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Abstract

The paper analyzes the possibilities of using learning analytics outside of LSM, for ex-
ample in educational environments that are not associated with common large systems
such as Moodle or Blackboard, but which can only be analyzed through web analytics
tools. This topic has been marginalized in the discourse by the educational public for
a long time. My research and methodological attention show that the data that can be
obtained from these environments about the learning and information behaviour of
students can be of interest to the design of the whole educational environment and can
help with significant changes in the design of courses, measuring the attractiveness or
clarity of individual pages etc. In this paper, we focus primarily on the combination of
Google Analytics and Smartlook or Hotjar — tools for creating heatmaps.
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Méreni vybranych aspekti chovani studentt
v online kurzech

Abstrakt

Clanek analyzuje moznosti vyuziti analyzy u¢eni mimo LSM, tedy v edukaénich pro-
stifedich, kterd nejsou spojena s béznym robustnimi systémy jako je Moodle nebo
Blackboard, ale které je mozné analyzovat jen skrze néstroje webové analytiky. Toto
téma bylo dlouhou dobu v diskursu pedagogickou vefejnosti marginalizovéano. Nase
vyzkumna a metodologicka pozornost ale ukazuje, ze data, ktera |ze z téchto prostiedi
ziskat o studijnim a informacnim chovani studentd mohou byt pro design celého edu-
kacniho prostfedi zajimava a mohou pomoci s vyznamnymi zménami v oblasti ndvrhu
kurzd, méreni atraktivnosti ¢i srozumitelnosti jednotlivych stranek atp. V tomto ¢lanku
se soustfedime pfedevsim na kombinaci nastroji Google Analytics a Smartlook respek-
tive Hotjar pro tvorbu heatmap.

Klicova slova: learning analytics, Google Analytics, Hotjar, heatmapy, webova analytika,
daty fizené uceni, online kurzy, LMS, vzdélavaci prostiedi.
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Online courses represent a specific form of distance learning, that play a significant
role in the tertiary education. It is a form associated with many myths, which on one
hand prevents similar educational activities to gain significant role in the curriculum,
but also ties up the creator with certain patterns of thoughts with which to cope. This
situation, on-line courses, is much more intense than, for example, classical lectures or
exercises where the level of difficulty and quality of content is tightened. This certainly
does not mean that - especially regarding how the budgets of the faculty workplaces
(i.e. with a distinctive person-credit parameter) are designed - that all online courses
would be an ideal educational tool.

We would like to focus on some of the myths or mind schemes that appear in
relation to online courses and which are also related to the possibilities of measuring
students’ behaviour. While in normal contact education, the ability to measure students’
behaviour is very limited (and generally less used), in the case of online learning the
tools are much broader.

The first myth is the idea that students do not really study online courses, or that
they use them basically randomly. They just click through the organizational instruc-
tions, then move on to the test or task, and the study time ends. It is an idea of students
like ,minimax” (according to Ivo Mozny), who will achieve the maximum effect with
minimal effort.
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The second myth may be inadequate content quality — students will not learn what
they would learn in a lecture or book in an online course. Here, it is true that the design
of the online environment does not want to transfer the script to the online environ-
mentin 1:1 format, but it certainly does not mean lower quality. Quality is something
that should be measurable, perhaps the easiest way is to compare the results of pre-
tests and post-tests. The question is to what extent both approaches are effectively
comparable and to what extent the form is associated with content so much that it is
not a valid measurement.

Thirdly, there is a question of the social dimension of online education - learning is
a social process and digital technology can lead to psychological and social isolation.
This argument may be valid but at the same time we can say that a great number of
online courses are based on intense interaction between individual students — from
team projects, through peer reviews, webinars, collaborations in discussion forums,
etc. Didactics of online courses is didactics of social interactions that can be quantified
and measured again (Ferguson, 2012; Ferguson & Shum, 2012; Siemens & Baker, 2012).

If we are talking about myths, we do not necessarily mean misconceptions, but
rather beliefs not based on rational arguments and quality analytical procedures. In this
article, we cannot systematically discuss individual myths and their variations because
of their limited scope, but we will at least attempt to indicate how web analytics tools in
online courses (Long & Siemens, 2011; Siemens, 2013) can be used as one of the sources
of information on how students learn online. The knowledge of this behaviour is then
a prerequisite for designing new educational activities, interventions, or choosing the
appropriate educational policy of the institution.

The article focuses primarily on higher education, i.e. a specific group of students.
Data obtained through web analytics as well as other possible approaches can be used
as one of the interesting tools for understanding learning behaviour (Morris 2005), as
well as subject surveys or other forms of feedback, whether qualitative or quantitative.
We would like to emphasize, in terms of methodology, that the use of the possibilities
of web analytics is not a decisive or valid source of information on how students work
in an online environment, but it can serve as a basis for further research or assist in the
interpretation and understanding of other data.

What can be learned about student behaviour

from Google Analytics?

The first analytical tool that can be used to understand the information and learning
behaviour of users is Google Analytics (Clifton 2012; Cutroni 2010), which is by far the

most common basic web analytics tool. It does not provide a view of individual student
behaviour, but it allows to understand some specific activities or habits that may be
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associated with a certain behaviour. (Romanowski & Konak 2016; Luo, Rocco & Schaad,
2015; Mc Guckin & Crowley, 2012)

For example, one can measure how much time the student spends on the task
page on average, and how much time he spends on the study materials, etc. This is
a basic quantifier that allows you to identify (possibly with other parameters such as the
number of unique views) a page or part of the course that is interesting and beneficial
to students and those that are not. The available data, though, are relatively limited,
which implies an interesting thing - the time that students spend on assignments or
general studies is more sensitive than the content to form and course design. There-
fore, if the data in this area indicates that the focus of the students’interest is only the
formal criteria for passing the course, it is primarily the problem of the design, rather
than the educational setting.

Another interesting piece of information for a teacher may be, for example, the
environment in which the student works and the device the student uses. If we focus
on classroom climate in a classroom, it is also possible to work with this parameter in
the online environment. The data from the Information Literacy Course of 2017 and
2016 show that students strongly prefer desktops (or laptops) to mobile devices. Their
share is about one-fifth compared to usual usage. Thus, the study is for the user of
a specific environment and activity. This also accounts for the fact that, for example,
mobile phone users on the web generally spend less time than students using a tablet
that is the most time-based learning platform.

Somewhat unclear is the fact that students in a university network study for a sta-
tistically shorter period than when they study at home (or generally non-university)
environment. Here are two possible interpretations, the verification of which would be
possible by another method (whether questionnaires or interviews) than web analytics.
Students can be more dishevelled at home, so they must study longer, or the school
environment is inappropriate or not friendly to study.

Interestingly, the Internet browser also affects visit times and depth of study. The
most time spent on the course web is by students using Edge (or Internet Explorer),
the shortest visit is seen by Safari users followed by Chrome users. Web browser speeds
can have some influence, but the second factor may be that users with Edge (which is
the default browser by Microsoft) can generally expect slower web traffic due to lower
computer literacy.

However, with Google Analytics, you can also monitor other parameters that may be
of interest to the educational institution. For example, differences in user behaviour by
city size. Also interesting is the analysis of one of the more important positive features
of e-learning - students can study at any time and from anywhere. The two courses
we observed confirmed that. Students — due to their position towards Brno — were
concentrated mainly in Brno, Moravia and Prague. When it comes to the time students
go to courses, it is possible to identify two different traffic peaks, the date of submission
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of the assignment or the sending of information by e-mail, as well as the time between
2 and 4 am when the course is accessed by a minimum of students. This is the ideal
time to maintain the site.

Certainly, curious are students from abroad. Within the courses we are attending,
there are always several students from Erasmus programmes who will register to the
course because it is possible to study it distantly. AlImost always they are students who
devote extra time to the course. Most of them, based on the test data, also achieve
above-average results.

Google Analytics also allows you to monitor your visitor flow. This model shows how
students are moving around the web. It allows you to analyse the relationships between
the web pages students visit so that they return to what they are doing in the course.
These are data that are primarily interesting for innovation or an analysis of a course.
Our two courses of the same course (one in Umbraco and the other in WordPress 2016)
show a significantly different student behaviour that is probably not caused by anything
other than course design. How the course (or generally the study material) appears has
a great impact not only on the learning outcomes but on the whole information and
learning behaviour. From the research point of view, it is certainly gratifying that A/ B
testing can also be done here.

Social Network Analysis

If we want to measure student behaviour in online courses, we cannot ignore the di-
mension of social interaction. It is possible to observe one of the basic pedagogical
concepts that learning is a social issue that can be directly monitored. More options
are available, the first is to work with LMS, when we assume that the whole learning
process takes place in one authentication environment. In this case, it is possible to use
different methods of monitoring the level of interaction - from reactions in discussion
forums, up to common times of joining the system, or following similar educational
paths and approaches (Slavin, 2008; Means, Toyama, Murphy, Bakia, M., & Jones, 2009;
Clark, Nguyen & Sweller, 2011).

In tertiary education it is relatively not a problem to work with social networks in
Czech environments, typically Facebook or Twitter. Both networks make it very inter-
esting to draw a picture of how students do study. The easiest option is a qualitative
content analysis that will track the behaviour of students in the group or on the page, or
by a hashtag. In this way, along with the tracking of interactions (likes, asterisk, sharing,
commentary), one can construct the basic idea of the structure of social interactions
and of sentiment and emotional environment of the course. The measurement of senti-
ment by various automated tools is very important in terms of the breadth and plasticity
of possible views of the student through the eyes of available data.
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For teachers, it may be interesting to know what pages or users are among those
students watch the most. Using analytical tools, for example, you can create a map of
influential personalities, track pages that are important to the users, etc. This informa-
tion may have a research, an intervention or a marketing dimension. From these data,
it is also possible to conclude, for example, about what students are interested in and
choose examples usable in study materials or try to set up a more natural communica-
tion framework.

Hotjar: heatmaps, records

In terms of understanding in what way students study in the online environment, it's
important to be able to track them directly on the website. It is very interesting to
analyse the direct interaction of an individual user, but also the ability to work with
data of multiple visits. Perhaps the most famous service (though not the only one) for
making such records and heatmaps is Hotjar, yet for example in Czech environment, it
is also possible to see Smartlook.

Hotjar (and its alternatives) has two basic functions (Bergs 2017; Ribeiro 2017).
The first ones are heat places that allow you to capture the places that users click (as
Google Analytics can do), but especially the areas where the cursor moves. Thanks to
the obtained data, it’s relatively easy to see how extensive the pages are (where the
students are willing to scroll) or identify on which site the individual student spends
the most time. This analysis is particularly suited for identifying places that can be
complex or interesting for various reasons and allow teachers to work with them in
a more systematic way. Typical places that emerged during our research were those
that contained difficult-to-understand formulations that students at the same time
assessed as important or essential for understanding. It is clear students do not study
online in a linear fashion, but that they focus on headlines and highlighted points or
enumerations and then return to clarification or context.

This understanding enables the second function of these tools, namely the move-
ment of the cursor on the page. Heatmaps themselves do not allow you to see where
the movement was performed from. Rather, it provides a quick overview and identifica-
tion of interesting places and provides an understanding of how learners in the online
environment study and offers a careful analysis of cursor movement from the records.

For example, Hotjar allows to merge all data together into a single report, which
then allows the researcher to analyse the data and easily interpret it in an appropriate
manner. Certainly, not every mouse move must mean a specific point on the page, but
because it is typically easy to work with hundreds or thousands of visits, it is possible
to use standard statistical data processing and interpretations.
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Learning analytics in LMS

The most comprehensive source of information on students’ behaviour and learning
habits is provided by the tools associated with LMS. Some LMSs offer advanced ana-
lytical modules and tools that allow you to study both individual student behaviour
in the course as well as overall characteristics within individual learning objects or
throughout the course. Such an approach then gives a comprehensive understanding
of both the design and functioning of the educational environment as well as the work
of the individual students.

Thanks to these data, for example, it is possible to identify the behaviour of the
student, which will lead to an increased probability of learning failure or models of study
behaviour that will be successful. Cognitive psychology shows that intellectual ability
to define specific procedures for working with information and learning is essential for
the efficiency and the teacher can then fit models work learn students, recommending
them or work with students, such behaviour shows differently. (Siemens, 2013) This is
a view that cannot be obtained through a heatmap or Google Analytics, and for both
qualitative and quantitative analysis these are very good data sources. However, some
issues or limitations need to be highlighted here. LMS is not a normal site, so it allows
you to monitor your study habits within a very specific environment, not on a regular
site. The second issue the personal data protection highlighted by the GDPR and the
question of how far it will be possible to carry out analyses of this kind in the future.
For the data to be stored, it is necessary to clearly describe their necessity for effective
education, the student’s consent for the data to be obtained without coercion and
the processing and storage of the data to be performed within a clearly defined time
frame is needed. However, other complications with GDPR will be even more present
(Wachter, Mittelstadt & Floridi, 2017).

At the same time, it is important to say that the topic of learning failure, or its
prediction based on different behavioural patterns, is one of the key areas of learning
analytics. The paternal model of data access, which assumes that the core value is the
effectiveness of education rather than the student’s privacy, is precisely that assump-
tion. It is also a topic that, unlike much of the current research, has a great economic
potential, and much of the LMS is trying to implement some forms of it.

It is also necessary to emphasize that a lot of data do not need to be obtained
directly from LMS - even if the web course contains authentication and the ability to
perform activities such as discussion or task assignment or peer review, it is possible
to obtain a large amount of data through various web analytics methods. In any case,
these data from Google Analytics or other similar tools cannot be read which has a great
potential in interpreting more general data or patterns of student behaviour.
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Conclusion

In this article, we have attempted to indicate how it is possible to work with data on
students’behaviour in online courses while maintaining reasonable research breadth. At
the same time, we believe that it is a subject that will be further enhanced, whether re-
garding the development of blended learning or issues related to lifelong learning. We
believe that there are many prejudices about online courses - at least in the academic
world — that unnecessarily reduce the potential for effective development of these tools
at universities. Their more careful exploration, based on data, as we have attempted
to imply in this article, could not only help to ensure that such forms of education are
incorporated meaningfully and purposefully, but also with their appropriate design
and possible rational criticism.
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