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Abstract

Until a few years ago, video analytics were not accessible to learning
stakeholders, mainly because online video platforms did not share the users’
interactions on the system with stakeholders. However, this scenario has
changed, and currently YouTube, the world’s largest media sharing site, offers
these data. YouTube is also the main tool for transmitting audio-visual content
in Language MOOCs (massive open online courses), and its video engagement
data can be monitored through the YouTube Studio channel, which provides
free and open access to video analytics. In this paper we present our research
based on the analysis of viewers’ engagement with 35 videos of the Language
MOOC entitled Aleman para hispanohablantes: basic principles (German for
Spanish-speakers). The data provided by the YouTube Studio Learning Analytics
platform has enabled new insights related to participants’ watching of these
videos in Language MOOCs (LMOOCs). The results of our study provide
pedagogical implications for Foreign Language instructors concerning the use

of videos in language learning.

Introduction

The first Language Massive Online Open Courses (LMOOCsS) started to appear in October
2012. The Spanish University for Distance Education (UNED), the world pioneer in
offering LMOOC:s, started to offer on that date, among other courses, the LMOOC German
for Spanish-speakers, coordinated and taught by one of the authors of the present study.
The main contents of this LMOOC (which continues to be taught and updated without
interruption to date) are transmitted mainly through video-pills, which according to recent
investigations have turned out to be “the most powerful learning objects in this type of
online courses” (Martin-Monje et al., 2018; p.4). It is specifically an xMOOC, characterized
by the use of video lectures as the main tool for delivering content. In the first edition of
the LMOOC, the videos were broadcast through two open channels: UNED’s own channel
(CanalUNED) and YouTube. Almost a decade after these 35 videos were recorded and
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broadcast, at the time of this study, the videos had received more than 2,000,000 views on
the YouTube channel. As research confirms, student retention is an outstanding issue in
LMOOCs, and we believe that analysis of students’ engagement with the videos contained
in the LMOOC can help us understand why they drop out of these courses. Engagement is
usually measured by video watching time, so our research begins with the assumption that
there are meaningful differences in the retention of different groups of viewers, and that
the retention also varies depending on the intrinsic difficulty of the videos. It is noteworthy
that this study could not have been carried out only a few years ago, since video analytics
were not accessible to learning stakeholders, mainly because online video platforms did
not share the users’ interactions on the system with stakeholders. However, this scenario
has changed: YouTube, the world’s largest media sharing site, now offers these data. So,
the data provided by the YouTube Studio Learning Analytics platform has enabled us to
gain new insights into participants’ watching of these videos in our LMOOC. As stated by
Ruipérez (2020; p.86) the impact on practice of the field of the Learning Analytics area,
notwithstanding the popularity take-off, has been quite limited; with this study we are
aiming for practical outcomes and improvements in use of video recordings for language
learning. The objective of our research is, therefore, to explore if there are variables that
allow to predict a certain level of retention and to define the factors that contribute to it, as
a result of the Learning Analytics (LA) process. Video analytics should provide us with
insights into student learning activity and their engagement. The results of our study
should provide pedagogical implications for FL instructors concerning use of videos for
language learning.

Online videos and language learning

Noetel et al. (2021) in their systematic review of the effects of video on learning in higher
education conclude that under certain conditions videos can provide “better student
learning than many other teaching methods, even when compared with face-to-face
teaching” (p.227). While it is true that videos have been used in education for almost half
a century (Wright, 1976), the educational use of online videos has experienced exponential
growth due to the progressive incorporation of online learning by universities.
Furthermore, in response to the COVID-19 pandemic in early 2020, there was a further
disruptive increase of online learning and consequently also of online educational videos.
Online videos have become an important content-delivery tool for Language Learning in
flipped, blended, and online courses in recent years (Castrillo & Martin-Monje, 2016). They
are integrated as part of face-to-face courses, serve as a base of many blended courses, and
are usually the main content delivery tool in online courses (Brame, 2016). The
effectiveness of using video to enhance language learning is clear and had already been
established prior to the proliferation of MOOCs (Chun & Plass, 2000). As video lectures are
clearly the main tool for delivering content in LMOOCs (Castrillo & Mafiana-Rodriguez,
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2018), video analytics should provide insights into student learning activity and their
engagement. Student retention is an outstanding issue in MOOCs, and we believe that the
analysis of their engagement with the videos contained in the LMOOC can help us
understand why they drop out of these courses. Engagement is usually measured by the
watching time of videos, thus our research begins with the assumption that there are
meaningful differences in retention by different groups of viewers, and that the retention
also varies depending on the intrinsic difficulty of the videos.

YouTube’s Learning Analytics tool

In 2019 YouTube launched its app YouTube Studio, a new version of the old Creator
Studio. It is a tool specifically designed so that content creators can access the metrics of
the videos and carry out meticulous management of their channel. Among other options,
itincludes a video analytics page. Each video has its own analytics page, split into four tabs:
Overview, Reach, Engagement, and Audience:

e The Overview tab shows the key metrics for the channel. The main graph shows
watch time, views, and subscribers. There is also a graph for real-time activity, so
one can see how people are interacting with the video at that very moment, and
tables for likes versus dislikes, and for audience retention which is how well a video
keeps people watching, i.e. do they watch it all the way to the end or leave to view
something else after a few seconds.

e The Reach tab shows a similar graph to the Overview but focuses on impressions
instead of views. An impression is how many times a thumbnail for a video is shown
on YouTube, with a view being recorded if someone clicks on a thumbnail to visit
the video page. The Reach tab also provides information about traffic sources.

e The Engagement tab has a graph that focuses on watch time in hours but also
average view duration. The same tabs for audience retention and likes vs. dislikes
are also provided on this tab.

e The Audience tab gives more insight into who is watching the video, including their
age and gender, countries, and languages. The main graph shows returning and
new viewers, unique viewers, and channel subscribers.

Methodology

The methodological approach used in this research begins with the assumption that there
are meaningful differences in the retention of different groups of viewers, and that the
retention also varies depending on the intrinsic difficulty of the videos. Retention can be
defined as the average length of the video that the viewers watched on average.
Nevertheless, it should be noted that because of the exploratory nature of this research, the
identification of statistically significant differences or relationships between variables does

European Distance and E-Learning Network (EDEN) Proceedings 51
ISSN 2707-2819



Castrillo, M. D., & Manana-Rodriguez, J.
Exploring Engagement in Online Videos for Language Learning through YouTube’s Learning Analytics

not have the aim of testing a specific hypothesis (which in a confirmation study would be
the appropriate interpretation of the results). Its interpretation should not be understood
as equivalent to that of regular statistical tests in terms of reliability or inference capacity.
The growing incidence of data dredging practices makes the previous statement necessary.

Course description

The course, entitled Alemdn para hispanohablantes: nociones fundamentales (German for
Spanish-speakers) consists of a total of 35 videos which have the ultimate goal of providing
the students with a basic knowledge of the German tongue, designed for the specific needs
of Spanish-speakers. The channel has been available since 2012. The videos in the channel
have been seen (or, at least, accessed) over 2 million times since their initial publication. It
should be noted that the videos can also be viewed through the UNED’s own channel with
a significant number of visits not contemplated for this study. It is worth noting that this
course received the first award for the best MOOC on the Telefonica MiriadaX platform in
2013 by the Spanish Education Ministry.

It is important to highlight that the videos were developed following guidelines that
subsequently proved to be the most successful for retention (Guo et al., 2014), highlighting
the following two characteristics: shorter videos are much more engaging (each video’s
duration is between 4 and 15 minutes) and informal talking-head videos are more engaging
(our videos were recorded using this format). Prensky (2011) stated that Khan’s videos are,
above all, explanation. Our videos also basically consist of explanations of German
structures in an analytical, practical and functional way, always following a principle of
economy of learning: only rules that work and are proven to work are described and
explained. We are convinced that the real issue for German students is that they miss
important basic concepts of the German language and it is difficult for them to cover them
again and progress in their learning. Our goal was not just to allow students to access the
contents on demand with the video lessons but, most importantly, to give them the
opportunity to replay at their own pace those contents which they may find especially
complex, hence making learning much more flexible and achievable.

Data origin, description and transformations

Through YouTube Studio, a range of the most important variables in the platform was
selected. These include: retention, total visualizations, total visualization time (hours),
average visualization time (hours), total subscribers, total impressions, percentage of clicks
of the impressions, visualizations (women), average duration of visualizations (women),
percentage seen (women), visualization time (women), visualizations (men), average
duration of visualizations (men), percentage seen (men), visualization time (men), and
finally, the average duration of the visualizations, average percentage seen and
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visualization time for the set of subjects with ages between 25 and 34 years. Although there
are data available on the last three variables for other age ranges, these include large
amounts of missing cases (from 37% to 100%), which has led to the exclusion of this
information in the data set. It is worth noting that, although the updated YouTube Studio
tool has been available since 2019, the data for the videos is available from their beginning.

Also, in order to characterize the sets of videos according to their retention, two new
variables were created: “Over or equal to the median of retention” (a video with a retention
value equal or over the median would have a 1 value and 0 otherwise) and “First quartile
of retention”, another dichotomous variable that presents the value one only if the
retention value is over the 25" centile of the list of videos, ordered decreasingly by
retention.

All the aforementioned variables have been included in the analyses carried out in this
study. The initial hypothesis states that retention is not independent of the variables
considered in this study.

Data analyses and tests

A battery of standard statistical techniques has been applied to the data set in order to
identify the existence or otherwise of relationships between variables alongside the initial
assumptions with an exploratory aim. First, the descriptive statistics were calculated for
each variable (except for the two created variables, which are dichotomous). Then, an
outlier analysis was performed over all continuous variables using the 1.5 inter-quartile
range criterion, evidencing the lack of outliers in the variables. This was followed by the
calculation of a correlation matrix of all the continuous variables using Spearman’s
correlation. A Kolmogorov-Smirnov test was then applied in order to test the hypothesis of
normal distribution, which led to the conclusion that that a number of variables did not
follow such distribution. The next step was the application of Mann-Whitney in order to
identify differences between men and women regarding the continuous variables. This was
followed by the application of a CHAID decision tree (minimum cases in the parent
node = 2, minimum cases in child node = 1), having as dependent variable the belonging
of each video to the group of videos over or equal to the median of retention, with no
variable showing statistically significant differences that would lead to a segmentation of
the videos. The same test was then applied having as dependent variable the belonging of
the videos to the first quartile of retention distribution or otherwise.

The retention of the videos, ordered as they appear in the course, was plotted, which
showed a declining tendency as the course progressed. This observation led to the
application of a K-means cluster (three clusters were requested, all videos were classified)
to the full set of variables, keeping the cluster of belonging of each video as a new variable,
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together with the distance to each cluster’s centroid for each video. Finally, in order to
identify statistically significant differences between the videos belonging to each cluster in
retention, a one-way ANOVA was applied to the full set of videos divided into clusters of
belonging.

Results

The first results of the methodology applied are a set of correlations derived from the
general correlation matrix between all the variables. Of particular interest are the
correlations between the retention percentage and the rest of the variables. The most
relevant correlations can be observed between the average duration of visualizations for
men (Rho =.755), average percentage seen for men (Rho =.702), percentage seen for
women (Rho =.660) and average duration of visualizations for women (Rho = 0.579).
These correlations are, nevertheless, as expected since the retention is necessarily related
to the average duration of the session and, particularly, to the percentage seen.
Nevertheless, it is worth knowing if these apparent differences in visualization time are in
line with the results of a Mann-Whitney U test for men and women in visualizations and
visualization time.

There are statistically significant differences between men and women in the two variables.
Men present a significantly greater number of visualizations (mean rank = 48.64) than
women (mean rank = 24.36); U(36) = 211.000, z = -4.934, p < .00. ). The same applies to
the visualization time (mean rank for men =47.88; mean rank or women = 25.13);
U(36) = 238.500, z = -4,634, p < .001. It is important to mention here that these are the two
variables in which statistically significant differences have been identified: the same tests
were carried out for the rest of the continuous variables without significant results. In order
to apply the CHAID segmentation tree, the dependent variable requires its transformation
into a dichotomous variable. For this purpose, and given the limited range in the values
displayed by “retention” (between 49.3 and 79.5), the videos with the first 25% accumulated
retention were encoded as I (including 9 videos) and the rest of the videos as 0 (27 videos).
The segmentation tree was then applied to the full set of variables, excluding those with an
obvious relationship to retention (total visualization and percentage seen), since these
would yield a segmentation tree including only those two variables.
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First quartile retention
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Figure 1. First quartile retention

The first split variable is the number of impressions, that is to say, the number of clicks on
advertisements. The videos with an intermediate value of impressions show the greatest
fraction of videos in the first quartile of retention (6). For the group with the smaller
number of impressions, the most important split variable is the total number of
subscribers, although the number of subjects in each node is discrete. For the group with
the largest number of impressions, the videos with a percentage seen between 79 and 83%,
for the segment of viewers between 25 and 34 years, are in the first quartile of retention.
The overall correct classification rate of the model is 97% (96.3% for videos not in the first
quartile of retention and 100% for videos in the first quartile of retention). The risk
estimations provide positive results, both with the re-substitution method
(Estimate = .028, Standard Error =.027) and the Cross-Validation approach
(Estimate = .25, Standard Error = .072).
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Retention by position of video in the MOOC sequence
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Figure 2. Retention

The retention shows strong variations across the course (in terms of the order of the videos
within the course), although the variability seems to be much greater in the second half of
the series. Also, the general tendency interpolating the series by a linear equation shows a
negative slope.

Discussion and conclusions

In the present study we have explored if there are variables that allow to predict a certain
level of retention and what factors contribute to it, as a result of a video Learning Analytics
(LA) process. Student retention is an outstanding issue in LMOOCSs, and we believe that
the analysis of their engagement with the videos contained in the LMOOC can help us
understand why participants drop out of these courses. The results of our data analysis
show that there are statistically significant differences between men and women in the
total number of views and total viewing time, with men viewing significantly more than
women. This result is very striking, since an intensive study of the socio-demographic
analysis of the participants of this LMOOC showed that in all editions there are more
women than men (Castrillo & Mafana-Rodriguez, 2017). This is corroborated by recent
subsequent studies of socio-demographic profiles in LMOOCsS such as that of Diez-Arcon
(in press): it seems to be proven that the predominant gender of LMOOC participants is
female. However, analysis of the video analytics of this study indicates that the videos are
mostly followed by men. The reason for this imbalance requires further research, but, in
the first instance, it could be related to the different types of intelligence and differences in
cognitive processes between men and women pointed out by neuroscientists and
psychologists (Halpern & LaMay, 2000; Halpern, 1997; Lim, 1994) and reinforce the
theories that point to the need to create learning objects in different digital formats to adapt
to the profiles of the participants.
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Another result is that retention decreases, albeit with a lot of variability between videos, as
the course progresses. The courses can be grouped into three sets: one, with 17 videos,
which seem to be more interesting for men and for subjects aged 25 to 34, a second set
(9 videos) characterized by higher user interaction (subscriptions and impressions) and
higher overall interest for women, and finally, a set of 22 videos that show high levels of
retention. There are differences in retention between the videos in the first set and the
third, but not between the first and the second or the second and the third. The decrease
in retention along as the course advances might be due to a multiplicity of factors, some of
the most plausible being the increasing difficulty of the contents of each video.

The results can be incorporated into the design of future LMOOCS by splitting the course
into sections with similar difficulty, potentially increasing the retention time for each
section by addressing audiences with different initial levels and expectations and other
variables associated with retention rate.
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