following groups of param-
eters: the relevant student actions, captured data on relevant actions, awareness, reflection,
sense-making, and impact, and effectiveness, efficiency, and usefulness.

1. Relevant student actions. In face-to-face teaching, time and date, location, who
and what kind of device they use, and even the background sounds were analyzed, and
each item has a greater or smaller significance. Students find that social interaction is
somewhat useful, especially for blended or face-to-face courses [26]. Teachers consider
the visualization of social interaction more important because it is useful in identifying
students who do not collaborate with others or those who collaborate excessively. Teachers
consider that the effort of students is very important. However, the usefulness is seen
differently by teachers and students. Students often believe that the data collected does not
reflect the effort made, while teachers perceive the data to be useful for an in-depth view
and possibly for the identification of students potentially at risk. All the data mentioned
above refer to quantitative data, which is why it was investigated whether it was possible
to increase the qualitative data, such as the number of re-tweets or comments on a blog
post, and whether that can indicate the relevance of such communication. This idea was
already explored by the authors of the Backstage dashboard [16].

2. Capture data on relevant actions. Many learning analytic dashboards take data
from virtual sensors through certain tools and resources, such as laptop or desktop user
interactions and social media, through hashtags or blog comments. One of the main
problems tracking learning activities, an aspect called automated tracking. Previous studies
have shown that students rate the usefulness of dashboards as low when some of the
activities covered take place outside of the learning environment [27]. Regarding personal
learning environments, which include a wide variety of tools and services that aggregate
data from various sources—Twitter, blog posts, comments, software environments, and
so on—the feedback is positive. The use of sensors such as cameras or microphones to
capture student data for monitoring and counseling activities is the subject of computer-
supported collaborative learning (CSCL) research. They are present to a small extent in
learning dashboard applications because they provide real-time feedback to students or
teachers [28].

3. Awareness, reflection, sense-making, and impact. Bakker et al. [29] presented
research on the use of sensors to capture physiological responses and to both estimate
stress levels and provide feedback to employees on their current work schedule. Such
research on the level of awareness and reflection in learning environments and the impact
of such awareness have been presented at the Learning Analytics and Knowledge (LAK)
conference [30,31].

4. Effectiveness, efficiency and, utility. Efficacy has been measured in terms of
better engagement [24,32], higher grades [26,33,34], post-test results [34], lower retention
rates [26], and improved self-assessment [35]. The results of a long-term experiment
regarding course signal [26] indicated that there is an impact on retention rates and grades.
There was also a significant difference in improving self-assessment in an evaluation of the
CALMS system [36]. An evaluation of TADV [20] indicated that the overall satisfaction with
the course for students using the dashboard was higher, satisfaction that was measured
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in terms of self-esteem and the recommendation of the course to other students. In other
experiments, student involvement has been measured to obtain information on the potential
impact. The results of Morris et al. [24] indicated that there was no increase in involvement
when learners used the scoreboard. The results of iTree [35] indicated that the dashboard
does not encourage learners to post messages on a forum, but there is an increase in
the reading of posts. Efficiency was measured in a Class-on assessment experiment [23],
which assessed whether using a dashboard during class sessions helped to distribute a
teacher’s time more accurately. Usage and utility evaluations were performed—either by
teachers or students, or both. The perceived usefulness of the Student Inspector [37] and
LOCO-Analyst [21] dashboards was, for example, evaluated by teachers and was high for
both categories of dashboard users. The results of the evaluations for SAM and StepUp
indicated that the perceived utility is often greater for teachers than for students [38]. The
results of the LOCO-Analyst assessment [21] also indicated that the perceived utility was
significantly higher in a case study in which several data points were used to provide a
perspective on the learning activity.

2.3. Dashboards for Online Learning

For retrieving data from an online environment, dashboards for online learning have
been created for online learning and blended learning. Course signals [26] predict and
visualize learning outcomes based on three data sources—grades in the course so far, time
spent on a task, and past performance.

The dashboard developed by Carnegie Mellon University [39] is highly detailed, and
concepts and how they are carried out on different course activities may need additional
attention from the student. Displaying various parameters differentiates dashboards for
online learning. A student activity meter (SAM) [38] displays the progress of a particular
course and illustrates the time spent by students in different study environments. LOCO-
Analyst [40], the Moodle dashboard [41], and GLASS [42] are tools that visualize student
feedback and different levels of performance in different ways. Student Inspector [43]
visualizes the use of data in the Active Math environment. Tell Me More [44] provides
visualizations of exercise results. The CALM system [45] visualizes comparative levels of
knowledge through self-assessments [33].

There are models with components dedicated especially to students, such as Teacher
Advisor [46], which is based on manual interventions to automatically generate tips for the
student, or StepUp [47], which is a model designed for mobile devices for students who
apply learning analytics techniques for awareness and self-reflection.

In their latest work, Vieira et al. [48] analyzed visual learning analytics and concluded
that there are few studies that have simultaneously deepened complex visualizations and
educational theories, a statement also supported by Jivet et al. [49], who analyzed learning
dashboards from the students’ point of view.

From the category of learning dashboards used on cloud platforms [50], Amazon Web
Services offers two solutions for monitoring—AWS CloudTrail resources [51], a managed
service to track user activity and API usage, and Amazon CloudWatch, a monitoring service
of cloud resources and applications. There are several workarounds on the market that
offer more powerful dashboards for cloud monitoring, including Opsview Monitor [52],
Spectrum [53], SignalFx [54], and AWS Cloud Monitoring [55]. However, these are all
expensive enterprise solutions that are difficult to use in academic or education fields in
countries like Romania.

Lonn, in one of the most recent studies focused on learning analytics tools that use
dashboards that measure performance, stated that they may decrease learner mastery
orientation and the students’ exposure to graphics of their academic performance may
negatively affect the students’ interpretations of their own data as well as their subsequent
academic success [56]. Thus, Sedrakyan et al. focused on feedback and its speed in
certain activities during laboratory hours to improve the feedback given to students, and
they did not focus on academic performance [57]. Irons et al. [58] stated that there is a
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direct proportionality between student feedback and impact, so the faster the feedback,
the more substantial the impact in learning; thus, the ability to give timely feedback is
very important.

From the analysis, it can be stated that it is a challenge to retrieve data on the evaluation
process from emergency remote teaching, so one of the contributions of this study is that it
proposes a tool that is actually a system that comes both in support of teachers as well as
students working in an ERT situation. This tool was partially validated in the period of
2020/2021 at a university in Romania.

3. Materials and Methods

From the analysis performed and from the evaluation of the difficulties encountered
in the teaching and evaluation process in ERT, the authors proposed a method of collecting
data on the results of different teaching and evaluation activities, as well as their processing
and subsequent visualization in a certain form of the activities monitored, minimizing the
time required for corrections.

The proposed learning analytics and evaluation model (LAEM) was developed by
the authors and is intended to be a support for teachers conducting ERT by collecting,
integrating, and analyzing data from various sources through a semi-automated process.
Subsequently, the designed software tool, the EvalMathI system is intended to be a support
for professors at the University of Petrosani in their attempt to automate and streamline
certain components of the evaluation process. EvalMathI proposes a solution for teachers
and students to access information about courses by completing questionnaires regarding
the evaluation process. EvalMathI was also tested according to the evaluation process, and
the results indicate that it is a responsive dashboard.

In order to establish the component elements of the input data for the learning analyt-
ics block, data collected from the learning activities and data that evaluate the activities
carried out on various platforms were analyzed on the basis of the project POCU 12596,
implemented by the authors as project managers at the University of Petrosani, and fi-
nanced by the European Commission through the Romanian Operational Program Human
Capital (OPHC) [59]. The virtual class platform for the courses was analyzed, monitored,
and evaluated [60,61].

3.1. The Learning Analytics and Evaluation Model (LAEM) Design, Based on Virtual Sensors

In developing the model for the proposed assessment system, the learning analytics
process model (LAPM) proposed by Verbert, K. [62] was adapted by the authors, and the
modified model is detailed in Figure 1, model in which the project’s groups of parameters
are represented.

Figure 1. The learning analytics process model adaptation of [62].

This model was customized by the authors for the conditions in which the teaching–
learning process took place by ERT at the University of Petrosani in the two pandemic
years. In developing the LAEM model, the authors analyzed the following groups of
parameters: the relevant student actions, captured data on relevant actions, awareness,
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reflection, sense-making, and impact, and effectiveness, efficiency, and usefulness, all of
which were captured by virtual sensors. Then, the groups of parameters analyzed in the
LAPM were customized for LAEM as well as the EvalMathI system.

In developing the LAEM model for the design of the EvalMathI system, the time and
date, the location, who and what kind of device they use, the background noise, the use of
resources, and the results of tests and exercises were taken into account. These results are
the main data taken from the EvalMathI system dashboard to be a support in the evaluation
process performed by teachers. The LAEM model that generated the EvalMathI system
dashboard retrieves data from virtual sensors through laptop or desktop interactions. In
applying LAEM and EvalMathI system customization for this parameter, we tried to assess
awareness by measuring the feedback received in the virtual classroom, but this developed
system will be the subject of further research.

This study answered questions related to the evaluation of courses conducted in an
ERT situation through our own design, EvalMathI, software that displays the status of
indicators monitored for the evaluated courses in a responsive dashboard.

The tool does not evaluate the students’ activity at this moment, but the authors intend
to further develop that part as well. Thus, regarding the analysis performed on existing
solutions, the authors considered the possibilities of collecting data from the virtual classes
and implementing a virtual sensor for them.

Customizing the LAEM and EvalMathI system for this parameter measured the
effectiveness from the perspective of the students because they obtained better results
in the tests measured in the second series of courses, demonstrating the efficiency and
usefulness of EvalMathI.

The conceptual scheme of the learning analytics and evaluation model presented
in Figure 2 applied in ERT was elaborated by the authors. In this model, the learning
activities included reading, lectures, quizzes, projects, media, tutoring, homework, re-
search, assessments collaboration, social media, and discussions, resulting as input data for
learning analytics.

Figure 2. The learning analytics and evaluation model proposed by the authors for designing the EvalMathI system in ERT
cases, based on virtual sensors.
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Following the research carried out on various learning models, starting with analysis,
design, development, implementation, and evaluation (ADDIE) [43], the authors estab-
lished the main stages of the process. In the next stage, the authors analyzed the proposed
CIPP evaluation model [12] and the proposed adaptive learning model [37]. The authors
proposed the model from Figure 2 as the best for exclusively online courses in ERT.

The learning analytics and evaluation model proposed for the EvalMathI system, and
schematically presented in Figure 2, shows the way in which data taken from learning
activities constitute input data in the data collection. The main learning activities that
the projected model considers are reading, lectures, quizzes, projects, media, tutoring,
homework, research, assessments collaboration, social media, and discussions. From
these activities, the input data block consists of lectures, materials, quiz/assessment items,
discussion forms, messages, tutoring, social networks, and data from the system log. The
data processing and analytics block incorporates the data collection and storing, and the
preprocessing, analyzing, and visualization. The output of this block constitutes the input
data for the evaluation block. The evaluation block analyzes the data from the learning
analytics and sends an indicator of the situation at a certain course to the teaching activity as
well as one indicator to the learning activity. Each of the two activities should be rethought
or corrected in order to increase the indicator’s value.

3.2. Design and Development of the EvalMathI System Software

The proposed LAEM model was validated by the EvalMathI system, a component of
which helps teachers in evaluation processes, which is why the LAEM model was used
and the application was designed and developed. The EvalMathI system is a web-based
application that can be used by students and teachers. The application also allows for
testing as well as disciplinary evaluation and monitoring.

For the database, in the 2020/2021 academic year, the authors used the MySQL
database for teachers, students, and the courses created; it will be extended later to the
administrative staff. For the development of the EvalMathI system, technologies were
used for indexing, searching, and analyzing the data available under the Apache server,
Apache 3.2.4 Open Source License [63].

The EvalMathI system admin panel and the main responsive are presented in Figure 3,
representing two solutions. Each of the two solutions performs different sections in the
evaluation process. EvalMathI was developed in PHP and collects data from teachers and
students using pages created for each type of user. The evaluations made by the experts
are collected using Elasticsearch and are then processed with Kibana.

Figure 3. EvalMathI system admin panel and main page.
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From a structural point of view, the EvalMathI system has access to the MySQL
databases of students, teachers, and courses. It provides aggregated information regarding
the use of resources at a given time in a given framework by a particular user, detailed
information about a specific activity carried out by a specific student in a specific setting,
and the percentage of progress made for a certain course in a certain moment of time, on
certain parameters studied, evaluated by a group of experts with well-defined roles in
the activity.

Users with a teacher profile can view each student’s progress in a particular course.
The scores obtained for tests taken and the degree of completion of each session can be
tracked. The benefits of the dashboard for this profile include the monitoring of several
students at a time, providing automatic feedback from students as well as obtaining useful
parameters for evaluation.

Users with a student profile can view the evaluation of their progress for each test
taken, the tests they still have to complete if the instructor agrees, and a comparison of
their progress with the rest of the class. The benefits of the dashboard to this profile include
self-regulated learning, planned learning, thinking and evaluating tasks and contexts [64],
motivation [65], and an overview of the class.

The EvalMathI system offers users with the system administrator profile the ability
to view detailed or aggregated resource consumption, to view history, use resources, and
monitor current resource consumption. Elasticsearch, a popular and powerful distributed
search and analytics engine based on Apache Lucene and designed for horizontal scalabil-
ity, reliability, and easy management, was designed to further connect the system to other
databases. It combines the speed of searching with the power of analytics via a sophis-
ticated, developer-friendly query language, covering structured, unstructured, and time
series data [66]. For the visualization and presentation, Chart.js was used, a visualization
platform that allows for the interaction between the graphs, and the Kibana tool [67] was
used for the subsequent developments of the application that will include histograms and
geo maps.

3.3. Data Collection through the Activity Analysis Sheet (AAS) and its Validation

Nine teachers were used as evaluators from the three faculties of the University of
Petrosani. They participated in the monitoring and evaluation processes of the six courses
using the EvalMathI dashboard. Four were from the Faculty of Mines, three from the
Faculty of Sciences, and two from the Faculty of Mechanical and Electrical Engineering.
Six optional courses were monitored, namely Sustainable Development, Creativity and
Innovation, Environmental Management, Renewable Energy, Cyber Security, and Web
Programming. These optional courses were attended by students and master students,
with 157 students in the 2019/2020 academic year and 143 students in the 2020/2021
academic year.

3.3.1. Instruments and Investigation Tools

An online questionnaire was the investigation tool selected for this study, as an
online survey was the most significant and reliable method for conducting this study.
The collected data were processed by elaborating the structure of the data matrix and
encoding the answers of the questionnaire applied. The results of the questionnaires were
processed using the IBM SPSS Statistics application, version 23, with which the variables
were also verified.

The study was based on three online questionnaires. Two of them were given to the stu-
dents, the “Questionnaire for evaluating the teaching activity”, composed of 17 questions,
and “Course observation”, composed of 31 questions. One was distributed to the teachers—
“Activity product analysis”, composed of 31 questions.

The two surveys completed by the students took place over two stages. The first
one was completed by 157 students in May 2020, and the second one was completed by
143 students in March–May 2021. The 300 students involved in the POCU 122596 project
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were monitored during six online courses carried out within the project. The students
chose one or more of these six courses, and the total number of students involved in our
survey was 529.

The survey completed by the teachers who presented the six courses took place during
the same period and a group of nine experts, teachers—also called evaluators—participated
during the same POCU 122596 project. Each of the nine experts evaluated the curricula,
the teaching, and the evaluation system of the three courses in six different stages of the
project, for a total of 162 responses.

3.3.2. Questionnaire Validation

By using the three proposed questionnaires, the authors’ intention was to evaluate the
curricula of six courses used in an online teaching and evaluation system through seven
parameters—Content Design Intra- and Interdisciplinary Relationship (CDDR), Content
Design Intra and Intercurricular Relationship (CDCR), Relevance for Life and Applied
Scientific Content (RLASC), Degree of Structuring (DS), Degree of Systematization (DSY),
Coherence (CH), and Consistency (CS). The percentages achieved by each course were
determined regarding components such as content, adaptability, skills, or involvement.

The construct validity of the questionnaire was tested using the Pearson correlation
matrix of major variables related to the online level. In addition, the fidelity and internal
consistency of the questionnaire were tested using the Cronbach alpha for the multiple
Likert questions.

After receiving the data from the respondents, they were processed accordingly using
inferential statistics such as the Cronbach alpha coefficient to assess reliability. These
statistical analysis tools were used to process the questionnaires given to the target group.
To transform the information gathered with the questionnaires, the authors used the
variables in SPSS—nominal, ordinal variables, which are qualitative variables, and the
range and ratio variables, which are quantitative. To assess the reliability, the Cronbach
coefficient was used; as indicated by Sekaran, a Cronbach alpha coefficient of 0.70 or higher
is considered reliable and acceptable.

The authors assessed the reliability using the Cronbach alpha coefficient for the main
variables. A value of 0.829 indicates a high level of internal consistency in this study with
this specific sample. The results for the seven parameters that evaluated the curricula
and the correlation matrix show the strength of the association between the variables, as
demonstrated in Table 1. The Cronbach alpha coefficients for all variables were well above
the threshold of 0.70, and it can be deduced that the results meet the reliability hypothesis
and that the reflective constructs have sufficient reliability.

Table 1. Summary of processed cases of variables. Reliability statistics.

Variable Cronbach’s
Alpha

Content Design Intra- and Interdisciplinary
Relationship (CDDR) 0.964

Content Design Intra- and Intercurricular
Relationship (CDCR) 0.829

Relevance for Life and Applied Scientific
Content (RLASC) 0.835

Degree of Structuring (DS) 0.872
Degree of Systematization (DSY) 0.856
Coherence (CH) 0.834
Consistency (CS) 0.829

3.3.3. Population and Sample—Respondents

This study was based on the responses of the students of two faculties of the University
of Petrosani, the Science and the Mining Faculties. The total number of students of these
two faculties was 2153. It is important to mention that the University of Petros, ani has only
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three faculties; the authors selected the Science and the Mining Faculties because their
teaching activities involve students from only these two faculties, so the students could
be easily contacted, and as a result, their responses were representative. The 529 answers
represent 25% of the total number of students, as can be seen in Table 2. The students
of these two faculties who answered the questionnaire are students in the bachelor’s or
master’s degree programs.

Table 2. The number of students who answered the questionnaire from the Mining and Science
Faculties of the University of Petros, ani.

Online Monitored
Course Academic Year Number of

Students/Course

% of total Number of
Students/Academic
Year

Sustainable
Development 2019/2020 74 47%

Creativity and
Innovation 2019/2020 41 26%

Environmental
Management 2019/2020 18 11%

Renewable Energy 2019/2020 31 20%
Cyber Security 2019/2020 12 8%
Web Programming 2019/2020 14 9%
Sustainable
Development 2020/2021 69 48%

Creativity and
Innovation 2020/2021 49 34%

Environmental
Management 2020/2021 58 41%

Renewable Energy 2020/2021 60 42%
Cyber Security 2020/2021 63 44%
Web Programming 2020/2021 40 28%

Total 529

The study was based on the University of Petrosani, a small university that can be
considered representative, not for the whole Romanian education system, but for the small
Romanian universities. This assumption can be based on the fact that small universities
are similar in the field of online education because, unfortunately, they started the massive
implementation and use of eLearning only after 15 March 2020. The Romanian National
Council for the Financing of Higher Education statistics provide the total number of
Romanian students for the 2019/2020 academic year—459,899. The same statistics show
that out of the total 49 Romanian State Universities, 32 are small universities with around
5000 students, representing 30% of Romanian students. On the other hand, these small
universities are very important and representative because most of them are comprehensive
universities with the most fundamental areas of study, such as engineering, social sciences,
and humanities. The University of Petrosani is a very small university, with 3565 students
and engineering and social science areas of study.

In the field of eLearning, all these small universities are similar; they did not previ-
ously have distance learning, so they had to adjust very quickly to the new conditions of
education generated by the COVID-19 Pandemic. Additionally, these small universities
could not afford to buy an eLearning platform produced by one of the major world players
in this field. These small universities have adopted low-priced eLearning platforms, such
as LMS, developed by Moodle, or free collaborative educational platforms.

This study was also based on the responses of the evaluators from the same university,
teachers that evaluated other teachers during the development of the POCU 122596 project
in the 2019/2020 and 2020/2021 academic years. Each of the nine experts evaluated the
curricula, the teaching, and the evaluation system through seven main parameters—CDDR,
CDCR, RLASC, DS, DSY, CH, and CS—for three courses at six different stages of the project,
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for a total of 162 results. This number of evaluation results could be approximated as 10%
of the total number of courses at the University of Petrosani that are evaluated by one
evaluator per course at one time.

3.3.4. Questionnaire Description

To monitor the activity, we used a questionnaire called the “Activity Products Analysis
Sheet” (APAS). The APAS was carried out in APAS version S1 and APAS version S2 for
each series of students who participated in the courses. For the monitoring of the courses,
the Analysis Sheet had the following components: (1) Analysis of the course content;
(2) Adaptation to the requirements of the project; (3) Competences brought to the students;
(4) Determination of the students’ activity; (5) Other items.

1. Regarding the content analysis, the analyzed parameters were whether the content
design supports the intra- and interdisciplinary relationship, whether the content design
supports the intra- and intercurricular relationships, whether the course design supports
the lifelong relevance of the content, the applied scientific content, the degree of structuring,
the degree of systematization, course coherence, and course consistency.

2. Regarding the adaptation to the project requirements, we analyzed the following
parameters: to what extent it offers intellectual activity skills; to what extent it offers skills
of applicative activity; it is correlated with the project objectives.

3. Regarding the competences taught to the students, the following parameters were
monitored: to what extent the courses offer professional, social, or other competences.

4. In order to determine the students’ activity, the following parameters were moni-
tored: the attitude towards learning; attendance at the course; the attitude and responsibil-
ity of the students towards solving the work tasks; collaboration in the learning process;
the degree of use of knowledge, skills, and attitudes in new learning contexts; the progress
made by the students during the course.

These parameters were not included in this course analysis and evaluation study
because they were input data for the student evaluation. These parameters influenced the
learning activities (LA) in the LAEM model and not the teaching activity. These parameters
are described as the parameters of the evaluation block of the LAEM.

5. Other elements taken into account were the educational environment, the place
where the course took place and the platform used; funding, material resources, and
curricular auxiliaries used; presentation of materials, student work, the general atmosphere
during the course, and other observations

In the questionnaires used at the first stage of the study, there were some questions that
refer to these parameters, but they were not used in the present study. During the first stage
of the study, the 2019/2020 academic year, the authors recorded data for these parameters,
but the authors did not interpret them, as they were not considered representative.

4. Case Study Results: Dashboard for Courses Evaluation
4.1. EvalMathI System Dashboard for Courses Evaluation—Beta Version

The dashboard designed by the authors for the course evaluation was developed
in the first stage in a beta version in the 2019/2020 academic year and tested in the first
semester of the 2020/2021 academic year when the University of Petrosani transitioned
all teaching activities to online in an emergency remote teaching (ERT) situation. In ERT,
the courses were held in a video conference system, and the main platforms used were
Zoom, Google Meet, and Microsoft Teams. The activities carried out during laboratory
classes were developed in virtual classes created for each course. In the virtual classes,
the activities carried out by the groups of students for each discipline were monitored.
The student assessments were also conducted online by developing tests and quizzes in
Microsoft Forms. The exams at the end of the first semester were taken by participating in
a video conferencing system and completing quizzes.
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The beta version of EvalMathI presented in Figure 4 was designed to evaluate six
courses in the 2019/2020 academic year and contains filters that are suitable for different
categories or fields. It can also offer information for a selected course.

Figure 4. EvalMathI dashboard for courses panel—beta version.

4.2. EvalMathI System for Course Evaluation

The answers to the four questions, Q1, Q2, Q3, and Q4, which support the central
objective of the study—the design and testing of an evaluation model under ERT condition—
are presented as follows:

Q1. How did EvalMathI affect the evaluation process of the courses in an ERT situation?

For the interactive communication between teachers and students, the authors de-
signed a window in the application with which users can interact to share information and
communicate. Regarding the optimization use mode, an attempt was made to improve
the stability, security, and compatibility of the platforms. Because the method of archiving
information was scattered among a number of applications, and their unification required
consistent effort, the authors thought it would be useful for the application to gather the
information needed for an evaluation in a single window, and based on this information,
the evaluation can be carried out. The optimization of the usage method was solved by
inserting and integrating the dashboard in a responsive panel in order to facilitate and
make the evaluation process more efficient.

4.2.1. EvalMathI System Responsive Application Programing Interface (API) Optimization

The responsive dashboard of the EvalMathI presented in Figure 5 was developed for
the course evaluation and tested during the pandemic. By introducing and integrating the
dashboard in a responsive panel, the functionalities of the applications were optimized, and
at the same time, the evaluation process was facilitated and streamlined. After collecting
the data through the interview guides, the authors were able to evaluate the level of
influence on online education induced by the COVID-19 pandemic, and its influence on
the courses throughout the studied period.
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Figure 5. Responsive API EvalMathI—courses panel.

4.2.2. Results of Monitoring and Evaluation of the Courses with EvalMathI
Dashboard Software

Six online courses were monitored in the 2020/2021 academic year with the EvalMathI
dashboard for this study. For each of the six monitored courses, the evaluation of the course
was carried out by the analyzed parameters highlighting the percentage achieved by each
course on various components. With the help of the dashboard in the EvalMathI system,
the activity carried out for the six optional courses was monitored, following the evolution
of several parameters, such as content, adaptability, skills, and involvement.

Q1. How did EvalMathI affect the evaluation process of the courses in an ERT situation?

The final version of the responsive dashboard and EvalMathI, presented in Figure 6,
represent two solutions, each of which performs different parts in the evaluation process.
EvalMathI was developed in PHP and collects data from teachers and students using
pages created for each type of user. The evaluations made by the experts are collected
using Elasticsearch and then processed with Kibana. EvalMathI uses dynamic pages for
creating dynamic content. The contents of the pages integrated with Elasticsearch are easy
to analyze, being very intuitive and interactive. Field values can be easily seen with various
filters. The responsive dashboard displays four panels, each of them answering questions
regarding the evaluated courses—Content Design Intra- and Interdisciplinary Relationship
(CDDR), Relevance for Life and Applied Scientific Content (RLASC), Profession Student
Skills (PSS), and Degree of Structuring (DS).

Q2. What are the best EvalMathI dashboard tools regarding content evaluation? What does
this response mean for the intra- and interdisciplinary relationship indicator (CDDR)?

In order to determine the content according to the CDDR indicator, the first panel,
presented in Figure 7 from the responsive dashboard indicates the time interval of the
courses’ development between March and June 2021. The results of the indicator have
a median value between 3.5 and 4, which indicates that the course content sections at
different times of evaluation corresponded by an 87.5% proportion.
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Figure 6. Final version of the responsive dashboard presenting Content Design Intra- and Interdisciplinary Relationship
(CDDR), Relevance for Life and Applied Scientific Content (RLASC), Profession Student Skills (PSS), and Degree of
Structuring (DS).

Figure 7. Responsive dashboard presenting Content Design Intra- and Interdisciplinary Relationship (CDDR).

Q3. How is the content of each course assessed through EvalMathI in terms of relevance
and applied scientific content, coherence, and consistency?—What response does the
responsive dashboard give regarding the relevance for life of each evaluated course, the
RLASC indicator?

The result presented in Figure 8 can be interpreted with the assumption that there
were chapters or sections of this course for which the applied scientific content made
up 75% or less of this indicator. The presence of the “Other” category for this discipline
indicates a lack of completion of some fields. When fields are not completed, Elasticsearch
interprets the results in this manner.
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Figure 8. Responsive dashboard presenting Relevance for Life and Applied Scientific Content (RLASC).

Q3. How is the content of each course assessed through EvalMathI in terms of relevance
and applied scientific content, coherence, and consistency?—What response does the
responsive dashboard give regarding the degree of structuring (DS)?

Regarding the Degree of Structuring (DS) and the Degree of Systematization (DSY),
the indicators presented in Figure 9, the results extracted from Kibana are relative and
investigations should be continued.

Figure 9. Responsive dashboard presenting Degree of Structuring (DS).

Q4. What skills were obtained by the students in completing the six courses? What
response does the responsive dashboard give regarding the PSS indicator?

Interactively, by positioning the cursor on each position, as it is presented in Figure 10,
the authors found the responsive dashboard response for each course as the average value
of the PSS indicator on the date it was completed. During the first stage, in the beta version,
when data were collected with FAPA S1, the authors used Chart.js for representing the
data in a responsive zone using responsive objects such as panels of courses, canvases,
and so forth. In the second stage, the authors redefined the responsive dashboard concept
because the application contained responsive charts. With Chart.js, the authors represented
the responsive graphs and chose Chart.js because it set a certain value for that container.
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All the data were resized and the graph was responsive, responding at the width of the
container, which was very useful in that stage. During the second stage, the authors added
the Elastic Search component and the meaning of responsive was expanded.

Figure 10. Responsive dashboard presenting Professional Student Skills (PSS).

5. Discussion

In the process of developing the LAEM model, the authors of the current study ana-
lyzed other learning models, such as the ADDIE model [43], the CIPP evaluation model [12],
and the adaptive learning model [66]. Based on the presumption that the time factor is
essential in ERT situations, in the present study, the authors proposed a model, called
LAEM, which was adapted to the requirements of ERT for the academic level in which the
evaluation block would give a direct answer to the teaching and learning activities.

The COVID-19 pandemic, perhaps one of the longest disruptive periods, except for
times of wars, has irrevocably affected education and all related activities. Researchers
around the world, whether they work in education or not, have studied the effects on
all stakeholders involved in the education process. Many of them have also tried to
look to the future and to estimate how the new face of education will look. A search
in important databases such as the Web of Science Core Collection, Elsevier’s Scopus,
The Directory of Open Access Journals, and Springer, and using the keywords “learning
analytics” or “emergency remote teaching” or “responsive dashboard” led the authors to
almost 600 results. A more refined search made within the open-access database journals
published by MDPI, with the words “learning analytics” or “emergency remote teaching”
or “responsive dashboard”, led the authors to 15 results, important papers published
mainly in the Sustainability, Mathematics, Education Science, and Sensors journals during
the COVID-19 period.

The result of the present study can be compared with 10 of these relevant papers [68–77].
While other researchers have analyzed the effects of ERT on high school teachers [68],
state universities [69], and the challenges faced by educational institutions [70], for the
proposed model, the developed EvalMathI system was tested to be able to answer questions
Q1–Q4, questions that support the development of the model for the evaluation system
(LAEM), and also validate the software instrument called EvalMathI. Other previous
studies have shown that the teaching process in ERT can be improved mainly by improving
the method of interactive communication and by optimizing the use of resources. Thus,
for interactive communication between teachers and students, first, a new window was
designed in EvalMathI, with which users can interact so that they can share information
and communicate. The authors answered Q1—How useful is EvalMathI in evaluating
courses in an ERT situation?—by introducing and integrating the dashboard in a responsive
panel to facilitate and streamline the evaluation process. In addition, other researchers have
previously analyzed students’ performance in an ERT situation [71], the challenges faced
by math teachers in an ERT situation [72], the level of emotions in the learning process [75],
the factors influencing home learning [78], and students’ emotions and the perception of
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teachers in ERT [76,77]. In this context, the present study analyzed the methodology of
evaluation in ERT conditions and proposed a tool called EvalMathI, which was tested in a
case study of six courses conducted in ERT at our university.

In another study [73], the authors dealt with the evaluation of the quality of courses
in ERT situations, proposing a dashboard of indicators for decision making. However, the
present study found results in the content of each course evaluated through EvalMathI
in terms of the intra- and interdisciplinary relationship and the intra- and intercurricular
relationship. In the present study, considering the relevance and the application of the
content, EvalMathI highlighted two parameters for each discipline. Considering the degree
of structuring and the degree of systematization of the content, the response to Q3 shows
that EvalMathI evaluates each course. Thus, the authors could determine which courses
had high scores, based on two indicators, the coherence and consistency of the contents.
It was determined that the Cyber Security course obtained good scores, while the Web
Programming course needs to be rethought to improve these indicators.

6. Conclusions

The sudden transition from face-to-face (F2F) education to online made in the educa-
tion field in March 2020, without prior teacher training and without minimal knowledge
of the tools used in online education by the students, has generated an educational flaw.
Very few Romanian universities developed dedicated online platforms before the pan-
demic, which is why switching to online education actually meant switching to an ERT
education system.

Based on their higher level of management, countries from western Europe have
managed to overcome the pandemic waves, but at this time, Eastern Europe still faces
major problems generated by the pandemic, problems that also affect education at all levels.
Suddenly moving to an exclusively online system and using unprepared online teaching
and evaluation modules at the academic level in the entire Romanian education system in
the last year and a half has generated many unsolved problems.

According to the authors, future education will probably become more of a hybrid
model in the academic field, while online secondary education will probably remain only
an adjuvant for the teachers. This conclusion is based on the fact that online learning is
second nature for students, and now, after a year and a half of online education, teachers
are more prepared and trained. In addition, the transition to distance learning is now easier
because different software companies have created resources that could help both teachers
and students to migrate more easily to the online system. This conclusion is also supported
by the results of another five papers published by the authors on the same subject during
the 2020/2021 academic year [34,61,79–81], as well as by their expertise as members of
the Romanian Agency for Quality Assurance in Higher Education (ARACIS) and of the
Executive Agency for Higher Education, Research, Development and Innovation Funding
(UEFISCDI), and as managers in the top management level of the university.

Another opinion of the authors of this study is that the future hybrid education system,
composed of F2F and online education, will be more of an ERT system than a standard
online education system based on eLearning platforms, which is why instruments, such as
those presented in this paper, will become more necessary and useful in the future.

In the context of a future hybrid education system, the model and the application
developed and proposed by the authors could solve some of the problems caused by
this type of teaching, including online education in ERT conditions, because there is fear
that by the end of 2021, the educational system will have to pass again through such an
experience. This is one of the reasons the authors have tried to develop software tools for
teachers, software that could solve some of the problems raised by teaching and evaluations
exclusively online in ERT situations.
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