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Abstract

Tracking student progress throughout their coursework is a common topic in educational research. While
valuable insights can be gained from analyzing learner data, such analysis can sometimes be misleading,
particularly when it involves predicting students' final course achievements or drawing generalized
conclusions from these predictions that do not account for individual student engagement. This study
analyzes learner data from two different student cohorts that attended the same course in two different
academic years. The focus on the paper is placed on identifying patterns in student engagement, similarities
between two cohorts and exploring individual differences of learners. The interpretation of student activities
sequences was implemented using sequence plotting and heatmaps, while Ward method was used for
hierarchical clustering. The study aimed to understand the extent of similarities and differences in learning
behavior across the cohorts, providing insights into how students interact with course material over a
semester. Results show that there are many similarities between two cohorts, however, when expressing
individual differences of each learner it was concluded that none of the students had the same sequence of
engagement as the cluster’s mean.
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1. Introduction

The tracking of student engagement throughout the semester and the prediction of final exam
performance based on semester activities are common topics in scientific literature [1,2]. Analyzing
student engagement helps instructors better predict academic achievements, adapt teaching methods,
and intervene in time to improve student performance [3,4]. Analyses of engagement are often not
precise enough to capture individual learning patterns, as engagement is a complex process that
includes cognitive, emotional, and behavioral dimensions [1]. Although engagement metrics can
provide valuable insights, their limitations may lead to less accurate assessments of student progress
and success [5,6]. For the purposes of quantitative and visual methods in studying student
engagement patterns, learning analytics has become an important tool in modern education,
especially in the context of online learning [7]. Learning analytics enables educational institutions to
identify specific student needs, provide personalized support, and improve educational practices
based on behavior and engagement patterns [8-10]. Although learning analytics offers numerous
advantages in this field, it also faces challenges regarding individualization. The analyses applied
often cannot precisely capture the qualitative differences among students. For instance, authors of
paper [11] that quantitative methods are useful for detecting educational strategies, but note that
further research using standardized instruments for measuring motivation and goal orientation
would be needed to gain deeper insights into the internal motivational factors influencing
engagement. These motivational factors, and the impact of various factors on education in general,
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are particularly significant when studying engagement patterns at the cohort level, as individual
factors can become lost in the broader picture. Considering that, there is a need to examine in more
detail the behavioral and engagement patterns of individuals within the same groups, as well as
between different student cohorts. Studying cohorts enables the identification of shared
characteristics that can aid in predicting success on final exams, as well as in identifying and
suggesting support strategies that can help students progress. Previous research indicates that cohorts
exhibit specific engagement patterns during different phases of a course, making it crucial to monitor
performance over a defined period [12]. Variability in engagement over time can be illustrated
through various visualizations, such as sequential charts and heat maps, which enable instructors and
educational institutions to better monitor student engagement throughout the semester [13].

Research on engagement and academic achievement also indicates that motivation and a sense of
belonging have a significant impact on educational outcomes. For example, authors in [14] show that
a sense of connection to the academic community can greatly contribute to students' motivation and
academic success. Literature highlights the need of learning support structures in online
environments, including customized assistance and mentoring, to address challenges such as
isolation, technology difficulties, and limited peer interaction, which can significantly impact student
engagement, retention, and academic success [15,16]. Research on student engagement in higher
education focuses on identifying general patterns of behavior across students, with less attention paid
to examining individual differences within these groups. The question arises: can statistical models
of engagement provide sufficiently accurate data on individual behavior relative to their group? In
paper [17] emphasize that counting clicks or platform is insufficient for a comprehensive analysis of
engagement. They advocate for combining quantitative and qualitative methods to achieve a holistic
understanding of engagement patterns. Therefore, it is important to investigate the patterns of both
the group and the individual in relation to the group.

The aim of this paper is to address these questions through an analysis of student engagement
from two consecutive cohorts who attended the same course during the academic years 2022/2023
and 2023/2024. Patterns of student engagement were examined in relation to course activities,
including assignments, tests, and project tasks. Focusing on engagement data from the Learning
Activity Management System (LAMS) and the institutional information system, this analysis seeks to
identify similarities and differences between the cohorts, as well as within each group, using
sequential charts, heat maps, and hierarchical clustering with Ward’s method.

The goal of this work is to compare two student cohorts that have same pre-exam activities on the
same course and to answer following research questions:

RQ1: What are the similarities between two cohorts?
RQ2: What are the differences between individual students and other students in the same cluster?

This paper is organized as follows. Section 2 describes the design of the course that was used for
data collection of learner data. Section 3 presents the research methodology that was used to analyze
student progress levels. Section 4 provides results and discussion on the results, while Section 5
concludes the paper.

2. Implemented course format

The course CS120 - Computer Organization consisted of 15 lessons, each during one week in the
semester, and each covering a topic in computer architecture and organization. The course had
various pre-exam assessments throughout the semester in the form of tests, homework assignments
and individual projects.

Every three weeks, each student was given a unique homework assignment covering the lessons
from the previous weeks, including the one in which the assignment was given. Furthermore, a total
of 14 tests were given, starting from week 2 up to week 15. Each test covered the lesson in the previous
week. Finally, each student was given a project in week 3, for which they had to write a 10-15 page
paper, and a presentation. Students consulted the progress of their projects with professors and
teaching assistants during the remainder of the semester, and defended their projects in week 15.



Course design used for this study was implemented using published lessons on Learning Activity
Management System (LAMS). Chosen course Computer Organization is a course taken by the first-
year undergraduate students, all from computing majors. First cohort of students taught in the
academic year 2022/23 was attended by 83 students, and the second cohort taught in 2023/24 was
attended by 102 students.

Teaching material was created for the semester that was taught for 15 weeks, and design was
chosen based on the need to build student knowledge progressively to allow for effective tracking of
student progress. Hence, each week was used to teach one lesson and each week also included one or
more activities that were assigned to students for grading. As this study uses tracking of student
activities during the semester and their progress, it should be noted that these activities include
homework, tests and projects.

Homework assignments were used to reinforce teaching content and were due nearly each week.
Homework was assigned weekly in all weeks except the last one. Course project was graded in the
last week of the semester, providing students the opportunity to apply learned concepts
comprehensively. Within the graded assignments, students were also graded through 5 tests. Tests
were used to assess specific segments of the course allowing students to demonstrate gained
knowledge over a smaller part of teaching material. Test 1 covered lessons 1-3, test 2 covered lessons
4-6, test 3 covered lessons 7-9, test 4 lessons 10-12, while test 5 covered teaching materials from
lessons 13 and 14. Using such course design allowed to keep students engaged and to allow tracking
their learning process more effectively.

3. Methodology

This paper analyzes data from students enrolled in the Computer Organization course that involve
two different cohorts from two consecutive academic years, 2022/2023 and 2023/2024. The course
content, assignments, and evaluation criteria, as described in the previous section, were consistent
for both cohorts, ensuring a standardized structure for the data set. This uniformity allowed an
accurate and fair comparison of learner behaviors and performance across these academic years.

All relevant data were collected from the Learning Activity Management System (LAMS) and the
institutional information system. Collected data provided comprehensive records of student
engagement with course materials, including all of their activities during the semester and final exam
points. All data were gathered in two datasets, one for each student cohort. Both datasets have the
same structure in alignment with the course format as described in the previous section: points from
5 tests, points from 14 homework, project points and final exam points.

To address the research questions, various quantitative and visual methods were employed. These
techniques were chosen to identify patterns in student engagement, similarities between two cohorts,
and to explore the differences between individual students and other students in the same cluster: To
examine the overall data characteristics, distribution plots and basic descriptive statistics were used
to assess the spread and central tendencies of student engagement metrics and performance
indicators. These visualizations helped identify key trends and anomalies in the dataset, revealing
insights into how different groups of students interacted with the course materials and performed in
assessments. To facilitate interpretation of the complex data, visualization of students’ activities was
applied, combining sequence plot and heatmap. This combination of sequence plot and heatmap was
used to visualize intensity in student activity across the semester in order to track student progress
from the first week of semester until the last week and finally on the exam. Finally, clustering was
used to categorize students into distinct groups based on their learning patterns and performance.
Hierarchical clustering, specifically Ward’s method, was chosen for its efficiency in minimizing
variance within clusters. This method grouped students with similar engagement profiles, providing
insights into common characteristics among high, middle, and low performers. It also helped identify
whether specific behavioral patterns were associated with particular performance levels. After the
clustering was performed, we calculated individual differences within the clusters using Euclidean
distance to explore how many students were close to the assigned cluster’s centroid and how many
were significantly distant.

Integration of distribution analysis, advanced visualizations, and hierarchical clustering, provided
a robust framework for interpreting learner data for the analyzed course.



4. Results and discussion

In this section, we present and discuss the findings from our analysis of two student cohorts, focusing
on their engagement patterns, clustering, and individual variations. The study aimed to understand
the extent of similarities and differences in learning behavior across the cohorts, providing insights
into how students interact with course material over a semester. The results are structured to address
two key research questions (RQ1 and RQ2), examining both cohort-level patterns and individual
differences within clusters.

4.1. RQ1: What are the similarities between two cohorts?

Regarding RQ1, the analysis revealed several key similarities between the two cohorts. Figure 1
presents a visualization of students' semester activities from the first to the last week of the semester
for the 2022/2023 cohort, while Figure 2 shows the same for the 2023/2024 cohort. We categorized
students as “low progress” if they scored less than 50% on their assignments, “middle progress” if they
scored between 50% and 70%, and “high progress” if they scored above 70%. “Low progress” students
are labeled with red, “middle” with yellow, and “high progress” students with green color. The x-axis
represents the number of a week in the semester, and the y-axis shows each student’s progress on a
weekly basis. According to the course format described in Section 2, each week of the semester
included at least one assignment, with some weeks containing two activities, as shown in the figures.
Each achievement is represented by a rectangle, colored according to the categorization, as explained.
For each week, progress is sorted so that “high progress” students appear at the top, “middle progress”
in the middle, and “low progress” student sequences at the bottom of the figure.

Students' progress across weeks for cohort 2022/2023

B Low progress
Middle progress
High progress

Week 1 Week2Z Week3 Weekd Week> Weekb Week7 Weekd Week9 Week 10 Week 11 Week 12 Week 13 Week 14 Week 12
Week

Figure 1: Visualization of students’ progress across weeks (Cohort 2022/23)



Students' progress across weeks for cohort 20232024

Sorted progress for every week

Week 1 Week? Week 3 Weekd Week3 Weekf Week 7 wWeek 8 Week 3 week 10 Week 11 Week 17 Week 13

Week

Figure 2: Visualization of students’ progress across weeks (Cohort 2023/24)

week 14 Week 15

Figures 1 and 2 demonstrate a consistent pattern of behavior across both cohorts’ semester
activities, suggesting that the two generations have a similar distribution of low, middle, and high
progress throughout the semester. These similarities indicate that students, regardless of cohort, tend
to engage with coursework and assessments at comparable levels and frequencies from the start to
the end of the semester. Figures 3 and 4 further confirm, through statistical analysis, significant
similarities in the distribution of semester activities between the cohorts, despite some differences in

the final exam point distributions.
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Figure 3: Distribution of homework and test scores
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Figure 4: Distribution of project and final exam scores

4.2. RQ2: What are the differences between individual students and
other students in the same cluster?

Regarding RQ2, hierarchical clustering using Ward’s method was applied to categorize students into
distinct groups based on their learning patterns and performance. Silhouette scores were calculated
to determine the optimal number of clusters, which was found to be 3. These clusters correspond to
three groups of students: low progress, middle progress, and high progress. From this analysis, we
can conclude that learner data on semester activities along with scores on the final exams can be
effectively grouped into clusters, with similar behavioral patterns evident within each cluster.

To further investigate individual differences, we calculated the Euclidean distance between each
student and the centroid of their assigned cluster. The results are presented in Table 1.

g:zleiltlage of students by distance category for cohort 2022/2023 and cohort 2023/2024

Categorization Number of students [%] Number of students [%]
Cohort 2022/23 Cohort 2023/24

Low 59.8% 59.4%

Moderate 19.5% 20.8%

High 20.7% 19.8%

Table 1 reveals that approximately 60% of students are close to their corresponding cluster
centroids, with these distances categorized as low. About 20% of students are moderately distant from
their cluster centroids, categorized as moderate, while the remaining 20% are far from their cluster
centroids, categorized as high. The distribution of distances from cluster centroids is very similar
across both cohorts, confirming again the observed similarities between the two groups for different
student categories.

We can conclude that around 60% of students exhibit behavioral patterns similar to others in their
cluster, while around 20% demonstrate behaviors that differ more significantly from their cluster
peers. The analysis also revealed that no student had an identical engagement sequence to the cluster
mean, highlighting unique variations even within grouped patterns.



5. Conclusions and future works

This research compared two different student cohorts that attended the same course in two different
academic years. Learner sequence was visualized for each student, and the findings were that
consistent patterns exist between both cohorts, despite some differences in final exam point
distributions. Two cohorts displayed following similarities (RQ1): (i) similar pattern in behavior and
(ii) significant similarities regarding distributions of semester activities. Based on these findings,
further analysis was conducted to identify if learner data can be grouped in clusters using Ward’s
method. Hierarchical clustering analysis (RQ2) distinguished 3 groups "low", "middle” and "high"
progress students. Even within the clusters similar patterns in behavior were identified. However,
when analyzed the individual differences of learner sequence for each learner as compared to the
characteristics of each clusters following findings were concluded: (i) around 60% of students have
similar patterns in behavior as other students in the cluster, (ii) around 20% of students are different
from other students from the same cluster, and (iii) none of the students had the same sequence of
engagement as the cluster’s mean.

After this analysis the following questions were posed. Can these findings be used for early
intervention during the semester when needed? About 60% of students in both generations more or
less follow the pattern of behavior as the students within the same cluster, but there are 20% of
students which do not follow this pattern. When we want to make predictions and make conclusions
considering the student population, a justified question arises: can we make conclusions applicable
to all students? Future work should consider individualized approaches more and be careful with
early intervention during semester because there are students which show “good achievement”
during semester and “bad achievement” on the exam, so motivating this group of students is very
important. In this regard, a hybrid model of individual approach and student modeling should be
proposed to track student progress and evaluated on several groups of students.
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