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Abstract

The digital era includes the rapid generation of data, knowledge, and technologies. This demands
changes in education and the way that people learn in general. Problem-Based Learning PBL enables
active participation in the learning process and supports the development of transversal and lifelong
learning skills. This paper presents a LA process to evaluate a PBL course by leveraging Data Pipelines.
Data from a PBL course, were imported into a data pipeline that was designed to incorporate all the
processes of a Learning Analytics (LA) cycle. The results of the analysis were visualized to provide
actionable knowledge to educational stakeholders for evidence-based decision-making.
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Introduction

The digital era includes the rapid generation of data, knowledge, and technologies. The
amount of knowledge in the world has doubled in the decade 2004-2014 and is doubling every
18 months (Siemens, 2014). This requires the development of skills that can support us to
adapt to these changes, make sense of all the new knowledge and be competitive in the
existing and newly emerging professional fields (Persico & Pozzi, 2015). A promising solution
to address the above requires a shift in the way we learn new things. This requires that we
stop passively receiving knowledge, and learn how to think critically, solve problems, make
sense of new data, and collaborate with others (Hung, 2011). A well-established learning
strategy that allows the development of such skills is Problem Based Learning (PBL), as it
enables active participation in the learning process and supports the development of
transversal and lifelong learning skills.

As a consequence, when learners participate actively in learning, they produce a lot of
data that could help educators facilitate and scaffold learners’” progress and improve their
performances. This data can be utilized and exploited with the usage of technologies that can
help store, analyze and visualize learners’ progress through the application of Learning
Analytics (LA) methodologies and tools (Carr, 2010; Zotou, 2015). These LA methods and
tools can record and analyze data that is generated during learning and provide informative
insights on the learning process (e.g., navigation paths, social networks formed, passive
learners, most commonly made mistakes, drop-outs, etc). This can in turn help educators
become more aware of their learners” possible low engagement and at-risk failures and in
turn, provide them with additional learning materials, hints, adaptive practice assignments,
etc.

This paper presents a LA process to evaluate a PBL course by leveraging Data Pipelines.
The course’s methodology is presented along with the data analysis of learners’ responses to
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questionnaires designed to retrieve information on how positive learners’ felt about their
weekly knowledge levels, and how they assessed each weekly lecture. The analysis of this
data follows, using Data Pipelines and the paper draws conclusions based on the evaluation
results.

The rest of the paper is structured as follows: Section 2 presents the background of our
work. Section 3 presents the research methodology and the dataset to be analyzed, while
Section 4 provides analytical information on the evaluation results and discussion. Section 5
presents the conclusions drawn from the research that was carried out.

Background and theory

Learning from problems is an instinctual human impulse that accompanies us in our everyday
life. We spend a significant amount of effort trying to solve a variety of issues and accumulate
relevant knowledge to resolve them accordingly and habitually (Barrows and Tamblyn,
1980). Thus, in theory, transferring this process to educational contexts should not be very
difficult. That is not the case though; learning through solving problems appears to face
significant challenges, mostly regarding the mentality change that is needed by all involved
to abandon traditional teaching and make way for innovative student-centered learning styles
(Northwood et al, 2003).

Traditional learning usually does not allow students to capitulate on already gained
knowledge, since its retrieval requires the stimulus of the working memory with
corresponding signals, a process that passive knowledge delivery does not entail. The
learning strategy known as Problem Based Learning (PBL) allows such events to occur. The
known Chinese proverb: “tell me and | will forget. Show me and | will remember. Involve
me and I will understand. Step back and I will act.” is often referenced as a representative
definition of PBL (Enemark, 2002). Moreover, according to Barrows and Tamblyn (1980),
PBL is considered to be “...the learning that results from the process of working toward the
understanding or resolution of a problem. The problem is encountered first in the learning
process.”

This approach shifts the focus from understanding common knowledge to the ability to
develop new knowledge through "learning by doing" activities. Additionally, the gained
knowledge tends to be stored in memory patterns that facilitate later recall. Hence, consistent
practice in PBL courses gradually enhances students' performance and underpins in-depth
knowledge comprehension.

As the transformation from traditional learning to student-based courses can be
challenging for both educators and learners, different models have been proposed to facilitate
and guide the design of PBL-based courses. One of the most known and well-established
models is the Aalborg PBL model. Aalborg University holds more than 30 years of
experience in PBL, and more specifically in project—organized courses, thus focusing on the
application of the new knowledge instead of solely its production (Perrenet et al., 2000).

The steps this model proposes are as follows:

Group forming. Breaking down into groups, where each group will address a different
problem.

Problem formulation. Definition of the problem that needs solving. Each problem must be
consistent with the course curricula and approved by the teacher in order to ensure the
availability of a solution.

Task formulation. Problem objectives specification and subsequent task distribution.
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Problem analysis. Group investigation of the problem using specific parameters and
dimensions. Decisions such as the problem's scope and the needed resources are made in this
step. During this step each group must define the limitations of the problem and re-configure
the task and responsibilities allocation depending on the group's findings.

Solution (Data gathering, Analysis, Design). Determination of solutions by each group
through constant discussions and teacher guidance.

Implementation. Realization of the solution with corresponding resources.

Evaluation and Reporting. Quantitative and qualitative review and evaluation of the project
by the class.

Related work

Evaluating the learning experience is not a simple process. It is related to objective factors
like design and organizational issues and the available teaching resources for the course.
However, it is related to subjective factors as well, like students' learning behavioral patterns
and sentiment, the level of collaboration, and the structure of the learning community that
reflects the social aspect of learning. Several studies are aiming to assess these factors to add
knowledge to the educational domain. LA provides information that educational stakeholders
can leverage by diving into students' data and transforming them into actionable knowledge.
One of the five areas of LA that Bienkowski, Feng, and Means (2012) describe is student
profiling. Several research papers are focusing on students' profiling in higher education.
Tsoni, Sakkopoulos, and Verykios (2021) combined Social Network Analysis with Principal
Component Analysis with Clustering to identify groups of students with special features that
could help tutors in their task to support them. Additionally, this type of analysis was also
used to compare two successive courses of a postgraduate program, revealing the maturation
of the learning community concerning communication and interaction. Cluster analysis based
on e-tutorial trace data was used by Tempelaar et al. (2018) allowing student profiling into
different at-risk groups. Khalil & Ebner (2017) classified students into appropriate categories
based on their level of engagement in Massive Open Online Courses to improve the course’s
levels of completion. An additional factor that affects learning is the educational material and
the methodology. Paxinou et al. (2017; 2020) used advanced methods of analysis to evaluate
students’ performance in virtual laboratories.

When log data are combined with sentiment features, rich information is revealed
allowing us to draw conclusions about learning (Tsoni et al., 2019; 2020). For example, by
visualizing the forum interaction of students where each post was annotated based on its
polarity (positive, negative, and neutral posts) typical roles like the "Most Knowledgeable
Other" of the theory of Vygotsky (Tsoni & Verykios, 2019). Kagklis et al., (2015) analyzed
students' posts polarity in the discussion fora and concluded that their sentiment was
marginally related to their academic performance, however, this knowledge can help tutors
improve their support. In the study of Nkomo et al. (2020) Social Network Analysis along
with sentiment analysis help researchers investigate students' attitudes towards online
learning material. Moreover, sentiment analysis combined with additional data can contribute
to evaluating students' progress and produce results that are easier to interpret (Watkins,
2020).

Especially in Higher Education where students hand in assignments there is often the
concern of plagiarism and cheating (Tsoni & Lionarakis, 2014). While there is relevant
software to evaluate cases of plagiarism, there is a possibility of students taking external help
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or presenting foreign unpublished work as their own. Gkontzis et al. (2018) presented an LA
approach to spot outliers who probably cheated in their assignments. Jaramillo-Morillo et al.
(2020) developed a learning analytics algorithm to detect dishonest students based on
submission time and exam responses providing as output a number of indicators that can be
easily used to identify students. Trezise (2019) suggested that keystroke and clickstream
analysis may be able to distinguish between a student writing an authentic piece of work and
one transcribing a completed work.

An LA cycle aims to inform stakeholders to take action based on the evidence that data
revealed. That means that reporting the results is of high importance. Interactive dashboards
can be a solution that offers large amounts of information in a readable and understandable
way even for non-experts (Tsoni et al., 2022a). A data pipeline that begins with data
importing from a data warehouse and ends up in an interactive dashboard can be beneficial
for educators due to the up-to-date knowledge and the adaptability that can provide (Tsoni et
al., 2022b). In the next section the methodology to build such a pipeline to evaluate a PBL
course is presented.

Methodology and dataset

The design, delivery, and assessment of a course using the PBL model have been carried out
within the context of a postgraduate course named "Systems Analysis and Design" at the
[removed for peer review purposes]. For technological support, we used the Moodle Learning
Management System (LMS) to simulate an online PBL environment, due to the COVID-19
restrictions and quarantine. Each step of the PBL model was mapped to specific weeks of the
course, based on the problem-solving phase students were in, as shown in Table 1.

Table 1: PBL model mapping to SAD course

PBL step Course session
Group forming Week 2
Problem formulation Week 2

Task formulation Week 2

Data gathering Week 3
Analysis Weeks 4,5,6,7,8
Design Weeks 9, 10, 11
Implementation Week 12
Evaluation Week 13
Reporting Week 13

Each week, students were asked to voluntarily fill out the "optimism indicator" (scale of 0
to 10) using their actual names to indicate how optimistic they were feeling that week about
their progress in the course. Students were also asked to grade each weekly lecture
anonymously, by adding a score (scale of 0 to 10) in four parameters, namely:

1. Interesting

2. Easy to understand

3. Student participation

4. Teaching methodology and supporting material
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Research questions

RQ1: How does the positivity indicator vary in time and during different steps of the PBL process?
RQ2: What were the weekly differences in students’ positivity and evaluation of the course?

RQ3: Are there any statistically significant correlations between the positivity indicator and
students’ grades?

RQ4: Are there any statistically significant correlations between the positivity indicator and the
evaluation metrics indicating the important factors that affect students’ disposition towards their
learning experience?

A Pipeline for pre-processing and analysis

To address the abovementioned questions, we designed and implemented a data pipeline to
support the sequence of processes needed in a Learning Analytic (LA) cycle. Data pipelines
offer benefits that are very important for educational research. Firstly, they minimize human
intervention and allow automated periodic data uploading to produce updated results. These
results can be visualized and deployed so that educational stakeholders can be timely
informed and make evidence-based decisions regarding teaching and support. Additionally,
it is easier to protect students’ privacy by implementing customized anonymization and
privacy-preserving processes. Their flexibility is mainly due to the ability to make
interventions in every step of the process enabling the cyclical process that is necessary for
LA. Taking into account that education is a vivid and evolving procedure, LA should be able
to adjust to these changes through testing and evaluating the results to trigger new cycles of
analysis that are made possible by re-using the workflows that are already stored by resetting
and executing them from scratch. Data pipelines also offer extensibility and scalability in big
data allowing methods that have been tested in pilot studies to be extended in real-life big
educational data. Finally, the validity of the results can be easily confirmed due to the
repeatability that data pipelines provide.

The pipeline that was used for our analysis starts with importing data retrieved from the
LMS. Although all data files are originated from the same source, they come in multiple data
files. Thus, the pre-processing part of the analytical process is one of the most challenging
(Figure 1). Next, there are the steps of analysis, evaluation, and reporting.

Pre-processing
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Figure 1: The pre-processing part of the workflow

The implementation of the pipeline was carried out using the KNIME platform. The
KNIME is an open-source, freely available online software for data analysis and reporting. Its
graphical interface of visual programming minimizes the requested programming skill level
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to basic. Users can create workflows consisting of nodes that is, entities that deliver a certain
task. Complex sequences of nodes or sub-workflows can be wrapped-up in components.
Nodes can be modified and adjusted by configuration windows that provide a range of
options depending on the node's type. Once a node is executed the output ports are activated
providing results and graphs. The workflows can be stored combined or exported offering
flexibility and repeatability. Additionally, they can be fed with updated data for longitudinal
research.
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Figure 2: Visualization of students' course evaluation

Results and discussion

In this section, the main results of the experimental assessment of the data pipeline are
presented and discussed. In the first part of the section, the results that concern students
individually are presented, followed by the course’s evaluation and the PI means per week.
Finally, the results of the correlation analysis are visualized.

The positivity indicator during the steps of the PBL course

The PI captures students' overall attitude toward their learning experience in this certain
moment. It is expected to reflect their perceived progress, and thus be affected as the teaching
process unfolds. Figure 3 shows the PI for each student per week. Although each student
follows a different path concerning his/her attitude as it is expressed through the positivity
indicator, there are some students that, in some weeks, show changes in their positivity levels
reflecting their attitude towards a new part of the PBL process.

Conference Proceedings



Integration and Use of ICT in the Educational Process

109

Prwt

Plw2

\
PIws Plwsd PI'W{) Plvé PiwT Pive Piwg
Student ID

=F1 =F2

= F24

“F3 =F4 =F5 =F6 =F7 =F8 =F9 =F10 =Fi1

PIw10
F12 =F13
= F25 =F26 =F27 »F28 =F29 =F30 =F31 =F32 =~F33

Plwil Plv12

=F14 «F16 =F17 =F18 =F19 =F20 =F21 =F2 =F23
=F34 = F35

Figure 3: PI for each student per week

Student F1 is an indicative case of a student who experiences mood transitions according
to the progress of the learning process. He/she starts with a mediocre optimism towards the
course (5 out 10 in the first week) that becomes very high the next week, just to drop almost
to the minimum level a week later. Although he/she manage to successfully complete the

course the last week he/she presented descending positivity levels most probably reflecting
difficulty in stress management. It is worth noticing that this student started with a target

grade of 8/10 and manage to score 7/10 underachieving his/her goal only at 10%. However,
his/her average positivity was below 6 on a scale from 0 to 10.
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Figure 4: The descending trajectory of the PI for a (probably stressed out) student.
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The positivity indicator of some students might be indicative of the difficulties that they
faced during a certain part of the course. In Figure 5 three students with differences in their
positivity levels follow a common pattern with a straight drop in weeks 9 to 11 that matches
the design step of the course.
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Figure 5: Similar students” PI patterns

Evaluation of the lectures
Aswas mentioned in the previous section, students could evaluate each lecture anonymously
on a scale from 0 to 10, using four factors (Table 1):
1. Interest (i.e, the degree to which the lecture was interesting)
2. Easy to comprehend (i.e., the degree to which the lecture was easy to comprehend)
3. Students’ participation (i.e., the degree to which students were motivated to
participate)
4. Education method and supporting material

Table 2: Evaluation metrics

PI Positivity Indicator

IN Interest

EC Easy to comprehend

CP Students’ Participation

EM Educational Methodology and Materials

The data from the semester's evaluation were imported into the data pipeline for analysis
and visualization. In the following graph (Figure 6) the variation of these metrics through
time is shown. Additionally, the average PI for each week was calculated and it was compared
with the evaluation of the course. This step was necessary since different weeks represent
different steps of the course’s methodology.
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Figure 6: PI and evaluation metrics per week

Correlations

To test the covariation hypothesis that was supported by the graphs presented in the previous
sub-section a correlation analysis was incorporated into the pipeline. First, the PI of each week
and the grades were tested to reveal plausible relationships. The results are summarized in
Figure 7. As was expected there is a high correlation between the grades of each student as
they all express their academic performance. The fact that there is no significant positive
correlation between the PIs of additional weeks indicates that the PI is not about a general
attitude dependent mainly form each student's personality, but it is rather a fluid metric that
indicates how learning is evolving.
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Figure 7: Correlation plot between PIs and grades

Part 2 - Research articles



112 7" Panhellenic Scientific Conference

A relatively strong positive correlation was found between the Avg. PI and grade of the
WA, and also, between the Avg. PI and the final grade. A moderately positive correlation
between the Avg. Pl and the grade of the GA. The PI of the 10t week has a moderately positive
correlation with the grade in the quizzes, the grade in the exams, the grade in the theory, the
grade in the lab, and the final grade. This indicates that this week is an important milestone
in students' progress, strongly related to the level of awareness concerning their learning.
Additionally, the PI of the 9th week is moderately positively correlated with the grade in
theory, while the PI of the 7th and the 8th week is moderately positively correlated with the
WA grade and the GA grade. The correlation analysis for the evaluation metrics and the Avg.
PI per week is displayed in Figure 8 using a heatmap visualization.
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Figure 8: Heatmap of the correlation coefficients for PI and evaluation metrics

The results revealed five statistically significant correlations (Table 2). A very strong
positive correlation was found between the Avg. PI and the EC, indicate that the main factor
that affects students’ attitudes is whether they understand the course or have difficulties.
Additionally, a strong positive correlation between EM and EC proves that when students
understand the lecture, they approve of the methodology. The INT is also strongly correlated
with the EM which led us to the conclusion that successfully designed lectures improve the
levels of students’ participation. The EM is strongly correlated with the Avg. PI as well.
Finally, the EC and the CP have a moderate positive correlation, as was expected, since
students tend to be more engaged in learning processes that are within the range of their
cognitive abilities.

Table 3: Correlation coefficients for the evaluation metrics

PI IN EC cP EM
PI 1 NS 0.98 NS NS
IN 1 NS NS 0.65
EC 1 0.58 0.67
CP 1 NS
EM 1
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Conclusion

This work presented a LA process to evaluate a PBL course by leveraging Data Pipelines. The
pipeline that was designed and implemented in students” data provided simple visualization
to capture the track of the positivity indicator, at first individually for each student. It was
shown that differences in the learning behavior were imprinted in the different patterns of
the graph (Figure 3). It appears that some indicative cases can be spotted, allowing tutors to
make decisions about their actions that would support students who are under stress or in
danger to fail the course. The evaluation metrics in combination with the PI provided us with
information to reflect on concerning the educational design of the course. The 10th week
seems to be an important week for students’ self-regulation skills. The strong correlation of
the 10th week’s PI with their grades indicated that students have gained a strong awareness
of their progress and what to expect as their final grade. The 9th week’s PI, which is during
the design phase of the PBL course, is correlated with their theory grade. Weeks 7 and 8 are
important for the assignments’ grades (both individual and group assignments). During these
weeks students are involved with the tasks of analyzing the problem, finding the limitations,
and sharing tasks and responsibilities. Thus, they already have a sense of how their
assignments would go since there is a strong correlation between those weeks' PI and the
assignments’ grades. The Avg. PI as was expected is correlated with students’ grades in the
final exams and their written assignments, which is also an argument, supporting that the
students demonstrate self-awareness skills.

Concerning the evaluation of the course, interestingly, students” interest is only correlated
with the methodology and supporting materials. On the other hand, the ease of
comprehension was strongly related to the PI, which is an expected outcome, but also to
students’ participation and the methodology, and the supporting materials. These results
could drive decisions to improve the educational design and boost the learning outcomes.
Hopefully, the knowledge deriving from the proposed LA method would raise learners’
satisfaction.
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