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SUMMARY

Online video has become an increasingly important learning resource in educa-
tion, used in online, blended, and conventional settings. When using video-based
learning, teachers lose visual cues they have in traditional face-to-face situations
that are useful to assess aspects such student engagement and understanding and
improve the teaching and learning process as a result. While those cues are lost
with video, digital traces left by events such as pauses, skips, and replays provide

an opportunity to analyse student interactions with the content.

The advent of HTMLS5 video enables interactive elements, such as automatic
pauses or event-triggered actions, which could allow real-time intervention in stu-
dents’ learning processes. Research shows that, for many videos, there is a sig-
nificant number of students who do not watch them linearly; instead, they pause,
rewind, and skip sections more frequently than instructors anticipate. This sug-

gests that valuable insights can be drawn from video navigation patterns.

The fields of learning analytics and educational data mining have paid a cer-
tain attention to this problem, but they have focused on large-scale video learning,
particularly in MOOC:s, analysing aggregated viewing patterns to detect prob-
lematic segments and improve content. Much less attention has been given to
analysing individual or small-group student interactions with videos in settings
like flipped classrooms or smaller online courses, a scenario that is much more
common, and where teachers have more ability to provide personalized feedback
than in a MOOC.

This research aims to capture and visualize students’ video navigation patterns
to help educators analyse and improve the learning process. The study poses three

research questions:

1. Can video interaction traces provide enough information for teachers to de-

tect learning difficulties?

2. Is aggregating traces from multiple students useful for identifying patterns

in small-scale learning settings?

3. Can visualizations and analysis tools be developed to assist teachers in in-

terpreting student video interactions and suggesting interventions?

Vil
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The study focuses on small-scale learning scenarios, such as fully remote learn-
ing, flipped classrooms, and face-to-face settings, where students use video as a
supplementary resource. The objective is to create tools and methodologies that
enable educators to track student interactions, identify challenges, and refine in-

structional methods.

The main contribution is a freely available software tool designed to help in-
structors and other stakeholders analyze the students’ video-watching behaviors
through digital traces. It processes clickstream data and cross-references the re-
sult with the knowledge in the existing research to provide feedback on video seg-
ments with high cognitive load or reflection needs. The tool enables instructors to
improve learning resources, identify unexpected navigational patterns, and com-
pare segment difficulties. The tool has already proven useful in tests carried out
in the small-scale learning scenarios it was designed for. Additionally, it allows
instructors to comment on the provided automatic feedback, potentially aiding ed-
ucational researchers in studying the relationship between navigation patterns and

perceived content difficulty.

The research is documented in a series of three published papers, with a final
chapter discussing conclusions, contributions, and future research directions. Ap-
pendix [A| contains developments that have been carried out since the publication
of the three articles.
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Chapter 1
Introduction

Since the popularisation of online video, teachers and students have used it more
and more as a learning resource, in online teaching, both in fully online and in
blended environments, in flipped classroom scenarios, and even as a teaching aid

in conventional learning environments.

Watching video in order to learn something presents a number of differences
regarding the teaching and learning process when compared to listening to a face-
to-face lecture in a conventional classroom, or even attending that same lecture us-
ing videoconferencing software. On one hand, an experienced teacher is expected
to diagnose how students are learning from visual cues. Those cues are lost to a
great degree when using videoconferencing software, and totally when students
watch prerecorded videos. In that aspect, educational video is closer to studying
from a traditional book, even when the used videos try to capture a lecture. But,
on the other hand, consuming video leaves a trace: in numerous instances we can
record when a student has started watching a video, or the moments when she
paused it or skipped over a part of it, for example. Also, given its linearity, one
can be sure to a high degree of where in a video a student is, something that, in
the case of text, would require cumbersome eyetracking technology. Could these
features make it possible to give teachers some feedback regarding the learning
process?

Additionally, with the advent of HTMLS video, it has become possible to add
some level of interactivity to video players, beyond basic playing, pausing and
skipping forwards and backwards: a video can be made to stop automatically at a
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certain point, for example, some text of figure can be shown on demand or, more
related to this work, a certain action can be triggered by a sequence of events (say,
we can show a text if a student pauses for at least a certain amount of time in a
given segment of the video and then skips backwards to another given segment).
Could these features be used to intervene in a student’s learning process in real
time?

When teachers are offered a peek into the trace left by students watching learn-
ing resources in video format, they are often surprised at how a significant number
of students do not watch the video linearly from beginning to end. In our experi-
ence, for most video resources, independently of the subject, the objective of the
video or its learning objectives, there will be a significant number of students that
will pause and skip, backwards and forwards, significantly more than lecturers

had anticipated.
The fields of learning analytics (LA) and educational data mining (EDM) have

put considerable effort in studying how students interact with learning resources
of all kinds. Naturally, this is hampered by the fact that one can only analyse in-
teractions leaving a trace. Also, with textual resources, even if they are electronic
in nature (a website, an ereader), it is very hard to know where a student is in
the text without intrusive, cumbersome equipment: it is only through the use of
eye tracking that one can follow the gaze of students at a given point. This has
had an effect on granularity: many of the research papers found in the literature
on the subject are more concerned with sequences of learning materials than the
interaction with a single learning resource as a venue for the teaching and learning

process.

Online video, as we have seen, provides a big opportunity to dig down and op-
erate at a lower level of granularity. Most research papers found in the literature
focus on the use of video in the context of massive online open courses (MOOCs),
which often use sequences of videos as the main learning material. The massive
context has given place to a lot of very interesting research on large-scale infor-
mation for a video: it is relatively easy, for example, to observe patterns such as
student dropout or very frequent navigation patterns (say, students reviewing a
given segment of a video at a given point in the course, or repeated viewing of

worked out examples) and that can provide teachers with actionable information



that can be used to detect problematic points in a video, segments that need to be

explained in more detail, etc.

That research has been understandably more concerned with providing infor-
mation for the improvement of a video format learning resource than with the
analysis of how a single student —or small groups of students showing common
behaviour— watches that video and trying to detect patterns and intervene on her
learning. That is specially justifiable in the MOOC context, where the student
teacher ratio is very high and there aren’t great student expectations regarding
teacher interaction. But in many educational contexts, in higher or secondary
education, student teacher ratios are much lower and teachers are expected (and
able) to give individual students feedback on their learning activities. It is one of
the original objectives of this research to learn whether that is possible and, in the
affirmative case, provide teachers with better tools to do so in the case of video

format learning resources.

We hope that our job for one type of learning resource can someday be extended
to other formats. Also, if our ideas are implemented successfully, one future line
of work would be to analyse how teachers are using the tools in order to automatise
that process as much as possible.

The rest of this chapter is structured as follows. First, we present the problem,
justify its interest and place it in the context of the existing knowledge in the field.
We then pose the research questions that have been used as the thread that artic-
ulates our research. Next, we briefly present the three research papers (included
in the Contributions chapter), and two additional short presentations (included in
the appendix) that constitute our effort to obtain answers to the research questions
and, as a consequence, mean an advancement in the resolution of the research
problem. In this section, we justify why we have structured our research in those
research papers, we explain how they contribute to answering the research ques-
tions and present the main results and conclusions from each of them, including
the different pilot tests that have been conducted and how they are related to the
global research. Finally, a section is devoted to further development that gives a

conclusion to the research presented in the three published contributions.

The rest of this work is dedicated to documenting the process followed to ob-

tain answers to the research questions. Chapter [2]details the research methodology
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followed in this work. Chapter (3| contains the research papers that document the
core of this work. Chapter 4| contains the conclusion for this work, including the
conclusions, a summary of the contributions and how they provide answers to the
research questions, and future lines of work. Appendix [A] contains developments
that have been carried out since the publication of the three articles collected in
chapter 3. Appendix [B| contains two abstracts for presentations given in confer-
ences. Finally, a bibliography is presented containing the references cited in all
chapters except for chapter[3] where each of the presented articles contains its own
bibliography.

This thesis is presented as a compendium of the contributions found in chapter
Bl The contents of appendix [A] have also been submitted to a journal for their

publication and are currently under revision.

1.1 Research problem

Evidence seems to indicate that there is a growing use of learning resources in
video format in more and more environments. In many cases, such as in flipped
classroom environments, watching video has taken a space that classically has
been occupied by conventional, face-to-face teaching. In these scenarios, lectures
are losing the feedback that can be obtained from students’ visual cues and that
can be helpful to detect problems in understanding, or opportunities to improve
the teaching as it happens. Even when video is used as supplementary content, in-
structors have no feedback on the learning process (although in this case, this lack
of feedback is equivalent to the one that happens when using learning resources

in any other format, such as paper).

We have also seen that when video resources are online, watching them almost
unavoidably produces a digital trace that can be collected and stored in the form of
a clickstream registering when students click on play or pause, or skim forwards or
backwards through a video. An informal exploration leads us to believe, first, that
many instructors think that, when watching a video with an educational objective,
students do so in a very linear form, from beginning to end, with at most a few
pauses to take notes. The same kind of informal exploration has shown us that in
many cases (frequently, in about a third of the cases), this is not the case: students
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will pause videos (to take notes, but also to proceed "in slow motion" through
an explanation, for example), but they will also skip forwards (to reengage with
a video they had started watching before, to look for the segment in which a
particular concept is explained, or any other number of cases) and backwards (to
review a point made in the video, but also because they stopped paying attention
for any number of reasons) much more frequently than instructors expectations

would indicate.

This leads us to hypothesize that in all cases where video learning is used, and
student interaction is not being collected and presented to teachers, student be-
haviour cues are being unnecessarily lost, and teacher’s expectations of student
behaviour do not match reality. Research has been carried out (see Kim [48]] for
a paradigmatic example) confirming this is indeed the case. The research on the
subject documented in the literature focuses on scenarios, such as MOOCs, where
a large number of students watch a video, but there are very few cases in which
smaller scenarios (those involving at most a few hundred students). This latter
scenario is the one encountered in most situations in which teaching moves from
face-to-face situations to flipped classroom environments or remote learning sce-
narios, or where conventional face-to-face education makes use of video resources
as a complement. For these scenarios, the literature shows next to no knowledge
based on evidence. When many levels of education are moving in this direction,

this is, at the very least, a cause for concern.

Thus, our research wants to offer mainly instructors, but possibly also other
stakeholders in the teaching and learning process, a peek into what happens when
a student watches a video to learn something. And we want to focus on those
working in small-scale learning scenarios, for which currently there are no tools
to capture the students’ clickstream, visualize it and present the evidence present
in the literature about what the navigational patterns in the clickstream may mean
regarding the learning process, with the intention of helping them to understand
that process, to detect possible problems students may have when learning form
video resources, and to help them improve upon those resources or intervene in

any way to improve the students’ learning process.

Summarising, we appreciate a significant growth in the use of video learning

resources in all kinds of situations, which has led to a loss of information by
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teachers in all scenarios, but particularly in small-scale learning scenarios, for
which there is a considerable lack of tools and research that can be appreciated in
the available literature reviews ([46, 78,91} 73]]), and this is making unnecessarily
hard to obtain information about what is happening in the teaching and learning

process and, as a consequence, to make improvements to that process.

This leads us to stating our objective as capturing, processing and visualizing
students’ navigational patterns through a video, and combining that information
with the available knowledge in the literature to help instructors and other stake-
holders analyse those navigational patterns to better understand and improve the

teaching and learning process, especially in small-scale learning scenarios.

1.2 Research questions

In order to fulfill that objective, we pose the following research questions:

* RQI: Do the traces left by students watching learning resources in video
format contain enough information as to allow teachers to detect problems

in their learning process?

* RQ2: Is it useful to aggregate the traces left by different students watch-
ing a single video to detect patterns in those traces in small-scale learning

scenarios?

* RQ3: Can we develop visualizations and other analysis tools that prove
themselves useful to help teachers analyse aggregated traces, detect patterns

and suggest interventions in the learning process?

In research question two, when we say “useful” we mean that the aggregation
of traces left by students, processed and presented to teachers in some manner,
will allow existing patterns in student behaviour to emerge. Let’s say, if a small
number of students are rewatching a particular sequence of a video, of if they
are jumping to a segment of that video, teachers will be able to see that easily.
Furthermore, they will be given tools in order to understand better why those
patterns are arising and, in the case that those patterns are representative of a
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problem in those students’ learning process or present an opportunity to intervene
in that learning process, they will be given a tool to make that intervention for all

future students presenting the same pattern.

When we say “small-scale learning scenarios” we refer to all kinds of learn-
ing scenarios in which video format learning resources are watched by students
individually (fully remote learning, flipped classroom environments, face-to-face
learning scenarios in which students are given videos to watch as feedback or
reinforcement...) in which the student-to-teacher ratio allows for individual inter-

vention: at most a few hundred students per teacher.

1.3 Summary of contributions

In this section, we briefly present the three research papers (included in the Contri-
butions chapter), and two additional short presentations (included in the appendix)
that constitute our effort to obtain answers to the research questions and, as a con-
sequence, mean an advancement in the resolution of the research problem. We
justify why we have structured our research in those research papers, we explain
how they contribute to answering the research questions and present the main re-
sults and conclusions from each of them, including the different pilot tests that

have been conducted and how they are related to the global research.

1.3.1 The usefulness of video learning analytics in small scale

e-Learning scenarios

This was the first paper in this research, and it focused on proving the perceived
usefulness for instructors of video learning analytics in smaller educational con-
texts. As has been said before, most existing literature focuses on massive open
online courses, where videos are watched thousands of times, but we were in-
terested in the much more common scenarios found in primary, secondary, and

higher education where videos might only be watched tens or hundreds of times.

We developed a solution to collect the clickstream data generated by students
when watching educational videos in real educational scenarios at the Open Uni-
versity of Catalonia. Our system captured every student interaction with educa-
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tional videos: when students played or paused and when they skipped forward
or backward. We collected data from 37 different educational videos from four
different courses, all of them belonging to the Computer Science, Multimedia and
Telecommunications department at the Open University of Catalonia. We consid-
ered 4155 playback sessions consisting of 70999 different events

The technical implementation was straightforward: we used publicly available
JavaScript libraries to intercept video interactions and stored the data in a standard
database. Importantly, we only collected anonymous data to comply with privacy
regulations and ethical guidelines. We deliberately allowed students to access
videos through their original hosting services if they preferred, prioritizing student
choice over complete data collection.

The real challenge was making this data meaningful for teachers. Raw click-
stream data is essentially incomprehensible, so we developed three types of visual-
izations. First, we created individual playback session graphs that show how spe-
cific students navigated through a video, revealing patterns like pausing, rewind-
ing, and skipping that teachers had never seen before. Second, we developed
scatter plots showing skipping behaviour: where students jump from one point in
a video to another. Third, we created visualizations of pausing behaviour, showing

when and for how long students pause during videos.

What surprised us most was how different actual student behaviour was from
teacher expectations. Teachers consistently underestimated how frequently stu-
dents would pause, rewind, and skip around in their videos. Many students don’t
simply watch videos from beginning to end: they actively navigate through them,
reviewing sections and skipping portions of them.

To evaluate whether teachers found this information useful, we conducted semi-
structured interviews based on the Technology Acceptance Model, which mea-
sures both perceived usefulness and ease of use. We presented our visualiza-
tions to the course instructors and asked whether they found the data valuable and
whether it would lead them to take any teaching actions. The results were en-
couraging. Every teacher we interviewed said they found the graphs useful and
wanted this capability for all their educational videos. They were particularly in-
terested in the pausing data, with one instructor noting that concentrated pauses

often indicate comprehension difficulties at specific points in the video. Another
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teacher observed that frequent forward skipping might indicate redundant content
that could be edited out.

However, we also discovered limitations. Teachers found some visualizations
initially difficult to interpret and suggested improvements like adding histograms
for pause distribution and making the distinction between forward and backward
jumps clearer. More importantly, while teachers universally found the data in-
teresting, they didn’t immediately identify specific actions they would take based
on the information. This might be because our analysed videos were created by
experienced instructors, or because teachers needed more time to reflect on the
implications, but also because of limitations of the tool.

We also investigated the minimum amount of data needed for these visualiza-
tions to be useful. For shorter videos (under 15 minutes), teachers typically needed
to see around 75-100 data points before finding the graphs valuable, which cor-
responded to fewer than 70 student playbacks. For longer videos, they needed
200-400 data points, achieved with fewer than 225 playbacks. This is crucial be-
cause it means our approach is viable in typical educational settings within one to
three course offerings, depending on class size.

Our research addressed two key questions that hadn’t been formally studied be-
fore. First, we demonstrated that teachers do perceive video learning analytics as
useful even in small-scale scenarios. Second, we established practical thresholds
for when it becomes worthwhile to implement such systems. These findings are
significant because they’re based on data volumes that are orders of magnitude
smaller than what’s typically discussed in the literature.

The implications extend beyond our immediate findings. Teachers suggested
several potential improvements based on the data, such as adding index points
where students frequently jump, shortening redundant sections, and providing
additional explanations for segments where students frequently pause. One in-
structor even proposed dynamic video indexes that could change based on student

navigation patterns.

The research, at this point, presented numerous avenues for further work. We
could build repositories of common patterns and their interpretations, develop au-
tomated detection of problematic video segments, and create more sophisticated

interventions based on student behaviour. The key insight was that, even in small
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educational contexts, we were able to provide teachers with valuable feedback
about how students actually engage with their video content, rather than how they

assume students behave.

This research demonstrated that learning analytics for educational video isn’t
just viable in massive online courses: it can provide meaningful insights for reg-
ular classroom teachers working with much smaller student populations. As edu-
cational video continues to grow in importance, particularly in blended and online
learning environments, these tools could become essential for understanding and

improving the teaching and learning process.

1.3.2 Analysis and improvement of video learning resources in

small-scale learning scenarios

This paper was motivated by the previous work we had conducted showing that
even in small-scale scenarios, instructors found access to clickstream data valu-
able, though the visualization methods we had used previously were not suffi-
ciently clear to enable actionable insights. We had observed that while much of
the existing research in this area focused on large datasets from MOOCs using
machine learning approaches, there was an opportunity to create meaningful ana-

lytics tools for the more common scenario of smaller educational contexts.

We approached this challenge through the same mixed research methodology
that we had used in the previous paper, conducting our work in two iterative cycles
of development, testing, and refinement. Our testing ground was a course on
electronic circuits from a telecommunications engineering degree program at the
Open University of Catalonia, using four instructional videos that demonstrated
the use of testing equipment and measurement procedures. The data we analysed
came from course editions from 2014 to 2020, recording interactions from a total
of 452 students. The total number of analysed playbacks for the four videos is
135, 118, 130 and 81.

The tool we developed takes a fundamentally different approach from exist-
ing large-scale analytics solutions. Rather than relying on automated machine
learning techniques that require massive datasets, we created a visualization and

analysis system that presents clickstream data in an interpretable format while in-
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corporating insights from existing research literature about what different viewing

behaviours might indicate about the learning process.

The core of our application centres on a timeline-based visualization that shows
student interactions with videos, including pauses, forward skips, backward skips,
and stop events. In this occasion, and resulting from our learnings from previous
research, we use a novel arc visualization technique where forward jumps appear
above the timeline and backward jumps below it, with pauses and stops repre-
sented as vertical lines whose length corresponds to duration. To manage visual
complexity, we implemented transparency effects so that overlapping events cre-
ate increased opacity, making patterns more apparent, and we provided users with
the ability to toggle different types of events on and off.

One of the key innovations in our approach is the integration of evidence-based
interpretations directly into the visualization. Drawing from research by scholars
like Sinha [83]], Brinton [6]], and others, we connect specific viewing behaviours
to learning indicators. For example, high rates of pausing and backward skipping
are associated with content that students find difficult or that requires high cogni-
tive processing, while forward skipping often indicates content perceived as easy,
boring, or already understood. We present this information through colour-coded
indicators and contextual information panels that appear when users examine spe-

cific video segments.

The tool also addresses the reality that educational videos often contain dis-
tinct sections with different pedagogical purposes, such as introducing concepts,
working through examples, or summarizing key points. We provide an interface
that allows users to mark segmentation points throughout a video, creating de-
fined sections for analysis. For each segment, the system calculates and presents
normalized data about student behaviours, comparing actual interaction rates to
expected rates based on segment length and providing interpretations based on

the literature.

Our validation process involved semi-structured interviews with the course in-
structors, conducted in two phases corresponding to our iterative development cy-
cles. The feedback we received was consistently positive regarding the tool’s us-
ability and value, though it also revealed important nuances that existing literature

hadn’t fully captured. For instance, instructors noted that in procedural demon-
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stration segments, high rates of backward skipping might not indicate difficulty
but rather students watching once for overview and again for detailed replication.
This type of contextual insight represents exactly the kind of knowledge we hoped
to capture through our annotation system.

The annotation functionality we developed allows instructors to record their
interpretations of what they observe in different video segments, creating a repos-
itory of domain-specific knowledge that can inform future analysis and contribute
to the broader understanding of video-based learning. This feature transforms the
tool from merely a data presentation system into a knowledge-building platform

that can evolve and improve over time.

Our results demonstrate that the tool successfully provides useful information
to instructors about cognitive load variations across video segments and quanti-
tative usage data for their learning resources. More importantly, it facilitates the
identification of potentially problematic segments that might benefit from redesign
or supplementary materials. The visualization proved easy to understand after a
brief onboarding process, and the annotation system was well-received by our test

users.

However, our work also revealed several areas for future development. We
found that videos with very low interaction rates provided little meaningful feed-
back, suggesting either a minimum threshold of engagement is needed for useful
analysis or that different analytical approaches might be required for such cases.
Instructors also requested filtering capabilities to examine data from specific time
periods, and noted that interaction patterns at video beginnings and endings follow
predictable patterns that should be accounted for in the analysis algorithms.

Several important directions for research were considered in the future work
section of the article. Firstly, that technical development should focus on creating
plugins and integrations for popular learning management systems to facilitate
broader adoption. A need to expand testing to include longer videos, different
subject areas, and varied presentation styles to validate and refine our interpretive
frameworks was pointed out. Additionally, we also stated the intention to develop
better quantification methods that account for expected interaction patterns and

create more sophisticated feedback mechanisms.
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We believe this work demonstrates the value of learning analytics approaches
designed specifically for small-scale educational contexts. Our tool shows that
meaningful insights can be extracted from limited data when combined with do-

main expertise and careful visualization design.

This research paper contributes to the growing understanding of how students
learn from video resources and provides educators with practical tools for improv-
ing their instructional materials. By bridging the gap between student learning
behaviours and instructor awareness, we hope to help restore some of the valu-
able feedback loops that are essential for effective teaching, even in technology-

mediated learning environments.

1.3.3 A dataset on the use of online video by students at the
in-video level

Formally, this contribution is radically different to the other three main ones that
make up this document. While those other three pieces are traditional research
articles, and they make up the main narrative that explains our research process,
this is a data descriptor, intended, firstly, to allow future researchers in the field a
considerable head start by providing them with a well documented, trustable and
reasonably large dataset on which they will be able to test hypothesis and tools. It
also documents the tools we have used to collect our data, and the format we have

employed to store it, which should also be useful for similar research efforts.

The dataset encompasses 35 different videos across multiple STEM disciplines,
primarily focusing on database technologies and statistics. These videos were em-
bedded in actual courses at the Open University of Catalonia over a ten-year pe-
riod, thus representing data from authentic learning scenarios rather than artificial
laboratory conditions. We captured data from over 40,000 individual viewing ses-
sions, resulting in more than 313,000 individual interaction records. The videos
themselves span topics from NoSQL databases to statistical distributions, with
content delivered in Spanish and Catalan, though English translations have also
been provided to make the dataset accessible to the broader research community.

The technical implementation required embedding JavaScript code into web

pages containing our video content. Every time a student performed an action
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(clicking play or pause, scrubbing through the timeline, or navigating away from
the page) our system captured a timestamped record along with contextual infor-
mation like the exact position in the video where the action occurred. We used the
Popcorn.js library to abstract away the complexities of different video platforms
(i.e. allowing to capture interaction from videos hosted on YouTube or Vimeo,
as well as self-hosted video files) and ensure consistent data collection across the

various delivery methods.

One point making this dataset particularly valuable is its level of granularity.
Rather than simply knowing that a student watched a video, we can see exactly
where they paused, which sections they rewatched, where they skipped ahead,
and how they navigated through the content. This fine-grained behavioural data
opens up possibilities for understanding learning processes that weren’t previously

accessible to researchers.

The applications we envision for this data are quite broad. Instructors could
use similar analytics to test hypotheses about which parts of their videos present
cognitive challenges to students, evidenced by frequent pausing or rewinding be-
haviours. We could identify navigational patterns that suggest particular student
profiles might benefit from additional support or personalized content recommen-
dations. The data could also inform better video design decisions, helping creators
understand how information structure affects student engagement and comprehen-

sion.

From a research perspective, this dataset addresses a gap in the learning analyt-
ics literature. While much of the field focuses on how students progress through
sequences of learning materials, we’re operating at a much more granular level,
examining how learners interact with individual resources. This microscopic view
of the learning process could reveal insights about cognitive load, attention pat-

terns, and the relationship between navigation behaviour and learning outcomes.

The dataset also reflects authentic educational contexts rather than controlled
experimental conditions. These are real students, in real courses, making real de-
cisions about how to engage with their learning materials. This ecological validity
is crucial for developing insights that will actually transfer to practical educational

applications.
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We’ve been careful to address privacy and ethical considerations throughout
this work. All data is completely anonymous, using randomly generated session
identifiers rather than any personally identifiable information. Our data collection
procedures were approved by our institutional ethics committee and comply with

European data protection regulations.

Looking forward, we see this dataset as a foundation for developing more so-
phisticated approaches to video-based learning analytics. The field is moving
toward more personalized and adaptive learning environments, and understanding
micro-level interaction patterns will be essential for creating systems that can re-
spond intelligently to individual student needs. We hope other researchers will use
this data to test new hypotheses, develop analytical tools, and ultimately improve

how we design and deliver video-based educational content.

The technical aspects of replicating this kind of data collection are deliberately
straightforward: we used a standard LAMP technological stack precisely to make
deployment as accessible as possible to other educational institutions. While there
are certainly opportunities to enhance the robustness of data collection through
more sophisticated infrastructure, our experience suggests that basic approaches

can yield valuable insights in most educational contexts.

This work represents years of careful data collection and analysis, and we’re
excited to make it available to the broader research community. We believe it will
be particularly valuable for researchers in learning analytics and educational data
mining, but also hope it will be useful for educators and instructional designers

who want to make more evidence-based decisions about their video content.

1.3.4 Other contributions

Finally, we describe some developments that have been carried out since the pub-
lication of the three articles described above, contained in appendix [A} and two
congress presentations, whose abstracts are contained in appendix [B] both predat-

ing the papers summarized above.

Appendix |A| contains a finale to our research. In the first paper, we proved that
visualizing the clickstream data was perceived as useful by lecturers, even if (i) the

produced visualization was later shown to have a big margin for improvement, and
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(i1) the amount of collected data was much lesser than that usually shown in the
research, which is collected in large-scale learning scenarios, namely MOOC:s.
In the second paper, we developed a big evolution of our visualization tool and
added, first, automated feedback for lecturers and other stakeholders, derived from
the existing literature, and second, a tool allowing the stakeholders to segment
a video in different sections and then make annotations about their impressions
about each section. This allowed for a much better experience for stakehold-
ers, and resulted in rich feedback about the videos and the provided feedback,
but didn’t produce information resulting in knowledge leading the stakeholders
to further action, either improvements to the videos, other modifications to their
teaching and learning process or the need to dig deeper on what is happening in

the existing process.

In this final stage, we present an additional iteration of the design and devel-
opment of our tool aimed at helping instructors analyse student engagement with
educational videos using clickstream data. The tool visualizes navigation pat-
terns—such as pauses, jumps, and replays—contextualized with interpretations
from the literature, with the goal of generating actionable insights to improve

video content and instructional strategies.

Building on prior iterations, this version introduces interface enhancements for
annotation management, better visualization of navigational patterns, and, most
importantly, an initial video segmentation of the analysed videos. The tool was
tested on a set of videos from a course on non-relational databases. Instructors
used the tool to annotate segments and reflect on their students’ learning be-
haviour. The data revealed several key insights: discrepancies between system-
generated interpretations and instructors’ expectations, identification of common
or anomalous navigational behaviours, and validation or rejection of instructors’

hypotheses regarding segment difficulty or cognitive load.

Our study demonstrates that improved usability and richer interaction features
have made it easier for instructors to extract meaningful patterns. These include
cases where students skipped familiar content, unexpectedly revisited earlier seg-
ments, or paused extensively during complex examples. Additionally, the tool
was found to be useful for identifying which parts of a video might benefit from

restructuring, supplemental material, or personalized navigation aids.
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Nevertheless, instructors suggested further improvements, such as more gran-
ular jump analysis, customizable labels, and integration of standard video player
features. Future work that we intend to conduct as a result of our learnings here
will explore Al-based video segmentation, better difficulty estimation, and student

feedback mechanisms to explain unclear patterns.

In sum, this iteration succeeded in its primary goals: enabling instructors to
detect actionable insights, fostering a better understanding of student interaction
with video resources, and identifying areas for pedagogical improvement and fur-
ther research.

As mentioned above, appendix [B|contans two conference presentation abstracts.
The first one, A Teachers’ Tool for the Analysis and Improvement of Video Learn-
ing Resources Based on Clickstream Data, was presented at EDULEARN1S5. The
second one, Video clickstream data visualization and clustering for the improve-
ment of learning resources and the facilitation of intervention, was presented at
INTED2019.

In the first presentation, A Teachers’ Tool for the Analysis and Improvement
of Video Learning Resources Based on Clickstream Data, we introduced a first
version of our infrastructure to collect clickstream data and the database format to
store said data. We also presented very early versions of visualizations that had
been used in the first prototypes for the tool.

In the second presentation, Video clickstream data visualization and clustering
for the improvement of learning resources and the facilitation of intervention, we
presented more evolved versions both of the data collection infrastructure —- that
would be documented in more detail later in A dataset on the use of online video
by students at the in-video level — and the first visualizations, that would then be
presented in The usefulness of video learning analytics in small scale e-Learning
scenarios. Also, a first approach to automatic data classification through the use of
clustering techniques was presented. This approach was later abandoned because,

despite initial promising results, it didn’t reach a truly effective result.
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Chapter 2
Background and methodology

This chapter starts with a summary and justification of the research methodology
we have followed in our research, continues with a review of the theoretical back-
ground, followed by a brief contextualization of the research environment, and
concludes with a description of the data collection procedures we have followed,

which includes the ethics considerations we have taken into account.

2.1 Methodology

As with most research in the field of e-learning, in order to achieve our objec-
tive and give answers to our research questions, it has been necessary to reach
a compromise between the technological and the pedagogical points of view. A
considerable development was needed in order to collect the data, process it and
visualize it, and then present it to the stakeholders in an easy-to-understand way,
but it was paramount not lo lose sight of the pedagogical objective: the software
was a means to achieve a better understanding of the teaching and learning pro-
cess and to make it possible for teachers to make improvements to the educational

resources analysed.

It was with this compromise in mind that we opted for a combination of action
research with a design and creation approach, as described by Oates [68]], which
is illustrated in figure [2.1]

19
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Design and creation
approach

Outputs
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of problem :
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. : : Pilot n
| H 5. Conclusion :
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product

Iterative cycle of
Pilot 1 plan-and-reflect :

Figure 2.1: A diagram illustrating the combination of the design and creation approach

with action research used in this thesis.

Action research constitutes a participatory research approach that seeks to ad-
dress real-world problems through successive and iterative cycles of planning,
action, observation, and reflection. It is characterized by close collaboration be-
tween researchers and practitioners, who work jointly to design, implement, and
evaluate interventions aimed at generating practical improvements while simulta-
neously contributing to theoretical understanding. This methodological approach
is particularly common among teachers and educators who engage in systematic

inquiry to enhance and refine their own professional practice.

The design and creation approach focuses on developing new artifacts —such
as models, frameworks, software, or methods— to address specific problems. This
approach is common in fields like information systems and engineering, where
innovation is key. The research involves identifying a problem, designing a solu-
tion, and evaluating its effectiveness. We have followed the five steps described in
Vaishnavi and Kuechler [90] of awareness, suggestion, development, evaluation
and conclusion.
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The usefulness of video
Pilot 1 learning analytics in small
scale e-Learning scenarios
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Figure 2.2: The sequence of pilots carried out in this thesis.

The typical action research iterative cycle of planning, acting and reflecting is
thus intertwined with Vaishnavi and Kuechler’s five steps, which are combined
with Susman and Evered’s [85] five stages of diagnosis, planning, intervention,
evaluation and reflection. As a result, both action outcomes (in the form of im-
provements in a teaching process) and research outcomes (a better understanding
of the teaching and learning from video-based learning resources) are expected

from the process.

Combining both approaches allows researchers to iteratively design, imple-
ment, and refine artifacts while engaging with stakeholders in real-world settings.
Action research ensures continuous feedback and adaptation, while the design and
creation approach provides structured innovation. Together, they enhance theoret-

ical understanding and result in practical impact.

In figure we can see the sequence of four pilots that were carried out in
this thesis, and to which of our research papers each pilot was associated. The
first pilot is documented in the first article in the Contributions chapter (3.1)); the
second and third pilots are documented in the second article of said chapter (3.2);
and the fourth, and final, pilot test is documented in appendix [A] Finally, figure[2.3]
presents a summary of the developments that make up the artifacts of each pilot,
together with the observed limitations for the first three pilots and the results of
the final one.
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Pilot 1
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Figure 2.3: A summary of the implementations made in each pilot, together with their

limitations and final results.
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We now present brief summaries of how the methodology is implemented in
both articles and and the appendix (A). The clickstream data that we
have collected and used in each of those pilot tests is documented in the third
article in the chapter (3.3)), and we will touch upon that subject below, in section

24

In the first article (3.I) we addressed research questions about the perceived
usefulness of video learning analytics in small-scale learning scenarios, specifi-
cally whether the collected data are perceived as useful and what volume of data
is required to achieve that perception of usefulness. In order to do so, we used
the technology acceptance model (Davis, Bagozzi, and Warshaw, [23]). We car-
ried a pilot test, consisting of the collection of video playback clickstream data
through a web application that will be used throughout the different pilot tests in
this work, the development of visualizations for that clickstream data, the presen-
tation of the visualized data to course instructors and a series of semistructured
interviews with those instructors to give answers to our research questions, con-
cluding that the collected data are indeed perceived as useful and that usefulness
is achieved with clickstream data representing about 70 video playbacks in the
case of short-to-medium length videos, and less than 225 playbacks in the case of
longer videos, suggesting that video learning analytics are useful in small-scale
learning scenarios and justifying the rest of the work conducted in the second
article and in appendix

In the second article (3.2)) we improved on the visualization used in the first
article, with the objective of overcoming the main problem with the first pilot test
(namely, that although the information was perceived as useful, it didn’t result in
conclusions being extracted or in suggested interventions to improve the learning
process), always in small-scale learning scenarios. In order to do so, we conducted
two separate pilot tests, both following the same methodology, consisting of the
design, development and testing of a novel visualization for the collected click-
stream data and the presentation of the existing interpretations of the collected
data found in the literature, and an instrument, in the form of a web application, to
collect feedback from teachers and other stakeholders regarding the connections
between student behaviour and potential interventions to be made. As in the first

pilot test, we first designed and developed a visualization of the collected click-
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stream data and its interpretation according to the literature, and an annotation
tool to collect the different stakeholders’ feedback on the presented information,
which was then presented to instructors, and semistructured interviews were con-
ducted to collect their feedback and improvement suggestions. The process was
then iterated in a subsequent pilot test to achieve the final result of the article, that
confirmed that valuable information is obtained from the tool by instructors that
can be used both for the improvement of the learning process and to contrast the
clickstream data interpretations found in the literature, but point out to the need
for further work in order to make the presented information easier to apply. In
these two pilots, the collected and analysed clickstream data (again presented and
documented in [2.4)) corresponds to four videos used in two different courses in a

degree in Telecommunications Engineering.

Finally, in appendix |A] the last pilot test conducted in this research is docu-
mented, again following the same methodology, this time with the objective of
making it easier to detect patterns or other information resulting in suggestions
for improvement of the analysed videos, to surface unexpected behaviours by stu-
dents, or to corroborate or refute stakeholders’ hypothesis regarding the video.
The structure of the pilot test, consistent with the methodology employed through-
out the thesis, consists of a phase of design and development, followed by the
presentation of the resulting artifact to instructors, and a series of semistructured
interviews to validate the results and obtain further feedback. In these final pilot
test, the collected and analysed clickstream data corresponds to four videos for a

course on non-relational databases.

2.2 Theoretical background

The transition from traditional face-to-face classrooms to alternative instructional
formats—such as virtual learning environments designed for fully remote educa-
tion, blended learning approaches, or flipped classroom models—has introduced
significant advancements in the teaching and learning process. However, it has
also generated new challenges, including the need to develop novel frameworks
for student interaction and to compensate for the valuable feedback that skilled

instructors derive from direct observation of their students during in-person in-
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struction. This issue is particularly salient in the context of video-based teaching

resources, whose use has become increasingly prevalent [43].

The 2018 NMC Horizon Report [5] identifies the “growing focus on measuring
learning” as a short-term key trend driving the adoption of technology in higher
education over the next one to two years. Furthermore, the report highlights
learning analytics and adaptive learning technologies as significant developments
within the higher education landscape, with projected adoption timelines of one

year or less and two to three years, respectively.

With the widespread popularization of online video, both instructors and stu-
dents have increasingly adopted this medium as a learning resource in online ed-
ucation [[88]—not only within fully online and blended learning contexts but also
in traditional classroom settings, where it serves as a valuable instructional aid
[S5. 93] or as a central component of flipped classroom models. Even prior to
the COVID-19 pandemic, the use of video for teaching and learning had already
experienced substantial growth, increasing by 28% from 2019 to the beginning of
the 2020-2021 academic year [43]. Consequently, a deeper understanding of how
students engage with and learn from these video-based resources is essential [20,
52,167,169, 74].

Engaging with learning materials in video format differs in several important
ways from the processes involved in attending a face-to-face lecture or even par-
ticipating in the same lecture via videoconferencing. In traditional classroom set-
tings, experienced instructors can infer students’ understanding through visual
and behavioural cues—signals that are largely diminished in videoconferencing
environments and entirely absent when learners engage with pre-recorded videos.
This limitation has, in fact, contributed to the growing interest in affective com-
puting, a field aimed at automatically extracting information from students’ facial
expressions and other indicators of engagement [40]. In this sense, learning from
educational videos may, in some respects, more closely resemble studying from a

textbook than attending a live lecture.

However, the advent of HTMLS5 video technologies has introduced new pos-
sibilities for capturing learner interaction data. Through the use of JavaScript
libraries [32} [65]] and appropriate back-end development, it is now feasible to

record not only when a student begins watching a video but also when they pause,



26 CHAPTER 2. BACKGROUND AND METHODOLOGY

skip, or rewatch specific segments [29]. Marshall, Marshall, and Chauhan [56]
employed a similar approach using the xAPI specification [95]. The data ob-
tained through such interactions—commonly referred to as clickstream data [29,
80]—provide valuable insights into learner behavior. Moreover, because video
inherently follows a linear temporal structure, it allows researchers to determine
with considerable precision the point within the video a student is viewing—an
aspect that, in the case of textual materials, would typically require complex eye-
tracking technologies.

Educational video

According to Cruse [21], the use of educational video serves multiple pedagogical
functions: it reinforces reading and lecture materials, supports the development of
a shared foundational knowledge among students, enhances comprehension and
classroom discussion, accommodates diverse learning styles, fosters greater stu-
dent motivation and engagement, and contributes to increased instructional effec-

tiveness.

The increasing use of educational video has been extensively documented over
the years [46, 73, |88]]. Kay [46] notes how research on the use of “video podcasts”
in education began to surface in the early 2000s, noting that the launch of YouTube
in 2005 and the subsequent expansion of internet bandwidth between 2006 and
2010 marked a significant turning point in their adoption. He further identifies
four primary categories of educational videos based on their purpose: lecture-
based, enhanced, supplementary, and worked-example formats. Correspondingly,
pedagogical strategies for employing educational video include receptive viewing,
problem-solving, and student-generated video creation. Educational videos may
also be classified according to their academic focus, which can be either practi-
cal or conceptual. Approximately half of existing educational videos, according to
Kay, are designed to address practical skills or specific problems and are generally
short or segmented, while the remaining half focus on higher-level conceptual un-
derstanding and tend to be longer in duration. Tiernan [88] similarly highlights the
versatility of educational video across a variety of teaching and learning contexts,
emphasizing its capacity to enrich the student learning experience. In skills-based
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instruction, in particular, video serves as a powerful medium for demonstrating

practical examples and models for learners.

Poquet et al. [73]] highlight the mixed evidence regarding the effectiveness
of educational video, as reported in the meta-analysis by Yousef, Chatti, and
Schroeder [97], underscoring the need for further empirical investigation into this
area. Poquet et al. also observe that few studies on MOOCs present experimental
findings, with most research in this domain adopting descriptive or correlational
approaches. Moreover, a review of the literature reveals a notable scarcity of stud-

ies focusing on small-scale learning contexts.

Learning analytics and educational data mining to enhance the teaching and
learning process

The fields of learning analytics (LA) and educational data mining (EDM) have
devoted substantial effort to investigating how students interact with learning re-
sources. However, such analyses are inherently constrained by the fact that only
interactions leaving a digital trace can be examined. In the case of textual ma-
terials—even when these are delivered in electronic formats, such as websites
or PDF documents, it remains exceedingly difficult to determine a learner’s ex-
act position within the text without resorting to intrusive and complex techniques
such as eye tracking. This limitation has direct implications for the granularity
of available data: as noted in several studies [88} 46, |73]], much of the existing
research focuses on students’ navigation across sequences of learning resources
rather than on their detailed engagement with a single resource as a venue for the
teaching and learning process. Consequently, even when infrastructures for col-
lecting learning analytics data are implemented, they often do not aim to recover
the type of nuanced, immediate information that instructors are expected to obtain
through direct observation in traditional face-to-face settings.

Online video provides a big opportunity to dig down and operate at a lower level
of granularity. Most research papers found in the literature focus on the context of
MOOC:s ([8011,[53]]) which often use collections of educational videos as the main
learning material. This context has given place to a lot of very interesting research
on large-scale information for a video: it is relatively easy, for example, to observe
patterns such as student dropout or navigation patterns (say, students reviewing a
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given segment of a video at a given point in the course, or repeated viewing of
worked-out examples [48]]), and this can provide teachers with actionable infor-
mation that can be used to detect problematic points in a video, segments that
need to be explained in more detail, etc. The existing research has, understand-
ably, been more concerned with providing information for the improvement of
an educational video than with analysing how a single student—or small groups
of students showing common behaviour—watches that video and trying to detect
patterns and intervene on her learning. That is especially justifiable in the MOOC
context, where the student teacher ratio is very high and student expectations re-
garding teacher interaction are low. However, in many educational contexts, in
higher or secondary education, student teacher ratios are much lower, and teach-
ers are expected (and able) to give individual students feedback on their learning
activities. Additionally, most of the research has focused on either giving the stu-
dent some feedback to improve her learning or trying to predict student success or

failure.

The adoption of blended and virtual learning modalities has been accelerating
at a very fast pace, with pre-pandemic forecasts predicting an annual growth rate
of approximately 15.5% through 2025 [70]. The COVID-19 pandemic further
intensified this trend, prompting higher education institutions to integrate addi-
tional digital tools and resources to support learners throughout their educational
experiences. However, the implementation of such technologies requires careful
consideration to ensure their effectiveness and to assess their impact on the learn-
ing process. The 2020 NMC Horizon Report [13] identified learning analytics for
student success and adaptive learning technologies as two of the six emerging in-
novations expected to exert a significant influence on postsecondary teaching and

learning practices.

When focusing on the impact of learning resources such as educational videos
through a virtual learning environment, as aforementioned, LA [77], as well as
EDM [/75]], become useful areas to analyse data collected from learners’ interac-
tions with a video in any virtual learning environment. However, LA and EDM
focus on the use of large data sets, as can be seen in Romero and Ventura [75],
leaving behind small data sets collected to suggest enhancements by providing

meaning insights to single courses with low ratio of learners, that we call small-
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scale learning scenarios. Multimedia Learning Theory suggests several possible

applications of LA data to improve learning [[61].

There have also been some studies regarding clickstream analytics, mostly
linked to the use of MOOC:s, involving large amounts of data and machine learn-
ing techniques, such as Banerjee, Jain, and Ghosh [4], Sinha et al. [82, 83], Li
et al. [54]], or Brinton et al. [6].

Regarding video segmentation, while we have used manual segmentation in our
work, it is important to note there are many examples of automatic techniques for
that purpose. One of those examples can be seen in Mohammadhassan and Mitro-
vic [64], who develop an automatic way to segment videos, characterise them
and, finally, aggregate adjacent segments within a video with the same focus of
domain topics or topic-concepts. Their framework, VISC-L, uses deep learning
using video transcripts and assumes that the domain for the videos has been com-
putationally presented via an ontology, and uses a semantic tagging algorithm to
identify focus concepts. An example of the use of neural networks for the same
purpose can be seen in Das and Das [22]]. Examples of manual tagging by teach-
ers can be seen in Castro and Tumibay [/|] or Tseng [[89]. Mirriahi et al. [62]
provide an example of using annotations by students as a source for algorithmic

segmentation.

Clickstream data visualization

Several authors have emphasized the value of data visualization within educa-
tional contexts. Siemens [81], for instance, highlights the importance of exploring
learning through the tracking of generated data, while Aguilar et al. [3]] underscore
the utility of visualizing learning processes and outcomes to enhance analysis and
understanding. Applications such as learning analytics dashboards are regarded
as effective tools for assessing course effectiveness across the preparation, exe-
cution, and evaluation phases of learning (Hooshyar et al. [38]). These tools are
considered essential for providing students with feedback on their actions, for en-
abling instructors to monitor student interactions, and for assisting researchers in
identifying patterns and communicating insights to users (Klerkx, Verbert, and
Duval [51]).
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Henrie, Halverson, and Graham [35] review existing approaches for measuring
engagement in technology-mediated learning, highlighting both their strengths
and limitations and proposing potential methods to improve the assessment of stu-
dent engagement. Vieira, Parsons, and Byrd [91]] provide a similar review focused
specifically on visual tools. Jovanovi¢ et al. [42]] demonstrate the use of learn-
ing analytics in a flipped classroom context to investigate the learning strategies
employed by students, while Herndndez-Leo et al. [36] present a framework for
leveraging LA to inform learning design. Additional studies by Mohammadhas-
san and Mitrovic [64]] and Li et al. [54] explore how student-facing LA dashboards

can enhance engagement and learning.

Notably, however, none of the research reviewed to this point has addressed

analytics at the level of granularity provided by individual video interactions.

In particular, the large amount of data generated by logging clickstreams has
led to research in the field looking for visual tools for the presentation of that kind
of data. Clickstream visualization is especially important in e-commerce, and it
is easy to find literature on the subject. Kateja et al. [45]] present a systematic ap-
proach to visualizing clickstream data. In the field of education, some examples of
clickstream visualization can be found in Goulden et al. [30] or Chen et al. [10],
but it is less common to find research focusing on video clickstream visualiza-
tion. Wang et al. [92] remark on the fact that although various analytic techniques
have been proposed to explore patterns in video clickstream data, those techniques
usually do not sufficiently support presentation, which makes it difficult to com-

municate the information to audiences without prior knowledge.

As for LA applied specifically to measure aspects related to learning resources
in video format, Seidel [78|] presents a literature review on analytics on video-
based learning. Dodson et al. [27] present a framework to describe students’
behaviour while learning from video. The first effort we can find in the liter-
ature focusing on clickstream analytics is found in Banerjee, Jain, and Ghosh
[4], applying clustering techniques. Sinha et al. [82} |83]] construct a “quantita-
tive information processing index” based on video clickstream data, which can
aid instructors to better understand MOOC hurdles and reason about unsatisfac-
tory learning outcomes, and try to predict student attrition, respectively. Li et al.
[54]] carry out similar research and find a relationship between video watching be-
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haviour and perception of difficulty. Brinton et al. [6]] follow on that path to try
to find a relationship between video watching behaviour and quiz performance.
A similar effort is carried out by Hasan et al. [34], as do Yoon, Lee, and Jo [96].
All of these efforts rely on clickstream data collected from videos that have been

viewed a large number of times, often in MOOC style environments.

Giannakos, Chorianopoulos, and Chrisochoides [29] present graphs assigning
an importance value to every moment in the video. Kim et al. [48]] are interested in
interaction peaks and, thus, build graphs representing interactions and re-watching
sessions for every moment in the video. In [48]] a timeline is built to scrub videos
that use the number of interactions in an attempt to improve interaction. In the
same spirit, Chen et al. [10] also observe interaction peaks. Lau et al. [53] are
interested in dropouts and, thus, focus on audience retention. Hu et al. [39] and
Mubarak et al. [66] report on the number of the different types of events occurring
in every minute of a video. Finally, Shi et al. [80] not only show interactions (play,
pause, seek) per moment of the video in their graphs, but they also build diagrams

showing skipping forwards and backwards behaviour.

Regarding the visual presentation of clickstream data to visualize student be-
haviour when learning from learning resources in video format, Kim et al. [48]
carry out a large-scale analysis of in-video dropout and peaks in viewership and
student activity using data from numerous videos used in MOOC environments
and show a relationship between longer videos and bigger dropout rates, and show
that different types of videos and learning situations result in different viewing be-
haviour. Kleftodimos and Evangelidis [50] and Giannakos, Chorianopoulos, and
Chrisochoides [29] design and present an analytics system for use in learning sce-
narios where students are offered learning resources in video format. The first
ones introduce a framework of “active viewing”, inserted in the concept of active
learning, while the second ones, in their analysis, show evidence of a relationship
between video navigation and the level of cognition/thinking required for a spe-
cific video segment. Wang et al. [92] present a different visualization for click-
stream data, that makes use of animation to illustrate video viewing behaviour.
Min, Chen, and Xia [[60] present a similar system to gather and visualize viewing
data.
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Mubarak et al. [66] presenting a learning analytics and analysis solution sharing
some principles with our research, but theirs is oriented to videos being viewed
many more times than our study, and applies machine learning techniques to try to
extract conclusions that, while compelling and powerful, cannot be applied to the
small-scale learning scenarios we focus on. Hu et al. [39] also propose analysis
methods of students’ video watching behaviour in MOOC platforms and put them

to test with real data.

The AVW-Space case

Dimitrova and Mitrovic [24]] developed an active video watching platform, AV W-
Space, presented initially in Dimitrova et al. [25]], to facilitate engagement with
video content by providing means for constructive learning, that presents close
connections to our research. After initial studies indicated that only students who
commented on videos and who rated comments written by their peers improved
their understanding of the target transferable skill (in their case, delivering pitch
presentations), they designed a choice architecture —i.e. a method to help people
make choices leading to better outcomes in an unobtrusive and non-compulsory
manner by designing the way in which choices are presented, as presented in
Thaler and Sunstein [[87]— and nudges, relying on the system’s ability to auto-
matically trigger short interaction scripts, to encourage students to engage deeper
that proved to be effective, especially for undergraduates, who are less experi-
enced in self-regulated learning. The tool also shows students visualizations of

past student engagement with videos.

AVW-Space enables teachers to select publicly available videos and allows
them to develop ways of interacting with students with little effort, fostering ac-
tive learning via note-taking and the rating of other students’ notes, and by pro-
viding micro-scaffolds for reflection. They point to previous research showing
the benefits of note-taking while watching video, such as Khurana and Chandak’s
[47] or Pardo et al.’s [[71]. They state their approach is less labour-intensive for
teachers than others, such as quizzing. Early studies with AVW-Space allowed
the identification of different categories of learners, and requirements for person-
alised nudges to promote desired learning behaviour, such as noticing important
points. This led to an architecture for personalised nudges fostering active video
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watching, by providing interactive visualizations and tailored nudges, consider-
ing learners’ contexts and knowledge. One interesting point is they show how to

automatically identify suitable places to include interaction features.

AVW-Space has a private and a social space. Students can make comments at
specific points in the video and categorize said comments in their private space,
some of which are then anonymised and shared in the social space by teachers,
which all students can then comment on using categories designed to further pro-
mote reflection. This operationalises Chi and Wylie’s [11] ICAP framework, clas-
sifying learner behaviours as Interactive, Constructive, Active and Passive, con-
verting passive students (those who just watch videos) to active (those who write

comments), and then constructive (those whose comments add something new).

Some of Dimitrova and Mitrovic’s [24]] studies are conducted in small-scale
learning scenarios such as our own, with a few dozen students. Their first stud-
ies indicated that only active and constructive behaviour led to increased con-
ceptual understanding. This led to requirements to encourage students to write
comments and categorize them, to show them their commenting behaviour, and
to indicate areas in videos with interesting points and show example comments to
trigger reflection, which aligns with Johnson and Mayer’s [41] elicited comments
in his self-explanation principle. In order to do this, they used learners’ interaction
traces, identified video intervals worthy of attention and good comments to use as
examples. They then introduced prompts where no comments had been made in
high attention intervals or when certain comment categories were underused, for
example. They conclude (i) that nudges are helpful for less experienced students,
but that encouraging learners to write more reflective comments will be beneficial
for all; (i1) that nudges did not necessarily foster deeper cognitive engagement, and
that, therefore, more specific and adaptive nudges are needed; and that (iii) nudges
are effective with the learners who do need support to become active learners and

those who need support to identify important parts of the videos.

Mohammadhassan and Mitrovic [64] present a student-facing visual learning
analytics tool for AVW-Space providing a personal timeline visualization to allow
students to compare their comment timeline to the others’ comments timeline in
the personal space and the ratings their comments accrued from other students in
the social space, and they conclude that it encourages constructive behaviour and
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increases learning. First, they indicate that use of the tool increases significantly
the number of comments made in the personal space, and the number of other
students’ comments seen and rated. They also report an increase in constructive
students, as well as a significant decrease in passive students. Regarding its effects
on learning, they show that the number of videos watched, received nudges, and
interactions with visualizations affect the number of high-quality comments and

the conceptual knowledge score at the end of the study.

Finally, Mitrovic et al. [63] also focus on a small-scale learning scenario (about
50 participants per group) to evaluate the use of the adaptive nudges, and find
significant differences in engagement when nudges were used, finding causality
on interaction time, comments written, their quality and learning and perceived

learning.

The ViDeX case

Sidney Fels, Samuel Dodson et al. develop a learning analytics platform at the
University of British Columbia, ViDeX, and present its evolution in a series of

articles that we now document, as their work is closely related to ours.

First, Fong et al. [28]] present ViDeX, what they call “a platform for personaliz-
ing educational videos”, a video player that allows students to mark up video with
highlights, tags, and notes to personalise their video-based learning experience to
support active viewing practices. Students can use ViDeX to make annotations
that are linked to the video by timestamp. The tool also allows for video naviga-
tion using the provided transcripts.

Dodson et al. [26] then make a first analysis of the activity traces left by students
using ViDeX (i.e. their clickstream), examining active viewing behaviours, i.e.
seeking and highlighting within a video. Highlighting behaviour was relatively
uncommon (18% of students), and used as bookmarking in videos, although that
may be attributed to interface problems. Interviewed students explained that they
would seek through videos for specific slides in a presentation and then copying

information from it.

Next, Harandi et al. [33]] analyse the usage of videos by students in the tool,
both in a flipped classroom environment and in a blended learning one, using ac-
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tivity logs (i.e. clickstreams), a survey and interviews. Their findings show that, in
the flipped classroom, most students summarized the short pre-class screencasts in
their personal notes to minimize the need to re-watch the videos before the exam,
but, students in the blended classroom reexamined the long tutorial videos mostly
to redo the problems before midterms and final exams. Bookmarking seemed to
be useful for locating those problems of interest. But where problems required
drawings and computations, paper annotation was more beneficial than a dedi-

cated video annotation platform.

Dodson et al. [27] analyse very similar data, using Chi and Wylie’s [11] ICAP
framework. Again, they make use of the clickstream, accompanied by an online
questionnaire, to conclude that students engage both in active and passive viewing
behaviours when learning from video, trying to maximise efficiency by minimiz-
ing the amount of time spent watching videos and using active viewing to make
decisions about which parts of the video they need to watch.

Seo et al. [79]] investigated the impact of learning context on students’ engage-
ment with video in online and blended courses using ViDeX, in a small-scale
learning scenario (with 116 students), using a survey to identify various engage-
ment goals, such as “reflect” or “flag”, and then in a larger scale one (387 students
in three different courses, one of them fully online and the other two blended), us-
ing clickstream data to examine the impact of learning context (online vs blended)
on students’ engagement. They point out that fast-forwarding and rewinding video
are both examples of active learning with video, while the goals of such activities
likely differ: fast-forwarding reduces the time with the content, while rewind-
ing is used to repeat earlier content. They also remark how the same operation
(e.g. pausing) can be mapped to different ICAP levels (e.g. active, constructive
or interactive). Both points lead to interest in student learning context and intents
and goals. In their first study they identify eight different goals: reflecting, flag-
ging (e.g. bookmarking content), remembering, clarifying, skimming, searching,
orienting and taking a break, and associate them, non-univocally, to pausing, an-
notating, highlighting, rewinding, fast-forwarding, modifying playback speed and
scrubbing. In particular, they notice strong associations between pausing and re-
flecting, rewinding and making sure they had not missed everything or not having

understood something and scrubbing to understand better. In their second study,
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they used the clickstream data and the results obtained in the first study, focusing
on four engagement goals (reflecting, clarifying, skimming and searching) to de-
termine when students watch a video for the first time, they clarify more, while
on repeated watches, they search more. During exam weeks, students clarify less.
Also, students’ level of engagement drops with course week, which they suggest
might be related to increased efficiency. Another clear finding is that students in
online courses use video much more adaptively and strategically than students in
blended courses. This leads the researchers to believe there is a need for video
players that adapt to context, such as helping students easily locate important in-
video information during the exam week or when rewatching previously watched

videos.

In posterior research (Tanprasert et al., [86])), they propose the use of Al to sim-
ulate peers who study together with the student, which can be related to nudging
seen in the AVW-Space case seen above. And, in Srinivasa et al. [84], they de-
scribe a prototype for a mobile application that allows students to take pictures of

their notes to re-find and play relevant videos on their device.

2.3 Context

The present research has taken place at the Open University of Catalonia (UOC,
Universitat Oberta de Catalunya). The UOC is a fully online university based in
Barcelona, Spain. Established in 1994, it was one of the first universities in the
world to offer higher education exclusively through the internet. It specializes
in e-learning and digital education, providing flexible, student-centred programs
designed for lifelong learners and professionals. Its research activity focuses on
areas such as educational technology, digital society, and networked learning. As
a pioneer in online education, the UOC plays a leading role in shaping digital

higher education both within Europe and internationally.

At the UOC, the teaching is conducted through a virtual campus, a web applica-
tion that includes virtual classrooms that contain all the learning resources needed
for the teaching and learning process for the corresponding course. Links can be
included, where adequate, to external resources.
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Students at UOC have a different demographic profile to the usual undergrad-
uate students in conventional higher education settings. As can be seen in [9],
38.9% of students enrolled at UOC are between 25 and 34 years old, 91.8% study
and work at the same time, and 68.9% are studying for professional improvement
or self-employment purposes. Given that student profile, that that study through
the virtual campus and classrooms, and they are fully autonomous, it is essential
to know and understand the students’ learning process to be able to improve said
learning process. Courses at UOC at taught by a faculty member who oversees
the subject, plus a "teaching collaborator instructor".

Within the UOC, the research has taken place in its Computer Science, Mul-
timedia and Telecommunications department, which is dedicated to teaching and
research in computer science and related fields within a fully online environment.
It offers undergraduate and postgraduate programs in areas such as computer en-
gineering, software development, artificial intelligence, data science, and cyberse-
curity. The department combines a strong applied orientation with a commitment

to innovation in online teaching methodologies.

And within the Computer Science, Multimedia and Telecommunications de-
partment, the research has focused on a number of the courses it offers, all of
them in the STEM (science, technology, engineering and mathematics) domain of

knowledge. The courses are as follows:

* A course on Database design, offered as a part of the Computer Engineering
4-year degree offered by the department.

* A course on Introductory statistics, offered in the same Computer Engineer-

ing degree.

* A course on Electronics, offered as a part of the Telecommunications Engi-

neering 4-year degree offered by the department.

* A course on Non-relational database architecture, offered as part of a diver-
sity of postgraduate courses offered by the department.

As is documented in the corresponding sections (3.1 and appendix [A),
data collection is performed for all video playbacks within the system by students
enrolled in the related courses.
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2.4 Data collection and ethics considerations

In this thesis, we have obtained information in two main ways: through click-
stream data collection for quantitative data and through the use of semistructured
interviews conducted with teachers for qualitative data. While semistructured in-
terviews have been widely used and are well known and documented (see, for
example, Adams’s [1]] or Adeoye-Olatunde and Olenik’s [2] work), clickstream

data collection and analytics are much less common.

With the evolution of web technologies, consuming video can be made to leave
a trace: with the use of JavaScript libraries [32, 65] and some back-end devel-
opment, we can record every action a student takes when a student watches an
educational video: when she starts watching it, when she pauses it, skips over a
part of it or rewatches a section [29]. We can see other examples of how this has
been done in the literature, including Marshall, Marshall, and Chauhan’s [56] use
of xAPI [95]], Shi et al.’s VisMOOC work [80], or in Brinton et al.’s attempts to
predict academic performance from this kind of data [6]]. These collected data are
usually called clickstream data [29, |80].

We set up an infrastructure to collect anonymous session data consisting of ev-
ery student interaction with an educational video in order to be later processed and
presented to teachers and other stakeholders. The videos we analysed had been
uploaded to the Vimeo online service (other services, such as YouTube, can be
used too). A JavaScript library, popcorn.js [[65]], was used to intercept interactions
between students and videos embedded in a webpage. Each collected interaction
was then sent to a database for storage and posterior analysis. No measures were
taken to prevent students from accessing videos directly in their hosting services.
If students watched videos on the original hosting service webpage, no click-
stream data was collected. Allowing students to watch videos as they preferred

was prioritized over collecting all data.

Our data scheme collects the following timestamped events: when a web page
is accessed; when a student clicks on the play/pause button (with the position of
the play head in the video timeline as a parameter); when a student scrubs the
timeline (again, with the play head position as a parameter); for videos where

an interactive table of contents is offered, when a student clicks on a menu item
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moving the play head; when the play head reaches the end of the video; and,
finally, when a student closes the browser window or tab. Before presenting the
clickstream data for each video to the stakeholders in the teaching and learning
process, a clean-up process is carried out to detect any extraneous or anomalous

data that could be present and remove it from the presented data.

The quantitative clickstream data that have been collected are presented in the
final article in the Contributions chapter (3.3)). It consists of data for 34 different
videos, with a total of 40,453 sessions (i.e. video playbacks), and 313,724 records,
with each video accompanied by its timestamped transcription, both in the origi-
nal languages (Catalan and Spanish) and their translation into English: 21 of the
videos belong to a course on non-relational databases, all of them in Spanish; 8
of the videos belong to a relational database videos course, half of them being in
Spanish and the other half being their Catalan language versions; and the final 5
videos are on basic statistical testing, and they are in the Catalan language. The
data were collected between May 2013 and March 2022. Only session informa-
tion data are collected, so no personally identifiable information (PII) are available
on the dataset. The code for our solution has been licensed under an open-source

licence and has been published for public access [14].

Semistructured interviews have been used throughout the process as an inte-
gral part of the combination of design and creation approach with action research
with the objective of improving on the design, development and functionality of
the produced artifacts. While important, they are not the focus of the research.
The guidelines given in Wilson [94]] regarding the use of this kind of interview
in the field of user experience design have been followed. According to Wilson,
the combination of predefined questions used in structured interviews with open-
ended exploration is used when there is some knowledge about the topics being
investigated but further details are still needed. This combination is specially
useful when trying to gather opinions, to collect data when behaviour cannot be
observed directly, to understand user goals and to gather information about tasks,
task flows and works artifacts, and to do so when probing and clarification might
be needed. Some limitations of semistructured interviews are the risk of giving
cues to interviewees, or putting words in their mouths. Interviews were done fol-

lowing a script that included an introduction, had a series of structured topics to
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be touched upon, and allowed for exploration when answers given by intervie-
wees opened avenues for further questioning. All interviewees were encouraged
to follow up on any subjects they desired by e-mail after the interview.

Some of the most significative answers given by the instructors interviewed
in the first pilot test can be seen in [3.1.5] Regarding the second and third pilot
tests, results of the conducted interviews can be seen in the First validation and
Second validation sections in the pilot tests descriptions (3.2.5]and[3.2.6)). Finally,
the feedback provided by the interviewed instructors for the fourth pilot test can
be found in sections [A.3.1|to [A.3.5] of the Further development appendix. These
sections contain not only feedback about the tool itself, but some of their most

relevant annotations about the videos themselves. Gathering these observations
is one of the main objectives of this research work. As is documented in that

appendix, access is provided to the all of the annotations through the too]ﬂ

It must be said that, naturally, there are limitations to the quality and signifi-
cance of the collected data. Firstly, we cannot mistake action data for attention
data: a video being played for a given amount of time after the student has clicked
play on it does not automatically mean said student has been paying attention. In
the same way, when a student rewatches a fragment of a video, we do not know if
it is because she did not understand something or, for example, because she was

not paying attention due to some disruption.

Only anonymous data was collected in our research. This is in part because
of technical limitations of the initial approach, that have already been addressed,
but also because of the regulatory [44]] and ethical [37, 49] frameworks: anony-
mous data collection is both allowed by the legal framework and the institution’s
ethical committee [8] without the need for explicit consent. A formal request
was presented to said ethical committee in order to make sure the data collection
and analysis process complied with all their requirements, with a positive resolu-
tion stating that if no PII was collected, there was no need to obtain permission.
If, as it is intended, the data collection schema is extended to take into account
the possibility of collecting potentially PII, it will have to be done in a way that

IThe tool, exactly as used in the documented research, and containing all annotations made by
instructors, is available athttps://corcoles.net/viz/bbdd/. Clicking on each of the existing
segments for each video displays the annotations left.
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is respectful of the regulatory and ethical frameworks mentioned above, and the
ethics committee must be contacted in advance to make sure that all the necessary

privacy protecting measures are implemented according to their indications.
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Chapter 3
Contributions

This chapter contains three research papers that contain the process we have fol-
lowed to obtain answers to the research questions. The bibliographical informa-

tion on the articles is:

The usefulness of video learning analytics in small scale e-Learning scenar-
ios
Authors: César Cércoles, German Cobo, Ana-Elena Guerrero Roldan (Universi-
tat Oberta de Catalunya)
DOI: 10.3390/app112110366
URL: https://www.mdpi.com/2076-3417/11/21/10366
Journal: Applied Sciences, 2021, 11(21), 10366. ISSN: 2076-3417. Impact Fac-
tor: 2.83 (2021). JCR - Q2 (Engineering, Multidisciplinary)
Status: Published (November 4th, 2021)
Summary: This study demonstrated the feasibility and value of using video learn-
ing analytics in small-scale educational settings, countering the prevailing focus
on large-scale MOOC environments. We developed a system to capture click-
stream data —pauses, skips, and replays— from over 4,000 playback sessions
across four computer science courses at the Open University of Catalonia. Teach-
ers were presented with visualizations of this data, revealing student behaviours
that in some cases contradicted instructor assumptions. While all teachers found
the information useful, especially pause patterns indicating comprehension diffi-
culties, many did not immediately identify concrete pedagogical changes, high-

lighting both the tool’s promise and its limitations. Importantly, we established
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minimum data thresholds for actionable insights, showing that meaningful ana-
lytics are achievable even with modest playback numbers. This work laid the
groundwork for subsequent research by validating instructor interest and identify-
ing key design considerations for future tools.

Analysis and improvement of video learning resources in small-scale learn-
ing scenarios
Authors: César Coércoles, Laia Blasco-Soplon, Germdn Cobo, Ana-Elena Guer-
rero Roldéan
DOI: 10.53656/ped2024-9.03
URL: https://azbuki.bg/uncategorized/analysis-and-improvement-of-video
-learning-resources-in-small-scale-learning-scenarios/
Journal: Ilenaroruka / Pedagogika, 2024-9. ISSN: 0861-3982. Impact Factor:
0.2 (2024). JCR - Q4 (Education and educational research)
Status: Published (December 6th, 2024)
Summary: This study builds upon the video analytics tool tailored for small-scale
educational contexts developed in the previous paper, focusing on interpretability
rather than automated analysis. Developed through iterative cycles and tested
with data from 452 students in an electronic circuits course, the tool features a
novel timeline-based visualization that highlights pause, skip, and stop events.
Key innovations include evidence-based interpretations of behaviour, segment-
level analysis, and an annotation system that captures instructor insights. The
tool proved effective at revealing cognitive load variations and areas for poten-
tial instructional improvement. Feedback highlighted its usability and value while
pointing to future enhancements, such as filtering capabilities. This work illus-
trates how rich insights can be drawn from modest datasets through thoughtful

design and educator collaboration.

A dataset on the use of online video by students at the in-video level
Authors: César Corcoles, German Cobo, Ana-Elena Guerrero Roldan, Maria-
Antonia Huertas
DOI: 10.1016/;5.dib.2025.112132
URL: https://doi.org/10.1016/j.dib.2025.112132
Journal: Data in Brief. ISSN: 2352-3409. Impact factor: 1.4 (2024). JCR - Q3

(Multidisciplinary sciences)
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Status: Published (Available online October 10th, 2025)

Summary: Unlike the other contributions in this document, this work is a data de-
scriptor aimed at supporting future research by providing a large, well-documented
dataset of student interactions with educational videos. The dataset includes over
313,000 events from more than 40,000 viewing sessions across 35 STEM videos
used in real courses at the Open University of Catalonia. It captures fine-grained
behavioural data ——such as pauses, skips, and rewatches— using a lightweight,
replicable technical setup. This high-resolution dataset enables micro-level anal-
ysis of learning behaviour and supports hypothesis testing, tool development, and
video design improvements. This contribution lays a foundation for advancing

personalized and data-driven approaches in video-based learning analytics.
Two abstracts for conference presentations are included in Appendix

Minor format and typographical changes have been made to the included papers

in order to improve the coherence of this chapter.

3.1 The usefulness of video learning analytics in small

scale e-Learning Scenarios

by César Corcoles, German Cobo and Ana-Elena Guerrero-Roldan
Faculty of Computer Science, Multimedia and Telecommunications, Universitat
Oberta de Ctalunya, 08018, Barcelona, Spain

3.1.1 Abstract

A variety of tools are available to collect, process and analyse learning data ob-
tained from the clickstream generated by students watching learning resources in
video format. There is also some literature on the uses of such data in order to
better understand and improve the teaching-learning process. Most of the litera-
ture focuses on large scale learning scenarios, such as MOOCs, where videos are
watched hundreds or thousands of times. We have developed a solution to collect
clickstream analytics data applicable to smaller scenarios, much more common

in primary, secondary and higher education, where videos are watched tens or
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hundreds of times, and to analyse whether the solution is useful to teachers to
improve the learning process. We have deployed it in a real scenario and col-
lected real data. Furthermore, we have processed and presented the data visually
to teachers for those scenarios and have collected and analysed their perception
of their usefulness. We conclude that the collected data are perceived as useful by

teachers to improve the teaching and learning process.

Keywords: learning analytics; learning from video; small scale learning sce-

narios; online learning; blended learning

3.1.2 Introduction

Since the popularization of online video, teachers and students have used it more
and more as a learning resource in online teaching [41], both in fully online and
in blended environments, but also in conventional learning environments, e.g., as
a teaching aid [25, 43| or in flipped classroom settings. While we still cannot find
relevant data in the literature, it is to be expected that the recent global pandemic
has only helped make this change faster [16] (using video teaching and learning
grew by 28% from the 2019 to the beginning of the 2020-21 academic year).
Thus, it is essential to better understand how students learn from these resources
[7,121130,(32,35].

Watching learning resources in video format (from now on we will use the
term “educational video” to refer to them) in order to learn something presents a
number of differences regarding the teaching and learning process compared to
listening to a face-to-face lecture in a conventional classroom, or even attending
that same lecture using videoconferencing software. On one hand, an experi-
enced teacher is expected to diagnose how students are learning from visual cues,
which are lost to a great degree when using videoconferencing software, and to-
tally when students watch pre-recorded videos (this is so much so that with the
growth of online teaching there has been a growing interest in the field of affec-
tive computing in order to automatically obtain information from students’ facial
expressions [15]). In that aspect, educational video is closer to studying from a
book, even when those videos try to capture a lecture. However, on the other hand,
with the advent of HTMLS5 video, consuming video can be made to leave a trace:
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with the use of JavaScript libraries [12} [28]] and some back-end development, we
can record when a student has started watching an educational video, and, more
importantly, the moments when she paused it, skipped over a part of it or repeat-
edly rewatched a section of it, for example [10]. Marshall et al. [26] take a similar
approach using xAPI [44]. These collected data are usually called clickstream
data [10, 40]. Moreover, given the linearity of video, one can be sure to a high
degree of where in a video a student is, something that, in the case of text, would
require cumbersome eye tracking technology. Could these clickstream data make
it possible to give teachers actionable information regarding the learning process?
Could we, as an example, detect patterns indicative of problems or opportunities

in the learning process?

Additionally, it has become possible to add some level of interactivity to video
players, beyond basic playing, pausing and skipping forwards and backwards.
Some examples of such interactivity are: (i) a video can be made to stop automat-
ically at a certain point, (ii) some text or figure can be shown on demand, or (iii)
a certain action can be triggered by a sequence of events (say, we can show text if
a student pauses for a certain amount of time in a given segment of the video and
then skips backwards to another given segment). Could these features be used to

intervene in a student’s learning process in real time?

It is our objective to determine whether the use of video learning analytics is
perceived as useful for the improvement of the teaching process in small scale

learning scenarios.

We use the term “small scale” to refer to all kinds of learning scenarios in which
educational videos are watched by students individually (fully remote learning,
flipped classroom environments, face-to-face learning scenarios in which students
are given videos to watch as feedback or reinforcement, etc.) in which the student-
to-teacher ratio allows for individual intervention: at most a few hundred students
per teacher, and usually tens of students per teacher. This results in videos used
in playbacks for a single video being at most a few hundred times per course
collectively among all students, and, in many cases, fewer than one hundred times.
Thus, in the present work, “small scale” refers to scenarios in which we have
collected information for less than one thousand playbacks for each video. We are

interested in small scale learning scenarios because, to our knowledge, there is no
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research in the field that applies to these scenarios, which are more common than

the big scale learning scenarios commonly found in the literature.

We use the definition of “perceived usefulness” given by Davis in the frame-
work of the technology acceptance model (TAM) [9]. That is, perceived use-
fulness is “the degree to which a person believes that using a particular system
would enhance his or her job performance”. The TAM, first introduced by Davis,
assumes that an individual’s information systems acceptance is determined by
two major variables: perceived usefulness and perceived ease of use, and it is a
widely applied theoretical model in the information sciences field [23]]. Thus, we
will use perceived usefulness and perceived ease of use as measures of success
in this work. Again, to our knowledge, there are no examples in the literature
of analysing the perceived usefulness by teachers of educational video learning

analytics.

The rest of this paper is structured as follows. Firstly, we present the theoretical
framework for our work and the context in which it was developed, followed by
the research questions. Then, the methodology is described. That is followed by
a description of how the data were collected, processed and analysed. Then, the
results of presenting the analysed data to the implicated teachers in semistructured
interviews are shown. The article is closed with the presentation of the results and

the conclusions.

3.1.3 Literature review
Educational video

According to Cruse [8]], the use of educational video reinforces reading and lec-
ture material, aids in the development of a common base of knowledge among
students, enhances student comprehension and discussion, provides greater ac-
commodation of diverse learning styles, increases student motivation and enthu-

siasm, and promotes teacher effectiveness.

The growth in use of educational video has been widely documented for some
time [18, 34, 41]]. Kay [18] notes how research on the use of “video podcasts” in
education began to surface in 2002, and how the arrival of YouTube in 2005 and
the growth in bandwidth between 2006 and 2010 represented a shift in adoption.
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He also notes that with respect to purpose, four main types of educational video
have emerged, including lecture-based, enhanced, supplementary and worked ex-
amples. Pedagogical strategies for educational videos include receptive viewing,
problem solving, and created video. Educational video can also be classified by
academic focus, which can be practical or conceptual. According to Kay, approx-
imately half of educational videos target practical skills or specific problems and
are typically short or segmented. The other half target higher level concepts and
are relatively long. Tiernan [4 1] notes how educational video can be used in a vari-
ety of teaching and learning contexts to alter and enhance the experience provided
for students, including in classrooms, and how, in skills-based teaching scenar-
10s, video is a powerful tool for demonstrating practical examples and models for

students.

Poquet et al. [34]] remark on the mixed evidence around the observed effective-
ness of the use of video as studied by Yousef et al. [45], which is an indication
of the need for more research on the question of educational video. Poquet et
al. also note how few MOOC studies report experimental findings and are often

descriptive or correlational.

Learning analytics and educational data mining to enhance the teaching and

learning process

The fields of learning analytics and educational data mining have put considerable
effort into studying how students interact with learning resources. Naturally, this
is hampered by the fact that one can only analyse interactions leaving a trace.
Moreover, with textual resources, even if they are electronic in nature (a website,
a PDF file), it is very hard to know where a student is in the text without intrusive,
cumbersome equipment: it is only through the use of eye tracking that one can
follow the gaze of students at a given point. This has had an effect on granularity:
many of the research papers found in the literature (see [41, |18} [34]]) are more
concerned with student navigation through sequences of learning materials than
the interaction with a single learning resource as a venue for the teaching and
learning process. Thus, even when an infrastructure to collect learning analytics

data has been put into place, in most cases its objective is not to get back some
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of the information that teachers are expected to obtain in traditional, face-to-face

settings.

Online video, as we have seen, provides a big opportunity to dig down and op-
erate at a lower level of granularity. Most research papers found in the literature
focus on the context of MOOCsSs (massive online open courses) [40, 22, 1], which
often use collections of educational videos as the main learning material. This
context has given place to a lot of very interesting research on large scale infor-
mation for a video: it is relatively easy, for example, to observe patterns such as
student dropout or navigation patterns (say, students reviewing a given segment of
a video at a given point in the course, or repeated viewing of worked-out exam-
ples) [19], and this can provide teachers with actionable information that can be
used to detect problematic points in a video, segments that need to be explained

in more detail, etc.

That research has, understandably, been more concerned with providing infor-
mation for the improvement of an educational video than with analysing how
a single student —or small groups of students showing common behaviour—
watches that video and trying to detect patterns and intervene on her learning.
That is especially justifiable in the MOOC context, where the student teacher ra-
tio is very high and student expectations regarding teacher interaction are low.
However, in many educational contexts, in higher or secondary education, stu-
dent teacher ratios are much lower, and teachers are expected (and able) to give
individual students feedback on their learning activities.

In our experience, when teachers are offered a peek into the trace left by stu-
dents watching educational videos, they are often surprised at how a significant
number of students do not watch the video from beginning to end without pausing
or skipping backwards or forwards: for most educational videos we have analysed,
independently of the subject or its learning objectives, there will be a significant
number of students who will pause and skip, and go backwards and forwards,
significantly more than lecturers had anticipated.

Additionally, most of the research has focused on either giving the student some
feedback to improve her learning or trying to predict student success or failure.
Our focus is on detecting segments in the video that could be improved in some

way (by reshooting it, editing it or by adding some interactivity to the video in
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response to student behaviour patterns, such as suggesting additional learning re-
sources for some students, for example) to improve the teaching and learning

process.

The use of blended and virtual learning is currently increasing at a very fast
pace, with pre-pandemic expectations of annual growth at a yearly rate of 15.5%
until 2025 [33]. Due to the pandemic, higher educational institutions are adding
additional tools and resources to support learners across their learning process.
Nevertheless, the addition of tools and resources should be carefully considered
in order to analyse their effectiveness and the impact on the learning process. The
2020 NMC Horizon Report [5]] includes analytics for student success and adap-
tive learning technologies as two of its six emerging technologies and practices
practitioners believe will have a significant impact on postsecondary teaching and
learning.

When focusing on the impact of learning resources such as educational videos
through a virtual learning environment, as aforementioned, learning analytics
(LA) [39], as well as educational data mining (EDM) [37]], become useful areas
to analyse data collected of/from learners’ interaction with a video in any virtual
learning environment (VLE). However, LA and EDM focus on the use of large
data sets, as can be seen in Romero and Ventura [37]], leaving behind small data
sets collected to suggest enhancements by providing meaning insights to single
courses with low ratio of learners, that we call small scale scenarios. As pre-
viously stated, we use “small scale scenarios” to refer to videos with collected
data from less than one thousand playbacks. Multimedia Learning Theory (MLT)

suggests several possible applications of LA data to improve learning [27]].

Some interesting findings in the field include those by Li et al. [24] who re-
ported a relationship between clusters of interactions such as those we analyse

(pausing, skipping, etc.) and perceived difficulty.

The interaction between worked-out examples as a teaching and learning tool
and self-explanations by students when learning from those examples are of par-
ticular interest (Renkl et al., [36]). Worked-out examples consist of a problem
formulation, solution steps and the final solution itself. Research has shown that

learning from such examples is of major importance for the initial acquisition
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of cognitive skills in well-structured domains such as mathematics, physics and
programming [36].

According to the research in the field [2], spontaneously generating explana-
tions to oneself as one studies worked-out examples from a text is a process that
promotes skill acquisition, even though it is neither the direct encoding of in-
struction nor the compilation of an encoded skill. Self-explanation is a domain
general constructive activity that engages students in active learning and ensures
that learners attend to the material in a meaningful way while effectively mon-
itoring their evolving understanding. Several key cognitive mechanisms are in-
volved in this process, including generating inferences to fill in missing informa-
tion, integrating information within the study materials, integrating new informa-
tion with prior knowledge, and monitoring and repairing faulty knowledge. Thus,
self-explaining is a cognitively demanding but deeply constructive activity. For a
review of the effectiveness of self-explanation and its use as a trainable learning
strategy, see [38]].

Clickstream data visualization

The large amount of data generated by logging clickstreams has led, naturally, to
research in the field looking for visual tools for the presentation of that kind of
data. Clickstream visualization is especially important in e-commerce, for exam-
ple, and it is easy to find literature on website clickstream visualization. Kateja et
al. [17] present a systematic approach to visualizing clickstream data. In the field
of education, some examples of clickstream visualization can be found in Goulden
et al. [11] or Chen et al. [4]. It is less frequent to find research on video click-
stream visualization. Wang et al. [42] remark on the fact that although various an-
alytic techniques have been proposed to explore patterns in video clickstream data,
those techniques usually do not sufficiently support presentation, which makes it

difficult to communicate the information to audiences without prior knowledge.

If we focus on video clickstream visualization in the field of education, Gian-
nakos et al. [10] present graphs assigning an importance value to every moment
in the video. Kim et al. [19] are interested in interaction peaks and, thus, build
graphs representing interactions and re-watching sessions for every moment in the

video. In [19] a timeline is built to scrub videos that use the number of interac-
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tions in an attempt to improve interaction. In the same spirit, Chen et al. [4]] also
observe interaction peaks. Lau et al. [22]] are interested in dropouts and, thus,
focus on audience retention. Hu et al. [[14] and Mubarak et al. [29] report on
the number of the different types of events occurring in every minute of a video.
Finally, Shi et al. [40] are the closest in spirit to the present work, as they not only
show interactions (play, pause, seek) per moment of the video in their graphs but
they also build diagrams showing skipping forwards and backwards behaviour.
No other diagrams or graphs have been found in the literature that show skipping

and pausing behaviour.

3.1.4 Methods and materials
Research questions and research design

As previously stated, it is our objective to determine the perceived usefulness (as
defined by Davis [9]) of video learning analytics in small scale learning scenarios.

In order to do so, our research questions are:

* RQ2.1. Are data generated by students watching educational videos per-
ceived as useful by teachers in small scale learning scenarios?

* RQ2.2. Is there a minimum number of video playbacks to record so that the
presented data are perceived as useful by teachers to enhance the learning

process? In the affirmative case, what is that minimum?

In order to give answers to our research questions we collected LA data on a
series of educational videos, we developed visualizations to make the data easier
to understand for stakeholders, we distributed the information to lecturers in the
different courses for which we collected data and, finally, we conducted semistruc-

tured interviews with them to gather their opinion on the utility of the information.

In this paper we use a mixed research methodology combining action research
with a design and creation approach [31]]. Action research is used as a framework
since it tries to create a system to solve an existing problem, generating a product
dealing with market needs that will undergo basic pilot tests. Derived from that
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action research approach, it concentrates on practical issues, is based on an iter-
ative cycle and puts its emphasis on change and collaboration with practitioners.
Our iteration cycle is based on five steps. The first step is awareness: we real-
ize we do not have an understanding of how students watch educational videos
beyond the very basic. Then comes suggestion: we decide a learning analytics
approach is the best approach to gather the best possible information to solve the
problem. The next step is development: we implement a learning analytics solu-
tion which is tailor-made for our circumstances (but is easily applicable to other
scenarios). Then comes evaluation: we go over the collected data, process them,
create some visualizations, and present them to the teachers involved in the teach-
ing and learning process our objective is to understand better. The development

and evaluation steps are repeated in order to provide better results.

Context

The focus of our research is the use of educational video in higher education en-
vironments, but it should also apply to other levels (such as secondary education)

and contexts (such as informal education).

The Open University of Catalonia (UOC) is a fully online university created
in 1994. Its educational model is learner and competence centred. The univer-
sity’s assessment model is based on Continuous Assessment (CA), and learners re-
ceive qualitative feedback after delivering learning activities. Teachers and tutors
communicate with the learners through personal and group-class communication
spaces through the Virtual Learning Environment (VLE). The VLE includes all
communication spaces to promote social interaction, a digital library and teachers
and tutors to support learners across courses. The university’s enrolled students
are mostly aged between 25 and 45 years old. Most of them already have a full-
time job and familiar commitments, so there are some time constraints to over-
come when enrolling in online courses. Learning activities, tools, resources and
learning materials are offered taking such conditions into consideration. Teachers
design activities and provide feedback to learners to reduce isolation and guide
learners as much as possible across their learning path.

The VLE consists of a number of classrooms that students and teachers ac-
cess. The classrooms contain different spaces. Some of those spaces are dedicated
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to communication, both unidirectional from teacher to students, and multidirec-
tional, among students and teachers. In an activity-centred approach, the main
space in the classroom is dedicated to the different learning activities (including
assessment activities) to be carried out during the course, and the spaces for each
activity contain the learning resources suggested to students in order to carry out
those activities. Those learning resources can include educational resources, such
as the educational videos that we analyse in the present work. As with all other
learning resources, they can be either mandatory watching, central to the activity,
or additional content.

Participants, study procedure and instruments

Data were collected from 37 different educational videos in four different courses,
all of them belonging to the Computer Science, Multimedia and Telecommunica-
tions department at the UOC. Figure shows two examples of how videos are
presented to students.

Four videos (two videos presenting the same contents in two different lan-
guages) belong to a Database Design course belonging to a degree in Computer
Engineering. Video duration ranges from 8:34 to 15:10 min. The analysed data
were collected for a total of six semesters. In that period the pages containing
the different videos were accessed 1208 times, and in 572 cases a playback last-
ing more than 10 s was recorded (a 10-s duration has been set arbitrarily as a

non-empty session). In total, 17,181 events were recorded.

Four more videos belong to an Introductory Statistics course in the same degree.
One of the videos has been shown to students in two variants, one containing an
automatic pause at a point in the video. Video duration ranges from 7:11 to 12:07
min. The analysed data were collected for a total of ten semesters. In that period
the pages containing the different videos were accessed 408 times, and in 320

cases a playback lasting more than 10 s was. In total, 6239 events were recorded.

Eight more videos (four in two languages, Catalan and Spanish) belong to an
Electronics course as part of a degree in Telecommunications Engineering. Video
duration ranges from 4:01 to 7:04 min. The analysed data in this work were col-
lected for a total of ten semesters. In that period, playback sessions were initiated
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* Escenarios donde iona un SGBD relacional (7:54)
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Descarca del video

(a) (b)

Figure 3.1: Two examples of the presentations of videos in the virtual classroom. All
videos in a course are presented in a homogenous way, but differences in presentation
exist among different courses. In most cases, the video or videos are embedded in the
webpage with no additional features, see leftmost figure (a). In some cases, a table of
contents is provided, with active links that take the user to the corresponding moment in

the video, see rightmost figure (b).
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a total of 334 times, with 243 lasting more than seconds. In total, 2592 events

were recorded.

Finally, 20 videos belong to a course in non-traditional (non-relational) database
architecture. Video duration ranges from 6 min and 36 s to one hour and thirty
seconds, with an average of 24:48 min and a standard deviation of 14:25 min.
The data analysed in this work were collected for a total of six semesters. In
that period the pages containing the videos were accessed 6741 times, with 2205
playback sessions lasting more than ten seconds recorded. In total, 44,987 events
were recorded. Some of the videos in this course contained an interactive index

allowing students to jump to sections in the video.

All courses are worth 6 European Credit and Accumulation System (ECTS)
credits. The first three courses rely on conventional teaching materials, with the
videos being additional but required material created by the teaching team. In the

non-traditional database architecture course, the videos are the main material.

A total of 28 of the analysed videos (those in the Database Design, Introductory
Statistics and non-traditional database architecture courses) are enhanced videos
and include some worked examples, according to the classification by Kay [18].
The eight remaining videos (those in the Electronics course) are worked examples,
according to the same classification. According to pedagogical approach (also
following Kay’s classification) the 24 videos in the Database Design and non-
traditional database architecture courses, have a main receptive viewing strategy
combined with some problem solving. The videos in the Introductory Statistics
and Electronics courses are best classified as problem-solving videos. All the
videos have a practical approach.

A summary of this information is provided in table [3.1] for easy referencing.

Data analysis

We set up an infrastructure to collect anonymous session data. The goal was to
capture every student interaction with an educational video in order to be later
processed and presented to teachers and other stakeholders. Videos were origi-
nally uploaded to the Vimeo online service (other services, such as YouTube, can
be used too). A JavaScript library, popcorn.js, was used to intercept interactions
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Course Videos Video Accesses Sessions longer Events
Lengths than 10"
Database design 4 (2+2)  8:34-15:10 1208 572 (47.4%) 17,181

Introductory

o 4 7:11-12:07 408 320 (78.4%) 6239
Statistics

Electronics 8 (4+4)  4:01-7:04 334 243 (72.8%) 2592

Non-traditional
20 6:36-1:00:30 6741 2205 (32.7%) 44,987

databasess

Table 3.1: Summary of the analysed videos.

between students and videos embedded in a webpage. Each collected interaction
was then sent to a database for storage and posterior analysis. Therefore, it is not
necessary to be the owner of a video in order to collect clickstream data: it is

possible to collect information for any videos embedded in a webpage.

While large scale scenario clickstream data collection would require an ad hoc
back-end solution, for small scale scenarios almost any database can be used. In
order to maximize compatibility, a solution using PHP (version 7.4) as the server
language and MySQL/MariaDB (version 10.4) as the (relational) database was
used.

No measures were taken to prevent students from accessing videos directly in
their hosting services. If students watched videos on the original hosting service
webpage, no clickstream data was collected. Allowing students to watch videos

as they preferred was prioritized over collecting all data.

Our data scheme collects the following timestamped events: web page ac-
cessed; student clicks on the play/pause button (with the position of the play head
in the video timeline as a parameter); student scrubs the timeline (with play head
position); for videos where indexes are offered, clicks on a menu item moving
the play head; play head reaches the end of the video (technological limitations
make it impossible to capture all possible variations of this event); student closes
the browser window or tab (again, technological limitations make it impossible to
capture all possible variations of this event).
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The code for our solution has been licensed under an open-source license and
has been published for public access [6]].

Naturally, there are limitations to the quality and significance of the collected
data. Firstly, we cannot mistake action data for attention data: a video being
played for a given amount of time after the student has clicked play on it does not
mean said student has been paying attention. In the same way, when a student
rewatches a fragment of a video, we do not know if it is because she did not
understand or, for example, because she was not paying attention due to some
disruption. Thus, while the collected data and the analysis of their visualizations
(see below) lead us to believe there is valuable information to be extracted from
the observation of individual behaviour, caution is required when taking decisions

affecting individuals.

Only anonymous data was collected. This is in part because of technical limi-
tations of the initial approach that have already been addressed, but also because
of the regulatory [13]] and ethical [20, 3|] frameworks: anonymous data collection
is both allowed by the legal framework and the institution’s ethical committee

without the need for explicit consent.

For each video in each course, the collected data were processed. Firstly, we
looked for anomalous data that may have been indicative of a problem with data
collection. In that case, the whole session was discarded. Less than 0.1% of

sessions presented anomalous data.

The raw collected data, as presented in Table 2, may not be easy to interpret
for untrained stakeholders. Thus, in order to present the data to teachers and
other stakeholders in the involved courses, the collected data was processed and

converted into a variety of visualizations.

We did not use the visualizations seen in the literature, as they did not seem
appropriate for our volume of data and the objective of intervention in the learn-
ing process at the individual or small group level, more suitable in small scale
scenarios. Firstly, a visualization (see Figure[3.2)) was developed to present single
playback sessions. This was used to show teachers how there were a significant
number of students that did not watch the videos from beginning to end without

skipping forwards or backwards or pausing. For each video, the five playback
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Page Accessed Video Timestamp Action Parameters
Tue, 10 March
2019 11:27:44
GMT

05585_01 11:27:44 GMT page loaded

055851 11:27:49 GMT play 0
055851 11:27:50 GMT seek 77.867
055851 11:27:51 GMT seek 196.011

Table 3.2: An example of the collected data for a typical session. Parameters are de-

scribed in the text.

sessions with the most recorded events were shown to the teacher, accompanied

by a summary of skipping and pausing data.

Presenting data for single playbacks is challenging because, as video is a time-
based medium, there are two different time variables involved: “video time” and
“session time”. By “video time” we refer to the position in the video a student
is currently watching. By “session time” we refer to the elapsed time since the
session began. As most video playback interfaces use the horizontal axis to rep-
resent “‘video time”, the horizontal axis in the graph has been chosen to represent
“video time”, while the vertical axis is used for session time. Thus, video play-
back appears in the graph as diagonal segments (typically with slope 1, although,
if a student watches video at an accelerated rate slopes are bigger, and lower if a
student watches at a slower speed). Pauses appear as vertical segments, with the
length of the pause corresponding to the length of the segment. Finally, skipping
backwards or forwards appears in the graph as horizontal segments.

Secondly, in order to present the skipping forwards and backwards behaviour,
data are visualized using scatter plots (see Figure [3.3] for an example). In this
case, both axes represent “video time”. Every time a student skips in a video, she
skips from a starting point to an ending point. The horizontal axis has been cho-
sen for starting points, while the vertical axis has been chosen for ending points.
Thus, every point in the plot represents a jump. Points below the diagonal repre-
sent backwards jumps, while those above the diagonal represent forwards jumps.
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Figure 3.2: Single playback visualization for a typical session. The video is 810 s long
(13'30"), and the playback session lasts 1013 s (16'53"). The presented session corre-
sponds to a student watching the first 130 s of the video (1 in the figure), then pausing for
11 s (2), watching the video until the 212" mark (3), skipping backwards 6" (4), etc.
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Figure 3.3: A scatter plot representing skipping behaviour for a typical educational video.
Two jumps have been highlighted. Jump I represents a short backwards jump. Jump 2
represents a jump from the beginning of the video to the 16:04 mark.

Points close to the diagonal represent short jumps, while those further away from

it represent longer jumps.

It was a common occurrence in the data that a student skipped many times
in a very short amount of time. This was generally interpreted as the student
looking for a certain point in the video. It is not desirable to show this in the graph
as many jumps instead of one, so an arbitrary modifiable parameter, t, has been
introduced (in the examples used in this work, it has been set to one second). If
two jumps appear in the data for the same session, less than t seconds apart, then
they are considered a single jump, from the starting point of the first jump to the
ending point of the second jump. This is applied iteratively to simplify skipping
behaviour.
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Lastly, pausing behaviour has also been visualized with the use of scatter plots
(see Figure for an example). In this case, again, the horizontal axis has been
chosen to represent “video time” (the moment in the video at which the student
pauses). The vertical axis has been chosen to represent the length of the pause. As
pause durations have a very wide range, with many short and few longer pauses,
a logarithmic scale can be chosen for the vertical axis. In order to better represent

at what points in a video pauses take place, a histogram can be employed too.

Semistructured interviews were carried out with the teachers for the courses.
In order to answer the first research question, sets of visualizations of types 2
and 3, and, where appropriate, a subset of visualizations of type 1 (the five single
playbacks with the most events, and then five examples corresponding to the most
common behaviour patterns, when visual inspection has shown common patterns)
for each course were presented to the involved teachers. A block of four identical
questions was presented regarding each graph (for brevity, we only present the
block regarding playbacks with the most events):

1. Have you found the graphs corresponding to the five single playbacks with
the most events useful?

2. Would you be interested in having those graphs for videos you use in your
teaching activity?

3. Is there any information in those graphs that will lead you to take any action
related to your teaching activity related to those videos useful? If so, please

state which information and which actions.

4. On a scale from 1 (very hard to read) to 5 (very easy to read), how easy to
read are these graphs?

Questions 1 and 4, in particular, were informed by the technology acceptance
model [9]. Finally, an open question was presented to collect feedback from teach-
ers:

5. Can you think of any improvements we could make to the graphs you have
been shown? If so, which?
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Figure 3.4: A scatter plot representing pausing behaviour for a typical video. We can
observe different kinds of events by their grouping: “pause and follow”, “pause and
skip backwards”, “pause and skip forwards”, “pause and leave”, “skip backwards while
playing” and “skip forwards while playing”. It is beyond the scope of this article to
provide an exhaustive study of the different kinds of events that can be found in the scatter
plots and to analyse whether there are significant differences among them, although we

consider it an interesting line of future work.
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In order to answer the second research question, we have presented subsets
of the same data. As courses are organized in semesters, we chose semesters as
the unit: for a particular course, visualizations 2 and 3 are presented for the data
corresponding to the first semester. Then, the same visualizations are presented
for the first two semesters, and so on. Teachers were asked which of the graphs

would be the first one to be useful to them.

3.1.5 Results
Summary of the obtained results

All the interviewees answered positively to the first and second questions (“Have
you found the graphs corresponding to the five single playbacks with the most
events useful?” and “Would you be interested in having those graphs for videos
you use in your teaching activity?”).

Regarding the third question (“Is there any information in those graphs that
will lead you to take any action related to your teaching activity related to those
videos useful?”’), despite the positive answers to the two first questions, no specific
actions related to teaching activity were suggested directly, although some of them
gave feedback later in the interviews that may be considered as potential changes

to be made to the videos to improve them, which we will see below.

Regarding the fourth question (“How easy to read are these graphs?”), single
playback graphs (as seen in Figure were considered interesting but initially
hard to read and teachers considered it hard to extract conclusions from them.
Skipping behaviour scatter plots (as seen in Figure [3.3) were, in general, consid-
ered somehow hard to read, while pause scatter plots (as seen in Figure [3.4) were
considered easier to read. Some teachers suggested that, for pausing behaviour,
using a histogram showing the distribution of spots at which students paused the
video might be more useful than a scatter plot. Another suggestion was that the
difference between forwards and backwards jumps should be made clearer. Ad-
ditionally, one teacher stated that it was not clear from the graphs the number of
playbacks where jumps happen, relative to the total number of playbacks. Finally,
some teachers pointed out that while the graphs were useful as presented, they
missed being able to tell whether a jump or pause corresponded to the first play-



66 CHAPTER 3. CONTRIBUTIONS

back of a video by a student or a subsequent one, and that it might be interesting

to be able to identify sessions with atypically high numbers of events.

One lecturer considered the pause scatter plot more useful than the jump scatter
plot: “Many very concentrated pauses can indicate problems of understanding

what the video explains/shows in that place”.

Regarding the fifth question (“Can you think of any improvements we could
make to the graphs you have been shown?”), no significant feedback was ob-
tained. Given that the interviewed persons are not experts in the domain of data
visualization, this has not been considered of particular interest.

Three examples of feedback corresponding to the series of questions regarding
the usefulness of the videos, and possible improvements to the videos as a result

of the provided information are the following:

* “I don’t think the video should be changed for this, but I interpret these
two pause patterns (one towards the beginning and one towards the end) as
indicating that the students have stopped in these two areas to reproduce
with their practice kits what is being shown in the video (the cluster of
pauses at the beginning: testing the tracks of the breadboard; the cluster of
pauses at the end: assembly of the circuit). The absence of pauses in the
central area can be interpreted as that this part of the video hardly provides
any information and, perhaps, could be shortened to obtain a shorter but just

as informative video.”

* “I see a lot more jumping forward than backward. This may be indicative
that the video is too long, or perhaps that it has parts of little interest or that
provide redundant information (e.g., once you have shown how to connect
one or two components on the breadboard, the connection procedures of
the rest of the components are exactly the same, and maybe they could be
elided and directly show the result of the connection) and that they last too
long.”

* A lecturer in the non-traditional database course (in which an index was pro-
vided allowing students to jump to sections in the video) spotted a number
of students jumping to points in the video corresponding to certain slides
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that had not been in the index, and suggested that those slides may be in-
cluded in the index for future students. Additionally, she suggested that
aggregations of jumps may change from first views to second views of a
video, and that if this is the case, the provided index could change dynami-

cally to better help students navigate the video.

These three examples of possible changes to be made to the videos seem in-
dicative of the fact that the presented graphics, while basic and needing more
work, can be useful to detect possible points of improvement to the videos they

represent.

If during the interview teachers were offered the possibility of being able to
program questions to be asked to students regarding their watching behaviour,
triggered by sequences of events (student pauses at a particular segment in the
video, student jumps from a particular segment to another one, student jumps a
number of times), teachers usually considered it an interesting option, but did not
have a clear line of questions to ask.

Regarding the number of points needed for the jump scatter plot to be useful,
for short-to-medium length videos (less than 15 min long), the most common cut
off point was between 100 and 75 points. Reaching 100 points for a graph was, in
the short-to-medium videos for which we collected information, achieved in less
than 70 playbacks. For longer videos, the most common cut off points were below
200 and between 200 and 400 points. Reaching 200 points, in that class of videos,
was achieved in less than 175 playbacks, while 400 points were reached in less
than 225 playbacks.

Answers to the research questions

The answer to the first research question (“Are data generated by students watch-
ing educational videos perceived as useful by teachers in small scale learning
scenarios?”) is affirmative: all interviewed teachers state that they find the pre-
sented graphs useful, and they would like to have them for all educational videos
they use in their classes, although they do not see changes or improvements to be
made to the videos as a result of the information obtained from the data. There is
no clear explanation for this fact. One possible reason may be that the analysed
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videos were the result of work by teachers with a long experience in the creation
of educational videos and, as such, they do not present points to be improved be-
cause of the obtained information. Another possible explanation may be that the
timeframe of the interviews did not provide sufficient time for interviewees to re-
flect on the obtained information and conceptualize improvements to the videos.
In any case, while the results of this research are encouraging on this point, more
work is needed. This may come as an expansion to include more videos in the re-
search, possibly created by less experienced teachers, or on expanding interviews
on the videos that have already been analysed in this fork, for example.

The answer to the first part of the second research question (“Is there a mini-
mum number of video playbacks to record so that the presented data are perceived
as useful by teachers to enhance the learning process?”) is also affirmative: all in-
terviewed teachers needed a minimum amount of data in the presented graphs in
order to consider them useful. Regarding the second part of the question (“In the
affirmative case, what is that minimum?”), in the case of short-to-medium length
videos that minimum is achieved in less than 70 playbacks. In the case of longer
videos, that minimum is achieved in less than 225 playbacks. In our cases, this
corresponds to between one and three editions of a course, depending on cohort
size, which could be considered as an initial estimate for when it is worth setting

up a data collection infrastructure.

Regarding the classification of the analysed videos, according to Kay [18], e.g.,
lecture-based; enhanced containing worked examples; containing just worked ex-
amples; those focusing on problem solving; those combining problem solving
with receptive viewing, there is not enough collected data to make any state-
ments regarding differences in navigation patterns according to those classifica-
tions. This suggests a future line of work expanding the research to more videos,

so that enough data are collected.

3.1.6 Discussion

Both research questions have been answered with positive results: learning an-
alytics data collected from students watching educational videos are perceived
as useful by teachers, even in small scale learning scenarios, and the minimum
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amount of data required to achieve that perception of usefulness can be achieved
in small scale scenarios. While more research is needed in order to present more
conclusive results, it appears that in every learning scenario in which we expect at
least 225 playbacks for a video (which may be aggregated over time), it is useful
to set up an infrastructure to collect clickstream data for educational videos, to
process the collected data and present the resulting information to teachers and
other stakeholders. It is to be expected that in many cases, that 225 limit can be
significantly lower, especially for shorter videos. One question that remains unan-
swered is whether data obtained from similar scenarios (say, similar courses in
different schools, for example), can be aggregated together, which may reduce the
impact of that lower bound. In any case, these data are at least an order of mag-
nitude lower than those present in the literature: for those studies presenting the
number of playback sessions analysed or equivalent data, Kim et al. [[19]], Chen
et al. [4] and Shi et al. [40] talk about “millions of clicks™; Lau et al. [22]] use

thousands of playbacks; Ozan and Ozarslan [32] analyse thousands of events.

According to the definition of perceived usefulness by Davis [9]], the results
we have obtained regarding both perceived usefulness and ease of use and pre-
sentation of our data seem promising and granting further work: the interviewed
teachers universally felt that the presented data gave them information about how
students watch their videos that was not previously available to them, such as the
frequency with which students skip to certain segments in the video or review
other segments, and they were unanimous in their desire to have the infrastruc-
ture for data collection and analysis deployed to their videos in the future and the
obtained information presented to them. Thus, the previously little explored appli-
cation of learning analytics to educational videos in small scale learning scenarios
seem deserving of further attention. More work is needed on the presentation of
the data so that the presented information is easier to interpret, and to analyse how
possible improvements are decided upon, brought to the videos and their results

are analysed.

In the interviews that were conducted, teachers were proactive in pointing out
possible data patterns that might be indicative of potential problems associated
with the educational video itself or with the design of the courses in which the

videos are used and which could lead to, firstly, detecting the occurrence of those
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problems and, secondly, taking measures to eliminate them or minimize their ef-
fects. Some examples of such patterns are a predominance of skipping forwards
being indicative of a video containing redundant segments that could be elimi-
nated (potentially just for some students, according to their previous navigation
patterns), or the existence of segments that are reviewed frequently, which could
be complemented with more detailed explanations for some students, again as a
result of their navigation patterns. This leads us to think that there is a big oppor-
tunity to extend the scope of the research so that it is taken to more small scale
scenarios, especially those in which the use of educational videos has not been
the focus until very recently, where it is to be expected that more easily detectable

problems may be occurring.

Regarding the limitations of our work, firstly, we must be aware we are dealing
with possibly incomplete data. Collected data are not necessarily representative of
the attention patterns by students: e.g., interruptions in their environment do not
necessarily map to collected data. This must be made clear to teachers and other
stakeholders, although we are confident that aggregate results reduce the noise in
the data.

Lastly, the anonymity of the collected data, while intentional and taken into
account, represents a limitation. Whenever made possible by the legal and ethi-
cal frameworks, some sort of identification should be recorded so that better in-
formation can be made available to teachers and other stakeholders to improve

usefulness.

This final limitation can be easily addressed. The first presents an opportunity
for analysis in more controlled environments so that we may have better informa-
tion about the correlation of clickstream data patterns and their possible real-life

sources.

3.1.7 Conclusions and future lines of work

Our main contribution with this work is applying the TAM to check if teachers
perceive the collected educational video learning analytics data as useful, with
positive results. We have no knowledge of any works in the literature that have
studied formally the perception of usefulness of learning analytics data for educa-
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tional video, at this scale or any other scale. We have also gathered some initial
information about the minimum amount of data to be collected so they are per-
ceived as useful. A secondary contribution is the development and testing of a
data collection system for educational video learning analytics that is usable and
easy to deploy for small scale scenarios, which can be used to collect data for
first- and third-party learning resources and, especially, that has been released as
open-source software. Moreover, we have developed a series of novel, if basic,
visualizations tailored for our low volume of data and the objective of presenting
learner behaviour at this scale and allowing for future teacher intervention at an

individual or small group level.

Finally, we remark on avenues for future work, which include: the expansion of
the research to more scenarios in order to collect data from more sources and in a
variety of educational environments that may help paint a clearer and more com-
plete picture; work in order to reduce the limitations we have observed and their
impact; further research about how the data can be presented to teachers and other
stakeholders, including the use of visualizations found in the literature; obtaining
more information regarding student actions; lastly, analysing the types of feed-
back that may be the most useful to teachers and other stakeholders. We would
especially like to highlight is that after the research expands to more courses, sce-
narios and educational videos, it should become possible to build a repository of
patterns and their possible explanations, and then detect those patterns automati-

cally in the data so that better diagnostic information can be presented.
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3.2.1 Abstract

The advent of ICT in education has allowed teachers to introduce the use of learn-
ing resources in new formats, such as video. While this has many advantages,
some of the information about how students learn that is obtained by instructors
when teaching face to face is lost with the new format. In this paper, we present
a visualization and analysis tool to minimize this loss, collecting and then visu-
alizing the digital footprint left by students while learning from video resources,
pointing to the existing evidence found in the literature about such data. We also
provide an instrument to collect feedback from teachers and other stakeholders re-
garding both the data and the provided evidence presented to them by the tool. We
carry out a limited test to validate its working and present a proposal to expand the
analysis and improve on its design. We conclude that the developed application
presents a clear picture of the available data, together with interpretations from
the literature about what is happening in the learning process, which can lead to
improvements in the process. Additionally, the feedback collected from the tool
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presents opportunities to complement the available knowledge in the field, and
thus lead to a better understanding of how students learn from resources in video

format and how we can improve on their design and creation.

Keywords: Learning analytics, digital resources, video learning, data visualiza-

tion, teacher dashboards

3.2.2 Introduction

The advent of ICT in education has allowed teachers to introduce the use of learn-
ing resources in formats different to those which were used in the past. In the
particular case of video, while it had already been used often in the classroom be-
fore the popularization of the internet, first, and then online streaming, these two
facts have led to the current situation, in which learning resources in video format
are being used extensively across multiple scenarios: not only in fully distance-
based learning, but also in conventional teaching situations (e.g. using flipped
classroom), and even in informal learning. This has many advantages, but it also
has disadvantages: for example, the feedback instructors get by watching how stu-
dents react to their teaching is lost. While it is not common to use it in analysing
the teaching-learning process, students do leave a digital footprint, in the form of
a clickstream, when they watch a video. There have been some studies regarding
this subject, mostly linked to the use of MOOC:s, involving large amounts of data
and machine learning techniques, such as Banerjee et al. [2]], Sinha et al. [26, 27],
Li et al. [16], or Brinton et al. [3]].

Previous research [4]] shows that even for smaller scale learning scenarios, when
a video has been watched one or two hundred times, the technology acceptance
model shows instructors find it useful to have access to that clickstream data and to
be able to visualize it, even without the help of automatic analysis tools, pointing
to an opportunity affecting a wider range of applications for the use of learning an-
alytics. In that research, though, the presentation of the clickstream does not result
in conclusions being extracted and interventions suggested to improve learning.
Informal evidence points to the possibility that this was due to the offered visu-
alization for the data not being clear enough, on one hand, and on the other, to
the fact that, until now, there are few evidences in the literature connecting click-
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stream data to aspects such as perceived difficulty or others that may affect the

learning process, Brinton et al. [3]], Sinha et al. [26} 27]].

In the present study, we develop a novel visualization and analysis tool that
intends to help solve the aforementioned problems, by presenting a clear visual-
ization and pointing the existing evidence found in the literature, first, and then
providing an instrument to collect feedback from teachers and other stakehold-
ers regarding the connections between student behaviour and interventions to be
made. We also carry out a limited test to validate its working, collect early feed-
back and present a proposal to expand the analysis and improve on the design of
the tool. We also conclude that the developed application allows, on one hand, to
present a clear picture of the available data about how students learn from learning
resources in video format, together with interpretations from the literature about
what is happening in the learning process, which can lead to improvements in
the process, especially regarding the learning resource itself. On the other hand,
the feedback collected from the tool presents opportunities to complement the
available knowledge in the field, and thus lead to a better understanding of how
students learn from resources in video format and how we can improve on their

design and creation.

This paper is organized as follows. First, we present a literature review of the
work that has been done in the field until now. Then follows a section where we
describe the followed methodology. Next, we have two sections devoted to the
two iterations in the design and development and analysis of our tool. Finally,
we have the last two sections, devoted to the presentation of the results and the

associated discussion.

3.2.3 Literature review

Several authors highlight the value of data visualization in the educational context.
On one hand, the importance of exploring learning through tracking generated
data is emphasized (Siemens [25]]). On the other hand, the utility of visualizing
learning processes and outcomes to enhance analysis and understanding is pointed
out (Gémez-Aguilar et al. [[1]). Applications like learning analytics dashboards
are perceived as useful means to assess the effectiveness of a course in the prepa-
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ration, execution, and evaluation phases of learning (Hooshyar et al. [10]). It is
presented as essential for students to obtain information about their actions, for
teachers to be aware of the interactions they generate, and for researchers to iden-
tify patterns and communicate them to users (Klerkx et al. [15]). Henrie et al. []]
review the existing approaches to measure engagement in technology-mediated
learning, identify their strengths and limitations, and outline potential approaches
to improve the measurement of student engagement. Another such review, fo-
cused on visual tools, such as the one we present in the present work, is found
in Vieira et al. [28]. Jovanovié et al. [12] show the use of learning analytics in a
flipped classroom scenario to try to understand the types of learning strategies that
students employ in that situation. Herndndez-Leo et al. [9] present a framework
for the use of learning analytics to inform learning design. Mohammadhassan
and Mitrovic [19] and Li et al. [16] study how student-facing learning analytics

dashboards can boost engagement and learning.

As for learning analytics applied specifically to measure aspects related to learn-
ing resources in video format, Seidel et al. [24] present a literature review on ana-
lytics on video-based learning. Dodson et al. [S]] present a framework to describe
students’ behaviour while learning from video. The first effort in the literature fo-
cusing on clickstream analytics is found in Banerjee et al. [2], applying clustering
techniques. Sinha et al. [26, |27]] construct a “quantitative information processing
index” based on video clickstream data, which can aid instructors to better under-
stand MOOC hurdles and reason about unsatisfactory learning outcomes, and try
to predict student attrition, respectively. Li et al. [[16] carry out similar research
and find a relationship between video watching behaviour and perception of dif-
ficulty. Brinton et al. [3] follow on that path to try to find a relationship between
video watching behaviour and quiz performance. A similar effort is carried out
by Hasan et al. [7], as do Yoon et al. [30]. All of these efforts rely on clickstream
data collected from videos that have been viewed a large number times, often in
MOOC style environments.

Regarding the visual presentation of clickstream data to visualize student be-
haviour when learning from learning resources in video format, Kim et al. [13]]
carry out a large-scale analysis of in-video dropout and peaks in viewership and

student activity using data from numerous videos used in MOOC environments
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and show a relationship between longer videos and bigger dropout rates, and show
that different types of videos and learning situations result in different viewing be-
haviour. Kleftodimos et al. [14]] and Giannakos et al. [6] design and present an
analytics system for use in learning scenarios where students are offered learn-
ing resources in video format. The first ones introduce a framework of “active
viewing”, inserted in the concept of active learning, while the second ones, in
their analysis, show evidence of a relationship between video navigation and the
level of cognition/thinking required for a specific video segment. Wang et al. [29]
present a different visualization for clickstream data, that makes use of animation
to illustrate video viewing behaviour. Min et al. [18] present a similar system to
gather and visualize viewing data. The visualization they present is similar to the

one our previous research used [4].

To our knowledge, the example of work in the literature that is closest to the
works we present in this paper is the one seen in Mubarak et al. [20], presenting a
learning analytics and analysis solution sharing some principles with ours. Theirs,
though, is oriented to videos being viewed many more times than our study, and
applies machine learning techniques to try to extract conclusions that, while com-
pelling and powerful, cannot be applied to the small-scale learning scenarios this

work focuses on.

It must be noted that even before the advent of comprehensive analytics solu-
tions, studies have been carried out to analyse whether the use of digital videos
and the possibilities they afford, such as interactivity. For an example, see Merkt
et al. [17]. Another example, now with mature learning analytics infrastructure
available, of research made possible by digital video resources is the analysis of
students’ behaviour and perceptions regarding complementary videos in online

environments found in Pérez-Navarro et al. [23]].

Hu et al. [11] propose analysis methods of students’ video watching behaviour
in MOOC:s platform and put them to test with real data. Their data collection
schema is similar to ours. They use big data techniques to process and distil the

data into human processable information.

Cércoles et al. [4]] show evidence that even for small-scale learning scenarios,
instructors find it useful to have access to a presentation of the clickstream data

for the different videos they have used in their classrooms in a distance learning
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Figure 3.5: The design and creation methodology used in the work presented in this arti-

cle.

context. The proposed visual presentation, though, didn’t allow for an easy inter-
pretation of said navigation patterns. In particular, instructors were keen to see
if there were instances in which a high enough number of learners skipped from
a certain point in the video to another point, and the distribution and length of
pauses. This work also documents the data collection schema that has been used
in the present work. Similar schemas can be found in Kim et al. [13]], Min et al.
[[18]] or Hu et al. [[11]].

3.2.4 Methods

This research follows a mixed research methodology (Figure [3.5)) that combines

an action research methodology with a design and creation approach (Oates [21]).

First, the problem is detected and shared (in our case, an absence of informa-
tion about how students learn from learning resources in video format). Secondly,
a solution in the form of an artifact (in our case, this artifact is a software appli-
cation that visually presents the clickstream data left by students when watching
said learning resources, together with the available interpretations that the litera-
ture offers) is suggested. Thirdly, the artifact is gradually implemented and tested
in real scenarios following an iterative cycle of plan-act-reflect. After each cycle,
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an evaluation is done according to performance measures. Depending on the re-
sults, changes in the artifact are introduced, causing a new cycle until obtaining
the final artifact. The research we present constitutes two cycles of that process,
conducted on the learning resources in video format used on a course on electronic
circuits from a four-year degree in telecommunications engineering, and it can be
considered an iteration on the methodology from our previous research (Corcoles
et al. [4]]).

We are then faced with how to present said data in an easy to digest format
for instructors, who we cannot assume are experts in the analysis of the presented

data, ideally with minimal onboarding.

Participants

In essence, we collect all events resulting from events launched by user interaction
(such as students clicking play or pause, scrubbing the video timeline to skip back-
wards or forwards, or clicking on an index item to move to a particular point in
the video’s timeline). The collected and analysed data corresponds to four differ-
ent videos associated to a course in Electronic Circuits, offered yearly in a degree
in Telecommunications Engineering, describing the workings of two devices, a
tester and a protoboard, and the measurements that can be taken using both de-
vices. The course is preceded by another one, Circuit Theory, which also contains
the videos as learning resources. As a consequence, students already proficient in
the use of the tester and the protoboard are not expected to watch the videos in this
second course. The data corresponds to editions of the course between 2014 and
2020. The total enrolment for those courses is of 452 students, or an average of
65 students per course. After discarding playback sequences where the collected
data presents doubtful data, the total number of analysed playbacks for the four
videos is 135, 118, 130 and 81. The videos range in length from four minutes and
three seconds to seven minutes and three seconds. In the indicated period, three
instructors were in charge of the course. Two were available for interviews, and

two semistructured interviews were carried out with each one.
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Procedures

As corresponds to the methodology we propose to follow, we proceed in an itera-
tive process. First, we carry out a first design and development stage of the appli-
cation. Then, we present the application to some of the stakeholders and carry out
a semistructured interview to obtain their validation and feedback, which is inte-
grated in a second stage of design and development. Then, the tool is presented
more extensively to stakeholders to carry out a second validation, again taking the
form of a semistructured interview. Finally, the results obtained from that phase
are presented and discussed, and we close with some future lines of work derived

from there, and the conclusion.

3.2.5 First stage of design and development

We take a similar visual approach to the one seen in Mubarak et al. (2021), al-
though their focus is on quantitative data on performance, which is of course es-
sential, while ours centres on instructors’ impressions on student understanding
based on navigation patterns, and whichever conclusions can be obtained from
those patterns according to the existing literature. Regarding their visualization,
we combine aspects from their “learner performance view” and their “video statis-
tics view” and allow for segmentation and annotation. Our purpose is different
from theirs in that we intend to present instructors and other stakeholders with a
visualization that makes it easy to notice and observe emerging patterns, anno-
tate them and allow for intervention if the pattern occurs again in the future (with
one possible intervention being the interrogation of future students presenting the
same pattern). It is our assumption that in small-scale learning scenarios the avail-
able data are not enough to make use of most quantitative techniques present in the
literature, as the available amount of data is not enough to achieve statistical sig-
nificance, or to apply artificial intelligence techniques such as machine learning,

while more individualized, case-by-case attention is possible.

As we focus on small-scale learning scenarios, where a few hundred visual-
izations are the norm, rather than thousands or more, we opt for a visualization
that can combine both backwards and forwards skipping with pausing behaviour,
providing an option so that users can choose to display only one or the other, as
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the visual clutter resulting from presenting larger amounts of data does not take

place, and the combination allows for a more efficient reading of the data.

Evidence and data from other research, such as Li et al. [16]], Brinton et al.
[3], Hasan et al. [7] or Yoon et al. [30], that have shown an association be-
tween different types of viewing behaviour and aspects such as perception of dif-
ficulty or differing results in academic performance, should also be presented to
instructors so that the accumulated scientific evidence can be compared to their
impressions and completed from new evidences obtained from experience. In
our previous research, it was common that videos, especially those lasting more
than ten minutes, presented several sections which had sensibly different purposes
(such as recalling previous knowledge, working out examples, summarizing the
previously presented knowledge...). It is logical to presume that different sec-
tions with different purposes should present different video viewing behaviours.
At our stage, it is not viable to tell sections apart automatically —although Kim
et al. [13]] seem to indicate that most sectioning would be directly related to rela-
tively abrupt changes in the video frame. Thus, we offer in our tool an interface
that allows users to mark as many spots in the video as needed. If a user defines n
points, f1,...,t,, that results in n+4 1 segments ([0,1), [t1,%2),...[ts,f]). For each
of these segments, we will present the corresponding summarized data (mainly,
the number of pauses and their average length, and the number of backwards and
forwards skipping actions, both inside the segment or moving outside of it, nor-
malized by the number of video plays and segment length), and, where possible,
the interpretations of said data available in the literature. At the current moment,
this is generally limited to a correlation between high perceived difficulty and a
high number of pauses and backwards skips, and a correlation of low perceived
difficulty and high numbers of forward skips, as will be seen later in greater de-
tail. Our previous research showed, though, that teachers will usually notice other
relationships between those observed patterns and what is happening in the teach-
ing and learning process which so not necessarily agree with what is currently
present in the literature, or other distributions of behaviours that could also have
an educational interpretation. These observed patterns and interpretations should
be shared and observed, as this could lead to new evidence that could be of use in
other situations.
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The tool was developed using web technologies (HTML, CSS, and JavaScript)
and employing the p5.js JavaScript library [22] for visuals and interactivity. The
collected data for each video is preprocessed (using R and Python) and a file in
.csv format is generated to be then ingested by the web application. Each event
takes a line in the file, with the form jump, ti, tf for jumps from a point ti to another
point tf; pause, t, 1 for pauses of length I at a point t; or stop, t if a student stops
the video at point t and does not resume playback. The data is then processed and
displayed for the user, with the visual interface seen in Figure [3.6l The central
part in the image corresponds to the main timeline display. Above it, to the left,
an information box is shown, displaying information related to the highlighted
segment in the video. To the right of the information box, we show the video at
the last selected point in the main timeline. Below, a minimap is provided to assist
with navigation. As in Mubarak [20], we use an arc visualization for jumps, with
forward jumps being displayed above the timeline and backwards jumps below
it. Stops and pauses are displayed as vertical lines below the timeline, of length
proportional to the pause duration. As this could easily result in visual clutter,
users can turn on and off the display of jumps and pausing and stopping behaviour.

To account for the possibility of videos with large amounts of overlapping
jumps or pauses, these are drawn using transparency, so that overlap is visually
translated as an increase in opacity.

As we are providing an exploratory interface, and we are assuming that differ-
ent segments may show different student behaviours, we must include the ability
to zoom in and out of the video. This leads to the need for a minimap for the
video (displayed at the bottom in figure [3.5]), which is then provided with a click
and drag interface to move the main timeline. The user is also given the ability to
add or remove hotspots at any point in the video timeline. As said before, these
hotspots define segments in the video. When the user clicks on a segment, infor-
mation is displayed about the segment itself and about student behaviour in that

segment.

Initial validation

A first round of semistructured interviews with the two teachers was carried out

when the tool was at an early stage of development, corresponding to the interface
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Figure 3.6: A first approach to the interface for the tool, used in the first iteration of the

work presented in this article.
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Figure 3.8: A proposal for a dashboard with an information bar providing basic general

information about the video, to be used in a future iteration of the process.

shown in Figure [3.5] so that early feedback could be incorporated into the project.
Users were shown that early working prototype for the visualization tool showing
the data for a particular video. One recurring comment was that it would be con-
venient to have a dashboard allowing easy navigation to the different videos for a
course and presenting some basic information. As a result, a basic dashboard was
created, showing an enumeration of the videos, showing the title, length, number
of playbacks, and the of interactions per second and a thousand playbacks (so that
numbers would be comparable for all videos presented), linked to the visualiza-
tion for the video. This design is shown in Figure [3.7] Also, an additional, more
visual, design was proposed (see Figure [3.8)), adding an information bar showing
the proportion of backwards skips, forwards skips and pauses, as high ratios of
backwards skips are associated with demands on information processing, pauses
are related to reflection by students and forwards skips to lower levels of pro-
cessing. This design will be tested at a future date on a future iteration of our
methodology.
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Basic information that can be extracted from the data according to the liter-
ature

As aforementioned, it is one of our objectives to present teachers with the evidence
in the literature regarding the navigation patterns in the recorded clickstream. We
now enumerate the connections between student behaviour while watching video-
based learning resources and student perceptions about the content that can be

found in the literature, match the collected data structure and are actionable.

Sinha et al. [27] define a number of behaviour patterns: "rewatching", charac-
terised by scrolling back; "skipping", characterised by “scrolling forwards”; "slow
watching" and "fast watching", both characterised by playback rate changes; "clear
concept”, characterised by a combination of seeking and scrolling backwards,
and indicating high tussle with the video lecture content"; "checkback reference",
characterised by a wave of seeking backwards actions; and "Playrate transition",

characterised by a wave of playback rate changes.

They refer to four different student perceptions of the video lecture segments,

characterised by information processing needs:

1. “Difficult to understand”, that would match to rewatching, clear concept,

and slow watching.

2. “Instruction pace too high or too low”, matching to playrate transitions (for

which we cannot check currently, and will not take into account here).
3. “Explicit recalling of facts required”, matching to “checkback reference”.

4. “Easy/Boring/uninteresting or simple to understand”, matching to skipping

and fast watching.
Brinton et al. [3]] define four behaviours derived from clickstream data:

» “reflecting”, related to repeated playing and pausing;
* “reviewing”, related to playing for a length of video and then reviewing;

» “skimming”, related to skipping forwards (that may be combined with some
“skipping backwards” for “skipping forward with caution”);
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* “speeding”, related to speed changes (that we cannot check for with preci-

sion).

Additional discussions can be found in Sinha et al. [27]], Giannakos [6], Mubarak
[20] and Yoon [30], but they do not present clear connections between student be-
haviour and either student perception or interventions to be made to the learning

resources, so we are focusing on the information presented above.

In a first, naive approach, based on the presented information, we will pay atten-
tion, firstly, to high pausing rates, which will be presented to the user as segments
where students are reflecting, as per Brinton et al. [3]]. Then we will pay attention
to the segments with a predominance of backwards skipping, and will grade that
according to a five-degree scale: we assume that the distribution of the different
kinds of events follows a uniform distribution that should result in a distribution
roughly approaching the normal distribution (more data is needed to validate this
assumption, and the application can be modified to adjust to other distributions)
for the number of events present on a segment for the video. Thus, we assume
that events in the top quartile will be associated with the highest demands on
information processing, while the lowest will be associated with a low demand
on information processing and the rest will be associated with average demand,
according to the classification by Sinha et al. [27].

For every action, we calculate the expected number of actions on the segment
(considering just the length of the segment, on this first approach). For pausing,
we will highlight it as high if the real number is 5% above the expected value.
For backwards skipping, we will associate the top level to 15% or more above
the expected value, the second level to 5% to 15%, the third to 5% to 10% above
and the fourth to average to 5% above. For forwards skipping, we will highlight
segments where the real value is at least 5% above the expected value. To visualize
high and low levels, for both skipping actions and pauses, a colour scale is used.
The resulting visualization is shown in Figures[3.9and [3.10] below.

3.2.6 Second stage of design and development

Finally, we integrate the feedback collected in the first iteration of our process, and
we provide an interface so that teachers, and other stakeholders, can make their
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annotations for their interpretation of what is happening at any given segment.
That interface is shown in figure[3.6] All the segmenting and the user’s annotations

are continually saved so that they can be retrieved at a later time.

As for the design and development of the annotation tool, we chose the simplest
possible interface. We add a text field, whose contents will be associated with
the highlighted segments in the video. The global interface is shown in Figure
@ In this second iteration, the different areas of the tool have been more clearly
differentiated, as a result of evolutions in the design process and feedback obtained
from users. The video, minimap for navigation and detailed view of navigation
patterns are on the right hand of the image. Colour coded icons are provided
so that the relative frequency of skips and pauses can be observed easily. On
the left-hand side, metadata for the currently highlighted segment of the video
is provided. If available, recommendations from the literature are also shown.
Both the metadata and the provided feedback can be seen in Figure [3.10] Finally,
an interface is presented so that the user can provide and store their annotations

regarding what is happening in each segment.

On this second iteration, all annotations by teachers are shared with the re-
searchers, for testing and validation purposes, on one hand, and to analyse anno-

tations to extract useful information to be added to the analysis tool.

Second validation

When the feedback from the first round of interviews had been incorporated into
the tool and the development of the first prototype had been finalised, a second
round of interviews was carried out. As in the first round, interviews started with
an onboarding process in which the tool and its functionalities were described
with a practical example. The feedback from that phase fits what was shown in
previous research (Corcoles et al. [4]]): interviewees instantly show interest in
the presented data and proceed to segment the different videos according to their
perception of their structure, and to compare their impressions on the difficulty
and complexity of each segment with the limited interpretations the tool currently
presents to its users. Also, the visualization was generally perceived as easy to
understand after the proposed onboarding process in which the tool and its func-

tionalities is presented, according to comments by users.
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Video 1. The tester

Zoom: 1x
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Figure 3.9: A second iteration of the tool. The image shows the presentation for the
video, minimap, navigation patterns and an indication of the density of forward skipping,

backwards skipping and pausing for the highlighted segment.
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Figure 3.10: An example of the feedback provided by the tool.
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To validate the functionalities and the usability of the tool, a task was presented
to interviewees, asking them to go through all the videos in the course, to sys-
tematically segment them according to their perceptions about the structure of
the presented content, and to compare their impressions to the interpretations (or
lack of interpretation) offered. In most cases, the offered interpretations match
the instructors’ perceptions but, on a few occasions, there are differences. As an
example, instructors offer that, in short segments presenting procedural informa-
tion (in the present case, demonstrations of manipulation of electronic hardware),
a high number of backwards jumps —that the literature interprets as associated to
a high cognitive load— could simply mean that students are watching once to get
a general impression and a second time to reproduce themselves the demonstrated
procedure. This offers an example of how the feedback collected by the tool can
be used to give a wider interpretation of the clickstream data than in currently
available in the literature. Also, in some cases, interpretations are offered that
have to do with the sequence of the learning resources: similar segments present
different behaviours in different videos, and instructors offer that the first time
information is presented show behaviours linked with higher cognitive load, and
lower in subsequent videos. This leads us to believe there is a need to explore in

better ways the sequences of learning resources for better analysis.

Also, a comment is made about the usefulness of some kind of tool to filter
the clickstream data by date (the limited amount of collected data for the videos
used for these tests led us to present all the available data without filters). Finally,
regarding the distribution of events, it is commented that a higher distribution of
forwards jumps at the beginning of videos, and of backwards jumps at the end (and
conversely, low levels of forwards jumps at the end, and low levels of forwards
jumps at the end) is to be expected and that the tool should somehow take that into

account when presenting information and its interpretation.

3.2.7 Results

The tool is working correctly and produces useful and significant results, although

more iterations and testing in a wider variety of situations are needed.
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The tool is giving useful information to instructors about the differences in cog-
nitive load and the need for reflection by students among the different segments of
a video. It also gives quantitative information about the usage of the learning re-
sources in video format assigned to a course. It is also collecting information from
instructors regarding video segments in which the presented information does not
match what instructors gather from the combination of the presented clickstream
data with their knowledge of the domain and of aspects such as the learning situa-
tion, or the sequence of learning resources in the course. As an example, instruc-
tors mentioned that in segments in some videos, the relatively high presence of
pauses, which the application interprets as needing a high level of reflection, had
more to do with a presentation of a sequence of steps demonstrated in the video
that students should then reproduce, and thus it wouldn’t be necessary linked to
reflection. This information can be used to complement the information currently
available in the literature. It was also observed that in some of the videos, espe-
cially those presenting less recorded interactions per minute, little or no feedback
is presented. One first possible interpretation of this fact is that a minimum num-
ber of recorded interactions is needed to give usual feedback. On the other hand,
this could be pointing to aspects that the literature has not covered yet, where a
more profound analysis could lead to filling gaps in our current knowledge. The
collected behavioural data can also result in the detection of problematic seg-
ments in a learning resource, such as those presenting an unnecessarily high level
of cognitive load, which should leave to the improvement of the affected learning
resources, or the creation of new ones especially designed to address the needs of
some of the students. In some cases, the collected information can also help de-
tect video resources that are not used, because they are redundant or unnecessary,
which can lead to improvements in the efficiency of the production of learning

resources.

Regarding the presented visualization of the data, it presently requires of an
onboarding process so that instructors and other stakeholders can use it profi-
ciently, but after the process the interviewed users affirm the visualization is easy
to understand and useful, as is the textual information presented, and the provided
annotation tool is also considered useful and easy to use. Despite this, it is nec-
essary to provide better documentation so that the tool can be used independently

without the need of a personalized onboarding process.
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3.2.8 Discussion and future work

In this research process, we have created and tested successfully a learning ana-
lytics tool that is useful beyond large-scale learning scenarios where hundred of
students watch a series of learning resources in video format and leave a large
footprint in the form of clickstream data, such as those seen in Sinha et al. [27,
26], Li et al. [[16]], Brinton et al. [3]], Hasan et al. [7]], Mubarak et al. [20] or Yoon
et al. [30]], but more oriented to smaller volumes of clickstream data. In order to
do so, knowledge accrued in those previous works can be leveraged and integrated
into our tools, and it has been done in the case of Brinton et al. [3]].

The collected information is presented in a visual way, as is done in Kim et al.
[13]], Kleftodimos et al. [14], Giannakos et al. [6]], Wang et al. [29], Min et al.
[18], and Mubarak et al. [20]. Our visualization also builds on the experience
acquired in our previous research [4]. In some aspects, our approach is similar to
the arc visualization seen in Mubarak et al. [20]. In their case, the arc visualization
was only a part of the different aspects shown in the visualization, and it was not
easy to interpret due to the large volume of data. Also, no tools for annotation,
or to collect feedback from stakeholders were present in the different applications
seen in the literature. We believe this collection of feedback is essential to build
on the available knowledge, and that an infrastructure should be built to collect
and analyse that feedback.

There are multiple lines that can be explored in the future. The main one is
being able to provide better instruments that allow an easy deployment of the tool,
both to collect the required clickstream data, and to visualize it and offer feedback
to instructors and other stakeholders. This, for example, could come as the devel-
opment of plug-ins and other solutions so that the application can be integrated in
popular content management systems and learning management systems. Such a
tool should also offer better ways to collect and summarize the collected informa-
tion so that the resulting knowledge can be leveraged and result in improvements

to the domain of knowledge and in the production of future learning resources.

Moreover, there is a need to widen the learning situations to more types of
videos, specifically paying attention to longer ones, and courses, widening the
range of subjects and the taxonomy of types of presentation used in them. This
is a necessary step to improve on the improvement and validation of the pro-
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vided feedback, and to analyse how some feedback is only valid for particular
subjects, types of presentation or other factors. Furthermore, a better quantifica-
tion of events could help provide better information. E.g., forwards jumps are to
be expected at the beginning of a video, and very rare towards the end, and this
could be accounted for. Also, experiments should be carried out to fine tune what
are now considered as sufficient levels of interactions to give certain kinds of feed-
back. It is therefore our intention to keep iterating on the design, development and
analysis of our tool, keeping in spirit with our chosen methodology combining ac-
tion research with design and creation. In these future iterations, we will keep the
stakeholders we have already worked with in the process, but also to include new

courses with different videos and a new batch of instructors to interview.
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3.3 A dataset on the use of online video by students

at the in-video level
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3.3.1 Abstract

The present manuscript describes a dataset containing learning analytics data for
the playback of learning materials in video format in different college courses in
the STEM field, across a period of ten years. It can be used to test hypothesis and
tools regarding the use of video in different learning environments, and should be
of interest to the learning analytics and educational data mining communities. It
can also be of help to teachers and other stakeholders in the educational process to
take decisions based on learners actions when playing videos. It consists of data
for 35 different videos, with a total of 40,453 sessions, and 313,724 records. The
videos are accompanied by their timestamped transcription, both in the original

language and their translation into English.

3.3.2 Specifications table

Subject Education

Specific subject area Learning analytics (the measurement, collection, analysis,
and reporting of data about learners and their contexts, for the purposes
of understanding and optimizing learning and the environments in which it

occurs).
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Type of data Raw, files to process raw data.

Data collection Data were collected by embedding JavaScript code in different
web pages containing video-based learning resources. Said code intercepted
actions taken by students while watching those video-based learning re-
sources and sent it to a server to be stored. The transcription and translation

of the videos was outsourced to a company offering those services.
Data source location https://www.uoc.edu

Data accessibility Repository name: Zenodo
Data identification number: 10.5281/zenodo.14221667
Direct URL to data: https://doi.org/10.5281/zenodo.14221667

Related research article Cércoles, C., Cobo, G., & Guerrero-Roldan, A.-E. (2021).
The Usefulness of Video Learning Analytics in Small Scale E-Learning
Scenarios. Applied Sciences, 11(21), 10366.
https://doi.org/10.3390/app112110366.

3.3.3 Value of the data

It is our expectation that the dataset we offer in this publication will be used by
experts in the domains of learning analytics (LA) and educational data mining
(EDM), on one hand, as a tool to test hypothesis and tools regarding video-based
learning without the need for the process of data collection and, on the other hand,

as an orientation as to how best collect those data if necessary.

While the fields of LA and EDM have, of course, studied how students interact
with learning resources, they are often more concerned with how students deal
with sequences of learning materials than with how they interact with a single
learning resource as a venue for the teaching and learning process. But online
video, and the digital trace it leaves, allows us to dig down and operate at a lower
level of granularity. Also, currently published research focusing on clickstream
analytics (Kim et al. [7], Giannakos et al. [4], Kleftodimos et al. [8], Lau et
al. [9], Shoufan et al. [15]], Min et al. [11], Hasan et al. [5]], Hu et al. [6],
Mubaraket al. [13]]) has been more concerned with providing information for the

improvement of educational videos than with analysing how individual students
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learn from them and trying to detect behavioural patterns and intervene, on their

learning, which is an expected result from the publication of the dataset).

3.3.4 Background

The present dataset was created as one of the artefacts in a study to analyse how
students learn from learning resources in video format. In order to carry out that
study, it was necessary to collect anonymous data on all interactions that students

have with those educational videos.

In the last few years there has been a movement to more use of online resources
for teaching and learning, with the advent of online education, MOOC:s, flipped
classroom environments and other forms of education. There are numerous ad-
vantages to that move, but also some limitations. Firstly, most, if not all, of the
feedback experienced teachers obtain in face-to-face teaching situations and use
to diagnose how students are learning from visual cues is lost when students use
online resources. It is possible to capture some of that lost information because
consuming online video leaves a trace: we can record when a student has started
watching a video, or the moments when she paused it or skipped over a part of it,
for example. It seems reasonable to expect that kind of information could make it
possible to give teachers some feedback regarding the student’s learning process
(Corcoles et al. [3]]).

3.3.5 Data description

We have created a single table MySQL/MariaDB database. Its fields are as fol-

lows:

* identifier (column name: id): it contains an (autoincrementing) identifier

for each record in the table. It is an unsigned long integer.

* initial timestamp (timestamp_inicial): it contains the timestamp of the mo-
ment in which the browser loads the web page. It is generated in the
browser. This is used (in conjunction with a random key) to identify in-

dividual sessions in an anonymous way.
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* random key (random): when the browser accesses the web page containing
the video, it generates a random number. This number is only of interest if

two different sessions were to start at the precise same initial timestamp.

* video (video): it contains an arbitrarily created identifier for the video the

user is playing. The list of videos is contained in tables 1, 2 and 3, below.

* action (accion): it contains one of six possible verbs: pageloaded (the web
page containing the video is loaded, will appear at most once per session),
play (the play button was pressed), seek (the user clicked or dragged on
the video’s timeline to move to a different point in the video), pause (the
pause button was pressed), clickindex (an item on an index for a video was
pressed; this results on the playhead moving to the position indicated by
the index item), navigatedaway (the user browsed to a different webpage or
closed the browser’s window). The pageloaded action can be considered
redundant, as it contains the same information that the initial timestamp
field contains for any videos in which at least another action is recorded,
and it has not been recorded for some of the videos, as detailed in tables 1
to 3 below.

* action timestamp (timestamp_accion): it contains a timestamp for the mo-

ment in which the action was performed. It is generated in the browser.

* parameters (params): it contains any necessary parameters for the performed
action. The pageloaded action takes no parameters. The play, seeked and
paused actions take the moment in the video the playhead is at when the ac-
tion takes place as a parameter. This is generated using this.CurrentTime()
(as generated by the Popcorn.js JavaScript library in the browser). The
clickindex action takes the time in the video the action jumps to as a pa-

rameter.

The .csv file, being a straight conversion of the SQL table, has the same format
and has been generated by using [[10]]). The first R file, dump.RData, consists of
a single R object, a data frame, called dump. It has been generated by importing
the .csv file, assigning it names to match the original SQL table structure and then
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creating a new "replayID" column, assigning a new id to every new combination

of the columns page_loaded and rnd_key.

Table 3.3: Non-relational database videos content descriptions and URLs. Transcriptions

and translations for videos marked with (*) have been created by a company offering said

services. The rest of transcriptions have been created by using Whisper [/14]].

Video

Description & URL

nosqlintro

nosqlpersistencia (*)

nosqlmagregamot (*)

nosqlmagregacar (*)

magregatip

mgrafo

distrintro (*)

distrarq

distrdiseno

distracid

distrCAPBASE

mapreduce

An introduction to NoSQL databases
http://cimanet.uoc.edu/videos/bbdd/intro.html
Polyglot persistance
http://cimanet.uoc.edu/videos/bbdd/persistencia.html
Aggregation models. Motivation
http://cimanet.uoc.edu/videos/bbdd/magregamotivacion.html
Aggregation models. Features
http://cimanet.uoc.edu/videos/bbdd/magregacaracteristicas.html
Aggregation models. Types
http://cimanet.uoc.edu/videos/bbdd/magregatipos.html
Graph model
http://cimanet.uoc.edu/videos/bbdd/modelografo.html
Introduction to distributed databases
http://cimanet.uoc.edu/videos/bbdd/distrintro.html
Distributed databases. Architectures
http://cimanet.uoc.edu/videos/bbdd/distrarg.html
Distributed databases. Design
http://cimanet.uoc.edu/videos/bbdd/distrdiseno.html
Distributed databases. ACID model
http://cimanet.uoc.edu/videos/bbdd/distracid.html
Distributed databases. CAP theorem and BASE model
http://cimanet.uoc.edu/videos/bbdd/distrCAPBASE.html
Distributed databases. Map reduce framework
http://cimanet.uoc.edu/videos/bbdd/mapreduce.html
Continued on next page
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Video Description & URL

riak Key-value database example: Riak
http://cimanet.uoc.edu/videos/bbdd/riak.html

mongodb Document database example: Mongo
http://cimanet.uoc.edu/videos/bbdd/mongodb.html
neo4j Graph database example: Neo4j
http://cimanet.uoc.edu/videos/bbdd/neo4j.html
usoneod4j Neo4j VM use
http://cimanet.uoc.edu/videos/bbdd/usoneo4;.html
mongoCREA (*) MongoDB guided practical exercise (1)
http://cimanet.uoc.edu/videos/bbdd/mongoCREA .html
mongoCONS MongoDB guided practical exercise (II)
http://cimanet.uoc.edu/videos/bbdd/mongoCONS.html
mongoACT MongoDB guided practical exercise (III)
http://cimanet.uoc.edu/videos/bbdd/mongoACT.html
instNeo4] (*) Neo4;j installation
http://cimanet.uoc.edu/videos/bbdd/instNeo4J.html

restNeo4]J Neo4j Twitter database restoration
http://cimanet.uoc.edu/videos/bbdd/restNeo4J.html

* The dataset is composed of data from 30 different videos, some of which
are presented in different versions. All videos are in Spanish or Catalan,
with original language transcriptions and English translations provided in

.srt format. The list of videos is contained in tables 1, 2 and 3.

* The main part of the dataset is composed of data from 22 videos on non-
relational databases (intronosgles, nosqglintro, nosqlpersistencia, nosqlma-
gregamot, nosqlmagregacar, magregatip, mgrafo, distrintro, distrarq, dis-
trdiseno, distracid, distrCAPBASE, mapreduce, riak, mongodb, neo4j, uso-
neo4j, mongoCREA, mongoCONS, mongoACT, instNeo4J, restNeo4J). These

videos are in Spanish.

* Additionally, data form 4 different videos on statistics have been included in
the dataset (estadistical, estadistica2, estadistica3, estadistica4) in the Cata-



3.3. A DATASET ON THE USE OF ONLINE VIDEO BY STUDENTS... 107

Video Description & URL

05585_01 (*) Database design. Conceptual design. Catalan language
http://cimanet.uoc.edu/videos/5585/01ca.html

75585_01 (*) Database design. Conceptual design. Spanish language
http://cimanet.uoc.edu/videos/5585/01es.html

05585_02 (*) Database design. Logic design. Catalan language
http://cimanet.uoc.edu/videos/5585/02ca.html

75585_02 (*) Database design. Logic design. Spanish language
http://cimanet.uoc.edu/videos/5585/02es.html

02865_01 Database design. Conceptual design. Catalan language
http://cimanet.uoc.edu/videos/5585/02ca.html

02965_01 Database design. Conceptual design. Spanish language
http://cimanet.uoc.edu/videos/5585/01_2965. html

02865_01 Database design. Logic design. Catalan language
http://cimanet.uoc.edu/videos/5585/01_2865.html

02965_02  Database design. Logic design. Spanish language
http://cimanet.uoc.edu/videos/5585/02_2965.html

Table 3.4: Relational database videos content descriptions and URLs. Transcriptions and
translations for videos marked with (*) have been created by a company offering said

services. The rest of transcriptions have been created by using Whisper [|14|].

lan language, with a fifth video (estadisticalp) being a variant of the first
one (estadistical), where it has been presented to students with a navigation

menu linking to the different sections in the video.

* Finally, the dataset includes data from 8 versions of 4 videos on relational
databases (05585_01, 75585_01, 05585_02, 75585_02, 02865_01, 02965_01,
02865_02, 02965_02). Videos are in Spanish (*75585” and ’02865’ file-
names) and in Catalan (’05585’ and *02965’ filenames).

* A numerical summary of the number of sessions, records and video length
for each video is contained in table


http://cimanet.uoc.edu/videos/5585/01ca.html
http://cimanet.uoc.edu/videos/5585/01es.html
http://cimanet.uoc.edu/videos/5585/02ca.html
http://cimanet.uoc.edu/videos/5585/02es.html
http://cimanet.uoc.edu/videos/5585/02ca.html
http://cimanet.uoc.edu/videos/5585/01_2965.html
http://cimanet.uoc.edu/videos/5585/01_2865.html
http://cimanet.uoc.edu/videos/5585/02_2965.html
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Video Descriptions

estadistical (*) Normal distribution fundamentals. Catalan language

estadisticalp ~ Normal distribution fundamentals
(video includes a navigation menu linking to different

sections). Catalan language
estadistica2 =~ Normal distribution advanced operations. Catalan language

estadistica3  Student’s T distribution. Catalan language
estadistica4 (*) Hypothesis tests. Catalan language

Table 3.5:  Statistics videos content descriptions. All videos available at
http://cimanet.uoc.edu/UOCEstadistica2.  Transcriptions and translations for videos
marked with (*) have been created by a company offering said services. The rest of

transcriptions have been created by using Whisper [14)].

Table 3.6: Numerical summary for videos in the dataset.

Video Sessions Records Video length
(hh:mm)
nosqlintro 2882 21166 25:00
nosqlpersistencia (*) 2023 13637 18:41
nosqlmagregamot (*) 2768 19706 17:32
nosqlmagregacar (*) 2228 12865 11:09
magregatip 2175 14705 23:32
mgrafo 1828 12656 38:24
distrintro (*) 2310 13532 12:41
distrarq 2142 15769 21:21
distrdiseno 2022 17418 25:26
distracid 1894 15141 49:25
distrCAPBASE 1835 13730 36:07
mapreduce 1781 9677 30:46
riak 1609 9766 48:34

Continued on next page
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Video Sessions Records Video length
(mm:ss)

mongodb 1420 8296 30:18
neo4j 1536 10752 60:34
usoneodj 157 2447 8:10
mongoCREA (*) 1590 12831 17:33
mongoCONS 1107 5306 23:16
mongoACT 708 1902 15:03
instNeo4J (¥) 988 6066 7:47
restNeo4J 1495 8001 6:36
estadistical (¥) 69 168 8:45
estadisticalp 250 4708 8:45
estadistica2 149 2015 7:11
estadistica3 142 1978 8:39
estadisticad (¥) 114 3086 12:05
05585_01 (*) 916 10840 14:49
75585_01 (*) 820 9710 9:28
05585_02 (*) 92 4220 8:34
75585_02 (%) 574 12743 15:11
02865_01 344 5294 15:11
02965_01 135 3985 14:49
02865_02 241 5141 9:28
02965_02 78 4411 8:34

3.3.6 Experimental design, materials and methods

In order to make deployment as easy and universal as possible, we have decided
to use a LAMP (Linux, Apache, MySQL, PHP) stack on the server. While other
stacks may be used, and may be more performant, our use scenario is easily ab-
sorbed by even very basic hardware.
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In order to generate the data to be stored in the database, the Popcorn.js JavaScript
library [[12]] was used, as it was one of the very few available JavaScript libraries
that allowed for our intended use case at the time. Popcorn.js is an HTMLS video
and media library for the web. It "allows web developers, filmmakers, artists, de-
signers and others to easily create timeline-based web productions". Popcorn.js
allows the use of videos in a wide array of formats and origins, including HTMLS5
video, but also videos embedded from online services such as Vimeo or YouTube.
In our experiments, videos have been sourced from the department’s institutional
account on Vimeo, but the provided code [2]] can be easily modified to use other

sources.

Popcorn.js was initially supported by the Mozilla Foundation. As it has lost that
support, it might be interesting to consider other JavaScript libraries allowing the
same functionalities (although it is currently actively maintained). It is convenient
to use a JavaScript library to abstract us from the different player implementations
in online services (such as YouTube or Vimeo). Video.js [16] is one such library,

with good support for our needs, and well documented and mantained.

On the server, a combination of a PHP script and a MySQL/MariaDB is used.
On the database, a single table was created, described in the above section.

In different scenarios, where the collection of personal data is allowed, both
legally and ethically, the random key field could be replaced by an identifier for the
user accessing the web page containing the videos. This, of course, would allow
for a better understanding of behaviour across multiple sessions. This approach

was not used in the data collection process for privacy and ethical reasons.

Regarding the seek action, when users scrub through the video’s timeline, a
rapid succession of seek events is recorded to the database, with each event having
the timeline position at the moment of the event. Other collections of events
that happen in short periods of time can also be considered as a single event for
analysis purposes. This must be considered in post-processing, so that a single
scrub having multiple recorded events is correctly interpreted. We have included
the raw data, containing all consecutive events. Brinton et al. [1f], for example,
offer five seconds as the time period below which consecutive events should be

taken as a single one.
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On the server side, a recorder.php file [2]] is created to be called from JavaScript
on the client side each time an action is performed. It connects to the database,
writes a new record into it (composed of initial timestamp, random key, video, ac-

tion, action timestamp and parameters) and closes the connection to the database.

On the client side, once the page is loaded into the user’s browser:

* The video is inserted into the web page using Popcorn.js.
* The initial timestamp and random key are generated.
* A pageloaded event is sent to recorder.php.

 Events are created for the video in order to intercept every instance in which
the user clicks on the play and pause buttons, every time she scrubs through
the timeline and, if an index is made available to students, every time she

clicks on an index item.

If the only intent of the web page is to record all events to a database, then
the previous sequence is sufficient. On the other hand, if one wishes to trigger
events (such as presenting a questionnaire to the student) as a result of a sequence
of events (say, a student pauses for at least a given amount of time in a certain
segment of the video, or the student skips backwards multiple times), then the se-
quence of events must be kept in memory in the browser and a programming logic

must be created to detect the desired patterns and launch the associated actions.

A more robust infrastructure may be used if there is a suspicion that the envi-
ronments in which the data collection is to be used in (implementing mechanisms
to ensure the events are correctly recorded to the database). If online video is to
be used, it may be argued that the environment should not give reason to do so
(and, in our case, the data validation processes make us believe there is no need
for such mechanisms). Also, provisions should be taken to prevent third parties
from writing undesired data to the database. In the scenario where the present data
were collected, such a possibility was considered highly improbable, so this was

not implemented.

Also, instead of defining an ad hoc database schema, it may be useful to use
mechanisms such as xAPI [[17], "a new specification for learning technology that
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makes it possible to collect data about the wide range of experiences a person has".
xAPI "captures data in a consistent format about a person or group’s activities
from many technologies. Very different systems are able to securely communicate
by capturing and sharing this stream of activities using XxAPI’s simple vocabulary".
The use of such solutions, though, makes deployment harder and development of

ad hoc solutions slower, so their use should be carefully considered.

In order to process the data from the database, said database has been dumped as
a comma-separated values (CSV) file, which can then be imported by tools such as
R, Matlab, Python scripts, or even spreadsheet software such as Microsoft Excel,
LibreOffice Calc or Google Sheets. The data can be exported from the database
using a variety of tools, from SQL code to GUI tools such as PHPMyAdmin.

When importing these CSV files into such tools, special attention must be paid
to columns containing timestamps, as these timestamps, because of the infras-
tructure we have used, are in JavaScript format, when most data processing tools
assume timestamps are in other formats, such as Unix timestamps. In the included
CSV files, timestamps have already been converted to an appropriate format. The

included Python scripts contain examples of how to deal with these timestamps.

The educational videos for which playback data have been included in the
present dataset are in Spanish and Catalan. In order for the dataset to be of in-
terest to the widest possible community, they have been transcribed and made into
SRT files, which have then been translated into English and made available in the

same SRT format.

Naturally, extensive tests were carried out before deployment to check that data
input was correctly reflected in the collected data, with no remarkable incidents
detected. Beyond that, a sample of sessions are visualized regularly to check for
any inconsistent data. In a number of occasions, sequences have been detected
where temporal incongruence appears:

* In some cases, the point following a play action would imply that playback
speed is faster than 200%. In our data, playback at a faster than 100% speed
is extremely uncommon, and there is some evidence that very few, if any,

users of online video of any kind ever go above 200% speed.
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* In some cases, a sequence of points has been detected implying a backwards
move by the play head with an inconsistent displacement in the y-axis. This
would imply either that a data point has been lost or that incorrect data has
been input into the database.

The offending sequences have not been removed from the raw data. Code in
Python has been implemented to process the data taking into account such occur-
rences and pruning the whole playback from the results. This code can be found

in the GitHub repository.

It is important, if the data collection solution is deployed, that tests are carried
out before deployment to ensure data are recorded properly and that measures are
taking for random sampling of the collected data in order to visually check that it

1s consistent.

Basic knowledge of R, Python or other data processing tools or languages is
needed in order to deal with the presented data. In, particular, in R, in order to
create a dataframe representing the data for one of the videos, a command such
as riak <- subset(dump, video == "riak", select = c("page_loaded", "rnd_key",
"timestamp"”, "action", "param", "replayID")) may be used (which will subset
the records pertaining to the riak video to a dataframe called riak containing the
columns page_loaded, rnd_key, timestamp, action, param, and replayID. From
this point on, basic R commands can be used to produce graphical representations
for each trajectory in the dataset, to try to produce clusters for different trajecto-

ries, and so on.

3.3.7 Limitations

Initial tests included a "keep alive" signal in order to better monitor where the
video play head was at every five seconds. After checking that in almost all cir-
cumstances it only added non-significant records to the dataset, it was removed.
If the data collection was to be replicated in environments with unreliable or un-
trusted internet connections, reinstating that "keep alive" data is recommended.
Also, schemes for more reliable data collection (with strategies to keep data in
the client, ping the server and ensure the data has been stored correctly) may be
implemented. In general, though, it is to be expected that if online video is used
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as a learning resource, the available infrastructure should be robust enough so that

this kind of measures is not required.

Also, no provision has been made to check whether users are using different
video playback speeds. There is almost no evidence in the dataset that students
change playback speed (this can be inferred from consecutive data points in the
dataset), but it would be interesting to check for those changes if data were to be
collected in other environments. Different strategies can be used to do so, includ-
ing both detecting the change of playback speed event and the already mentioned
"keep alive" signal (measuring the differences in playhead position at regular in-

tervals to independently calculate playback speed).

Also, attention must be paid to the fact that timestamps are generated locally in
the browsers of users accessing the webpages. While this is infrequent, this may
result in erroneous timestamps. For the purpose of our work timestamps are only
used in a relative manner (that is, only the difference between the initial timestamp
and subsequent ones in a session are of interest), so no further measures have been
taken in order to ensure accurate timestamps. If this was needed, it may be of
interest to generate a second timestamp on the server side. Also, because of the
sequential nature of the stored data, timestamps inaccurate to a big degree (days)
should be easy to detect in the data. No such timestamps have been detected in

the present dataset.
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Chapter 4
Conclusion

In this final chapter, we present a summary of the main conclusions derived from
our work. Its starting point was the realization that the introduction of informa-
tion and communication technologies in the teaching and learning process, and in
particular, the introduction of online video as a common learning resource, had
meant a big step forward for education, but that it also represented a loss of at
least some of the information that instructors are able to gather when teaching
in face-to-face situations from different cues, such as student expressions, body
language, and real-time questions. This loss of contextual information raised im-
portant challenges in understanding how students engage with video content and
what factors influence their learning outcomes. Some important work had been
carried out already regarding this loss, but it focused mainly in MOOC-style en-
vironments, where students number at least in the hundreds, if not more. At such
scale, students leave a large digital footprint when watching video-based learning
resources, in the form of clickstream data, which has led to a focus on visual-
izations focusing on global, large-scale navigational patterns. Another effect of
that focus on large-scale learning scenarios is that MOOC-style learning environ-
ments allow for very limited opportunities for intervention at the scale of very few
students, and thus the existing research paid little or no attention to those interven-
tions, which should be much easier to make in environments where the number
of students enrolled in a course is much lower (typically tens of students, a few
hundred at the very most). While MOOC-style courses are of course very impor-

tant, most teaching and learning scenarios are of the latter, lesser scale, where the
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amount of data is much lower, but the opportunity for individual intervention is

much higher.

With this scenario in mind, our first step was the development of infrastructure
allowing us to collect and store the clickstream data left by students. The code to
do so has been published and documented under an open-source licence, allow-
ing anyone to deploy the solution to collect comprehensive learning analytics data
about video watching behaviour that can be used with self-hosted videos, but also
allows for embedding publicly available videos hosted on popular platforms such
as Vimeo or YouTube and collecting the same clickstream data. This also allows
for one video to be used in multiple scenarios in a way that the data from each of
those scenarios is kept separate and can be analysed on its own. Code has also
been made available, under the same open-source licence, allowing the process-
ing of the collected data for the automatic discarding of non-consistent data that
may be collected, and its preparation for visualization. The current functionalities
of the developed data collection solution can be easily expanded so that interac-
tions could be programmed to be triggered by a student following any number of
navigation patterns (so, for example, the student could be shown a specific ques-

tionnaire, or offered the opportunity to access a different educational resource).

Then, different attempts were made at producing a visualization of the data
that was both informative and easy to interpret for educators and researchers, and
adequate for small-scale learning scenarios. Initial prototypes focused on showing
individual sequences, but this was not easy enough to interpret, so it was decided
that an effort should be made to look for better visualizations. Even so, it was
shown that, for short-to-medium length videos, as little as 70 playbacks were
enough for instructors to perceive the visualization as useful, and less than 225
playbacks for longer videos, which showed that the visualization of clickstream

data is useful in small-scale learning scenarios.

After that first effort, the focus was moved to timeline-based visualizations of
aggregate pause, fast-forward and rewind events. This proved to be much eas-
ier to understand by instructors. According to the literature, identifying trends
such as moments of high cognitive load or requiring a high level of reflection is
possible by monitoring where students frequently paused or rewatched specific
segments. We implemented data processing to scan the clickstream identifying



121

such navigational patterns and, after some iterations on the design, settled up on
an effective way to show this information to instructors and other stakeholders.
Also, dashboards were created that presented summarised information about the
different videos used in a course so that instructors had a clear view of the relative
features of students’ navigation through each of them. Despite the improved data
presentation, in our experiments the new visualization did not result in those in-
structors obtaining new insights about their students’ navigational patterns leading
to suggesting improvements to be made to the analysed videos, the confirmation or
rejection of their intuitions regarding the perceived difficulty of different segments

in the analysed videos, of the observation of unexpected navigational patterns.

The next iteration in the design and development of the tool tried to put the focal
point in differentiating the different segments in which learning resources in video
format are usually divided. The previous iteration of the tool had allowed instruc-
tors to mark the different sequences in a video, but its utility had not been made
clear to users, and the interface was not good enough to make a clear associa-
tion between students’ navigational patterns and the different segments in a video.
Thus, different interface and interaction design improvements were made to the
tool, so this became clearer. Finally, as instructors in the previous experiment had
not seen the utility in marking the different segments in their videos, an effort
was made to offer an initial segmentation of the videos to be analysed. Even this
basic, content-based approach to segmentation resulted in making apparent the
relationships between the navigational patterns and the different sections in the
videos. When instructors were shown the new version of the tool, it was much
easier for them to detect potential spots in the videos that were candidates for im-
provement, it helped them to confirm or reject their a priori impressions of where
students were having more difficulty with the presented content, and they saw un-
expected navigational patterns that had previously not been noticed and that, in
their opinion, merited further exploration. They also confirmed in most cases, but
disproved in some others, the automatically offered information about perceived

difficult and need for reflection derived from students’ navigational patterns.

This final experiment showed the utility of the tool for the analysis of stu-
dent behaviour when watching educational resources in video format to detect

improvement opportunities, compare relative difficulties of segments in a video,
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and offer personalised content suggestions, or any other interactive content, as a
result of a student’s navigational patterns, even in small-scale learning scenarios.
Furthermore, if the solution is deployed more widely, this usefulness in its current
state for instructors should be extended to other stakeholders in the learning pro-
cess, above the classroom or single course level, and for roles such as instructional
designers or educational researchers, who will be able to achieve a much better

understanding of what is happening with the learning resources used in a course.

With wider use, it should also be an effective way to collect more evidence
in the use of video resources for teaching in all kinds of knowledge domains
and learning scenarios, making it possible to obtain deeper and more actionable
knowledge about a field of research in education that is currently lacking in evi-

dence.

4.1 Results and discussion

We have taken profit from the aspects of MOOC related research, such as Shi
et al.’s [80] (who build diagrams showing skipping forwards and backwards be-
haviour), Lau’s [53]] (who focus on audience retention) or Kim’s [48]] (who looks
at interaction peaks), and apply them to small-scale learning scenarios, bringing
the power of LA [77,61] and EDM [75]] to those scenarios, in line with multi-
media learning theory [58]], concerned with how students learn from media com-
bining different audio, video and other stimuli. The same can be said for studies,
such as Banerjee’s [4]] (who applies clustering techniques to clickstream data),
Sinha et al.’s [83, 82], and their “quantitative information processing index”, Li
et al.’s [54] studies on the relationship between clickstream data and perception
of difficulty or Brinton et al.’s [6]], who try to correlate clickstream data and quiz
performance. They all make use of large volumes of data to extract conclusions.
In small learning scenarios, it is impossible to obtain those large volumes of data,
but that shouldn’t keep tools from using the knowledge obtained there. With the
use of our tool, it becomes possible to apply the knowledge from that research to
more learning situations, and to validate or refuse the interpretations they propose.
This validation process is one of the main ways in which our research can help the



4.1. RESULTS AND DISCUSSION 123

limited evidence seen in the literature come closer to a wider variety of scenarios

so that it can be tested and, where it applies, contrasted and validated.

With our research, and our open-source tool, we also bring the power of visu-
alization in general, and clickstream visualization in particular, as announced by
Siemens [81]] or Kateja et al. [45], to a much wider audience, adding one more

resource to those reviewed by Seidel et al. [[78]].

While being closely related to reearch efforts by Giannakos [29] and Kleftodi-
mos et al. [50] (who design and present an analytics system for use in learning
scenarios where students are offered learning resources in video format), and Shi
et al. [80] (who pay special attention to skipping behaviour), we believe our pre-
sentation and processing of the data goes one step beyond in allowing practitioners

to obtain actionable information from the students’ clickstreams.

Our research can be used to contribute to the current mixed evidence around the
effectiveness of the use of video and the lack of studies going beyond the descrip-
tive or correlational, as remarked by Poquet [/3]], who analyse 178 different papers
to conclude that "bridging the gap between granular analysis of video clickstream
data, and the use of established psychological measures, is a promising area to

strengthen the insights around the impact of video on learning".

Also, our study allows practitioners to analyse the use of video at a much lower
granularity than is usually seen in the available research (see, for example, reviews
by Tiernan [88]] or Kay [46]), which mostly focus on the progress of sequences
through sequences of learning resources (in any format, including video) but very

rarely take profit from the linearity of video to dig deeper.

Lange and Costley [52] talk of five main categories for media delivery problems
(pace, intelligibility, quality, media diversity and congruence). The use of our tool

allows for an analysis of those possible problems for a qualitative point of view.

We believe we go beyond the information that Ozan and Ozarslan [69] (who
perform statistical analysis on the clickstream data they collect) or Marshall and
Marshall [56] (who, as ourselves, look at pauses, seeks, and re-watching patterns)
or Martinez et al. [57]] (who look at video completion rate, average playback speed

or course completion rate) extract from the clickstream, painting a fuller picture.

The main result obtained from the research is that the final iteration on the

design and development of the tool has resulted in more and better annotations,
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leading to actionable information for the analysis and improvement of the learning
resources. This was seen in the Results section in Additionally, read-only ac-
cess to the developed tool, containing instructors’ annotations, has been published
[15] so that its full interface can be fully tested. We will now enumerate the dif-

ferent types of actionable information that were obtained, with examples.

* Instructors’ hypothesis regarding difficulty and cognitive load for the dif-
ferent learning resources in video can now be confirmed or rejected. This
was seen in the collected annotations for the second analysed video, in the
segment about the map reduce operation, where the data did not fit the in-
structor’s expectations, while the rest of the segments agreed with those

expectations.

* Navigational patterns that occur for certain student profiles or at certain mo-
ments in the course can now be identified. This presents an opportunity to
offer navigational help to improve student experience, as can be seen in
the second and third videos, where a high number of forward jumps sug-
gests students with prior knowledge are skipping segments summarising
that known information. This could help to offer personalised content to
students presenting one of these navigational patterns (e.g., for students not
skipping forwards over summarised information, pointers to more in depth
explanations could be offered), or to better structure the presentation of in-
formation in a future version of a video. A screenshot of the tool containing
annotations illustrating this point can be seen in figure 4.1}

» Unexpected navigational patterns for which instructors do not have an in-
terpretation, and none is found in the literature, can now be detected. Such
unexpected behaviours can be appreciated in the visualization offered for
the second and fourth videos. This suggests a need to conduct further re-
search with future students presenting those patterns, to obtain an explana-
tion that will then lead to further action. A screenshot of the tool containing
annotations illustrating this point can be seen in figure [4.2]

» Segments for which the suggested feedback does not agree with instructors’
impressions regarding cognitive load, need for reflection or difficulty can
now be detected. This provides opportunity for further research that allows
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Video 3. Modelo en grafo

Manual Modelos en grafo y grafos Zoom: 1x
Segment: 2

Beginning: 1:35. End: 2:38. (3%).

‘We have a lot of forwards jumps (4%).

‘We have about the expected backwards jumps (2%).

We have about the expected pauses (3%) for 38:23 (5%)

Notes
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*esperat perqué molts dels estudiants ja saben el qué és un graf i els
elements que el composen. Aquests estudiants s’han saltat aquesta part i han
anat, majoritariament, a la part d’aplicacié de vins i del model en graf

Com el contingut d’aquesta part és conceptual i de recordatori, no s’espera
una gran dificultat en la seva comprensid. Aixd queda reflectit en un nombre
de pauses dintre de la normalitat.

lin_acnerts cumide an amusct comment cdn ale calte Alantmeds Amui veiem un 7
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@ Pauses
| +| - | Add Hotspot | Remove Hotspot | Remove All Hotspots | Save
@ Highlight Jumps From Timeline Position
" IHighlight Jumps From Segment
" IHighlight Jumps To Segment
IHighlight Just This Segment

(Home)

Figure 4.1: A screenshot of the tool containing annotations that point out detected nav-
igational patterns that can be used to offer navigational help to students. This can be
accessed from the published visualization tool .
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Video 4. Modelo ACID

R Zoom: 1x
Manual oo

Segment: 1
Bases de datos distribuidas
Beginning: 0:00. End: 1:16. (3%).

We have a lot of forwards jumps (32%)

We have a lot of backwards jumps (7%). This seems to indicate the segment
has a high cognitive load for students compared to the rest of the video..

We have a lot of pauses (8%) for 49:25 (15%). an

This seems to indicate the segment needs a high level of reflection by
students compared to the rest of the video.

Notes

Introduccién

a ulgu
explicar les anade:
que hi

cap au
seu background pre,
i8, les

s possible que ja tingu
ilap ati
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s precipitin i hagin

definitivitat it és el tema dels
protocols. E 1 tema que els hi interessa. Una
a i e tornar enrere.

& Jumps
Pauses
+ | - | Add Hotspot | Remove Hotspot | Remove All Hotspots | Save
Highlight Jumps From Timeline Position
Highlight Jumps From Segment
Highlight Jumps To Segment
Highlight Just This Segment

Figure 4.2: A screenshot of the tool containing annotations that point out unexpected
navigational patterns for which instructors do not have an interpretation, and none is

found in the literature. This can be accessed from the published visualization tool [|15|].

the improvement of the interpretations available in the existing literature,
and, in particular, those described by Sinha et al. [82, 83]] and Brinton et
al. [6], as those are the ones that have been used in our tools and where the
contrasting information should be worked on. This can be seen mainly in the
fourth video, where the system labels a segment (the transaction example) as
presenting a high level of difficulty, in contrast with the instructor’s opinion.

* Additionally, the collected evidence strongly suggests that the clickstream
can be used to provide an a priori measure of the relative difficulties of
comparable segments in a video, as can be seen in the examples sections
in the fourth video. Where formally similar segments are compared, the
number of interactions (and especially backward jumps and pauses) seems
to provide a direct measure of those relative difficulties.

This provides us with information that allows us to improve the feedback pro-
vided by the tool so that it is more useful to instructors using it in the future
to better understand the students’ learning process from video resources, and to
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detect where videos can be improved upon, where navigational aids can be pro-
vided to make learning more efficient for students presenting particular naviga-
tional patterns, where extra information or personalisation can be provided when
navigational patterns suggest a lack of previous knowledge by students, and also
to detect where unexpected patterns are taking place, which should lead to further

research to improve our understanding of the learning process.

4.2 Answers to the research questions

We now answer the research questions that were posed at the beginning of this
work an have guided our research.

Regarding RQ1 (Do the traces left by students watching learning resources in
video format contain enough information as to allow teachers to detect prob-
lems in their learning process?), we have shown that, indeed, those traces con-
tain enough information to detect possible problems in students’ learning process.
This is shown in the article Analysis and improvement of video learning resources
in small-scale learning scenarios (Chapter 3, Section [3.2)) and is further worked on
in appendix [A] Examples of said problems are unexpected navigational patterns
by students, or indications of high cognitive load or a high need for reflection by
students in video segments where instructors had not previously appreciated this,

as shown in the previous section.

Regarding RQ2 (Is it useful to aggregate the traces left by different students
watching a single video to detect patterns in those traces in small-scale learning
scenarios?), we have shown that it is useful to aggregate those traces to detect
patterns, even in small-scale learning scenarios. This is shown in articles The use-
fulness of video learning analytics in small scale e-Learning scenarios (Chapter 3,
Section [3.1)) and Analysis and improvement of video learning resources in small-
scale learning scenarios (Chapter 3, Section[3.2)). In particular, in the first of these
works, We posed two research questions, RQ2.1 and RQ2.2, regarding the use-
fulness of the clickstream data generated by users, and the minimum number of
playbacks needed to achieve that usefulness. We have seen that, despite most of
the existing literature focusing on large-scale learning scenarios, where analysed
video playbacks number in the thousands, with adequate visualizations, in most
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cases usefulness results from a few hundred playbacks, and in many cases, less
than a hundred playbacks. Thus, deploying learning analytics solutions for video

learning is useful in many scenarios where it has not been considered until now.

Regarding RQ3 (Can we develop visualizations and other analysis tools that
prove themselves useful to help teachers analyse aggregated traces, detect pat-
terns and suggest interventions in the learning process?), we have shown that vi-
sualizations can be developed that are useful to instructors to analyse the collective
clickstream and detect patterns in the learning process. This is shown in the arti-
cle Analysis and improvement of video learning resources in small-scale learning
scenarios (Chapter 3, Section [3.2)) and further worked on in appendix [A] In partic-
ular, we have shown that (i) the visualization we have designed and developed has
proved effective to confirm or disproof intuitions by instructors regarding the rel-
ative difficulty of different segments in a learning resource in video format, (ii) to
provide an effective measure of relative difficulty in comparable segments, (iii) to
confirm and in some cases refuse statements regarding cognitive load and need for
reflection found in the literature and (iv) surface unexpected navigational patterns

by students that merit further exploration.

It must be said that, while the aggregated traces left by students contain enough
information to detect patterns in those traces, and they can be enough to detect
possible problems in the learning process, especially when presented in a use-
ful visualization, in appendix [A] we can see how providing instructors with other
information extracted from the video in the visualization, such as providing a seg-
mentation according to its contents, is key to those instructors being able to detect

improvement opportunities in a video.

4.3 Contributions

We present here the main contributions derived from our work.

The main practical contribution is a freely available software tool ([15]) with
the primary objective of helping instructors —and also other stakeholders in the
teaching and learning process, such as instructional designers, educational con-
tent creators, or educational researchers with an interest in video learning— to

obtain a deeper understanding of what happens when students watch learning re-
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sources in video format by visualizing the digital traces left by those students
when watching the resources. The tool can also process the collected clickstream
data and cross-reference it with the knowledge about students’ navigational pat-
terns available in the literature, and provide instructors with feedback about what
those patterns mean in the context of the video resources they are using (currently,
feedback is offered on video segments presenting a relatively high cognitive load
or a high need for reflection by students). Through the use of the tool, instructors
can currently detect opportunities for the improvement of the analysed learning
resources, detect unexpected navigational patterns, or compare relative difficul-
ties of segments in a video. The tool has been designed for its use in small-scale
learning scenarios, which currently lack any tools with the presented objectives

and functionalities. It has already proved useful and adequate for those scenarios.

Furthermore, as it can be seen in appendix [A] the tool has been proved useful
as a tool for instructors to reject some of the presented automatic feedback, when
it did not adjust to the context. This should result, in the future, as a powerful tool
for educational researchers to obtain a richer picture of the relation between stu-
dents’ navigational patterns and aspects such as perceived difficulty of educational

content.

From a technical point of view, the artifacts that have been created are:

* A freely available, open-source and easy to deploy system to collect click-

stream data from users watching video on a web page ([15]).
* A novel visualization for the navigational patterns of users watching video.

* A second freely available, open-source software tool to visualize and anal-
yse the data collected by the first one, with affordances to divide the video
into different segments according to the instructors’ (or other stakeholders,
such as instructional designers) criteria. The tool also provides an interface
so that the different stakeholders can take and share their notes regarding

the presented information.

* One final artifact from our work is the publication of a well documented
and annotated dataset on the navigational patterns of students when watch-
ing educational resources in video format that should be of help to future
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researchers who want to carry out work in the educational data mining and
learning analytics fields regarding video use by students without the need to

collect their own data.

4.4 Limitations of the research

One limitation that has been mentioned already and will be mentioned in all the
contributions that compose this thesis is that of anonymity. The data collection
that has been carried out and that has given place to our analysis has been com-
pletely anonymous. When a playback session is recorded, a session identifier is
generated, but not a student identifier. This is so that we can be sure that privacy
regulations are respected and that ethics committees, both at the Open University
of Catalonia and at any other institutions that might be interested in replicating our
data collection scheme, will have no objection. That means that we have a very
high level of confidence in the collected data for playback sessions, but that it is
currently impossible to group all sessions corresponding to a student. As a conse-
quence, we cannot make any statements regarding the students who activated the
playback sessions, beyond the actions they took and the moment they were taken.
And this means we do not know if a student is watching a learning resource for
the first or the nth time, which is of course very relevant in many aspects. It is our
expectation that, in the future, educational institutions will be the ones deploying
data collection, processing and analysis such as the ones we propose, and that
they will have the resources to define institution-wide policies regarding personal
identification that are respectful of students’ privacy but allow researchers, teach-
ers and other stakeholders to have a more complete picture of how students learn

from video-based learning resources.

Another limitation of the research presented here is that, because of the nature
of our work, we have taken a strictly quantitative approach to data collection. We
are well aware that this is an incomplete approach. We have proposed a number
of times future lines of work that would allow teachers and other stakeholders to
program a tool so that the tool can detect certain student behaviours and, when
they happen, query students regarding their behaviour so that we can have a fuller
picture of what is happening, but we are aware that even this is only a first way
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to obtain better information, and it should certainly be accompanied by better

qualitative approaches.

A final limitation we wish to state is that of the limited domains of knowledge
for the video-based learning resources we have collected clickstream data for.
While we expect that the conclusions regarding student behaviour while learn-
ing from those resources will be meaningful in other domains of knowledge, this
needs to be tested thoroughly before going beyond a mere expectation. As with the
limitations implied by our anonymous data collection, we expect this to become a
much lesser point of interest once data collections becomes more widespread and
institution lead, as this will lead to universal coverage, and all field of knowledge
at an institution to contribute to the collected data, and this will in turn allow re-
searchers and practitioners to test any hypothesis regarding differences in student

behaviour and its interpretation across all those domains of knowledge.

4.5 Future work

There are many lines of work that can be pursued from the end of the research

presented in this work.

As it has been said previously, until now, the data collection has been fully
anonymous. Some level of student identification (even if it remains hidden to
instructors) should allow for a more profound understanding of how students learn
from resources in video format at different stages of their learning process, as well
as the cross-reference to their qualifications or other evidence of their achieving

the different learning outcomes associated to their courses.

While the current solution to collect clickstream data is easy to deploy for any-
one with minimal technical knowledge of web technologies, it would be much
more convenient to have our software deployed in the form of a plug-in for popular
content management systems (CMS) and learning management systems (LMS),
which also allowed to have the visualization and analysis part available in the
back-office part of the CMS or LMS. This would also allow for a uniform way to
update all the different deployments of the analysis tool as work advances on it.
Currently, we are already working on the development of a plug in for the Word-
Press CMS. It is also our intention that whoever installs the plug in is allowed
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and encouraged to share their data easily, and in a privacy conscious way, with
the research community, so that more data can be gathered and analysed, from as
many domains of knowledge and learning scenarios as possible, so that a larger
and better knowledge base is built on video learning.

Our tool does not currently allow users to set up navigational patterns to trigger
actions in a video. Developing such a functionality would allow an instructor, for
example, to offer personalised learning resources to students presenting a pattern
associated with lack of understanding of a particular concept, or to interrogate
those students following a pattern that has previously characterised as unexpected

and for which instructors do not have an explanation.

We have worked at the in-video level. It is expected that if the tool is applied to
a collection of videos, say all video-based learning resources in a course, a wider,
richer point of view should be achieved, for example by comparing segments in
different videos in which similar content or activities are presented. In order to this
effectively, affordances should be made to allow the classification of the different
segments in a collection of videos to be classified under different taxonomies or

other schemas.

Finally, in order to address the inherent uncertainty of most quantitative data
collected through the internet, it would be interesting to set up lab environments
to obtain further knowledge about how the collected clickstream events relate to

behavioural evidence collected through other means.
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Appendix A

Further development

This appendix presents a finale to our research into video learning analytics tools
for small-scale educational contexts. Expanding on the iterations presented in the
Contributions chapter, the tool has been updated further to include enhanced vi-
sualizations, improved annotation workflows, and automated video segmentation,
enabling instructors to explore clickstream data (such as pauses, jumps, and re-
plays) with contextualized interpretations from the literature. Tested in a course
on non-relational databases, the tool allowed instructors to validate or challenge
their assumptions about student engagement and identify segments needing revi-
sion or support. Although further refinements were proposed, this work confirms
the tool’s capacity to help instructors obtain actionable insights, and to support

pedagogical reflection and informed decision-making in video-based instruction.

All the content of this appendix is the exclusive work of the author of this docu-
ment, with the revision of his supervisors. An edited version of the contents of this
appendix has been submitted to the journal Higher Education. The International
Journal of Higher Education, with ISSN 1573-174X under the title A tool for the

analysis and improvement of video learning resources based on clickstream data.

A.1 Introduction

Tiernan [88]] documents how the integration of information and communication

technologies (ICT) in education has enabled instructors to incorporate learning

135
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resources in novel formats, such as video. While this shift offers numerous ad-
vantages, it also results in the loss of certain insights that instructors naturally
acquire through face-to-face teaching, as can be seen in Hung [40]. In the re-
search shown in the previous chapter (sections [3.1] and [3.2)), a visualization and
analysis tool was designed with the objective to mitigate this loss by capturing
and representing the digital footprint left by students as they engage with video-
based learning materials. The tool also contextualized the data with the knowl-
edge available in the existing literature, highlighting, for example, segments in a
video presenting navigational patterns associated with high cognitive load for stu-
dents. Our findings indicated that the developed application effectively presented
a comprehensive overview of the available data alongside relevant interpretations
from the literature, which was considered useful by instructors and other stake-
holders in the teaching and learning process. But the information provided by the
tool did not lead to instructors determining specific improvements to be made to
the analysed videos. In the present chapter we iterate on the design of the tool,
with the objective of making it easier for stakeholders to obtain actionable insights
from the presented information, and analyse whether the proposed new design and

functionalities achieve that goal.

The rest of this chapter is organized as follows. First, we present a literature
review of the work that has been done in the field until now. Then follows a section
where we describe the followed methodology, including the iteration made in the
design and development of the tool, the description of the set of videos to be
analysed, and the information provided by the stakeholders. Finally, we have the
last two sections, devoted to the presentation of the results and the associated
discussion.

A.2 Literature review

Numerous authors emphasize the significance of data visualization in educational
contexts. On one hand, Siemens [81] underscores the importance of exploring
learning through the analysis of generated data. On the other hand, Gomez-
Aguilar et al. [3]] highlight the utility of visualizing learning processes and out-
comes to enhance analysis and understanding. Learning analytics dashboards,
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for instance, are recognized as valuable tools for assessing the effectiveness of
a course across its preparation, execution, and evaluation phases, as can be seen
in Hooshyar et al. [38]]. Klerkx et al. [51] show these dashboards are consid-
ered essential for students to obtain insights into their own learning behaviours,
for teachers to monitor and understand student interactions, and for researchers to

identify and communicate relevant patterns.

Henrie et al. [35] provide a comprehensive review of existing approaches to
measuring engagement in technology-mediated learning, identifying their strengths
and limitations while proposing potential improvements. Vieira et al. [91]] present
a similar review, specifically focusing on visual tools, which aligns with the ob-
jectives of this study. Jovanovi¢ et al. [42] investigate the application of learn-
ing analytics in a flipped classroom setting to analyse students’ learning strate-
gies. Additionally, Herndndez-Leo et al. [[36] propose a framework for employing

learning analytics to inform learning design.

In the context of learning analytics applied to video-based learning, Seidel et
al. [78]] conduct a literature review on video learning analytics. Dodson et al. [27]]
introduce a framework to describe student behaviour during video-based learning.
The earliest instance of the use of clickstream analytics in this domain is found in
Banerjee et al. [4], who apply clustering techniques. Sinha et al. [83,82], develop
a "quantitative information processing index" based on video clickstream data to
help instructors understand MOOC challenges, identify unsatisfactory learning
outcomes, and predict student attrition. Li et al. [54] explore similar themes,
establishing a correlation between video-watching behaviour and perceived diffi-
culty. Brinton et al. [6] build on this foundation by investigating the relationship
between video-watching behaviour and quiz performance. Hasan et al. [34]] and
Yoon et al. [96] extend this research by further analysing video engagement pat-
terns. All these studies rely on large amounts of clickstream data, usually from

videos used in MOOC scale environments.

Regarding the visualization of clickstream data to analyse student behaviour
in video-based learning, Kim et al. [48] conduct a large-scale study on in-video
dropout rates and peaks in viewership, demonstrating that longer videos are as-
sociated with higher dropout rates and that different video types elicit distinct
viewing behaviours. Kleftodimos et al. [50] and Giannakos et al. [29] design an-
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alytics systems for video-based learning. The former introduces an "active view-
ing" framework within the context of active learning, while the latter presents
evidence of a correlation between video navigation and cognitive engagement.
Wang et al. [92] propose a visualization method that employs animation to il-
lustrate video-watching behaviour, a concept further refined by Min et al. [60].
The visualization approach presented by Min et al. [60]] closely resembles the one
used in previous research by Corcoles et al. [[16]].

Among the studies most closely related to our research, Mubarak et al. [66]]
propose a learning analytics solution that shares several principles with our work.
However, their approach is tailored to videos with significantly higher view counts
and incorporates machine learning techniques that, while powerful, are not di-

rectly applicable to the small-scale learning scenarios examined in this research.

It is noteworthy that even before the emergence of comprehensive learning ana-
lytics solutions, studies examined the impact of digital video. For instance, Merkt
et al. [59] analyse the affordances offered by the possible interactivity of digital
videos in educational contexts. More recently, with the advent of mature learning
analytics infrastructure, Pérez-Navarro et al. [72] investigate student behaviour

and perceptions regarding supplementary videos in online environments.

Hu et al. [39]] propose analytical methods for assessing students’ video-watching
behaviours in MOOC platforms, testing their framework with real-world data.
Their data collection schema closely resembles the one employed in our work.

Utilizing big data techniques, they transform raw data into interpretable insights.

Corcoles et al. [[16] provide evidence that even in small-scale learning sce-
narios, instructors benefit from visualizing clickstream data associated with the
videos used in their classrooms. However, the proposed visualization proposed in
that work lacked intuitive interpretability regarding navigation patterns. Instruc-
tors, in particular, sought tools that could effectively highlight instances where a
substantial number of learners skipped from one point in the video to another, as
well as patterns related to the distribution and duration of pauses. This study also
details the data collection schema used here, which aligns with methodologies
found in Kim et al. [48]], Min et al. [60], and Hu et al. [39]]. The visualization
is evolved in Coércoles et al. [19]], resulting in instructors easily achieving profi-

ciency in the interpretation of the presented data, although that interpretation did
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not result, in the context of that experiment, in substantially new insights on the

learning process.

A.3 Methods

This research follows a mixed methodology combining action research with a
design and creation approach, as illustrated in figure [A.T] based on Oates [[68].
The research process begins with the identification and articulation of the prob-
lem —in this case, the original problem is the lack of information regarding how
students engage with learning resources in video format. Subsequently, a solution
is proposed in the form of an artifact, which, in our case, consisted of a software
application designed to visually represent students’ clickstream data while inter-
acting with video-based resources, alongside relevant interpretations derived from
existing literature. The implementation of this artifact follows an iterative cycle of
planning, action, and reflection, wherein each cycle involves deployment in real-
world scenarios, followed by evaluation based on predefined performance metrics.
Depending on the evaluation outcomes, modifications are introduced, prompting
subsequent iterations until the final version of the artifact is achieved. The present
study presents one cycle of this iterative process, having as its main objective the
improvement of the tool presented in Corcoles et al. [19] so that the information
obtained from the tool is easier to implement and results in actionable information
that can be used to either suggest improvements to the video, to provide insights

regarding it, or to detect unexpected student behaviours.

As mentioned above, we proceed from the research documented in Cércoles et
al. [19], that in turn was a continuation of Coércoles et al. [[16]. In that research,

an artifact was produced that:

1. allowed for the capture and collection of the clickstream left by students

when watching educational videos;

2. then processed the collected data and produced a visualization of the stu-
dents’ collective navigational patterns, intended for consumption by differ-
ent stakeholders in the teaching and learning process, at this time mainly

teachers and creators of educational resources in video format;
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Figure A.1: The combination of design and creation methodology with action research

used throughout this research.

3. and it also allowed to offer automated interpretations of the meaning of the
global navigation patterns found in the existing literature (e.g. identifying
segments of a video as presenting a higher than average cognitive load or
need for student reflection).

A screenshot of said artifact can be seen in figure[A.2]

One of the main conclusions from that previous research was that the offered
visualization was perceived as useful by different stakeholders in the teaching and
learning process and that it offered opportunities to improve on said process, and
made evident some of the limitations in the presented tool. The main limitation
of that research is that, while the tool was considered useful, its use did not result
in stakeholders determining improvements to be made to the video-based learn-
ing resources that were analysed. This leads to the need to iterate on the design
and development of the tool so that it becomes easier to detect patterns or other
such information resulting in suggestions for improvement of the analysed videos,
the surfacing of unexpected behaviours, or the corroboration or refutation of the
stakeholders’ hypothesis regarding the video. This iteration, and the analysis of
its results, are the objective of the research documented in the present work.
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Video 1. The tester
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Zoom: 1x

Figure A.2: The visualization and analysis tool as it was at the beginning of the present

stage of design and development.
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Video 4. Modelo ACID

Manual Actualizacién perdida
Segment: 6
Beginning: 10:11. End: 11:53. (3%).

We have about the expected forwards jumps (3%).

We have few backwards jumps (2%).
We have many pauses (5%) for 49:25 (1%).

This seems to indicate the segment needs a high level of reflection by students
compared to the rest of the video.

Notes
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Highlight Jumps From Segment
Highlight Jumps To Segment
Highlight Just This Segment

Figure A.3: The updated interface for the visualization and analysis tool.

In order to proceed with this phase of the research, the first step was to imple-
ment most of the interface changes that had been put in the backlog as a result of
previous research efforts. Then, the functionality to manage the users’ annotations
was improved so that it allowed for a more efficient, streamlined and comfortable
process, thus encouraging users to take more thorough notes (A.3)). Finally, further
options were added to better visualize navigational patterns happening in a seg-
ment: the tool, in its previous state, highlighted backwards and forwards jumps
happening from a certain point in a video. The tool at the current point in devel-
opment keeps that functionality, but it also allows the user to select options that
activate the display of jumps departing from and towards the currently highlighted
segment in the video (A.4)).

At this point, the videos to be used in the experiment were selected. It was
decided that, from the accrued collection of videos for which data was acquired,
the more coherent selection belonged to a series of videos from a course on non-
relational databases, which had been created by the two instructors for the course.
The course relies on students watching the videos for the most significative part
of the learning process. The videos, in addition, are the result of the instructors’
long experience in teaching the subject in different learning scenarios, including
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Video 3. Modelo en grafo
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Figure A.4: The updated interface for the visualization and analysis tool. It shows the

updated functionalities to better display jumps to and from a segment in a video.
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Video Length Segments
Graph model 38:23 15
Map Reduce framework  30:48 12
Distributed databases 12:13 7
The ACID model 49:25 17

Table A.1: Analysed videos, with their length and the number of segments they were
initially divided into.

face-to-face teaching and in distance learning environments. The final applied
criterium to select the videos from the collection was to present each instructor
with about one hour of video material, as to present a reasonable workload. With

this in mind, four videos were selected:

1. The graph model for data representation and storage.

2. The Map Reduce framework, a distributed programming environment on

distributed data, and its main applications and use cases.

3. A short introduction to the concepts of distributed systems in general and

distributed databases in particular.

4. The ACID model of database design, transactions, interferences, and con-

currence control.

The videos are the sixth, seventh, and twelfth from a total of eighteen videos in
the course, thus discarding the initial and final phases of the course.

A summary of the numerical data for the used videos is presented in table [A.1]

Beyond the improvements in interface and visual designed for the tool, the hy-
pothesis that needed to be tested is whether providing more or better information
regarding the analysed videos in the tool would help stakeholders be more ef-
ficient and proactive in validating the indications automatically provided by the
tool, and locating potential problems and improvements to be made as a result of
the presentation and analysis of the available clickstream data in association with
the automatic indications. In order to overcome this limitation, it was decided
that, before showing instructors the tool with the loaded data, an effort will be
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carried out to segment the video so that they have a starting point from which to
work. As the analysed videos are all based on slides, the offered segmentation has

to do with changes in slide titles.

An onboarding session was carried out to present the tool and its use to the
instructors. As a result of this first session, some improvements were made to the
functionalities to save the annotation data. After the improvements were made,
video presentations were recorded to (i) help instructors remember how to use
the tool, and to (i1) briefly present the initial segmentation for each video and,
if applicable, to point out navigational patterns that the researchers had found

remarkable, and about which specific questions were presented to instructors.

Finally, a System Usability Scale (SUS) test was administered to the two in-
structors. SUS is a widely used tool for assessing the perceived usability of a
system, product, or interface, as can be seen in Grier [31]]. It consists of a 10-item
questionnaire that captures users’ subjective evaluations of ease of use, efficiency,
and overall satisfaction. Each item is rated on a five-point Likert scale, and the
responses are combined to generate a usability score ranging from O to 100. The
SUS is used to compare usability across systems, identify design issues, and guide

iterative improvements based on user feedback.

We now proceed to describe the annotations created for the instructors for each
video, followed by the interface and functionality suggestions they made, and the
results of the SUS test.

A.3.1 First video (introduction)

The video is divided into 7 segments: introduction, distributed systems definition,
advantages and challenges, distributed databases definition, types, advantages and

challenges, and conclusion.

The application says that the introduction segment has both a high need for
reflection and a high cognitive load. It also says that the conclusion has a high

cognitive load.
We now present the most relevant segment annotations by the instructor.

Introduction. The instructor does not agree the segment presents a high need
for reflection or a high cognitive load.
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Conclusion. The instructor does not agree the segment presents a high cogni-

tive load.

A.3.2 Second video (Graph model)

The video is divided into 15 segments: introduction, graphs and the graph model,
basic concepts, labels and properties, introduction to the graph model, example,
basic elements of the graph model, features of the graph model, example (II),
depth and width first searches, data access example, design considerations, RDF

stores, and conclusion.

The application indicates a high level of reflection in the introduction segment,
and both a high need for reflection and a high cognitive load in the introduction to
the graph model segment.

We now present the most relevant segment annotations by the instructor.

Introduction. The instructor does not agree with the suggestions that the seg-

ment presents a high need for reflection or a high cognitive load.

The instructor believes the presented segmentation shows too many segments,
and that they should be combined (e.g. the graphs and the graph model, basic
concepts, and labels and properties segments). The combined segment shows a
high number of forward jumps, which is to be expected, as the segment presents
information that should be known by most students in the course. This presents an
opportunity to add a navigation aid to jump to the end of the segment. Students are
also seen jumping to the combined segment from the parts of the video explaining
how to model concepts in a graph and from the design considerations segments.
This is, again according to the instructor, to be expected in the first case, as it
1s relevant information, but not in the second case, where he does not have an
explanation for the behaviour. Again, this suggests the opportunity to either add a
navigational aid that helps students locate the relevant segment, or to present the

information following a different structure.
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A.3.3 Third video (Map Reduce framework)

The video is divided into 12 segments: introduction, data processing, data process-
ing, the Map Reduce framework, operations, Map Reduce operation, Map Reduce
features, efficiency, Map Reduce operation (II), applications and use cases, Map

Reduce for data management, Map Reduce in NoSQL databases, and conclusion.

A high level of reflection is indicated in the introduction segment. A high cog-
nitive load is indicated in the Map Reduce in NoSQL databases segment. A first
analysis by researchers presents doubts about the indications provided for the in-
troduction and conclusion, which do not seem to require a high level of reflection

or a high cognitive load, respectively.
We now present the most relevant segment annotations by the instructor.

Introduction. The instructor does not agree the segment presents a high need

for reflection.

Map Reduce Operation. The instructor expected this segment to present a
high cognitive load, but the data present in the application doesn’t seem to indicate
so. This indicates that further research is needed to either check why the cognitive
load is not high despite the instructor’s impression, or whether it is actually high

and this can be seen in a navigational pattern not present in the literature.

The other segments present information that agrees with the instructor’s im-
pressions. No strange or anomalous navigational patterns can be appreciated in
the presented data,

A.3.4 Fourth video (ACID Model)

The video is divided into 17 segments: introduction, consistence, transactions
and ACID properties, transaction example, interferences, lost actualization (in-
terferences), non-confirmed read (interferences), non-repeatable read (interfer-
ences), inconsistent analysis or ghosts (interferences), interferences in distributed
databases, protocols for transaction management, when there are no interferences,
concurrence control protocols, transaction in relational databases, transactions in
NoSQL databases, a transaction example, and conclusion.
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A high level of reflection is indicated in the consistence, transactions and ACID
properties, transaction example, lost actualization, non-confirmed read segments.
A high cognitive load is indicated for the conclusion segment. Both alerts are
shown for the introduction and interferences segments. A first analysis by the re-
searchers presents doubts about the indications provided for the introduction and
conclusion examples, which do not seem to require a high level of reflection or
a high cognitive load, respectively. Also, the navigation patterns for the interfer-
ences segment and the following four segments, presenting similar examples of
different types of interferences, is seen as an opportunity, as they all have rela-
tively high presence of pauses and backwards jumps, but they differ enough as to
trigger different alerts by the application. The instructor is asked to pay specific
attention to these segments when providing her feedback.

We now present the most relevant segment annotations by the instructor.

Introduction section. A jumping pattern is detected in different sections of
the video. The instructor connects it to the fact that there is a heterogeneous
set of students watching the video, with some of them having previously acquired
knowledge of different sections of the video (in particular, about inference, but not
so much about protocols). That would explain that students with that knowledge
would want to jump to different sections of the video. An opportunity is detected
to personalise the navigation in the video for that profile of students. Also, she

does not agree the segment presents a high need for student reflection.

Consistence section. The instructor’s perception of the difficulty of the seg-
ment is aligned with the information provided by the system regarding a high
need for reflection.

Transaction and ACID properties. Again, the instructor’s perception of the
difficulty of the segment is aligned with the information provided by the system
regarding a high need for reflection. But in this case, a navigational pattern is de-
tected for which the instructor has no clear explanation (students coming back to
the segment from later segments). The instructor finds that the tool’s functional-
ities are not sufficient to present a clear image of what is happening, which leads
to the compromise to set up a working meeting to keep working on the tool’s

interface.
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Transaction example. The provided explanation about a high level of difficulty
does not agree with the instructor’s impression, suggesting that the navigation
patterns found in the literature do not describe what is happening here, and that
further research is needed.

Interferences and related examples. A high level of pauses is detected in all
the examples, which leads the system to indicate that a high level of reflection
is needed, which does not agree in all cases with the instructor’s impressions of
cognitive load and need for reflection (she hypothesizes that in some cases those
pauses might indicate students are thinking about information provided in previ-
ous segments in the video, and not the present one). When associating the differ-
ent levels of indication provided by the system with which examples give students
more problems in course assessments, the instructor sees a clear correlation be-
tween the two, which would lead us to believe that the tool and the information
it provides is useful and, in similar cases in other videos, might be able to detect
relative levels of difficulty in related examples.

Conclusion. The instructor does not agree with the provided indication of a

high cognitive load.

In general, the instructor is satisfied with the functionalities presented by the
tool, but manifests a desire to have the ability to dig deeper into the presented data.
She agrees with some of the indications provided by the tool, but not others. This
might be interpreted as the navigational pattern not being sufficient by itself, with
further information about the contents of a segment, and probably the whole video,
needed to provide a fuller picture of students’ cognitive load. She also points to
the opportunity to present more information in the tool, such as recommendations

to provide more examples in segments presenting high cognitive load for students.

A.3.5 Interface and functionality suggestions, and SUS test re-

sults

Both instructors were encouraged to point to limitations in the tool’s interface
and functionalities in its current state, and to suggest possible improvements to

it, and point to features they would like to be added in the future. Both manifest
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satisfaction with the tool as it is, and have pointed out actionable information the

tool has helped them detect, but they have a number of suggestions.

One pointed limitation has to do with the need to better visualize navigational
patterns. With the present interface, it is easy to see which segments a student
is jumping to, but if those segments are long enough that they include different
sections, it is not easy to see where exactly they are jumping to (and the same
thing can be said for the origin of jumps to the highlighted segment). Related to
this, the interface for zooming in and out should also be improved. Finally, the
ability to label segments according to the instructors’ criteria may be useful to

limit the data analysis to segments labelled in a certain way.

Regarding the currently very limited video player included in the tool, which
currently only shows the point in the video corresponding to the point in the time-
line where the user clicks, instructors point to the usefulness of keeping the current
behaviour, but also adding a standard video player that could be triggered when

needed.

The value obtained from the SUS test was 77,5, above the average value of

68,5, indicating satisfactory results.

A.4 Results

Regarding the results obtained from the research, the first one we point out is
that the efforts for segmenting the videos before giving instructors access to them
in the tool has resulted in more and better annotations, which has led in turn to
actionable information that can be used to (1) confirm or deny instructors hypoth-
esis regarding difficulty and cognitive load for the different learning resources in
video, or (ii) to detect navigational patterns that occur for certain student pro-
files or at certain moments in the course, which present an opportunity to offer
navigational help to improve student experience, to offer personalised content to
students presenting one of these navigational patterns, or to better structure the

presentation of information in a future version of a video.

Feedback common to all videos seems to indicate that introduction and conclu-
sions segments for a video should not be processed in the same vein as the rest of
the video, as the system has a tendency to point out issues about cognitive load
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and need for reflection in them that do not agree with instructors impressions and

with which they vehemently disagree.

The second result has to do with the improvements to the tool’s interface. The
ability to highlight jumps from and to a segment in a video was deemed useful and
helped produce actionable feedback, but it also induced instructors to point out

many possible avenues to improve on the design and functionality of the feature.

Finally, the results of the System Usability Scale test seem to indicate that the
usability of the tool is good, although said results should be improved by further,
wider testing.

These results confirm the improvements to the usefulness of the tool to detect
improvements to be made to the analysed educational resources and also to de-
tect navigational patterns for which instructors have no clear explanation, thus

signalling the need for further work to understand what is happening.

A.5 Discussion and future work

While the initial segmentation, carried out by non-experts in the domain of knowl-
edge the videos belonged to, has been easy in our case, because the use of slides-
based presentations for the video allows for natural segmenting, in other types
of learning resources in video format this may present a much greater challenge.
One possible avenue to present an initial segmentation is represented by artificial
intelligence tools for video summarisation, that can offer such a functionality.

In some cases, there appears to be a need to mark a succession of segments of
high expected cognitive load as belonging to a coherent set. This should allow,
for example, for the comparison of the perceived difficulty by students of the con-
tents presented in those segments. This also suggests the possible usefulness of
marking a priori expected levels of the cognitive load of each segment by instruc-
tors, or other appropriate stakeholders, in order to provide better validation of said
estimation of cognitive load. In the cases where the tool does not indicate high
cognitive load despite instructors expectations, it seems clear that more research
is needed to either confirm that the instructors’ opinion does not agree with stu-
dents’ perceived difficulty for a segment (thus improving instructors’ knowledge
about the content), or to try to analyse why the navigational patterns do not reveal
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that perceived difficulty and, in that case, try to detect other possible applicable

indicators of high cognitive load or perceived difficulty.

Also, the fact that patterns have emerged about which instructors would like
to obtain more information leads us to believe that adding functionalities to the
interface used by students to watch the videos may be useful. Namely, if these de-
tected unexplained navigation patterns are programmed into the video player, the
tool could automatically prompt students presenting the pattern to answer ques-

tions about them at the end of the session.

Another possible line of future work for the tool has to do with better a priori
marking of the initial segments presented to instructors and other stakeholders:
using some of the available taxonomies for the classification of the content pre-
sented in each segment of a video might be helpful to ensure that comparisons are
only made about comparable segments.

And, finally, the experiment should be expanded to encompass learning re-
sources in video format belonging to other domains of knowledge and more stu-
dent profiles.
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Additional Material

The present appendix contains abstracts for two conference presentations: A web
application for the analysis of student use of video learning resources (Corcoles,
C., Huertas, M.-A. & Porta, L., 2015, [18]]) and Video clickstream data visualiza-
tion and clustering for the improvement of learning resources and the facilitation
of intervention (Cércoles, C. & Huertas, M.-A., 2019, [[17]]).

B.1 A web application for the analysis of student use

of video learning resources

Abstract

The importance of video as a medium for the delivery of learning resources,
both in distance and mixed learning environments and in conventional classrooms
(through the use of ‘flipped classrooms’, for example) is undeniable. When pro-
ducing and delivering video learning resources, Mayer’s multimedia learning prin-
ciples [58]] are of paramount importance. In many domains Sweller’s worked-out
example effect is essential, as are Chi and Renkl’s self-explanations principle (im-
plying generation of inferences, integration of statements, and deep analysis) [76].
In order to apply Renkl’s work to online video to provide effective guidance to
passive and superficial self-explainers it is necessary to acquire a better under-
standing of students’ video consumption patterns. The field of learning analytics

153
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provides a framework for this objective. Important work on the subject has been
done by Kim et al and by Chorianopoulos et al. [[12} 48]. Both have developed
tools that collect that kind of information. Kim and Chorianopoulos focus on the
aggregate behaviour of all students watching a video.

Our work puts the focus on individual behaviour, in order to detect patterns as-
sociated with effective learning based on self-explanations (measured in terms of
increased academic performance and engagement and improvement of the learn-
ing experience). In order to do that we have developed independently a tool. We
present the tool to collect individual usage pattern data and two novel visualiza-
tions for the gathered data. In order to make use with existing learning envi-
ronments easier our tool works on self-hosted and Vimeo and YouTube videos

embedded on a web page and uses commonly available web technologies.

While our work is still on the early steps we show as an important first result
examples of collected data providing important, actionable information that ex-
pands instructors’ anticipated expectations and that we could not have obtained
through strictly qualitative approaches, if only because of the inability to test all

students.

We discuss on the limitations of a strictly quantitative approach based on learn-
ing analytics and suggest a mixed methodology in order to maximize our under-
standing of student behaviour, specially for unexpected patterns. This suggested
methodology should allow us to provide effective guidance to passive and super-

ficial self-explainers in order to improve their learning.

Finally, we explore the possibilities offered by our tool to further enhance learn-
ing from video learning resources, both for all students and for particular groups

as a response to certain students’ behaviour patterns.
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B.2 Video clickstream data visualization and clus-
tering for the improvement of learning resources

and the facilitation of intervention

Abstract

Currently the importance of video-based resources for teaching can’t be argued
against, in all types of teaching (fully distance learning, blended learning, face
to face) and at all scales, from the massive to very small class groups, in flipped
classroom situation, for example. Thus, it is very important to analyse the use
of those resources in all kinds of teaching environments. Most, if not all, current
tools and methodologies are oriented towards MOOC-scale use and focus on the
global, aggregate data. Therefore, they are very useful as tools to detect dropout
or problematic points in a video. This focus results on tools and methodologies
of limited usefulness at medium or small scales, not providing actionable data
unless hundreds of students have watched a video and not able to provide useful
information on a single student basis to assist with teaching intervention and/or
the personalization of the teaching-learning process. Therefore, for most sizes of
classrooms, a different approach is needed.

We have developed a tool to collect clickstream data for video and a visual-
ization of those collected data on a single session basis (currently sessions are
kept fully anonymous in order to comply with privacy regulations, but the option
to uniquely identify students is kept). This visualization has been proved to be
of interest to teachers, revealing unexpected student behavior consistently across
different kinds of videos in diverse courses. In particular, skipping and pausing

are shown to be much more prevalent than instructors assume.

Conversely to the limitations of large scale visualizations for medium or small-
scale data, our first can be overwhelming when presenting data for medium sized
groups of sessions if no filtering is provided. Thus, a solution is needed to avoid
overwhelming instructors or content producers without data analysis skills. We
have explored the use of clustering techniques for this objective, allowing the

grouping of sessions with similar behavior.
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One challenge in clustering clickstream data is that those data give as a re-
sult trajectories which, being moderately high-dimensional data, aren’t directly
analysable through the use of the most common distances and summarization
methods used in the field. We have explored the available metrics to measure
distances between curves, such as the Fréchet distance, and have finally settled
on dynamic time warping as a measure of similarity for our analysis. The use
of agglomerative clustering techniques has proved moderately useful to separate
sessions according to similarity and have provided some insight to involved in-

structors.

In conclusion, we have created a first, fully-functional prototype of a tool al-
lowing instructors and video content producers a fine analysis of student behaviour
while watching said resources that should facilitate both the detection of global is-
sues with the resources and surfacing issues affecting smaller groups of students

that should lead to teaching intervention.
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