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Abstract: The COVID-19 pandemic marked an important breakthrough in human progress: from
working habits to social life, the world population’s behaviours changed according to the new
lifestyle requirements. In this changing environment, university courses and learning methods
evolved along with other “remote” working activities. For this quasi-experimental study, we discuss
the effectiveness of the changes made by the LUMSA University in Rome, comparing two different
groups of students who attended a master’s course with blended and fully remote methodologies.
Here, we focused our attention on the paradigm shift, comparing the data gathered during the
blended course in the 2019/2020 academic year with data gathered during the same course, but
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conducted fully online, in the academic year 2020/2021. Considering the sample size and type, the
group comparison was made using a non-parametric test (U-test). The statistical analysis results
suggest that there was no substantial difference between the students’ performance, confirming
that the course changes made to adapt to the pandemic situation were successful and that learning
effectiveness was preserved.
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Digital technologies are now essential in training in the contexts of school, higher
education, and corporate training. E-learning technologies and methodologies have in-
troduced a set of radical innovations in form, organisation, and education efficiency [1,2].
Since 2020, modern society has had to cope with one of the biggest health emergencies ever
experienced due to the COVID-19 pandemic. Many of the perspectives and visions have
changed and have forced people to think differently about training methodologies and
technologies to support education.

This paper investigated the paradigm changes implemented to address the restrictions
of the pandemic within a first-level university master’s degree called the “Master in
Management of Sustainable Development Goals” (MSDG). This master’s programmeme
was initially delivered in a “blended” mode and included a series of lessons to be followed
completely online as well as a series of face-to-face meetings, lessons, and activities. Due
to the pandemic, technologies and methodologies for the provision of teaching and the
evaluation of students have been reconsidered with the aim of maintaining the same level
of learning outcomes and student performances.
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To face the emergency situation, the master’s board applied methodologies widely recog-
nised in the literature to quickly move from blended to fully online learning. We studied
the impact of this shift on learning outcomes.

For this purpose, we carried out a comparative analysis of the learning dataset for
the MSDG degree. The comparison was made using data from the blended course in the
academic year 19/20 and the fully online course delivered during the pandemic in the
academic year 20/21.

2. Related Works

The COVID-19 pandemic forced universities and educational institutions to redefine
the course delivery methodology. The emergency situation forced many institutions to
quickly adapt their training programmes. Transforming teaching methods “on the fly” in a
period of crisis is an ambitious challenge that brings with it various risks. It is necessary to
change the way of teaching using technology, but it is also essential to adapt the way in
which students are assessed, most notably for those courses that allow students to have
direct experiences. In this context, several studies outlined the best practices for managing
the change from a blended course to an online course. The challenges differ, ranging
from maintaining a good level of engagement to redesigning assessments to produce
reliable results. Some studies focused on analysis methodologies for blended learning
courses. The aim is to let tutors (and educators in general) obtain the full picture of what is
happening in a blended learning scenario in which students are assessed for face-to-face and
online activities. De Leng et al. carried out a comparative study using video observation
techniques; this study built a tool that analysed communication among students during
small group sessions including presentations by students and discussions [3].

Having analysed South Korean college students” experiences during emergency re-
mote teaching, Shim and Lee’s [4] research showed that students’ educational environments
were important and influenced the learning outcomes. The quality of interaction varied de-
pending on the teachers” methodology and the technology used. This research highlighted
how specific technological and methodological setups could be carried out to maintain
academic achievements similar to those realised in traditional classroom teaching. In uni-
versity master’s education, group activities are often planned as part of the learning path,
and students are divided into subgroups. A study by Qiu and McDougall [5] highlighted
how online small group discussions had more advantages over face-to-face ones. Online
small group discussions were found to be more focused, thoughtful, thorough, and in-
depth. Observations showed that the tutor was less involved in online discussions than in
face-to-face discussions. The flexible schedule promoted greater participation and a higher
quality of contribution in asynchronous contexts. International students who are not fluent
in the language and are shy have been shown to prefer online subgroup discussion.

One consolidated best-practice method in a blended online course is the Discover,
Learn, Practice, Collaborate, and Assess (DLPCA) approach proposed by Lapitan et al. in a
recent paper [6]. The paper analysed the impact of a proposed learning strategy during the
COVID-19 pandemic. This approach was effective based on student learning experience
(which should translate well to a master’s environment where students have large sets of
different prior knowledge), academic performance, and tutor observations. The findings
highlight that synchronous online sessions had a positive impact on the instructor, and the
possibility of attending pre-recorded video lectures had a positive impact on the students.
The best solution was found to the mixing of strategies depending on the specific context
or subject.

In his systematic literature review, Rasheed Abubakar revealed some of the current
challenges in the online component of blended learning from student, teacher, and institu-
tional perspectives. This study showed that students had difficulties in the self-regulation
of study and were unable to use technology to study appropriately and without distrac-
tions. For teachers, the gap was often represented by not being adequately trained in
the use of technology and the changes in online teaching methodologies. Educational
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institutions found it difficult to provide correct and sufficient technological infrastructure,
and to provide effective training support to their teachers [7].

A study by Meirinhos et al. demonstrated that online learning could be a good
alternative to the traditional on-site learning methodology even in improving practical
abilities [8]. As described in the next paragraph, the master’s in management of sustainable
development goals was created with the intention of providing practical skills.

In such a complex scenario, it is necessary to analyse the data relating to the progress
of the courses in order to promptly make the necessary corrections. In this context, learning
analytics plays a key role in understanding human learning, teaching, and education
processes by identifying and validating relevant measures of processes, outcomes, and
activities [9,10].

A continuous learning analytics activity allows us to understand how and when to
intervene in a course. Research showed that learning analytics techniques and methods
have been useful for intercepting and solving training criticalities during the COVID-19
pandemic [11-14]. Therefore, it is necessary to identify guidelines in order to correctly
design courses on an e-learning platform, without neglecting learning analytics (LA) [15].

The two fields (learning design and learning analytics) should converge and create
synergies to improve the learning process. However, the growth of digitisation has allowed
learning analytics to emerge as a separate field [16,17]. Indeed, Ferguson outlined four
challenges in learning analytics: (i) building strong connections with the learning sciences;
(ii) developing methods of working with a wide range of datasets in order to optimise
learning environments; (iii) focusing on the perspectives of learners; and (iv) developing
and applying a clear set of ethical guidelines.

Wilson et al. [18] analysed the issues inherently blocking the effectiveness of learning
analytics implementations in post facto analysis and prediction/intervention. Emerging
results outline signature behavioural patterns in order to ensure the full power of learning
analytics, such as specific things that are generically or group-specifically desirable learning
behaviours. They can be measured by the data made available by analytical implements
attached to or embedded in LMSs (Learning Management Systems). This allows us to
explain unexpected learning behaviours, detect misconceptions and misplaced efforts,
identify successful learning patterns, introduce appropriate interventions, and increase
users’ awareness of their own actions and progress [19].

In this way, learning analytics facilitates the transition from tacit to explicit educational
practice, while the use of learning design in the pedagogical context transforms learning
analytics results into meaningful information [20-22]. However, several challenges exist
in learning analytics, and these must be addressed in order to design the experiment and
have a common model that can offer guidelines for effective development [23]. The main
challenges with regard to learning analytics are: the definition of pedagogical approaches
to improve learning design based on learning analytics results [24]; the evaluation and
interpretation of student learning outcomes [25]; the evaluation of the impact of learning
analytics findings on learning design decisions and experiences [9]; and the evaluation of
how educators are planning, designing, implementing, and evaluating learning design
decisions [26].

In this paper, learning analytics were used to verify the expected behaviour of students
considering the differences in the teaching methodology. The learning analytics approach
used was the cognitive learning analytics [27]. The data capture activities and subsequent
analysis were aimed at obtaining feedback on students’ learning outcomes. The data
acquired are the results of the evaluations of different types of assessments administered
during the learning path.

In this research, the ongoing redesign operated by the master’s board (considering the
best practices consolidated in the state of the art) was evaluated through cognitive learning
analytics techniques.
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3. Material and methods
3.1. Master Description

The Master in Management of Sustainable Development Goals (MSDG) is a problem-
solving-oriented, creative, innovative, learning-by-doing master’s programme launched
by Libera Universita degli Studi Maria Ss. Assunta di Roma (LUMSA) University in 2017.
LUMSA is a public non-state Italian university formed on Catholic principles. It is the
second oldest university in Rome after Sapienza. MSDG is one of the first master’s degrees
in sustainability delivered with e-learning technologies. It aims to support participants
from around the world in acquiring knowledge and competencies in the management of
sustainable development in dynamic environments. The vision and focus of MSDG is the
spread of a new idea of development, which implies inter-linkages and a multidimensional
approach to solving the issues and challenges concerning the long-term preservation of the
planet and its inhabitants on a world scale [28].

MSDG involves a board of professionals who are experts in sustainability management
and digital learning fields. Subject matter experts are responsible for ensuring high levels
of teaching with constantly updated content. Digital learning experts are responsible for
ensuring the implementation of the best way of attending the online course (lessons, assess-
ment, tutoring). Digital learning experts are highly skilled professionals from academia
and business. They have skills in the field of digital teaching methodologies and tech-
nologies to support learning. The MSDG master’s programme has a mainly structured
syllabus. Initially, it was designed to be delivered in a blended mode, provided by the
LUMSA e-learning platform based on the Moodle Learning Management System. The
MSDG learning path consists of five different pillars and, for the sake of completeness, we
summarise here the full topic names:

e  Pillar I: Sustainable Development Goals;
e Pillar II: Socio-Economic Challenges;

e  Pillar III: Sustainable Management;

. Pillar IV: Environmental Challenges;

e  Pillar V: Finance.

The student has to attend live lectures (planned within specific residential weeks)
and participate in individual or team projects for each pillar. At the end of those face-to-
face activities, the student will be able to attend the e-lessons: video lessons delivered
“on demand” in an asynchronous mode and carried out by specialised teachers. The
achievement of the learning outcomes for each pillar is verified through individual tests
and group projects called e-labs. In the e-lab, the students are divided into subgroups and
a different topic is assigned to each subgroup. The evaluation is carried out by the group
and individual, considering the effort of each student.

At the end of the study period, a project or internship report allows the student to
work on a real-life sustainable project. These projects are short-term assignments to be
carried out in close cooperation with a company or any other organisation involved in
the management of the sustainable development field. The student needs to prepare a
research paper on an advanced SDG-related topic. The project is compulsory and can be
realised in collaboration with a sponsor company. At the end of the training course, the
student must write a thesis on a topic approved by the teacher of the course. In order to
pass, students are required to attend at least 80% of face-to-face lessons, complete all the
e-learning modules in each pillar, and be fully involved in all activities the programme
offers. They must obtain sufficient grades for all pillars, proving that they have learned all
the topics covered by the lessons.

A didactic tutor follows the students individually and during the group activities,
promptly identifying and intervening to correct critical situations. In addition, students
can communicate with pairs, tutors, and teachers through specific thematic forums. As
mentioned above, students are assessed on an ongoing basis for each pillar and each project
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performed. The final grade takes into consideration all the individual pillar tests, the
teamwork (e-lab), the individual project or internship report, and the final thesis.

In the 2020/2021 edition, due to the COVID-19 pandemic, the methodological and
technological organisation of the master’s course completely changed. The students were
unable to reach the physical location for face-to-face lessons and could not meet each other
to carry out group activities. The course was rethought and converted to a fully online
mode. Professors delivered face-to-face lessons through Google Meet. The classes were
recorded and made available to those users who did not have a good connection or, due to
time zones, did not have the opportunity to follow them in real time. Some group work
activities and assessments were redesigned to be performed individually, while others were
managed using the collaborative tools of the LMS platform, Google Meet, and Google Docs.
Tutoring was enhanced to follow and adequately support students during their studies
and work. Unfortunately, the internship period was cancelled. However, the continuous
evaluation of the students involved in the master’s programme allowed them to highlight
any critical issues and ensured prompt intervention. The final thesis remained unchanged.
Table 1 summarises the main changes made by the Master’s board in the two editions of
the programme.

Table 1. The table shows the main changes between the two editions of the master’s degree.

Blended (Academic Year 19/20) Online (Academic Year 20/21)

Face-to-face lessons Live-streamed lessons and on-demand

Online and face-to-face tests and assessment ~ Online tests (on the platform)

projects with synchronous online collaboration tools

Face-to-face project (e-labs) (Google Meet, Google Document)

Internship at a company or organisation Internship cancelled due to COVID-19 restrictions
One tutor follows all the students Enhanced tutorship with a tutor for each group of students
3.2. Methods

The original student population was composed of 28 international students equally
divided into the 19/20 and 20/21 academic years. Initially, the dataset was anonymised
by replacing each student’s personal information with a sequence number from 1 to 28.
The following was taken for each: the final score and the completion date (if applicable,
0 otherwise) for each test or project related to each pillar, the entry assessment, and the
final thesis score.

The data were collected from the LUMSA learning management system where all the
digital learning activities of the programme took place. The marks of the tests assessed by
the teacher (e-labs, projects, final thesis) were entered manually on the platform. At the
end of the learning path, all the marks were considered for the final evaluation.

The intent was to demonstrate that the changes made in teaching methodologies
and supporting technologies have not impacted students’ performance. It was possible
to use statistical methodologies for comparing groups and demonstrating that students’
performances were the same despite the change in methodologies. The hypothesis was that
there was not a degradation of student performance between the academic years 19/20
and 20/21.

In our quasi-experimental study, non-parametric comparison methods were used to
verify that the two groups had the same performance in the programme. As described in
the next section, parametric tests (e.g., -test) were excluded because the sample did not
meet the basic requirements.

4. Results

We start discussing our results by underlining that the population of the two groups
was too small to perform a wide range of statistical analyses. Due to this limitation, we
do not want to generalise the results to all the possible situations involving the students’
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analytics. Rather, by performing an analysis of the proposed case, we aim to give readers
some insights and suggestions that will be studied more in-depth by applying the same
approach to bigger classes and by collecting more data.

The data stored in the LUMSA Learning Management System were strictly related to
each student’s career. For each student, we had access to: the general information (name,
surname, date of birth etc.), his/her university ID and course, enrolment data, a sequence
of records containing the progression of their learning, and the marks obtained for each
assessment. We started our analysis by separating the students according to the academic
year they attended. Then, we conducted a dimensional reduction of the original dataset, to
work only with meaningful data.

In general, assessment deadlines were fixed for all the students, and they directly
depended on the sequence of lessons/pillars attended. We noticed that for the two academic
years analysed, all the students passed the assessments without delay. This aspect (which
will be further discussed in Section 5) makes the time variable irrelevant for our analysis.
Furthermore, we noticed that 4 out of 28 students (equally divided into the two groups) did
not complete most of the pillars (more than 70 % of their marks were missing). It was not
possible to determine the trend for the assessments or the final thesis score. Additionally,
so many 0 marks for such a small population would invalidate most of the statistics. For
this reason, we decided to remove these type of students and the relative rows along with
the students” information.

After this general clearance, we started analysing the general values of the marks,
looking for anomalies. Due to personal problems, one student in the academic year 20/21
passed all the pillar assessments but not the final thesis. Similarly, another student in the
academic year 19/20 did not complete the entry test. As we had all the remaining scores,
we decided to replace the “unknown” values with a 0 in order to obtain a uniform dataset.
We found this solution to be more feasible, compared to the row removal, to avoid a further
reduction in an already small dataset. A complete table with the cleaned data is available
in Table 2.

Before considering the data, we need to underline an important aspect: the Italian
university recognises any mark greater or equal to 18 as “sufficient”. However, as shown in
Table 2, some students showed marks lower than 18. By the end of the course, the student
must have achieved a mark average greater than or equal to 18 to pass. Those students
who failed were required to re-take the assessment (or the assessments) and score a mark
average greater than 18.

By plotting the distribution of the marks for each academic year, we noticed that none
of the pillars had a normal distribution (see Figures 1 and 2).

This initially suggested that we would not be able to use any kind of parametric
method (such as a t-test) to determine whether the two populations had distinct behaviours.
We went further into the analysis of the marks and found that the standard deviation was
higher for the students in the year 19/20 for almost all the assessments, while the trend for
the average score on all assessments was constant between both groups (see Figure 3a,b).
Additionally, the overall closeness between the groups was also confirmed considering the
exam average and the standard deviation.
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Table 2. The table contains the cleaned data from the students. Each column represents the mark obtained by the student in the given course. The last two lines at

the bottom of each table represent the average and standard deviation for each assessment.

Year Entry Test Pillar I Test Teamwork Pillar IT Teamwork Pillar III Teamwork Pillar IV Teamwork Pillar V Teamwork Final
Pillar I Test Pillar IT Test Pillar III Test Pillar IV Test Pillar V Thesis (110)
19-20 Student 1 24 28 25 21 30 30 27 17 29 20 28 102
19-20 Student 2 15 23 23 26 30 20 27 30 29 14 26 101
19-20 Student 3 21 15 25 13 25 0 27 11 29 6 28 95
19-20 Student 4 24 30 26 23 28 23 27 21 29 26 26 105
19-20 Student 5 28 30 29 24 30 30 28 26 29 20 27 111
19-20 Student 6 15 24 25 21 30 30 27 30 29 28 28 105
19-20 Student 8 22 24 31 17 30 26 30 19 30 20 26 95
19-20 Student 9 18 26 29 17 29 26 28 11 29 30 27 110
19-20 Student 11 21 26 31 21 30 26 30 19 30 16 26 106
19-20 Student 12 0 24 26 15 30 26 20 19 18 12 18 70
19-20 Student 13 24 28 31 23 30 26 30 23 30 30 26 111
19-20 Student 14 24 26 25 23 25 24 27 21 29 26 28 101
Avg 19.67 25.33 27.17 20.33 28.92 23.92 27.33 20.58 28.33 20.67 26.17 101
Std. Dev 6.992 3.837 2.734 3.793 1.847 7.751 2.528 5.894 3.14 7.318 2.609 10.69
20-21 Student 15 23 26 29 18 30 24 27 18 30 18 27 0
20-21 Student 16 23 20 31 21 30 18 27 15 30 18 26 100
20-21 Student 17 27 26 31 24 30 25 27 23 30 30 26 105
20-21 Student 18 17 26 29 21 30 26 27 17 30 16 27 105
20-21 Student 19 21 30 29 24 29 31 26 24 29 28 26 111
20-21 Student 20 21 18 31 21 30 24 27 23 30 18 26 100
20-21 Student 21 23 22 29 23 29 26 27 13 29 16 26 95
20-21 Student 23 23 20 31 28 30 28 27 23 30 26 26 110
20-21 Student 24 24 28 29 23 30 25 27 19 30 22 27 105
20-21 Student 25 19 17 29 15 29 18 26 15 29 12 26 97
20-21 Student 27 24 24 29 17 30 31 27 15 30 26 27 108
20-21 Student 28 24 19 31 19 29 27 27 13 30 16 26 105
Avg 22.42 23.00 29.83 21.17 29.67 25.25 26.83 18.17 29.75 20.50 26.33 95.08333
Std. Dev 2.499 4.062 0.986 3.412 0.471 3.940 0.373 3.976 0.43 5.485 0.471 29.05
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Marks distribution for A.Y. 19—-20
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Figure 1. The distribution of the students” marks for the academic year 19/20.
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Marks distribution for A.Y. 20—21
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Figure 2. The distribution of the students” marks for the academic year 20/21.
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Figure 3. The comparison between the average and the standard deviation of the pillars. (a) The
trend of the standard deviation. (b) The average marks for the assessments.

5. Discussion

The results presented in this section can help us understand whether the methodology
and technology changes applied during the academic year 20/21 allowed students to
maintain a good standard on marks and timing. To understand these aspects, we proposed
a quasi-experimental study, analysing students in the academic year 20/21 as the test group,
while those in the academic year 19/20 were used as the control group. From the data
gathered and discussed in Section 4, an evident characteristic seen in students from both
academic years was a passing rate for the assessments according to the course timetable.

This led us to conclude, although this finding is limited to the case under analysis,
that despite the urgent change in teaching methodology, students’ time performance did
not decrease. There were many previous studies that reached the same conclusions by
analysing the students’ preferences between on-site and online training [8]. Thus, to
quantify the impact of the new teaching methods on students’ performance, we focused
our attention on the grades achieved during the learning path.

Further discussion is needed for the results obtained in Section 4; from Figure 3a,
we notice that many pillar assessments presented a bigger standard deviation, while the
average mark was almost the same for both academic years.
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The limited data do not suggest much more, and we do not want to speculate on
hypotheses that the analysis cannot confirm. For this reason, we decided to analyse the
data more deeply.

As mentioned in the previous section, there have been several changes in the setting
of the master’s course. Some had an impact on the teaching methodology, others on the
supporting technology. One of the most impactful changes was the introduction (for the
academic year 20/21) of an additional tutor able to respond promptly to students” doubts.
To quantify the impact of those changes, we performed a statistical comparison between
the two groups, trying to understand whether, for all the pillar assessments (or just some
of them), the methodology changes had an impact on the students” performances. There
are many statistical tests that could have been used to reach this goal. Most of them rely
on the calculation of the average and standard deviation of two populations. However,
there were some requirements regarding the distribution and the number of elements of
the population that our current groups did not satisfy (e.g., a high number of elements and
a normal distribution, and so on).

With such a small population and considering that the most well-known parametric
test was not usable, we decided to use the Wilcoxon-Mann-Whitney test (also known
as the U-test) to define the differences between the two student groups. Results of the
statistical analysis are reported in Table 3. The column “Topic” reports the topic taken into
account, “Score” represents the score of the U-test, and “p-value” gives information about
the acceptance of the null hypothesis. The last three columns describe the average for each
topic and for each academic year and the difference between them.

Table 3. The table shows the results of the statistical study performed on the two student populations.

Topic Score p-Value Avg 2020 Avg 2021 Avg Difference
Entry Test 61.0 0.537480 19.666667 22.416667 —2.750000
Pillar I Test 95.0 0.188657 25.333333 23.000000 2.333333
Teamwork Pillar I 35.5 0.029036 27.166667 29.833333 —2.666667
Pillar II Test 65.0 0.703492 20.333333 21.166667 —0.833333
Teamwork Pillar II 61.5 0.470637 28.916667 29.750000 —0.833333
Pillar III Test 72.0 1.000000 23.916667 25.250000 —1.333333
Teamwork Pillar III 102.0 0.042035 27.333333 26.833333 0.500000
Pillar IV Test 89.5 0.323279 20.583333 18.166667 2.416667
Teamwork Pillar IV 34.5 0.015573 28.333333 29.750000 —1.416667
Pillar V Test 76.5 0.816021 20.666667 20.500000 0.166667
Teamwork Pillar V 88.0 0.323674 26.166667 26.333333 —0.166667

This analysis gives many more insights. We notice that only three pillars reported
a p-value < 0.05: Teamwork on Pillar I, Teamwork on Pillar III, and Teamwork on Pillar
IV. The low p-value among the two populations for these assessments suggests a low/no
difference between the two groups.

We propose some hypotheses about the reason behind this result:

*  Teams are composed of three to four students that have to prepare and present a
common thesis. The final exam consists of a dissertation about the work that must
be completed as a group rather than individually. Thus, the final mark is given to
the whole group and, generally speaking, the marks tend to be closer among the
different years;

* Among the team, some students might perform better while others tend to “follow
the leader”; thus, marks might be averaged and more similar across the two aca-
demic years.

Whatever the reason behind it, we will investigate further by comparing the current
results with the next academic years.

Regarding solo learning, the p-value was far from the acceptance value. The rejection
of the null hypotheses implies that there was a substantial difference among the two groups.
From the analysis of the averages, we cannot assert that the changes had a positive impact
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on all the pillar assessments. In just two out of five assessments (Pillar II and III), the
average slightly decreased, while for the others, a discrete improvement was seen.

We can conclude that the changes implemented and the presence of an additional
tutor allowed students to perform slightly better on many assessments.

6. Conclusions

COVID-19 impacted everybody’s lives: from people’s working habits to students’
access to courses and exams. In this article, we discussed the impact of the change of
approach in a master’s course during the pandemic. We performed a quasi-experimental
study, considering two different groups of students in different academic years, one of
which attended a blended master’s course (academic year 19/20) and the other a totally
online version (academic year 20/21). With the blended approach, the students could meet
the teacher face-to-face, collaborate with pairs for e-labs and group projects, and took the
exams in classrooms. To overcome the COVID-19 limitations, online courses received much
attention as they have been restructured to fit changing student environments and needs.
Thus, in the online course, students had to attend all the classes using online technologies
and had an additional tutor to support their studies both individually and in groups.

We analysed the data from the student population by using the Wilcoxon-Mann-
Whitney test to determine whether it is possible to identify some overlaps between the
two student populations’ marks and discuss the reason therein. We found that students
generally performed similarly on the teamwork pillar tests, while marks for one-to-one
assessments were different for each student. On the other hand, the test did not provide
enough insight for us to determine a general trend. By comparing the average of the marks
for each exam of the academic year, we believe that the student support provided a little
improvement. However, this must be confirmed by further studies of new academic years.

The proposed work presents some limitations due to the availability of data and the
small number of participants in the two student populations. In particular, the lack of a
questionnaire prevented us from performing qualitative analysis and obtaining results as
proposed in [8]. Secondly, the fact that the only discriminant metric was the assessment
mark led to a lack of details, preventing us from understanding the effective improvement
of the students on each of the pillars, as proposed in [29]. Despite these limitations, the
statistical analysis suggests that the changes implemented during the online pandemic
allowed students to perform slightly better on many assessments. LUMSA aims to keep
the presented methodologies in the coming academic years; thus, we will be able to gather
and analyse the data using a more detailed and complete approach, and compare the new
results with this one.
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