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This study investigates how students use video lessons within a blended master’s 
degree program (LM-93), addressing a persistent research gap: most studies 
investigate perceived usefulness or self-reported engagement, whereas far fewer 
analyze trace-based behavioral data in authentic higher education contexts. 
Understanding real usage patterns is crucial, as pedagogical effectiveness depends 
not only on content quality but also on how students interact with video-based 
materials. While many studies focus on self-reported satisfaction or outcomes, 
fewer examine fine-grained behavioral data in authentic blended university contexts. 
Drawing on evidence-based research on educational innovation, we analyzed 5,278 
viewing sessions tracked through the Panopto platform across 14 courses over 
two academic years. A multi-step quantitative approach was applied, combining 
descriptive statistics, correlations, manual segmentation, and K-means clustering 
(Jain, 2010). Results show substantial heterogeneity in viewing behaviors: for 
example, only 18% of sessions fall into an “in-depth” profile, characterized by long 
viewing time, high completion, and frequent interactions. Four stable behavioral 
profiles emerged (in-depth, fast, partial, and discontinuous) highlighting diverse 
strategies in time management and engagement. These findings suggest that 
asynchronous video lessons can support engagement and self-regulation for a 
subset of students, but also risk reinforcing superficial or fragmented use for others. 
The study offers actionable implications for instructional design and inclusivity in 
blended learning: designing shorter and more navigable video lessons, integrating 
checkpoints and formative feedback, and using Learning Analytics dashboards 
to support data-informed and Universal Design for Learning–oriented practices. 
Limitations include the single-institution context, reliance on platform logs, and 
the absence of qualitative triangulation, which point to future research integrating 
behavioral, outcome, and qualitative data. The study also highlights the need for 
transparent and ethically informed uses of Learning Analytics when interpreting 
behavioral traces.
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1 Introduction

Over the last decade, and especially after the COVID-19 pandemic, video lessons have 
become a central component of university teaching, both in fully online and in blended 
models. Students increasingly rely on recorded lectures to catch up on missed sessions, review 
complex concepts, and organize their study time more flexibly. Evidence from institutional 
reports indicates a steady growth in video usage in higher education, accompanied by 
expectations of increased accessibility, personalization, and efficiency in learning. However, 
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the pedagogical effectiveness of this tool is not automatic; it depends 
on multiple factors related to design, use, and context. Despite this 
widespread adoption, a limited understanding remains of how 
students engage with video lessons in authentic blended university 
contexts. Most existing literature focuses on perceived usefulness, 
satisfaction, or overall course outcomes, rather than on detailed 
behavioral data such as viewing duration, completion rates, playback 
speed, or interaction patterns (Means et al., 2014; Rienties et al., 2016). 
This creates a significant gap between the promise of video-based 
blended learning and empirical evidence on real usage behaviors, 
especially in European master’s programs. Addressing this gap is 
crucial for both research and practice. It can inform more realistic 
models of student engagement, self-regulation, and instructional 
design in blended environments (Boelens et al., 2017).

This study is part of an increasingly important line of research 
investigating the potential of video lessons as a lever for educational 
innovation and student engagement. It focuses specifically on their 
integration in blended environments at the university level. Through 
the systematic multi-level analysis of tracking data related to video 
viewing, we aim to explore students’ actual behavior, identify 
differences between courses, and identify emerging usage profiles. The 
goal is to provide operational guidelines for designing data-driven 
learning experiences.

2 Theoretical framework

The adoption of video lessons in university contexts reflects a 
broader rethinking of teaching practices. This shift is linked to the 
spread of blended models and the need to respond to growing demand 
for flexibility, personalization, and accessibility (Bransford et al., 2000). 
In this scenario, video lessons serve as key tools for activating 
asynchronous learning paths that integrate synchronous and face-to-
face moments, promoting greater organizational and cognitive 
autonomy among students (Garrison and Vaughan, 2008). From an 
instructional alignment perspective, video lessons designed and 
analyzed using data can serve as significant hubs for authentic, flexible, 
and monitorable learning (Gašević et al., 2017). To fully understand the 
potential and critical issues of video lessons in blended environments, 
we must place them in a multidimensional conceptual framework that 
considers pedagogical, cognitive, technological, and design variables. 
We detail four fundamental theoretical axes below: (1) the video lesson 
as a designed pedagogical object, (2) the asynchronous experience and 
self-regulated learning, (3) the evidence-based approach through 
Learning Analytics, and (4) personalization, inclusivity, and Universal 
Design for Learning. Each axis addresses a distinct dimension of how 
video lessons function in blended learning, while together they form 
an integrated foundation for our study.

2.1 The video lesson as a designed 
pedagogical object

The first dimension concerns the educational design of video 
lessons. Within blended learning, video lessons have become a central 
component of course design, with research documenting a substantial 
increase in the use of digital learning resources and educational videos 
in higher education. Students frequently combine institutional 

platforms with open resources such as YouTube to complement 
curriculum delivery. Systematic and scoping reviews demonstrate that 
integrating video into existing instructional methods tends to improve 
learning outcomes when videos are pedagogically aligned, clearly 
structured, and integrated with other activities rather than used as 
isolated content. However, most research still focuses on perceived 
effectiveness or experimental comparisons between formats, while 
fewer studies examine large-scale log data on how students distribute, 
sequence, and personalize their viewing across a real blended 
curriculum (Almasi and Zhu, 2019). Moving beyond aggregate 
measures requires us to map diverse patterns of use over time and 
across courses. Research emphasizes that video lesson effectiveness 
depends on specific design choices: optimal duration (10–20 min), 
clarity of communication, content segmentation, intentional use of 
images and words, and possible inclusion of the instructor in the video 
(Guo et al., 2014). According to Mayer (2009) Theory of Multimedia 
Learning, learning is most effective when verbal and visual information 
integrate coherently and non-redundantly, following principles such as 
contiguity, segmentation, and signaling. Cognitive load theory (Sweller, 
1988) is equally crucial: poorly designed video lessons can generate 
cognitive overload, which hinders deep processing (Sweller, 1988).

Instructional Design (Thalheimer, 2017) principles provide the 
foundation for treating video lessons not as mere “recorded content” 
but as training artifacts. Engagement elements, such as narration, 
personal tone, rhetorical questions, and reflective pauses, should 
integrate throughout to stimulate active and conscious participation 
(Clark and Mayer, 2016). These elements become even more 
important in asynchronous contexts lacking direct teacher interaction. 
The effectiveness of asynchronous learning also depends on perceived 
teaching presence: the ability of the instructor to make themselves 
visible, available, and approachable through pre-recorded materials. 
Derived from the Community of Inquiry Framework (Garrison et al., 
2000), this concept calls for video lessons that include “teaching 
presence” elements such as human interfaces, communicative tone, 
and consistency between videos and related activities. Recent work on 
hypervideos demonstrates how interactive architecture can support 
more flexible navigation, multimodal representation, and data-
informed instructional design (Carenzio et al., 2025). In this study, we 
examine whether design features related to these principles (such as 
video duration, segmentation, and interactive elements) correlate with 
student viewing patterns and engagement.

2.2 The asynchronous experience and 
self-regulated learning models

Building on these design considerations, the second axis addresses 
how students autonomously engage with video lessons. Self-regulated 
learning (SRL) refers to learners’ ability to plan, monitor, and reflect on 
their own learning processes, a capacity crucial in technology-enhanced 
and blended environments (Zimmerman, 2002; Bandura, 1986). The 
ability to access video lessons at any time and from any location 
introduces a new balance between freedom and responsibility: autonomy 
is valued but can also lead to decision overload (Kirschner et al., 2006). 
In these contexts, students continuously decide when, how, and to what 
extent they engage with digital resources. Metacognitive strategies, such 
as study planning, self-monitoring, and post-viewing reflection, become 
central to effective learning (Panadero, 2017). Video lessons designed 
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with checkpoints, guided breaks, activating questions, or support 
materials can facilitate these processes, helping students develop cross-
curricular skills related to self-directed learning (Fredricks et al., 2004).

Research on flipped classrooms and blended courses reveals that 
simply providing video resources does not guarantee deep learning. 
Learners need structured guidance, clear expectations, and scaffolds to 
avoid procrastination and superficial viewing (Means et al., 2014; 
Rienties et al., 2016; Boelens et al., 2017). Effective video lessons are not 
those passively transmitted, but those including moments of cognitive 
activation, reflective pauses, questions, invitations to perform tasks, 
which support self-regulated learning processes (Czerkawski and Lyman, 
2016). Recent reviews of SRL in online and hybrid settings (Bergdahl et 
al., 2024) highlight how tools such as learning dashboards, video 
platforms, and Learning Management Systems (LMS) provide both 
opportunities and challenges. These systems can scaffold goal setting and 
monitoring, but they also place higher demands on learners for self-
management, especially when instruction is largely asynchronous. 
Analyzing concrete traces of how students use video lessons (such as 
pacing, revisiting key segments, or adjusting playback speed) offers a 
window into their self-regulatory strategies (Chen and Wu, 2015). In this 
study, we examine these behavioral traces to infer students’ regulatory 
approaches and their relationship to learning outcomes.

2.3 The evidence-based approach through 
learning analytics

Analyzing student behavior requires robust methodological tools. 
Learning Analytics (LA) provides these by transforming digital traces 
generated by students’ interactions with video platforms (clickstream 
data, viewing duration, playback speed, and interaction events) into 
aggregate indicators and models that inform teaching and course 
design (Siemens and Long, 2011; Ferguson, 2012). Raw behavioral 
data thus serve not as an end in themselves but as a starting point for 
evidence-informed teaching. This approach enables identification of 
usage patterns, behavioral profiles, critical moments of dropout or 
acceleration, and correlations with educational success. Automated 
clustering techniques (such as K-means) or manual segmentation 
allow us to differentiate student approaches, moving from an “average 
student” logic to a more fine-grained and personalized view 
(Papamitsiou and Economides, 2014).

However, LA must develop within robust ethical frameworks. As 
Drachsler and Greller (2016) note, analyzing digital traces requires 
balancing potential pedagogical improvement with protection of 
students’ rights. In this study, we adopt a deliberately restrictive 
interpretation: we anonymize log data, reduce them to a limited set of 
behavioral indicators, and use them exclusively to understand and 
improve teaching and learning (Pan et al., 2024). Rather than aiming 
at predictive risk models or individual monitoring, we focus on 
describing collective patterns and deriving design-relevant insights for 
instructors. We adhere to the following operational principles:

	-	 Transparency: we inform students about what data we collect, for 
what purposes, and how they may benefit from analysis;

	-	 Anonymization and data minimization: we store and process 
only information strictly necessary for educational purposes, in 
forms that do not allow individual identification wherever 
possible;

	-	 Educational finality: we use data exclusively to support teaching, 
learning, and student support, never for surveillance or punitive 
purposes;

	-	 Data literacy: we engage learners in understanding and reflecting 
on their own data through dashboards or feedback, helping them 
interpret behaviors and make more informed study choices.

This work positions itself within the broader movement toward 
evidence-based teaching in higher education, which advocates 
systematic use of empirical findings to inform instructional decisions 
while acknowledging data’s limits. We do not assume that behavioral 
profiles automatically correspond to “deep learning,” but rather ask 
what we can reasonably infer from observable video usage patterns 
and how these insights can refine blended course design in a cautious, 
context-sensitive way.

2.4 Personalization, inclusivity, and 
universal design for learning

The final theoretical axis extends from individual learning patterns 
to broader considerations of equity and accessibility. Universal Design 
for Learning (UDL), as outlined in the CAST (2018, 2024) guidelines, 
provides a framework for proactively designing learning environments 
that reduce barriers and support diverse learners. Rather than a fixed 
checklist of techniques, UDL conceptualizes design principles aimed 
at fostering learner agency that is purposeful, resourceful, and strategic. 
We apply UDL’s three fundamental principles directly to video 
lesson design:

	-	 Multiple means of representation: Video lessons should include 
captions, transcripts, and accessible visual supports addressing 
diverse sensory and linguistic needs. We present information in 
varied formats (text, video, images, maps), enabling learners to 
access content through their preferred modalities;

	-	 Multiple means of action and expression: We provide learners 
opportunities to demonstrate understanding in different ways 
through integrated low-stakes quizzes, reflection prompts, or 
short tasks. We organize videos into short, clearly labeled 
segments with navigation cues, enabling learners to flexibly 
control pacing and focus;

	-	 Multiple means of engagement: We design for choice in pacing 
and pathway, supporting self-regulation. Learners can flexibly 
control their viewing experience by adjusting pace, revisiting 
segments, and using interactive elements.

UDL serves in this study as a heuristic lens to interpret behavioral 
patterns and formulate design implications rather than as a fully 
operationalized intervention (Almeqdad et al., 2023). We 
acknowledge critical discussions on UDL operationalization, 
particularly the risk of arbitrary or superficial alignment with 
checkpoints. We describe in detail how these principles informed our 
design recommendations without claiming exhaustive 
implementation (AlRawi et al., 2021). Inclusivity is not merely a 
regulatory or ethical requirement but a criterion of pedagogical 
quality enabling us to reach a wider, more diverse student audience 
(Liu and Khalil, 2023). Inclusion reflects a broader vision of 
pedagogical flexibility capable of responding to the diversity of 
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cognitive styles, socio-technological conditions, and learning 
preferences (Espada-Chavarría et al., 2023). In this study, we examine 
whether video design features aligned with UDL principles, such as 
captions, segmentation, and interactive elements, correlate with more 
inclusive usage patterns across diverse student populations.

The four theoretical axes (design, self-regulation, analytics, and 
inclusivity) interconnect to form an integrated framework for 
understanding video lessons in blended learning. The theoretical 
framework outlined here highlights how the analysis of video lessons 
cannot be separated from an integrated vision of instructional design, 
learning models, strategic use of data, and principles of educational 
equity. Video lessons should therefore be understood not as neutral or 
secondary tools but as complex cognitive and communicative 
environments capable of conveying content, as well as modes of 
interaction, representations of knowledge, and engagement strategies 
(Brame, 2016). This study contributes to this reflection by offering 
empirical evidence useful for methodological innovation in the 
university setting (Figure 1).

Taken together, these contributions suggest that it is important to 
move beyond self-reported measures of satisfaction or perceived 
effectiveness, and to examine actual usage patterns captured by 
platform logs. In particular, understanding how behaviors vary across 
courses, roles, and time, and whether recurring profiles emerge, can 
provide a more grounded basis for discussing self-regulation, 
inclusivity, and the design of blended learning.

3 Research methods and tools

This study aimed to analyze the impact and modalities of use of 
video lessons in a blended master’s degree program, focusing on both 
their instructional design and the behavioral patterns of students.

In this study, didactic teaching refers to the set of planned 
instructional choices (such as content organization, pacing, use of 
examples, and visual supports) that shape how video lessons are 
designed and integrated into the course. We use the term behavior 
in a strictly operational sense to denote observable interactions 
with the video platform (e.g., minutes viewed, completion rate, 
playback speed, interaction events). These behavioral traces are 
interpreted as indicators of how students manage time and 
attention rather than as direct measures of cognitive processes.

Viewing time, completion rate, playback speed, and 
number of events are treated as consumption variables, as they 
describe how learners “consume” video content in terms of 
duration, completeness, pace, and interaction. These four 
variables were selected because they are widely recognized 
behavioral proxies for engagement, persistence, and self-regulated 
learning strategies in digital environments (Guo et al., 2014; 
Giannakos, 2015).

3.1 Context and program description

The study was conducted within the Master’s Degree in Media 
Education (LM-93) at the Catholic University of the Sacred Heart 
(Milan campus). The program integrates education and communication 
through technology, training multi-professional figures for institutional 
and organizational contexts. Teaching is delivered through a blended 
model in which 50% of activities occur in person and 50% online 
(synchronous and asynchronous). The curriculum combines didactic 
teaching (video lessons, self-learning, e-tivities) with interactive 
teaching methods (exercises, case studies, simulations, webinars). A 
large proportion of enrolled students are working professionals, 
making the flexibility of asynchronous video lessons particularly 

FIGURE 1

Key pedagogical dimensions of video lectures.
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relevant for participation and success.1 This study acknowledges its 
limited generalizability due to the single-institution context.

3.2 Research focus, research questions, 
and objectives

The study focused on two areas: the design of video lessons 
(structure, content, integration with synchronous and asynchronous 
activities) and students’ actual use of video lessons through 
quantitative analysis of platform-generated behavioral data.

The study had three main objectives:

	 1)	 To analyze the design and structure of video lessons in a 
blended university context.

	 2)	 To investigate students’ actual use of video lessons through 
quantitative data.

	3)	 To interpret usage data pedagogically to identify patterns, 
usage profiles, and implications for inclusive, data-informed 
instructional design.

Grounded in the theoretical framework on self-regulated learning, 
blended learning, Learning Analytics, and Universal Design for 
Learning, the study addressed the following research questions:

	-	 What are the prevailing behaviors of students when using video 
lessons (viewing duration, completion rate, playback speed, 
interaction events)?

	-	 What differences emerge between courses regarding viewing 
time, engagement, and performance?

	-	 How is the use of video lessons distributed over days of the week 
and time slots?

	-	 Are there significant relationships between behavioral variables 
(duration, speed, events, completion)?

	-	 Is it possible to identify recurring behavioral clusters, and how 
can these be interpreted pedagogically in relation to instructional 
design and inclusivity?

3.3 Dataset and data collection

The dataset includes 5,278 viewing sessions, each representing a 
unique interaction between a user and a video lesson across 14 courses 

1  During the three-hour in-person lesson, the course is not limited to a 

lecture and content delivery but also includes opportunities for inter se 

discussion among students and/or review of online work. The approach 

adopted balances content presentation with practice and discussion, facilitating 

learning based on exploration and overcoming mistakes, and promoting 

problem-solving skills. The classroom lesson aims to provide concrete examples 

linked to real problems in future professional life.

Video lessons can be viewed at a time most convenient to the student, while 

synchronous activities, such as webinars, are scheduled at times compatible 

with students’ work schedules in the late afternoon.

Assessment, based on skills, uses a widespread system (Boud and Falchikov, 

2007), with ongoing assessment consisting of individual and group activities, 

accounting for 40% of the final mark, and a final oral interview, for 60%.

over two academic years. Sessions were associated with anonymized 
user identifiers and course codes. Viewing data were automatically 
collected via the Panopto platform, which tracks granular behavioral 
traces such as: start and end time of viewing, total minutes viewed, 
percentage of content completed, average playback speed, interaction 
events (pauses, rewinds, skips). Data were exported in CSV format 
and cross-checked with course records to ensure consistency in video 
counts and student enrollment.

To assess the reliability of the log data, a structured verification 
procedure was implemented. A randomly selected subset of 120 
viewing sessions was manually inspected, comparing system-logged 
events (pauses, rewinds, skips, minutes viewed) with expected values 
from the video timeline. The match rate exceeded 95%, indicating 
high internal consistency of the behavioral traces. Although Panopto2 
logs cannot capture the entire learning context (e.g., multitasking, 
distractions, simultaneous use of other materials), they remain a 
widely adopted and valid proxy for observable engagement in 
Learning Analytics research.

3.4 Data cleaning and analytical strategy

A systematic data cleaning procedure was applied:

	-	 removal of duplicate entries
	-	 exclusion of sessions shorter than 10 s, considered accidental or 

erratic access
	-	 removal of technical outliers (e.g., unrealistically long sessions)

Missing data were rare (<2%). Management procedures 
included listwise exclusion when missingness affected non-critical 
variable and mean imputation when only one variable was missing 
in otherwise complete records. Sensitivity checks confirmed that 
these decisions did not substantially alter variable distributions 
(Figure 2).

The methodological approach followed the iterative cycle of 
Learning Analytics (Siemens and Long, 2011; Rajenthiram, 2025):

The analysis proceeded in sequential steps:

	 1)	 Descriptive statistics: calculation of means, standard deviations, 
and distributions for all variables, accompanied by graphical 
visualizations.

	 2)	 Correlations: Pearson bivariate correlations were computed to 
explore relationships between viewing time, completion rate, 
playback speed, and interaction events, following 
recommendations in empirical Learning Analytics research 
(Ferguson, 2012; Papamitsiou and Economides, 2014).

	 3)	 Manual rule-based segmentation (exploratory): an exploratory 
behavioral categorization was conducted based on empirically 
derived thresholds informed by previous research on video 
engagement (Guo et al., 2014; Brinton et al., 2016). As 
recommended in cluster-analysis literature (Everitt et al., 2011; 
Hennig et al., 2015), these rule-based categories were used as 
heuristic, non-fixed types, serving only as preliminary 
descriptors later validated through K-means.

2  In Internet: URL https://www.panopto.com/it/.
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	 4)	 K-means clustering: four standardized variables (viewing time, 
completion, speed, interaction events) were used to identify 
recurring behavioral profiles through K-means clustering. The 
selection of k = 4 was based on: elbow inspection of inertia 
reduction, average silhouette score (0.52), consistency with 
exploratory segmentation, pedagogical interpretability of 
clusters. This value indicates moderate but acceptable 
separation, typical for behavioral data with partially overlapping 
patterns.

	 5)	 Inferential analyses: to verify whether observed differences 
were statistically significant, the following tests were applied: 
one-way ANOVA for differences across courses, Welch’s t-tests 
for differences between students and teachers, Chi-square tests 
for the association between behavioral clusters and user role, 
Effect sizes (η2, Cohen’s d) to assess practical significance.

4 Results

The following analyses were systematically conducted to answer 
the research questions, aiming to investigate the use, intensity, quality, 
and modes of use of video lessons in a blended university context. 
Descriptive differences across courses are reported here, while their 
pedagogical interpretation is addressed in the Discussion section. The 
analyses were structured on several levels.

4.1 Descriptive results

This first phase provided an overall picture of usage trends:

	•	 The average viewing time per session was 15.06 min. However, 
the analysis showed marked variability between users and 
between courses: some sessions were viewed for only a few 
seconds (minimum recorded: 0 min), while others exceeded 
60 min (maximum recorded: over 90 min). This heterogeneity 

reflects quite different individual behaviors and, from an 
educational standpoint, suggests that some courses are more 
engaging for students, while others fail to retain their attention 
over time. Further, the standard deviation of viewing time is 
26.6 min, indicating a wide dispersion around the average 
(Figure 3).

	•	 The average completion rate stands at 76.13%, suggesting that, 
although on average students tend to complete a significant 
proportion of the video lessons (76.13%), in many cases they do 
not watch the entire content. The standard deviation for the 
completion rate is approximately 37.15%, with a minimum 
value of 0% and a maximum of 100%. This indicates that 
alongside highly engaged students, some view content only 
partially or in a fragmented manner, which could reflect 
difficulties in concentrating, disinterest in the specific content, 
or lack of time.

	•	 The average playback speed is 1.12x, with significant use of the 
speed-up function. This behavior, recorded systematically in 
the dataset, indicates that many students speed up the playback 
of video lessons (average speed = 1.12x, with peaks above 1.5x). 
This suggests intentional time optimization strategies, typical 
of efficient but potentially more superficial use. This choice 
may depend on familiarity with the content, the desire to 
quickly review familiar sections, or the need to catch up on 
material in a brief time, for example, before exams or tests 
(Figure 4).

	•	 The average number of events (interactions with the video) is 
14.35, indicating active and non-linear behavior. Particularly, the 
high average number of events (14.35 per session) and a standard 
deviation of 26.9 reveal that many students do not watch the 
video passively, but actively manipulate it: they pause, resume, 
rewind, or fast forward. Such use highlights more engaging 
cognitive modes, potentially associated with self-regulated, 
selective, or deep understanding-oriented learning strategies. 
Some users generated over 100 events in a single session, 
indicating particularly dynamic interaction with the content 
(Table 1; Figure 5).

Pearson correlations between behavioral variables were generally 
small to moderate but statistically significant due to the large sample 
size. Viewing time correlated positively with completion (r = 0.21, 
p < 0.001), playback speed (r = 0.26, p < 0.001), and number of 
interaction events (r = 0.30, p < 0.001). Completion showed small 
positive correlations with speed (r = 0.12, p < 0.001) and events 
(r = 0.14, p < 0.001), while speed and events were only weakly 
related (r = 0.05, p < 0.001). These patterns suggest that longer 
sessions tend to be completer and more interactive, but high 
interaction or high speed do not automatically imply deep 
engagement (Table 2).

4.2 Comparison between courses

The following is a comparative table with the main average 
indicators recorded in the five courses with the highest and lowest 
viewing times:

The average performance for each course was analyzed in terms 
of average viewing time, percentage completed, playback speed, and 

FIGURE 2

Process model illustrating the iterative phases of development and 
implementation.
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FIGURE 3

Average viewing time of video lectures by course.

FIGURE 4

Mean and standard deviation of key viewing metrics.

TABLE 1  Pearson correlations among usage variables.

Variable Viewing time Completion Playback speed Interaction events

Viewing time – 0.21*** 0.26*** 0.30***

Completion – – 0.12*** 0.14***

Playback speed – – – 0.05***

Interaction events – – – –

***p < 0.001.
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number of events. The results highlighted differences between the 
various courses: for example, the course “Forms and Genres of 
Cinema” recorded an average viewing time of over 42 min with an 
average completion rate of close to 80%, values significantly higher 
than the overall average. In contrast, courses such as “Theology—
Seminar Course” show an average viewing time of less than 3 min 
and a completion rate of 10%. Table 3 reports the ANOVA results for 
course-level differences.

A one-way ANOVA revealed significant differences in average 
viewing time between courses, F(42, 5,235) = 16.72, p < 0.001, 
η2 = 0.12, and in completion rate, F(42, 5,235) = 21.64, p < 0.001, 
η2 = 0.15. These medium-sized effects indicate that engagement with 
video lessons varied substantially across the curriculum, with some 
courses showing consistently higher viewing time and completion 
than others (Table 4).

4.3 Temporal distribution of viewing 
sessions

The distribution of sessions was examined based on the day of the 
week and time slot to understand when students tend to view video 
lessons the most. The analysis showed that

	•	 Use is mainly concentrated on weekdays, with a 77 marked peak 
on Fridays (over 950 sessions in total), while there is a sharp drop 
during the weekend (less than 200 sessions in total on Saturdays 
and Sundays).

	•	 The busiest hours are between 9:00 a.m. and 6:00 p.m., with a 
noticeable increase in the afternoon, particularly between 
2:00 p.m. and 5:00 p.m., which alone accounts for over 35% of 
total sessions (Figure 6).

FIGURE 5

Average completion percentage of video lectures by course.

TABLE 2  Average viewing metrics by course.

Course Average time (min) % completed Average speed Average number of 
events

Forms and genres of cinema 42 79. 1.05 2

Educational research methodology 36.4 81.2 1.10x 18.

Media education 33.9 78.5 1.13x 20.1

Developmental psychology 31.2 74.1 1.08x 17.3

General pedagogy 30.7 75.4 1.14x 15.6

Theology—seminar course 2.9 10.1 1.23x 3.

Aesthetics and visual languages 4.3 25.6 1.20x 6.1

Sociology of education 5.2 30.9 1.19x 8.7

Children’s literature 6.4 39.5 1.18x 10.2

Epistemology of education 7.6 45.0 1.15x 11.5
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4.4 Behavioral segmentation (manual)

To identify recurring behaviors in the use of video lessons, behavioral 
segmentation was performed based on thresholds defined empirically 
from the dataset. The process consisted of an initial exploration analysis 
of the distributions of key variables (time spent, percentage completed, 
viewing speed, number of events) and the definition of interpretative 
thresholds consistent with the literature on video usage models. This 
manual segmentation is exploratory and does not aim at producing 
statistically validated categories. The thresholds were derived from 
distributional inspection rather than from theoretical or psychometric 
criteria, and therefore serve only as a preliminary descriptive device. As 
recommended in cluster-analysis methodological literature (Everitt et al., 
2011; Hennig et al., 2015), the interpretations derived from manual 
thresholds should be treated with caution and used only as complements 
to the validated K-means analysis reported in Section 4.7.

Five distinct categories were identified:

	•	 “In-depth”: includes sessions with time spent >20 min and 
percentage completed >90%. These represent highly engaged 
users who consume video lessons in their entirety or almost so, 
with a linear and continuous approach. These sessions account 
for approximately 15% of the total.

	•	 “Partial”: time spent between 5 and 20 min, with percentage 
completed between 40 and 80%. This indicates average 
interaction, often selective or discontinuous, potentially 
associated with review or verification strategies for specific 
sections. This is the largest category, accounting for approximately 
35% of sessions.

	•	 “Discontinuous”: time spent less than 5 min and percentage 
completed <30%. This reflects very short sessions, probably 
exploring or interrupted, sometimes random or indicative of 
disinterest. It covers about 25% of the sample.

	•	 “Fast”: includes sessions with an average speed >1.5x, regardless 
of total time. Indicates strategic acceleration behavior, even on 
complete content. This category accounts for approximately 10% 
of sessions.

	•	 “Other”: includes cases that cannot be classified according to the 
previous thresholds or with missing data. It represents 
approximately 15% of the dataset.

Although simplified, this classification has enabled us to build 
an initial map of usage profiles, which is useful for subsequent 
cross-analysis with courses, roles, schedules, and performance 
(Figure 7).

4.5 Analysis by role

The analysis distinguished between students and teachers by 
identifying the domain of the email address (e.g., students@ vs. 

firstname.lastname@). This enabled the exploration of whether and 
how the user’s role influences their behavior when using video 
lessons.

The following is a comparative table between students and 
teachers based on video lesson usage indicators:

Independent-samples t-tests with Welch correction showed 
systematic differences between students and teachers. Students 
spent significantly more time watching video lessons 
(M = 15.85 min, SD = 26.99) than teachers (M = 4.14, SD = 14.85), 
t(559) = 13.46, p < 0.001, Cohen’s d = 0.44. Students also completed 
a higher proportion of each video (M = 80.17%, SD = 34.38) than 
teachers (M = 25.38%, SD = 33.35), t(421) = 30.13, p < 0.001, 
d = 1.60. Average playback speed was slightly higher for students 
(M = 1.12, SD = 0.29) than for teachers (M = 1.02, SD = 0.22), 
t(464) = 8.26, p < 0.001, d = 0.35, and students generated more 
interaction events per session (M = 15.16, SD = 30.17) than 
teachers (M = 3.98, SD = 7.55), t(1,568) = 19.10, p < 0.001, 
d = 0.38.

4.6 Correlations between variables

The correlation matrix among the four behavioral variables 
showed small to moderate but statistically significant associations (all 
p < 0.001). Correlations were computed using Pearson’s r after 
verifying linearity assumptions based on scatterplots. Viewing time 
was positively correlated with completion (r = 0.21), playback speed 
(r = 0.26), and interaction events (r = 0.30), indicating that longer 
sessions tended to be more complete, slightly faster, and more 
interactive. Completion showed small positive correlations with 
speed (r = 0.12) and events (r = 0.14), suggesting that users who 
completed a larger portion of the video were also somewhat more 
likely to interact with it or accelerate playback. Playback speed and 
interaction events were only weakly related (r = 0.05). Overall, these 
correlations indicate that usage behaviors are not random but reflect 
consistent patterns: longer viewing tends to co-occur with higher 
completion and more interaction, whereas the use of increased 
playback speed appears to function mainly as a time-management 
strategy rather than a marker of reduced engagement (Figure 8).

4.7 Behavioral clustering (K-means)

To identify recurring behavioral patterns in an unsupervised 
manner, we performed a K-means clustering analysis following 
established methodological guidelines for exploratory cluster analysis 
(Ketchen and Shook, 1996; Hennig et al., 2015).

The process was developed in several stages:

	 1)	 Variable selection: Four key quantitative variables were selected: 
viewing time (in minutes), percentage of content completed, 
average playback speed, and number of interactive events.

	 2)	 Cleaning and normalization: The data was filtered to remove 
outliers and completed in case of missing data. Subsequently, 
the variables were standardized with StandardScaler to ensure 
proper comparability.

	 3)	 Application of K-means: K-means was run with multiple 
random initializations (n_init = 10) and a fixed random_state 

TABLE 3  One-way ANOVA for course differences (course ID).

Variable F(42, 5,235) P η2

Viewing time 16.72 <0.001 0.12

Completion 21.64 <0.001 0.15
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TABLE 4  Average viewing metrics by user role.

Variable Students M (SD) Teachers M 
(SD)

Welch t df p Cohen’s d

Viewing time (min) 15.85 (26.99) 4.14 (14.85) 13.46 559 <0.001 0.44

Completion (%) 80.17 (34.38) 25.38 (33.35) 30.13 421 <0.001 1.60

Playback speed 1.12 (0.29) 1.02 (0.22) 8.26 464 <0.001 0.35

Interaction events 15.16 (30.17) 3.98 (7.55) 19.10 1,568 <0.001 0.38

FIGURE 6

Distribution of viewing sessions by day of the week (left) and time slot (right).

FIGURE 7

Distribution of behavioral categories of video lecture viewing sessions (manual segmentation).
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for reproducibility. The choice of k = 4 was based on a 
combined evaluation of inertia (elbow criterion), the silhouette 
coefficient, and the pedagogical interpretability of the resulting 
groupings, as recommended for exploratory clustering (Hennig 
et al., 2015).

	 4)	 Cluster profiling: Each cluster was described by calculating the 
averages of the selected variables.

The resulting profiles are as follows:

	 1)	 Cluster 0—In-depth: sessions with high viewing time (>25 min), 
high completion rate (>85%), and numerous events. This group 
represents about 18% of total sessions and denotes in-depth 
and reflective interaction with the content.

	 2)	 Cluster 1—Fast: Characterized by an average speed >1.4x, 
moderate viewing time, and high completion rate, it represents 
about 22% of the sample and reflects efficient acceleration 
strategies.

	 3)	 Cluster 2—Discontinuous: includes short sessions (<5 min), low 
completion rate, and few events. It is the smallest cluster (about 
15%) but significant for understanding early dropout or 
disinterest.

	 4)	 Cluster 3—Partial: represents the intermediate category, with 
average values across all variables. It accounts for approximately 
45% of the total and reflects selective behavior, neither 
completely passive nor particularly in-depth (Table 5).

To validate the behavioral profiles obtained through K-means 
clustering, we compared clusters on the four usage variables. 

ANOVAs revealed significant differences between clusters for 
viewing time, F(4, 5,273) = 1,041.25, p < 0.001, η2 = 0.44, 
completion, F(4, 5,273) = 628.04, p < 0.001, η2 = 0.32, playback 
speed, F(4, 5,273) = 279.87, p < 0.001, η2 = 0.18, and number of 
interaction events, F(4, 5,273) = 191.60, p < 0.001, η2 = 0.13. As 
expected, the in-depth profile showed the highest viewing time and 
completion, with more frequent interactions, whereas the 
discontinuous profile was characterized by very short viewing time 
and low interaction.

These clusters were then semantically labeled based on their 
quantitative characteristics and visualized using comparative graphs. 
Clustering helped to reinforce and validate manual segmentation, 
providing a more objective reading of the behaviors observed to 
identify latent usage patterns.

Analyses were performed to answer the research questions 
(Figure 9).

To assess the quality of the solution, internal validation metrics 
were examined. Inertia showed a marked decrease up to k = 4, and the 
average silhouette score was 0.52, indicating moderate but acceptable 
separation between clusters. This level of cohesion is typical for 

FIGURE 8

Correlation matrix of viewing behavior metrics.

TABLE 5  ANOVA results for cluster validation (TIPO_UTENTE).

Variable F(4, 5,273) P η²

Viewing time 1041.25 <0.001 0.44

Completion 628.04 <0.001 0.32

Playback speed 279.87 <0.001 0.18

Interaction events 191.60 <0.001 0.13
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behavioral usage data, where partially overlapping patterns are 
expected rather than sharply distinct types. The four-cluster solution 
was therefore retained on the basis of statistical adequacy, stability 
across initializations, and pedagogical interpretability (Figure 10).

We examined whether behavioral profiles were distributed 
differently across students and teachers. As shown in table, a 
chi-square test indicated a significant association between cluster 
membership and user role, χ2(4) = 328.94, p < 0.001 (Table 6).

A chi-square test indicated a significant association between 
behavioral profiles and user role, χ2(4) = 328.94, p  < 0.001. 
Discontinuous usage was relatively more frequent among teachers 
than among students, whereas in-depth and partial profiles were 

predominantly associated with student accounts. This pattern suggests 
that teachers tend to access videos in a more fragmented and 
instrumental way, while students are more likely to engage in sustained 
viewing.

5 Discussion

The findings of this study confirm the strong heterogeneity of 
students’ video usage behaviors in blended higher education, while 
also revealing important tensions that require a critical interpretation 
of Learning Analytics results. Although clustering helped identify 

FIGURE 9

Distribution of viewing behavior clusters (K-means segmentation).

FIGURE 10

Categories of video lecture viewing behavior.
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recurring behavioral configurations, such profiles should not be 
interpreted as fixed “types” of learners: the moderate silhouette score 
(0.52) indicates that boundaries between patterns are partially 
overlapping, as is typical in naturalistic educational data. This implies 
that clusters represent context-dependent tendencies rather than 
stable psychological traits, reinforcing the need for caution when 
interpreting behavioral traces and highlighting the risk of reifying 
fluid behaviors into rigid categories. At the same time, the results 
speak to broader debates on the interpretation of learning traces. 
Consistent with critiques of “behaviorist reductionism” in Learning 
Analytics (Kitto et al., 2017; Slade and Prinsloo, 2013), behavioral logs, 
such as viewing time, interaction events, or playback speed, do not 
capture the richness of cognitive, emotional, and motivational 
processes. In alignment with Zimmerman’s (2002) model of self-
regulated learning, students’ behavioral patterns must be understood 
as partial manifestations of deeper regulatory strategies involving 
planning, monitoring, and reflection, dimensions that log traces alone 
cannot fully reveal. High interaction or long viewing time, therefore, 
cannot be taken as direct indicators of deep learning; interpretations 
remain necessarily tentative and require triangulation with qualitative 
evidence, self-reports, or performance data. These limitations also 
underline the risk of overinterpreting behavioral traces. Cluster 
membership cannot be used to infer learning quality, mastery, or 
academic potential, as log-derived profiles represent surface-level 
patterns rather than stable learner traits. Behavioral categories must 
therefore be understood as heuristic and context-dependent, not as 
diagnostic classifications. Behavioral traces should therefore be 
interpreted descriptively rather than normatively: neither longer 
viewing nor greater interaction can be assumed to reflect higher-
quality learning without contextual evidence.

A first limitation concerns the nature of the data available. 
Panopto logs provide granular behavioral traces but cannot capture 
multitasking, concurrent resource use, emotional engagement, or the 
cognitive strategies underlying observable actions. The platform’s 
monitoring is also subject to technical bias (e.g., buffering artifacts, 
device differences, accidental clicks), reminding us that log data are 
situated, partial, and fallible. Furthermore, platform-generated metrics 
reflect design assumptions embedded in the technology itself (e.g., 
how events are defined, how completion is calculated), introducing 
platform bias into the analytical process. This calls for LA literacy 
among instructors, who must be trained to interpret data critically 
rather than automatically equating metrics with learning processes.

Despite these limitations, the analysis reveals meaningful 
variability in video lesson usage. Students adopt diverse strategies that 
reflect different needs, time constraints, metacognitive skills, and self-
regulation approaches. The differentiation of behaviors—from 
“in-depth” to “fast,” “partial,” and “discontinuous”—suggests that 

flexibility in blended courses enables students to personalize their 
engagement, but may also exacerbate fragmentation for those with 
limited motivation, weak self-regulatory skills, or high external 
constraints. In line with Garrison and Vaughan’s (2008) 
conceptualization of blended learning as an integration of autonomy 
and structure, these findings suggest that asynchronous video affords 
agency but also creates vulnerabilities when structure is insufficient.

Differences between courses further highlight the central role of 
instructional design, reinforcing the view of assessment as an integral 
component of learning design rather than a separate evaluative 
moment (Low, 2025). Courses with segmented content, clear narrative 
structure, visual signaling, and coherent pacing elicited deeper and 
more sustained viewing, consistent with multimedia learning 
principles (Mayer, 2009) and evidence from microlearning research 
(Brame, 2016). Conversely, theoretical or transmissive lessons 
prompted accelerated or selective consumption, suggesting a 
mismatch between content design and learners’ regulatory strategies.

Pedagogical, didactic, and logistical factors jointly shape usage 
patterns. Experiential or workshop-based courses, which provide 
stronger contextual anchors, appear to foster more complete viewing. 
Meanwhile, course timing, video duration, and assessment type 
influence how students allocate time, reinforcing that instructional 
design decisions are directly reflected in behavioral traces. The 
temporal distribution of sessions aligns with students’ autonomous 
study routines, primarily on weekday afternoons, reflecting the 
affordances of blended learning for self-paced organization, especially 
for working students.

Role-related differences confirm that video lessons are primarily 
a student-centered resource. Students watch longer, complete more 
content, and generate more interaction events, whereas teachers show 
short, low-interaction sessions. This justifies the analytic separation of 
roles and underscores the importance of avoiding aggregated metrics 
that combine heterogeneous users. “In-depth” users demonstrate the 
potential of asynchronous content when it is well-structured and 
aligned with learners’ needs. Conversely, “fast” users, who maintain 
high completion despite accelerated playback, illustrate strategic time 
management, which may reflect efficient self-regulation or, 
alternatively, surface processing or cognitive avoidance (Sweller, 1988; 
Tempelaar et al., 2015). “Partial” and “discontinuous” behaviors 
highlight challenges related to attention, cognitive load, motivation, 
or design misalignment. Early dropouts resemble known patterns of 
disengagement in online learning (Kizilcec et al., 2014) and reveal 
structural vulnerabilities in video design that may disproportionately 
affect learners with higher cognitive load or lower digital competence.

Clustering formalized these behaviors into interpretable profiles, 
offering a structured lens for designing targeted pedagogical 
interventions. Yet the moderate cluster separability requires that these 
profiles be treated as heuristic categories rather than diagnostic 
classifications. Their educational value lies not in labeling learners but 
in informing design decisions, such as embedding checkpoints, 
scaffolds, reflective prompts, or multimodal cues to support diverse 
regulatory strategies, in line with formative feedback principles 
emphasizing the importance of timely, task-focused, and 
non-evaluative feedback (Shute, 2008). Beyond offering a descriptive 
map of student behaviors, each cluster suggests specific instructional 
implications. In-depth viewers benefit from structured opportunities 
for reflection, such as guided prompts, brief summaries, or 
metacognitive checkpoints that help consolidate learning. Fast users 

TABLE 6  Distribution of behavioral profiles by user role (students vs. 
teachers).

Cluster Students Teachers

Other 584 45

In-depth 944 4

Discontinuous 1,590 282

Partial 1,697 31

Fast 70 1
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may require strategically placed checkpoints, conceptual anchors, or 
embedded quizzes to meaningfully slow down processing without 
compromising autonomy. Partial users appear to respond better to 
short, modular video units, enabling selective access while maintaining 
coherence. Discontinuous users may need clearer upfront orientation, 
explicit learning goals, brief introductions, and navigational cues, to 
reduce early dropout and support sustained engagement. These 
differentiated implications highlight the value of tailoring video design 
to diverse regulatory strategies. Building on these differentiated 
strategies, Table 7 summarizes cluster-specific instructional 
implications to support targeted redesign of asynchronous video 
lessons.

From a didactic perspective, these findings emphasize that video 
lessons should not be treated merely as repositories of content but as 
components of a broader learning ecosystem that supports active 
processing, self-regulation, and inclusive access. Integrating reflection 
prompts, quizzes, feedback mechanisms (Banihashem et al., 2022), or 
game-informed features can enhance engagement across profiles 
(Shute, 2011). The diversity of behaviors underscores the need for 
personalization and flexibility, consistent with Universal Design for 
Learning (CAST, 2018). Students with varied cognitive, linguistic, and 
technological needs benefit from modular content, multiple 
representations, optional paths, and navigational freedom. The 
discontinuous profile, characterized by early dropout and fragmented 
access, may disproportionately affect learners facing accessibility 
barriers, precisely the population UDL aims to support. This suggests 
that UDL-aligned design features (e.g., clear navigation, explicit 
learning goals, multimodal cues) could mitigate early disengagement.

A promising direction concerns the integration of the student 
voice. Evidence from student–staff partnership research (Cook-
Sather, 2009; Bovill et al., 2011; Jääskelä et al., 2017) suggests that 
involving learners in the co-design and iterative improvement of 
video lessons enhances relevance, motivation, and teaching presence, 
particularly in asynchronous contexts where disengagement risks 
are higher.

A broader interpretation of these behavioral patterns requires 
anchoring the findings in the main theoretical frameworks requested by 
the reviewers. First, the differentiated strategies observed, such as 
selective viewing, acceleration, revisiting specific segments, or prolonged 
sessions, can be read through the lens of self-regulated learning. 
According to Zimmerman’s (2002) cyclical model, learners continuously 
shift between forethought, performance, and self-reflection phases, 
adjusting their strategies based on goals, perceived task difficulty, and 
available time. The wide variability in consumption behaviors reflects 
these micro-regulatory decisions: acceleration may serve as a 

time-management strategy, pauses and rewinds may indicate monitoring 
and control, and discontinuous viewing may reflect breakdowns in 
regulation or contextual constraints. Importantly, log data capture only 
the visible dimension of regulation, not the metacognitive or motivational 
processes that underpin it, reinforcing the need for interpretative caution. 
Second, the findings align with key principles of blended learning. 
Garrison and Vaughan (2008) emphasize that effective blended 
environments hinge on purposeful integration of synchronous and 
asynchronous components to support cognitive presence, teaching 
presence, and social presence. The differentiated usage patterns observed 
here demonstrate how asynchronous video lessons function as flexible 
learning resources embedded within students’ personal study ecologies, 
particularly in a population of working learners. However, the same 
flexibility can also amplify fragmentation when videos are not adequately 
structured or when students lack the regulatory resources to manage 
self-paced learning. This speaks to the importance of designing blended 
environments that balance autonomy with scaffolding, providing clear 
pathways and structured moments of interaction. Third, these results 
underscore the need for Learning Analytics literacy, both at the 
institutional and instructional levels. The interpretation of log traces 
involves epistemic risks: behavioral data are partial, selective, and 
potentially biased representations of learning processes. Without 
adequate interpretive competencies, instructors may overestimate 
engagement based on superficial metrics (e.g., completion or interaction 
counts) or, conversely, misinterpret efficient strategic behaviors as 
disengagement, which should be interpreted as pedagogical signals 
supporting professional judgment rather than deterministic indicators 
of learning quality or student ability (Youngs et al., 2025). Developing 
Learning Analytics literacy means equipping educators to read, 
contextualize, and question analytics outputs; to distinguish actionable 
patterns from noise; and to integrate quantitative traces with pedagogical 
judgment. This aligns with recent ethical frameworks that emphasize 
transparency, proportionality, and dialogic interpretation of student data 
(Slade and Prinsloo, 2013; Kitto et al., 2017). Finally, the use of behavioral 
data in instructional decision-making raises critical ethical 
considerations. Logs may contain inherent biases (e.g., penalizing 
students with unstable internet, limited devices, or high workload), 
thereby risking unwarranted inferences about competence or 
engagement. Ethical learning analytics require institutions to articulate 
transparent communication policies, ensure students understand what 
data are collected and why, and provide opportunities to contest or 
reinterpret analytics representations. In this sense, Learning Analytics 
should not be used as instruments of surveillance or control, but as 
shared tools to foster dialogue, self-awareness, and agency in blended 
learning environments.

TABLE 7  Summary of behavioral clusters and instructional implications.

Cluster Behavioral signature Learning risks Instructional implications

In-depth Long viewing time, high completion, many 

interactions

Cognitive overload; lengthy sessions; loss 

of focus

Add reflective prompts, periodic summaries, 

metacognitive cues

Fast High playback speed, high completion Surface processing; skipping key concepts Insert checkpoints, embedded quizzes, essential “slow-

down” cues

Partial Moderate duration, selective content access Fragmented knowledge; skipping crucial 

sections

Microvideos, modular structure, clear “core vs. optional” 

labeling

Discontinuous Short sessions, low completion, fragmented 

access

Early dropout; confusion; low orientation Clear learning goals, introductory navigation, 

motivational hooks
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Nevertheless, the study presents several limitations. 
Generalizability is constrained by the single-institution, single-
program context. Data sources are limited to behavioral logs and do 
not incorporate learning outcomes, assessments, or qualitative 
perspectives. Cluster validity was assessed internally but not 
externally, and relationships between behavioral profiles and 
academic performance remain unexplored. Future research should 
adopt mixed-methods designs integrating log data with interviews, 
surveys, think-aloud protocols, and performance indicators to 
deepen interpretability and pedagogical relevance. Moreover, 
platform-generated logs may contain inherent biases related to 
device type, connectivity stability, playback buffering, or uneven 
digital competencies, all of which can introduce distortions in 
interpreting behavioral patterns. These factors need to be 
acknowledged when using log data for pedagogical decision-
making. Although the present study did not include academic 
performance, retention, or satisfaction data, future work should 
examine whether the identified behavioral profiles map meaningful 
learning outcomes. Establishing these connections is essential to 
avoid overinterpreting behavioral traces and to assess the real 
educational significance of such patterns.

Ethically, Learning Analytics raises issues of privacy, consent, 
interpretability, and potential surveillance. While the data were 
anonymized and used exclusively for formative purposes, 
institutions should adopt transparent policies and engage students 
in discussions about how their data are collected, processed, and 
used. Providing students with accessible dashboards that show 
how data inform teaching improvements can foster trust, agency, 
and participatory data cultures. Such transparency is essential to 
mitigate the risks of opacity and misinterpretation and to promote 
responsible, educationally meaningful uses of analytics. A 
proactive approach to transparency also requires informing 
students not only about what data are collected, but how 
behavioral indicators are interpreted and with what limitations 
(Norušis, 2011). Students should have the possibility to question, 
reinterpret, or contextualize their own data, reinforcing a 
participatory and accountable approach to analytics. In parallel, 
instructors require a solid level of Learning Analytics literacy to 
correctly interpret behavioral metrics and avoid simplistic or 
normative readings of the data. Developing educators’ critical data 
competences is essential to ensure that analytics are used 
supportively and not prescriptively.

5.1 Educational and teaching implications

The results of this research provide a solid basis for advanced 
pedagogical reflection on video lessons in blended university contexts. 
Behavioral segmentation and data clustering suggest the importance 
of adopting a differentiated perspective in the design and integration 
of video lessons into training courses.

	 1)	 Differentiated design for user profiles: The diversification of the 
behaviors observed (in-depth, partial, fast, discontinuous) 
highlights the need for instructional design that respects the 
plurality of learning styles. According to the Instructional 
Design for Diverse Learners model (Rose and Dalton, 2009), 
video lessons should offer multi-level paths, with flexible 

navigation, optional content, and metacognitive supports, such 
as concept maps or dynamic indexes.

	 2)	 Active engagement and deep learning: Students who interact 
more with videos (more events, longer duration) show 
behaviors associated with engaged learning. To support this 
engagement, it is useful to integrate interactive elements that 
stimulate active information processing: guiding questions, 
reflection activities, and narratives structured according to 
the Managed Cognitive Load Model (Mayer and 
Moreno, 2003).

	 3)	 Monitoring and personalized feedback: Learning Analytics 
allow video lessons to be transformed into tools for continuous 
formative feedback. As Dai et al. (2023) point out, effective 
feedback is specific, timely, and constructive. Personalized 
dashboards for students and teachers can help develop forms 
of self-regulation and digital tutoring, in line with the 
assessment as learning model (Earl, 2003).

	 4)	 Balance between flexibility and structure: Data show that 
students appreciate the ability to access content independently 
(speed, selectivity); however, the absence of structure can also 
lead to early dropout or discontinuous use. In this sense, it is 
useful to combine the freedom of asynchrony with moments of 
synchronous anchoring, such as Q&A sessions or guided 
discussions, consistent with the concept of blended 
connectedness (Smith and Evans, 2024).

	 5)	 Personalization and inclusivity: The integration of adaptive 
tools and modular courses reflects the principles of Universal 
Design for Learning (Pardo et al., 2019), which promotes 
accessibility and educational equity. Digital environments must 
respond to diverse cognitive, linguistic, emotional, and 
technological needs, offering multiple resources, differentiated 
support, and diverse opportunities for expression.

A further development concerns the direct involvement of 
students in the design and review of video lessons. Integrating the 
student voice, i.e., systematically collecting qualitative feedback 
and suggestions for improvement from users, enables the creation 
of more relevant, responsive, and motivating learning paths 
(Cook-Sather, 2009; Bovill et al., 2011). This logic of co-designing 
teaching not only promotes better alignment between content and 
expectations but also greater awareness of metacognitive and 
regulatory processes, stimulating engagement and a sense of 
agency in asynchronous environments (Jääskelä et al., 2017; Seale, 
2016). The active involvement of students as partners in 
educational design is particularly strategic in digital contexts, 
where the risk of cognitive disconnection or alienation can be 
mitigated by listening, adaptation, and shared revision of 
materials.

6 Conclusion and prospects

This study examined how students in a blended Master’s program 
engage with asynchronous video lessons and showed that video usage 
is far more diverse and complex than often assumed in higher 
education. By analyzing 5,278 viewing sessions across 14 courses, we 
identified four recurring behavioral configurations that reflect 
different ways of managing time, attention, and interaction with 
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content. These findings challenge the idea of video lessons as neutral 
add-ons and instead position them as central components of blended 
learning design.

The study contributes to the field in three main ways. First, it 
provides empirical evidence on actual, fine-grained usage 
behaviors, addressing a persistent gap in the literature dominated 
by self-reported perceptions rather than behavioral traces. Second, 
it demonstrates how Learning Analytics can support pedagogical 
reflection when used cautiously and in combination with 
instructional design principles. Third, it highlights the importance 
of distinguishing user roles and contextual factors when 
interpreting platform data, an aspect often overlooked in 
institutional dashboards.

Practically, the results suggest that video lessons should be 
conceived as part of a broader learning ecosystem that values 
flexibility, navigability, and alignment with other course components. 
While the identified profiles cannot be interpreted as stable learner 
“types,” they offer instructors useful indications for designing more 
accessible, segmented, and purposeful video resources and for 
integrating them with synchronous moments or formative checkpoints 
(Moriña et al., 2025). The study also underlines the importance of 
developing educators’ data literacy so that behavioral analytics can be 
interpreted appropriately and used to support (not classify) students. 
Overall, the heterogeneity of usage patterns confirms that 
asynchronous video lessons activate diverse self-regulatory strategies, 
consistent with Zimmerman’s (2002) model of self-regulated learning. 
These strategies, however, require intentional design support rather 
than being assumed as given.

This research has limitations related to its single-institution 
scope and reliance on log data. These constraints restrict 
generalizability and prevent conclusions about underlying 
cognitive processes or academic outcomes. Nevertheless, the 
findings offer a foundation for future work that integrates 
behavioral traces with qualitative methods, multimodal data, and 
cross-institutional comparisons. Advancing this line of inquiry will 
be essential for developing more ethical, transparent, and 
pedagogically grounded uses of Learning Analytics in blended 
higher education.

Future institutional efforts should not only integrate multimodal 
data sources but also develop faculty development programs focused 
on Learning Analytics literacy, ensuring that behavioral data are 
interpreted cautiously, transparently, and in ways that support (rather 
than classify) students.
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