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Abstract
Ensuring constructive alignment between learning outcomes (LOs)
and assessment design is crucial to effective learning design (LD).
While previous research has explored the alignment of LOs with
assessments, there is a lack of empirical studies on how assess-
ment design influences LO mastery, particularly the relationship
between formative and summative assessments. To address this
gap, we conducted an empirical study within an undergraduate
mathematics course. First, we evaluated the course’s learning de-
sign to identify potential gaps in constructive alignment. Then,
using a sample of 169 students, we analysed their assessment re-
sults to explore how LOmastery is demonstrated through formative
and summative assessments. This study provides a novel learning
analytics (LA) methodology by combining cognitive diagnostic
models, epistemic network analysis, and social network analysis to
examine LO mastery and interdependencies. Our findings reveal
a strong connection between the mastery of LOs through forma-
tive and summative assessments, underscoring the importance of
well-constructed LD.The practical implications suggest that LA can
serve as a critical tool for quality assurance by guiding the revision
of LOs and optimising LD to foster deeper student engagement
and mastery of critical concepts. These insights offer actionable
pathways for more targeted, student-centered teaching practices.
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1 Introduction
As music starts with composing, learning analytics (LA) starts with
learning design (LD) [18]. One of the first representations of the LA
cycle included learners, data, metrics and interventions as essential
parts of the LA process, highlighting the importance of “closing the
loop” in educational practices to ensure continuous improvement
[5]. Subsequent approaches have refined this understanding by
presenting the continuous improvement cycle of a course, starting
with the LD phase, structured around well-defined learning out-
comes (LOs) [10]. As good composition is the foundation of quality
music, the soundness of LD is an essential prerequisite for reliable
LA research and meaningful, practical recommendations based on
it.

Central to effective LD is the concept of constructive alignment
[4], a pedagogical approach that ensures alignment between LOs,
teaching and learning activities (TLAs), and assessment. In this
framework, formative and summative assessments serve distinct
but complementary purposes. Both types of assessment are in-
tegral to constructive alignment, ensuring that students progress
towards achieving the intended LOs. To ensure that the assessment
is valid, it is essential to consider the relative importance of each
LO and align all types of assessment with the weighted LOs [10].
This consequently also means mutual alignment of formative and
summative assessment [9].

Despite the widespread use of formative and summative assess-
ment, there is a research gap regarding the empirical relationship
between the mastery of LOs demonstrated in formative assessment
and the mastery of those same LOs demonstrated in summative
assessment. While it is widely accepted that formative assessment
plays a critical role in supporting student learning and contributing
to better results in summative assessment [16], there is a need for
a better understanding and empirical confirmation of the role of
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assessment design in the mastery of LOs, particularly in higher edu-
cation contexts. Addressing this need is essential for understanding
how formative assessment can be better designed and aligned to
enhance student performance in summative assessment, ultimately
improving the acquisition of LOs and pedagogical effectiveness.
Furthermore, research on students’ learning approaches applied
when mastering LOs, which can be reflected in their performance
in formative and summative assessments, is still lacking [25].

Against this background, we conducted an empirical study to
analyse the relation between students’ mastery of LOs as demon-
strated in different types of assessment, as well as to identify distinct
groups of students concerning their performance. To do so, we
extracted students’ grades from a mathematics course from a Euro-
pean university and analysed their mastery across seven course LOs.
The contributions of this current study are twofold. The findings
presented here can have valuable implications not only for further
research but also for practice, supporting sound LD and enhancing
students’ learning performance and experiences. From a method-
ological standpoint, we provide a novel methodology, combining
several well-established LA methods, to examine the relation of
different LOs and compare the intended and executed LD.

2 Theoretical background
2.1 Learning Design
Learning design (LD) has been defined in various ways, but in
essence, it presents the order of teaching and learning activities
(TLAs), together with the related resources and student support
[19], which are to be done by teachers and students so that the
students would acquire the intended learning outcomes (LOs) [17].
It guides teachers in making informed decisions pertaining to the
design of TLAs [6] but has a learner-centred nature, putting in focus
the design of learning experiences corresponding with students’
needs [3]. LD is planned in line with a chosen pedagogical approach
[6] and attempts to increase the efficiency of teaching and learning
[3]. As a contemporary practice, it highlights the use of technology,
including good practice sharing through online repositories [3].

The LD approach used in this study is the research-based and
innovative Balanced Design Planning (BDP) approach [7]. Such an
approach is firmly based on constructive alignment [4] between
LOs, TLAs and corresponding (formative and summative) assess-
ments. It pays special attention to student-centeredness, which
is especially reflected in the focus on LOs, student workload and
support for applying innovative pedagogies. The BDP approach
considers the prioritisation of LOs by assigning LOs with relative
weights [8, 10] and enables detailed design analytics, including
comparison of designed assessment per LO with the established
LOs’ relative weights, supporting assessment validity [10].

2.2 Formative and Summative Assessment
Meaningfully planned and implemented assessment is essential, on
the one hand, for reporting on student progress and, on the other
hand, for supporting and steering students’ learning processes and
teachers’ informed decision-making [22]. With this in mind, assess-
ment programs can include two types of assessment: formative and
summative. While formative assessment means collecting data to
improve students’ learning, summative assessment refers to using

data to assess students’ knowledge once they complete a learning
sequence. [13, 20] Therefore, formative assessment is done con-
tinuously throughout a learning unit, helping steer teaching and
learning towards achieving LOs. In contrast, summative assessment
is used to assess the achievement of LOs at the end of a learning unit.
Even though there is a distinction, it has been pointed out [22] that
‘formative’ and ‘summative’ are not separate worlds in reality, as
the two types of assessment are mutually closely connected. Some
previous research pointed to the importance of cohesion and align-
ment between formative and summative assessment [12]. However,
there is a lack of empirical research examining this alignment be-
tween formative and summative assessment in the context of LO
mastery.

2.3 Validity of Assessment
Validity is an essential aspect of assessment, which primarily relates
to the relationship between test content and content standards,
with the evaluation of their mutual link being at the centre of
the alignment process [20]. In educational terminology, the said
standards are referred to as LOs, and the alignment between LOs
and assessment has been described as constructive alignment [4].
To ensure the validity of an assessment program, it is crucial to
align it with the intended LOs, i.e. link all assessment tasks to the
intended LOs.

To support this, a model based on LA that includes a comparison
between ideal LO weights, actual assessment weights (maximum
assessment points per LO), and student assessment results (actually
obtained assessment points per LO) has been presented [10]. It was
also shown that checking assessment validity using LA is part of
a continuous improvement cycle of a course, i.e., closing the loop
of quality assurance. Assessment validity is one of the five criteria
(reliability, validity, educational impact, acceptability, and the costs
of assessment) considered in Van der Vleuten’s utility formula of
assessment [27].

2.4 Approaches to Learning
The concept of an approach to learning (as introduced by Marton
and Saljo in 1984) includes two main categories: deep and surface
learning. The former includes the intention of a student to under-
stand the material, which requires an interaction with the content
and linking it with prior knowledge and experience, inspection of
evidence and evaluation of the logical steps used to draw conclu-
sions. Conversely, the latter includes only an intention to respond
to the requirements of a task or a course, which are seen as external
and primarily unrelated to personal interests; this approach focuses
on memorising the elements that are expected to be assessed. There
is also a third approach, strategic (as identified by Ramsden in 1981),
in which deep and surface approaches are used as needed to get the
highest grades [14]. To this end, we are interested in investigating
students’ learning approaches to mastering different course LOs
demonstrated through formative and summative assessments.

3 Methodology
To address the identified research gaps, we conducted an empirical
study based on the following research questions (RQs):
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RQ1: What is the role of learning design in ensuring the mastery of
LOs? To answer this question, we analysed how the mastery of LOs
demonstrated through formative assessment relates to the mastery
of the same LOs demonstrated through summative assessment.
Moreover, we explored the interdependencies associated with the
mastery of different LOs. Here, we discuss the elements of the
quality of LD and their relation to the mastery of LOs.

RQ2: What groups of learners can be identified based on their
mastery of LOs? To answer this question, we clustered students
and analysed their characteristics based on their LO mastery, as
demonstrated through formative and summative assessments.

3.1 Study Setting
The study was conducted at a the University of Zagreb, Faculty
of Organization and Informatics, a higher education institution
delivering undergraduate and graduate study programs in ICT,
particularly within a first-year undergraduate-level mathematics
course (Mathematics 2) in the academic year 2023/2024. The student
workload assigned to the course amounts to 6 ECTS (European
Credit Transfer and Accumulation System) credits, which equals
about 180 hours of students’ overall workload.

The assessment program includes weekly quizzes and exercises
(formative assessment), three periodical exams and a problem-
solving task resulting in a mathematical essay (summative assess-
ment). There are eight overarching LOs, and the course LD is based
on weighted LOs [10], with weights assigned using the standard
approach presented by Divjak et al. [11] (Table 1). The course LD
has been prepared in the BDP tool (learning-design.eu) [7] and
shared with students.

Topics cover an introduction to mathematical analysis: real func-
tions of one real variable, sequences and series, limits of a function,
derivative of a real function with applications and undefined and
defined integrals with applications.

Around 400 students enrol into the course annually; most are
full-time students, and a certain percentage of students retake the
course because they did not pass it the previous year. There are three
professors, each lecturing one lecturing group, and six teaching
assistants in charge of 10 seminar groups. This study focused on one
lecturing group, including 169 students. Due to the large number of
students and nine teachers, having a clear, common LD framework
is essential.

A constructivist approach and student-centred teaching and
learning have been maintained. The course is delivered in hy-
brid mode, with most students attending classes face-to-face. Pre-
dominant teaching and learning approaches are flipped classroom,
problem-based learning, and guided practice.

Formative tasks are individual for each student, including exer-
cises and quizzes. Exercises include computational tasks assigned
to students by random selection from the assignments database
on Moodle, prepared by the course teachers. Unlike the exercises,
quizzes are focused on understanding concepts, basic terminology,
and solving tasks that help students comprehend the concept. They
are often related to the videos given to students before lectures
(flipped classroom approach) to cover basics or to recollect some
mathematics from previous education. The quizzes present auto-
mated formative assessment with an automated grading system

and feedback. Altogether, for the continuous weekly assignments,
students can get a maximum of 30 points out of 100 points for
the entire course. In reality, deviations from the LD are possible,
as presented in Table 1, indicating that in the academic year of
2023/2024, the total number of assessment points was 101, with one
additional point coming from an extra quiz. The weekly formative
assignments serve to prepare students for their exams.

Regarding summative assessment, exams are taken three times
per semester, and each contributes to the final grade with a maxi-
mum of 20 points. Each exam comprises several combined tasks,
including theoretical questions and computational, practical ex-
ercises and problems. Students need to calculate and derive the
final solution step by step. Students can use tools in the calcula-
tion but should provide a theoretical explanation of the procedures
and results of the computational tasks. Relatively large databases
(several thousands of assessment items) are used, with exercises
and questions for formative and summative assessment. The exer-
cises in the databases are classified according to the mathematical
topic and three difficulty levels. Based on that, a student gets an
individual exercise randomly chosen from a specific task category
that usually contains between 50 and 500 different, even though
similar exercises. Most of these categories have been populated
with automatically generated tasks programmed in Python and R.
To a certain extent, this prevents copying the results and cheating
on exams. More details on e-assessment and students’ perspectives
can be found in [12].

Another summative task is the problem-solving essay, which is
optional but can contribute 10% to the total grade. The problem-
solving essay is directly related to the following course LO: Analyse
and solve a moderately complex problem in the field of mathemati-
cal analysis and present the solution in the form of a mathematical
essay.

The LD of the course is planned with particular attention paid to
the quality of LD, including constructive alignment between LOs
and assessment, and ensuring assessment validity by considering
the alignment of assessment points per LO with the prioritisation
(weight) of a particular LO, which is also appropriately reflected
in student workload. Table 1 demonstrates the weight of each LO
compared to the related assessment plan (points), actual assessment
(points), average student achievement (percentage) and student
workload (percentage). Moreover, Figure 1 shows the constructive
alignment of LO weights with assessment and student workload as
an essential element of ensuring the quality of LD.

3.2 Data Preparation
In the first phase of data preparation, we mapped all the (formative
and summative) assessment items (exam tasks, quizzes and exer-
cises) to the eight course LOs. As only the problem-solving essay
was linked to the final LO (LO 8), we excluded the problem-solving
essay and the related LO from the analysis and focused on the
remaining seven LOs.

We split the mapping into two components: one focused on
formative assessment items and the other on summative assessment
items linked to the seven LOs. It is important to note that for
further analysis, we only considered the presence or absence of
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Table 1: Learning outcomes with weights, assessment, and workload

Learning outcomes Weight
of LO

Workload
(percent)

Assessment
plan - LD
(points)

Actual
assessment
- delivery
(points)

Average
student
achievement
(percent)

Formative
ques-
tions(total
number)

Summative
ques-
tions(total
number)

LO1 Describe an elementary real
function of a real variable, list its
properties and sketch its graph

10 7 10 9.5 70% 2 3

LO2 Use elementary functions and
their properties to solve simple
real-world problems

10 10 11 11 54% 4 3

LO3 Apply sequences, series and
function limits to standard tasks and
mathematical problems related to
informatics

19 19 19 20 45% 3 6

LO4 Explain the concept of the
derivative of a real function, its
geometric interpretation, and the
link to continuous functions

14 13 16 13.5 61% 5 4

LO5 Apply the derivative of a
function to local and global extrema
of a function of one variable and the
points of inflection of a function

9 8 9 8 55% 3 2

LO6 Analyse an elementary function
and sketch a graph

12 13 12 11.5 48% 2 4

LO7 Determine the antiderivative of
a function and apply integrals to
calculate areas

16 19 13 17.5 60% 5 5

LO8 Analyze and solve a moderately
complex problem in the field of
mathematical analysis and present
the solution in the form of a
mathematical essay

10 11 10 10 68% 0 1

TOTAL 100 100 100 101 24 30

Figure 1: Constructive alignment of LOs with assessment and workload.

a link between the different assessment items and respective LOs
(binary mapping) and not the actual assessment points.

In the second phase of data preparation, we obtained the assess-
ment data from the Moodle LMS, which was related to each part of

the course assessment program, i.e., each assessment item. As stu-
dents were divided into three lecturing groups (divided further into
10 seminar groups), and there were fluctuations of students between
the groups, to ensure consistency, in this study, we focused on the
students from only one lecturing group. The sample included only
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full-time students, while part-time students were excluded from
the analysis due to their individualised learning pathways. Finally,
the study included a total of 169 students out of the total of 400
students who took the same formative and summative assessments.

As the assessment items had differing total scores, for data anal-
ysis, we computed the percentage grade for each student based on
these items. We then adjusted these assessment percentage scores
into three categories—below 50% indicated the students failed the
assessments (denoted by 0), between 50% and 75% indicated av-
erage performance (denoted by 1), and above 75% showed high
achievement (denoted by 2). The students’ assessment data were
aggregated and anonymised, and their privacy protected. The study
was conducted with a positive opinion of the Ethics Committee of
the higher education institution.

3.3 Data Analysis
We initially applied a relatively common LA technique [1], gener-
alised cognitive diagnostic models (CDMs), to assess the mastery
of various LOs through formative and summative tasks. CDMs are
psychometric models that utilise the relationship between assess-
ment items and different underlying constructs to draw conclusions
about the mastery of these constructs. We utilised the mapping be-
tween formative tasks and the LOs, as well as between summative
tasks and the LOs, as the input data into two separate generalised
CDMs, along with the adjusted assessment grades (0, 1, and 2).
The outcomes from these models yielded a binary score of 1 or 0,
indicating mastery or non-mastery of each of the seven LOs, as
demonstrated through either formative or summative assessment.
This analysis was implemented using the CDM library [2] in R.

To investigate our first research question and gain insight into
the simultaneous mastery of various LOs, we applied Epistemic
Network Analysis (ENA) [23], a widely used technique to under-
stand the relationships between several interconnected constructs.
While initially developed as a technique for understanding coded
communication transcripts, ENA has since been used in educational
settings to understand other constructs, such as critical thinking and
learning content, collaborative learning, and study strategies. ENA
entails transforming binary-coded data into a network represen-
tation, with nodes representing different constructs and weighted
edges representing their co-occurrence frequency. Since the output
from CDMs is the binary representation of students’ mastery of
different LOs, it is thus perfectly suitable for the ENA analysis.

Since it originated within the discourse analysis domain, the
ENA data usually consists of historical conversation transcripts,
with the co-occurrence of target constructs calculated across a small
part of the conversation log, called stanza. In our analysis, each
row represents students’ mastery of LOs, so both conversations
and stanzas consist of a single record. The ENA analysis is usually
visualised using projection and network diagrams, with the former
showing a two-dimensional representation of all data points and
the latter showing the connectedness of constructs for a specific
data point (or a group of data points). To conduct our analysis, we
used the R programming language and the rENA package for ENA
analysis.

To further analyse links between the LOs, we used social net-
work analysis (SNA). SNA uses graph theory to understand links

among social entities (actors denoted by nodes in a graph) and
the implications of these links (edges in undirected or loops in di-
rected graphs), with social network data consisting of at least one
structural variable which is measured on a set of actors. SNA aims
to identify the most critical actors in the network, with a range
of measures denoting the difference in the importance (centrality)
of actors. Degree centrality considers that central actors are the
most active, having the highest number of links to other actors in
the network. Closeness centrality focuses on the closeness of a
particular actor to all other actors, considering that the actor who
can rapidly interact with others is central. Betweenness centrality
refers to actors who can have control of other two nonadjacent
actors’ interactions as they lie on the path between them. [28]
Eigenvector centrality considers not only the number but also the
quality of connections between actors, meaning that actors with
fewer high-quality links can outrank those with a higher number
of links with less important actors [21].

To respond to the second RQ, we conducted hierarchical cluster-
ing with Euclidean distance in R to identify specific learner groups
based on their mastery of the seven LOs, as demonstrated through
formative or summative assessment. We determined the optimal
number of clusters using the widely accepted average silhouette
width and the clustering dendrogram. After selecting the optimal
number of clusters, we examined the resulting clusters concerning
their mastery of the formative and summative LOs, as described by
Barthakur et al. [2]

4 Research results
4.1 Preliminary Analysis
The analysis of the students’ mastery of LOs was conducted using
two CDMs. The results, summarised in Table 2 and Table 3, provide
insights into the average mastery scores of the cohort across the
seven LOs demonstrated through the formative and summative as-
sessments, respectively. In these two tables, the “Average Mastery”
column indicates the mean mastery score for each LO across the
entire cohort, while the “Total Scores” column represents the total
possible scores for each LO. The “Percentage (Mastery)” reflects the
proportion of mastery relative to the total possible scores. The two
tables’ prefixes, F and S, before the LOs refer to formative LOs and
summative LOs, respectively.

The data presented in Table 2 shows the average mastery scores
achieved by the student cohort in their formative tasks. As we can
see, the students were able to attain higher than 50% mastery for
the first LO and the fourth LO. However, the results also revealed
that the cohort displayed below-average mastery across the other
LOs, indicating areas where further pedagogical support may be
needed.

In contrast, Table 3 illustrates the average mastery scores
achieved in the summative tasks. The data shows that the students
better mastered the LOs in the summative assessments. Notably,
the only LO where mastery levels remained below 50% was the LO1
in the summative assessments.
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Table 2: Averagemastery of learning outcomes demonstrated
through formative tasks

Learning
outcome

Average
mastery

Total
scores

Percentage
(mastery)

LO 1 1.01 2.00 50.30%
LO 2 1.94 4.00 48.52%
LO 3 1.17 3.00 39.05%
LO 4 2.60 5.00 52.07%
LO 5 1.46 3.00 48.52%
LO 6 0.91 2.00 45.56%
LO 7 2.25 5.00 44.97%

Table 3: Averagemastery of learning outcomes demonstrated
through summative tasks

Learning
outcome

Average
mastery

Total
scores

Percentage
(mastery)

LO 1 1.24 3.00 41.42%
LO 2 1.51 3.00 50.30%
LO 3 4.88 8.00 60.95%
LO 4 2.39 4.00 59.76%
LO 5 1.29 2.00 64.50%
LO 6 2.32 4.00 57.99%
LO 7 2.99 5.00 59.76%

4.2 RQ1: Relation Between the Co-mastery of
Different Learning Outcomes

The ENA analysis showed the relationships between the mastery of
particular LOs, as demonstrated through formative and summative
assessment results. These links are presented in the plots in Figure
2 and Figure 3.

Looking at the projection plot, we see significant variability in
terms of students’ mastery of different LOs. Similarly, from the
position of different nodes in Figure 3 that represent formative and
summative mastery of different LOs, we see that the X axis mainly
distinguishes between formative assessment on one side (LOs 1, 5,
6, and 7) and summative assessment on the other (LOs 3, 4, 6 and
7). In contrast, the Y axis captures the difference between LOs 1, 2,
6 and 7 on one side and LOs 3, 4, and 7 on the other.

To further examine the connections between the mastery of
different LOs, we conducted an SNA analysis on the CDM estimates
of the LO mastery to identify which LOs are most central and
critical to student success in the course (Figure 4). For each LO,
we examined its betweenness, closeness, eigenvector and weighted
degree centrality (Table 4).

We can see that summative LO4, followed by LO5, are by far the
two most prominent LOs with regard to betweenness centrality.
Additionally, we can notice that summative mastery of LO4 has a
pivotal role in the plot (high centrality), being linked to 12 other LOs
as measured by formative or summative assessments, indicating the
importance of mastery of this LO. Summative LO4 is followed by
Summative LO5 and LO6, which also demonstrate high centrality
and are linked to 11 other nodes. Looking only at summative

Figure 2: Two-dimensional projection showing differences
between students in terms of their mastery of the different
LOs demonstrated through formative (pink) and summative
(green) assessments. The X and Y axis represent the two
singular values that contain the most variability in the data.

Figure 3: The relationship between the mastery of LOs
demonstrated through formative and summative assessment.
The strength of the relationship is indicated by the thickness
of the lines, while the position of the nodes is associated with
the weights of these nodes on the X and Y singular values.

assessment, the highest degree of centrality is demonstrated by
LO2 and LO5, with links to the mastery of all other analysed LOs
as demonstrated through summative assessment. Notably, the
summative prerequisite LO1 is linked only to LO2 and LO5. Finally,
from an LD perspective, we can see a clear separation between the
formative LOs (left side) and the summative LOs (right side).

4.3 RQ2: Different Groups of Learners
To address RQ2, we utilised hierarchical clustering to identify dis-
tinct student groups based on their mastery of LOs, as demonstrated
through formative and summative assessments. Upon analysing
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Table 4: Network centrality metrics for the different LOs in the course

ID Closeness centrality Betweenness centrality Eigen centrality Weighted degree centrality

Learning outcome
Formative assessment

LO 1 0.65 0.17 0.66 0.34
LO 2 0.62 0.00 0.57 0.30
LO 3 0.50 0.00 0.12 0.05
LO 4 0.72 1.70 0.80 0.48
LO 5 0.68 0.92 0.70 0.38
LO 6 0.59 0.00 0.45 0.22
LO 7 0.57 0.00 0.45 0.22

Learning outcome
Summative assessment

LO 1 0.50 0.00 0.20 0.11
LO 2 0.68 3.50 0.70 0.41
LO 3 0.76 1.58 0.89 0.62
LO 4 0.93 17.83 1.00 0.74
LO 5 0.87 10.83 0.96 0.75
LO 6 0.87 5.83 0.99 0.68
LO 7 0.76 2.63 0.86 0.61

Figure 4: Social Network Analysis of the course LOs. The size
of the node indicates its betweenness centrality and colour
type of assessment (green - summative, pink - formative).

the clustering dendrogram (Figure 5), it became apparent that clus-
tering solutions, including between two and five clusters, would
be appropriate. While the two- and the three-cluster solutions pro-
vided generic clusters, the five-cluster solution further subdivided
the students into smaller groups without adding any information.
Consequently, we opted for a four-cluster solution by employing
various clustering quality metrics (average silhouette width for
solutions with two to five clusters are 0.15, 0.07, 0.07 and 0.05,
respectively) and selecting the most informative cluster solution.

To interpret the four clusters, we analysed the students’ mas-
tery of each LO, demonstrated through formative and summative
assessment, as presented in Figure 6.

High Achievers (n = 42): This cluster comprises students who
consistently demonstrate high levels of mastery across both forma-
tive and summative assessments. However, mastery in specific LOs,
such as summative LO1 and summative LO2, is around the average
level, and notably lower mastery is observed for formative LO6.
That is not surprising since mastery of LO6 requires the integration
of mastery of all previous LOs and, therefore, takes more time.

Struggling Learners (n = 32): This is the smallest cluster identi-
fied in the analysis. These students consistently show low levels of
mastery on both formative and summative assessments, indicating
significant challenges in acquiring course LOs.

Summative-Driven (n = 55): This cluster represents the largest
group of students. It is characterised by students performing better
in summative than formative assessments. The average mastery
rates achieved through summative assessments are higher than
those observed in the High Achievers group.

Summative Underperformers (n = 40): Students in this clus-
ter exhibited similar levels of mastery in formative assessments as
the Summative-Driven Learners, with generally average mastery
rates. They demonstrated exceptionally high mastery of forma-
tive LO5. This group showed a drop in performance in summative
assessments, differentiating them from other groups.

5 Discussion
5.1 RQ1: What is the Role of Learning Design in

Ensuring the Mastery of LOs?
In the course being analysed, it is evident that not all LOs are equally
represented in terms of assessment points through formative and
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Figure 5: Clustering dendrogram.

Figure 6: Student clusters representation with results per LOs (based on CDM). The F prefix and dashed bars indicate average
LO mastery through formative assessments. The S prefix and the dotted bards indicate average LO mastery through summative
assessments.
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summative assessments (refer to Table 1). This observation under-
scores the deliberate prioritisation of LOs, highlighting that they
do not carry the same level of importance. Consequently, these
LOs do not possess identical weights, nor are they consistently cov-
ered throughout the course. Establishing LO weights and aligning
the assessment program with these weights is crucial for ensuring
assessment validity [8, 10].

Sound LD should be based on the principle of constructive align-
ment [4] between LOs, TLAs, assessment and student workload.
Considering the course analysed in this study, Figure 1 shows a high
level of alignment in LD between the weights of LOs, assessment
points assigned to a specific LO and the corresponding student
workload. Expectedly, there is a (though very slight) discrepancy
between the ideal LO weights and the actual course delivery (as re-
flected in assessment points and student workload). Here, we have
to keep in mind that the weight of an LO might be a function of
several criteria, including the importance of the topic or context for
the future profession, the required level of the LO based on the cho-
sen taxonomy, contribution to the development of the 21st-century
generic skills and student workload needed to fulfil the LOs [8].
Moreover, in an actual course situation, we expect some deviation
from the ideal LD. This can be due to adaptation to specific student
body characteristics for a particular academic year (planned 100 vs.
realised 101 total assessment points; student workload associated
with LO1 lower than expected due to assumed pre-knowledge),
calendar and scheduling (holidays!), time constraints (LO7 having
fewer assessment points than expected based on the weight), as
well as more minor fluctuation due to teachers’ preferences. Addi-
tionally, the cost of assessment may influence the ideal LD and an
educational impact in the delivery phase can be perceived differ-
ently than in ideal assessment design. As indicated by the Van der
Vleuten utility formula, it is usually impossible to fully satisfy all
elements (reliability, validity, educational impact, acceptability, and
assessment costs), and there are always compromises [26, 27].

Nevertheless, the validity of a course assessment program relies
on the soundness of course LD and the delivery of the course that
is based on the planned LD [10]. Therefore, linking formative and
summative assessment with the course’s intended LOs, which may
be weighted, is crucial. This is demonstrated in this paper, using
the example of a course in which, in LD, links between LOs and
assessment were established, and assessment points were planned
to correspond to the weights of the intended LOs. The second step,
to ensure validity in delivery, can be affected by different factors
coming from real learning environments.

Looking at the mastery of the course LOs as demonstrated sepa-
rately through formative and summative assessment, in the course
presented here, we found that the average mastery of a great major-
ity of LOs demonstrated in formative assessment was lower than
in summative assessment (Table 2 & Table 3). The only LO where
mastery levels remained below 50% was the summative LO1, which
suggests that while the overall performance improved in the sum-
mative tasks, there are still specific areas, particularly LO1, where
students may require additional support to achieve better mastery.

Furthermore, the ENA analysis (Figure 3) indicated the rela-
tionship between the mastery of the LOs as demonstrated via the
formative and summative assessments, showing that formative
assessment of particular LOs (left side of the plot) supported the

mastery of the same LO as measured by summative assessment
(right side of the plot). This indicates that formative assessment
provided valuable feedback to both students and teachers on their
students’ progress in acquiring a particular LO and to what ex-
tent, serving as a basis for further teachers’ support to students
and students’ learning towards the acquisition of the intended LOs.
Generally, this aligns with some previous research on the role of
formative assessment [16], pointing out that teachers’ continuous
evaluation of students’ development, followed by curricular modi-
fications, made progress towards fulfilling summative assessment
requirements easier and more predictable. Moreover, it supports
the claims that formative information on students’ comprehen-
sion, followed by teachers’ timely feedback, supports students in
behavioural changes, leading to more successful learning. [16] Fur-
thermore, the findings also make sense in the context of previous
studies indicating formative assessment results as strong predictors
of summative assessment success [9]. Nevertheless, none of the
benefits would be possible if formative and summative assessments
were not mutually coherent and constructively aligned with the
intended LOs.

At the same time, the ENA and SNA analyses gave us important
insights into the relations between the mastery of different LOs.
While such links are often chronology-related and would mostly
be clear to (especially experienced) course teachers, they might
provide additional evidence to support LD.

The SNA analysis showed that summative assessment stands
better than formative assessment with respect to centrality metrics.
This aligns with the idea of formative assessment, which is narrower
in scope and supports summative assessment [9]. Particularly, LO4
is outstanding concerning all centrality metrics, especially the be-
tweenness metric, both among summative and formative assess-
ments. This suggests that LO4 has a central role in the course. This
does not come as a surprise, considering that LO4 is related to the
concept of derivative, which is the central one in the course, mean-
ing it has many prerequisites (LO1, LO2, LO3) and is a prerequisite
for mastering all LOs that follow (chronologically) (LO5, LO6, LO7).
Looking at the ideal LO weight from LD, LO4 also has a consid-
erable weight, although not the highest in the course. This could
imply that the ideal LO4 weight should be increased. However, it
should be noted that prioritisation of LOs is done based on several
criteria, which are not only related to the course itself but also to the
role of the course in the entire study program, for students’ future
profession and students’ pre-knowledge, which is reflected in the
required workload. Even though it provides valuable insights about
the course, this SNA analysis is blind to the conditions outside the
course. For example, if we take LO3 and LO6, we can see that their
ideal LO weights are higher than that of LO4. However, these LOs
also have higher student workloads and more links to the outside
context, which are also criteria affecting the weight. In educational
practice, SNA could be used to indicate the central concepts and
contribute to determining the ideal LO weights.

To conclude, if LD is sound and prepared by experienced educa-
tors, it positively impacts the mastery of LOs.
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5.2 RQ2: What are the Different Groups of
Learners Based on the Demonstrated
Mastery of the LOs?

Identifying High Achievers aligns with existing literature that sug-
gests some students consistently perform well across different as-
sessment types, often due to well-developed learning strategies and
a strong alignment with instructional approaches [15]. However,
the slightly lower mastery observed for summative LO1, LO2, and
formative LO6 within this group indicates that even high-achieving
students may encounter specific challenges depending on the con-
tent or nature of the LOs. Here, we can note that they did not
refresh their pre-knowledge on time (LO1 and LO2 were largely
covered in previous education) or needed more time to grasp com-
plex integrative LOs. Interestingly, the student workload planned
for LO6 was already higher than expected based on the respective
weight, indicating that educators knew it was difficult for students.
This highlights the need for continuous refinement of assessment
tasks to ensure they accurately measure student understanding
across all LOs and often bring student attention to complex topics
and prerequisites for developing higher cognitive skills [10].

In contrast, the small size of the Struggling Learners group,
characterised by low mastery indicated by both formative and sum-
mative assessments, underscores that while most students engage
effectively with the course content, a subset of learners still re-
quire additional resources and support. Research has shown that
students who consistently perform poorly may benefit from tar-
geted instructional support, such as differentiated instruction or
formative feedback, which can help address learning gaps and im-
prove outcomes [24] or psychological counselling and professional
re-orientation.

The emergence of Summative-Driven Learners as the largest
group is particularly noteworthy. These students demonstrate
higher mastery in summative assessments than formative ones, sug-
gesting they are more motivated or better prepared for high-stakes
evaluations. This indicates that they have a strategic approach to
learning, characterised by students organising their learning to
achieve a high or positive outcome [14]. This finding resonates
with research indicating that some students perform better in sum-
mative contexts, where the stakes are higher, and the content is
more comprehensive [15]. Moreover, it also implies that formative
assessment was helpful for students and that the feedback they re-
ceived supported them in more LO-oriented learning in preparation
for the summative assessment.

Conversely, the Summative Underperformers group, which
showed similar mastery in formative assessments as the Summative-
Driven Learners but a decline in summative performance, highlights
a potential disconnection between formative assessment prepara-
tion and summative assessment performance. This phenomenon is
supported by literature indicating that some students may struggle
with the pressure of summative assessments, leading to underper-
formance despite adequate preparation during formative activities
[1]. The particularly high mastery for formative LO5 in this group
suggests that certain LOs may be better suited to formative assess-
ment formats and that alternative summative strategies might be
necessary to capture a more accurate picture of student mastery.
On the other hand, those students may be exhibiting a surface

approach to learning [14], characterised by learners focusing on
details and memorising individual pieces of information in a way
that signals enough comprehension to complete the assignment.

Overall, these findings underscore the complexity of student
learning and assessment. They suggest that, while some students
may excel uniformly across different assessment types, others ex-
hibit performance patterns that are influenced by the nature of
the assessment itself and their approaches to learning. This high-
lights the importance of employing various assessment methods to
accommodate diverse learner needs and ensure a comprehensive
evaluation of student mastery. The representation of LO mastery
demonstrated through formative and summative assessments pro-
vides a more holistic representation of learners than a simple course
grade often provided to quantify academic success [1]. Our study
provides a more fine-grained representation of the strengths and
weaknesses of learners across the different concepts.

5.3 Practical Implications
At a broader level, the study addresses a significant educational chal-
lenge: the need for assessment practices that go beyond mere con-
tent evaluation to foster meaningful learning and mastery. Tradi-
tional assessment practices often fail to provide actionable insights
into student progress or reveal fine-grained patterns of academic
performance across different groups of students [2].

The LA conducted in this study can have important practical im-
plications regarding quality assurance of courses, as it provides an
evidence base that can be used to introduce necessary educational
interventions and “close the loop” to enhance students’ acquisition
of LOs. First, determining how successful students are in acquiring
particular LOs can indicate a need for revising LOs and can moti-
vate educators to rethink and adjust their teaching practices. The
analyses such as those conducted in this study can provide valuable
insights for enhancing course LD, particularly when it comes to
ensuring constructive alignment and links between formative and
summative assessment. Notably, the SNA results provide additional
insight into determining ideal LO weights and central concepts for
students to grasp in the course. Furthermore, insights from the pre-
sented analyses can inform educators in providing student support,
for example, considering the importance of mastering particular
LOs as a prerequisite for mastering other LOs, as indicated by their
centrality. Analysing student clusters can also present a basis for
better-targeted student support, including cluster-related learning
recommendations and more student-centered assessment design.

5.4 Limitations and Future Work
Our study has several limitations. It was conducted on a moderately
large (and homogenous) sample, but having more students (possi-
bly more diverse) included in the analyses may provide more com-
prehensive insights, especially when identifying student clusters.
Furthermore, the study was conducted in one specific educational
context and one particular course. As different educational envi-
ronments (e.g., cultures, levels of education) and different subject
areas may be associated with different learning habits, it would be
valuable to conduct the analyses in the broader context. However,
although the context is limited, the findings concerning different
assessment types (quite typical in HE context) and methods can
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be extended to other settings. Therefore, we believe this limita-
tion does not significantly affect the study’s generalizability. While
the study encompassed one academic year, it would be worth con-
ducting longitudinal research to further explore the potential of
the presented learning analytics. It is important to recognise the
methodological limitations of the study. Converting continuous
assessment grades to fit the CDMmodels may have led to some loss
of information. Future studies must incorporate the continuous
assessment scores provided by the instructors to determine LO mas-
tery. Additionally, while the binary output from the CDMs used
to quantify LO mastery was sufficient for addressing the research
questions, future studies should consider investigating the scores
of LO mastery on a continuous scale to gain further insight into
the strengths and weaknesses of learners. Future research should
also explore the underlying factors contributing to patterns of LO
mastery demonstrated by the different clusters, such as the role
of assessment design, student motivation, students’ approaches to
learning, and instructional alignment, to better support all learners
in achieving their full potential.

6 Conclusion
This study highlights the critical role of assessment design in shap-
ing students’ mastery of learning outcomes (LOs) within higher
education study programs. It fills the existing research gap by
demonstrating how learning analytics (LA) can be used to map
assessment items to specific LOs, quantify mastery, and cluster
learners based on their performance.

Using LA techniques such as CDM, ENA, and SNA, we have
provided empirical insights into how formative and summative
assessments influence students’ LO mastery. Combining these
techniques offers a comprehensive approach to understanding not
only how students perform but why they perform in particular
ways. We found that some LOs can have a central position in the
study program, being strongly linked to other LOs, which should
be adequately reflected in assessment and learning design. We
also demonstrated the importance of linking both formative and
summative assessment to the intended LOs, emphasising the value
of prioritising LOs. The clustering of students based on their LO
mastery indicated that students differ in terms of their approaches
to learning, which calls for clear student guidance and feedback.

In the larger educational landscape, this approach supports the
development of more refined, data-driven learning design and in-
structional strategies. By ensuring constructive alignment between
LOs, teaching and learning activities, and assessment, educators
can create more effective learning environments that cater to di-
verse learner needs. This study also emphasises the potential for LA
to enhance continuous course improvement, guiding instructors in
making informed decisions that can close the loop in quality assur-
ance and improve educational outcomes across various contexts.
Future research should continue exploring LA’s integration into LD
to address evolving educational challenges and enhance student
learning experiences.
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