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Abstract: This work proposes an innovative visual tool for real-time continuous learners analytics.
The purpose of the work is to improve the design, functionality, and usability of learning management
systems to monitor user activity to allow educators to make informed decisions on e-learning design,
usually limited to dashboards graphs, tables, and low-usability user logs. The standard visualisation
is currently scarce, and often inadequate to inform educators about the design quality and students
engagement on their learning objects. The same low usability can be found in learning analytics tools,
which mostly focus on post-course analysis, demanding specific skills to be effectively used, e.g.,
for statistical analysis and database queries. We propose a tool for student analytics embedded in
a Learning Management System, based on the innovative visual metaphor of interface morphing.
Artificial intelligence provides in remote learning immediate feedback, crucial in a face-to-face setting,
highlighting the students’ engagement in each single learning object. A visual metaphor is the
representation of a person, group, learning object, or concept through a visual image that suggests
a particular association or point of similarity. The basic idea is that elements of the application
interface, e.g., learning objects’ icons and student avatars, can be modified in colour and dimension
to reflect key performance indicators of learner’s activities. The goal is to provide high-affordance
information on the student engagement and usage of learning objects, where aggregation functions
on subsets of users allow a dynamic evaluation of cohorts with different granularity. The proposed
visual metaphors (i.e., thermometer bar, dimensional morphing, and tag cloud morphing) have been
implemented and experimented within academic-level courses. Experimental results have been
evaluated with a comparative analysis of user logs and a subjective usability survey, which show
that the tool obtains quantitative, measurable effectiveness and the qualitative appreciation of
educators. Among metaphors, the highest success is obtained by Dimensional morphing and
Tag cloud transformation.

Keywords: teachers self-evaluation; information visualization; Arttificial Intelligence–based visual
interface; learner continuous monitoring; course evaluation; usability

1. Introduction

The diffusion of remote learning in the scenario of schools and university, boosted by the recent
COVID-19 pandemic, offers new challenges to educators and web designers. The e-learning scenario
requires the use of new methods to develop and deliver content [1], as well as new strategies to collect
and analyse students’ direct and indirect feedback. Students feedback is valuable for evaluation and
analysis of students engagement and teachers’ evaluation of learning objects and resources [2] based on
their usage in a precise learning design (LD) process. The importance of designing the learning process
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stands in a user-centred representation of the pedagogical intention. Regrettably, these strategies do
not take into account the patterns of students’ engagement, paramount for the learning process.

To analyse students’ engagement, we can take advantage of the opportunities that virtual learning
environment (VLE) systems can offer to the traditional teaching and learning scenario. Using VLEs,
we can monitor how students download, read or watch online learning resources, which is considerably
complicated in the traditional approach.

In the face-to-face scenario of a traditional frontal lecture, teachers can understand the students’
engagement looking at their face, and monitor their activities by the evaluation survey often submitted
at the end of the course, together with assessments and progression scores [3]. The traditional
face-to-face setting, in which educators glean immediate feedback by verbal and facial cues, as well
as the ability to adjust teaching strategies immediately in response to that feedback, is a crucial
advantage of in-person teaching. The immediate feedback formed a significant rationale for our
study, the goal of which is to bring such decisive capability to the e-learning world. Concerning the
relevant feedback of the in-person environment, that we can add to VLEs, we can for sure consider
the students engagement in each single learning object. In VLEs, all the interactions and learning
activities are recorded automatically in the platform logs, resulting in digital footprints for a large
number of users [3]. This continuous data gathering can provide relevant information to instructors
to analyse the students’ engagement information in real-time. Using such a system, teachers can
take immediate actions to align the course enactment to the underlying LD, adapting and modifying
the course structure or content, e.g., providing additional learning material to the learning audience,
promoting students’ interaction with the teacher or within study groups, and learning activities.

In general, educators use tools to support and inform the LD process, which does not rely only on
the experience of the designer and the best practice of their colleagues. Appropriate analytics tools can
support constant monitoring of the impact of the learning material, can help to revise and find flaws
in the course learning objects, and test the attainment of pedagogical objectives. Analytics should be
based on pre-existing aggregated data on students’ engagement, progression and achievement [3].

Most learning management systems (LMS) provide instructors with some form of information
to track students’ accesses and online activities through system logs and basic visualisations.
Usually, such information is provided in the form of numbers, tables, and, less often, graphs, but most
of the log information is not visible at all in the user interface. The monitoring interfaces often
looks like directed to the system manager, more than to the teacher, to whom is scarcely usable.
From the instructor point of view, logs provide a large and useless amount of raw data, where only
a few graphical outputs are provided in the form of bar charts and simple filters. Functionalities
for exporting data in different formats are usually available. However, only instructors that possess
advanced notions in the field of database query languages can fruitfully use them, while it remains
difficult for those who do not have extensive previous Information Technology (IT) knowledge. As the
population of instructors using e-learning systems is growing, especially in the actual boosting of
remote learning due to the COVID-19 pandemic (using, e.g., e-learning, blended learning, and mixed
lectures at the same time offered in-person and in e-learning to ensure social distancing), the number
of educators with little or no IT background suddenly involved in e-learning is huge. Thus, there is a
growing and urgent need of tools for continuous monitoring of learners which fulfills requirements of
immediacy, effectiveness, and usability. Desirable properties of such tools are to be:

• integrated in the standard LMS interfaces;
• usable by every instructor, disregarding their knowledge of data analysis, data mining, or statistics;
• informative and immediate, and to be continuously used as part of everyday instructor’s activity

similarly to in-class feedback.

Learning analytics (LA) can help instructors to understand the realisation of their pedagogical
intent by analysing the actions and behaviours of students, alone or in learning communities [4].
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Instructors should put particular care and caution in the analysis of the students’ actions because the
access to activities and material does not automatically lead to students’ knowledge acquisition [5].

All the tools and techniques that LA provides are useful to evaluate the effectiveness of the
pedagogical process in the online context and to provide an in-depth insight into the development
of the courses in the LD environment. Most of the current LA tools remain scarcely usable
and unpractical [2], while the data is presented in ways that provide difficult interpretation by
non-experts [3,5], e.g., numbers, lists, and tables which require skills and time to be read and analysed.
Thus, the current trend is to move the analytics information to a separate learning dashboard, leading to
a separation between the daily instructors’ activities and the data analysis phase [6]. Instructors have
to learn a different interface and use a non-integrated tool to inform their LD process [7,8] (see [9] for
a deeper analysis of alternative solutions using logs). Another drawback of many LA approaches is
that they only allow post-course analysis, as they are developed to be used after the course conclusion
(i.e., to have a comparison on the same course on different academic years [10]), without a real-time
visualisation of the results. Furthermore, such visualisation often requires batch executions on the
gathered data, only feasible with appropriate hardware. The current tools, lacking real-time features,
fail to provide “as in-class” feedback to the instructor.

In the e-learning and blended learning environment typical of most of LMSs, most of the
interactions with the learners take place offline. Interaction is the core of most of the activities,
e.g., discussion forums, self-assessment tests, wiki, flipped lessons, and cooperative learning, while the
necessary consumption of course material (e.g., slides, videos, documents) does not require deep
interaction. The interaction through an online platform is unquestionably scarce of feedback, in contrast
to the face-to-face interaction, where instructors can receive direct signals and in-class feedback from
students [3].

What lacks in the current LA scenario, and what we are willing to provide, is a tool that enables
the educators to have continuous real-time monitoring of course development and help them to
check if the students will correctly receive the LD they pursue [11]. Our goal is to bring together the
valuable features of the face-to-face approach that are implementable in the e-learning environment
(e.g., immediate teacher self-evaluation, ability to adapt strategies quickly), while improving the
readability and comprehensibility of the e-learning monitoring system, to improve overall teaching
and learning. This strategy will allow instructors to understand how students interact with the
course elements provided in the LMS and receive from like in-class feedback from the data analysis.
Instructors can then make data-informed decisions about the course effectiveness and the learning
objects impact within an in-place and easy-to-use tool, not requiring in-depth IT knowledge. We aim to
help educators make decisions, connected to student-related factors and based on the timing of access to
resources, to improve learning designs that comprise their teaching experiences. Such a goal is reached
providing artificially intelligent (AI) reactive tools [12], able to transform the visualisation of the
course content dynamically (e.g., dimension and colour of icons of learning objects) [13]. An approach
based on AI can perform tasks commonly associated with intelligent beings and intellectual processes
characteristic of human beings, such as identifying patterns, discovering meanings, generalising,
or learning from past experiences. Despite continued progress in computer processing speed and
memory capacity, there are still no programs that can match human flexibility on broader domains
or in tasks that require much daily knowledge. However, AI can adapt tools to be automated,
responsive, adaptive, flexible, and to improve usability features, such as visibility, readability,
and comprehensibility [14,15]. The students’ engagement is thus represented by the learning objects
usage. The same visual metaphors can be used on students avatars (e.g., dimension and colour of
the avatars of the student or groups of students), to view the engagement of the single student or
group with high affordance. In our implementation, we considered an essential requirement to be
compliant with responsiveness for mobile devices [16], in order to grant usability and accessibility.
More than ever, the COVID-19 pandemic has highlighted the necessity to grant accessibility from
smartphones, in particular in all the cases where remote learning of several students in the same
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house (e.g., siblings, students sharing the house, teachers who are also parents of students) would
require an expensive and bulky amount of personal computers. In the second section, the current
state of the art of visual interfaces for learner monitoring in LMS and their main drawbacks are
discussed in order to motivate our approach and the use of the innovative approach of visual
interface morphing [17,18]. In section three, we detail the definition of the three proposed types of
visual interface morphing methodologies. Section four presents the implementation of the morphing
metaphor as a Moodle theme, introduce the experiments settings and the evaluation criteria. Finally,
we discuss the experimental results, we conclude, and depict some future line of research.

2. Visual Interfaces for Learner Monitoring

The ability to monitor students’ activity gives online educators an overview of the quality of
their teaching process. The reception of the content provided to students can be analysed from
various points of view. Students’ engagement is one of the most relevant indicators for educators,
where the usage time and frequency of the learning object can represent how much the single students,
group of students, or entire classes are effectively making use of the object. For example, if a learning
object is open by the student and promptly closed and this happens in many cases, the object is
probably corrupted, difficult, or having any other content or format issue that the educator may fix.
Typical unusual quantitative factors to be included in the analysis are the freshness of the activity,
the number of accesses for single user or group of users, the relationship between the time of the
registered activity (e.g., consultation of teaching materials) and some in-class events, e.g., lectures,
assignments, projects. These analysis tasks are usually accomplished in current LMS through the
visualisation of log reports in textual, tabular, or graphical formats.

2.1. Report Log Analysis

Direct consultation of activity logs is usually included in the comprehensive learning management
system’s interface. This kind of tools offers the user the ability to show, sort, and filter the
information contained in the general logs created when the learner accesses the learning objects.
The selection parameter choices provided to filter and aggregate the information are usually very
limited. Instructors need to use some additional features like user role aggregation, time windows
selection, and other parameters to fine-tune their analysis. If those advanced options are present,
the LMS engine provides a minimal selection of choices. Presentation to the user of the resulting
information usually consists of simple textual or tabular visualisations, challenging to read and to
analyse in-place.

2.2. Information Visualisation

Visual elements are added to the learning system’s control panel to support the analysis of
data gathered from the user activities logs. Data are presented in the form of key performance
indicators in learning dashboards [19]. Learning dashboards are “. . . a single display that aggregates
different indicators about learner(s), learning process(es) or learning context(s) into one or multiple
visualisations” [20]. In a typical administrative dashboard, data obtained from the LMS’s logs can be
analysed using different data mining and statistical formulas than can summarise various aspects of
the courses. Filtering, based on different data dimensions, can be applied to reduce and aggregate
the information. The resulting data are then visualised in a graphical, synthetic form using charts.
Pie charts, histograms, plots, or radar graphs are used to display the key performance indicators to the
instructor [21,22].

2.3. Drawbacks

The main drawback of the currently available tools based on log report analysis [9] is that
skilled instructors/administrators are required to understand and use the key performance indicators
to assess the learning process effectiveness. In order to use typical analytical functions, such as
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predicting student outcome [23], evaluating the risk of students to drop out their study track [24],
and determining courses utilization levels and quality for informing the LD process, the instructor
usually needs specific statistics and data mining knowledge to give a proper interpretation of textual
data and dashboard charts.

Historically, the first logs report functions to appear in LMS were a porting of the typical
monitoring functions reserved to the system administrator. The design target of such features was
for people with IT background. Over the years, a few efforts have been dedicated to improving the
usability of logs reporting functions for the non-IT user. The chart (Figure 1) shows a typical log
monitoring activity report chart, available in a standard LMS for administrators, but not designed for
users without any IT skill.

Figure 1. Traditional log activity report chart from a Moodle LMS.

From the educator point of view, all of these tools are often difficult to use or require an
effort to learn new concepts and methodologies. Currently, many of the systems are data-rich,
but information-poor [25]. Even in the case of the most simple log reporting functions, such as
those provided in the popular LMS Moodle, the user should be able to manage the SQL language and
generate appropriate queries to obtain meaningful information. While log reports can be exported in
many different data formats, e.g., XML (eXtensible Markup Language), MySQL (where SQL stands for
Structured Query Language), CSV (Comma Separated Values), TSV (Tab Separated Values), and JSON
(JavaScript Object Notation), the monitoring tools are far from being affordable to be used by an
instructor with a general background. An approach based on AI allows a flexible and easy-to-read
report visualisation with real-time updates. Our design provides a tool which allows instructors to
make continuous monitoring and analytics of learners activities exploiting the richness of activity logs
in a high-affordance visualisation. Such dynamical AI-based interface reaches the goals of integrating
informativeness, immediacy and usability (e.g., easiness and pleasantness of use) for instructors
lacking specialized IT and statistics skills.

3. Metaphors for Course Analysis

We propose a definition, design, and experimentation of a visual code that can render in an
intuitive and immediate metaphor the main quantitative parameters of the users’ activity. We embed
the visual code into the LMS interface, thus integrating the course monitoring phase in the everyday
course management process. In other words, while performing usual activities of content delivery
and interaction, the instructor will have an in-place glance of the course usage, in term of student
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engagement, community interaction, and use of each learning object. The graphical view can be
further fine-tuned or filtered to focus on specific parameters or visualisations using a simple and
usable parameter selection. Figure 2 shows the architecture of system modules and their relation
with teacher and students users for the learning management. Big and small arrows show the flow
of data transformation and users interaction with the system. The students (upper human figures)
and the educator (lower human figure) interact with the learning objects, dynamically changing their
visual metaphor.

Figure 2. AI–based metaphors for students analytics architecture.

3.1. Visual Interface Morphing

We introduce a class of visual interfaces, the characteristic of which is to act on a learning
management system’s interface to modify the appearance of the learning objects using visual
metaphors. A visual metaphor is the visual representation of an object, e.g., person, group, learning
object, or concept through a visual image that suggests a particular association between the object and
its visualisation. A metaphor uses one or more visual features to compare, highlight, and in general,
improve the visibility and understandability of the object properties in an intuitive way.

The general idea is to modify elements of the interface, e.g., dimension and colour of icons and
text, to express some crucial dimension of the data, and to show them through an embedded real-time
visualisation. This form of visualisation combines the completeness of information with the efficacy of
representation, significantly improving the usability of the learning analytics and monitoring features
of the e-learning platform.

The quantitative dimensions considered in this work are the following:

• Quantity of usage of learning objects (views, number of updates, number of submissions,
number of quizzes repetitions);

• Temporal distribution of resource use;
• Temporal proximity for a time reference—current date/time is usually considered as a reference.

Data can be further filtered/aggregated by:
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• Users, from a single user to groups (e.g., study groups) or classes of users (e.g., students from a
particular country, within an age range, following a particular topic) ;

• Time interval;
• Action (e.g, read, write);
• Learning object or module instance.

3.2. Learning Objects Quantitative Analysis

To measure the learning object (e.g., slides, documents, links) or the module instance (e.g., quiz,
assignment, wiki) popularity and the user engagement, our system computes the usage of each
learning object and module, tracking the users with their profile information, when needed for specific
statistics and filters, under the privacy policy of the platform. The distinction between learning
objects and modules is instrumental to a possible different implementation of resources and activities.
We consider the frequency of access for each element present in the interface, which represents its
usage—for instance, in the case of the analysis of the engagement in a forum discussion, the number
of accesses to read or write posts. Similarly, regarding assignments, the number of submissions will
be considered as a quantitative value, while, if the assignment is a quiz, also the single or multiple
attempts will be a piece of relevant information. Such kind of quantities measures how much the
users access the specific module instance, and, therefore, how popular the analysed element is among
the users.

Given such elements (e.g., learning objects and module instances) in the course, our system will
automatically extract the related data from the log system.

Definition Log record. Formally, a relevant activity event a for a learning object o is encoded by a
log record logrec (t, o, a), where t is the access time stamp, i.e., a is the event of accessing the learning
object or module instance o at time t.

Definition Learning Object Usage. Given a set Ao of meaningful activities for a module instance or
learning object o and a time interval T = [t1, t2], where t1 is the starting time and t2 is the ending time,
the quantitative value of usage of o in T is defined by Equation (1):

NT,Ao = |{logrec (t, o, a) | a ∈ Ao, t1 ≤ t ≤ t2}| (1)

3.3. Temporal Proximity

The temporal information, needed to track improvement (or worsening, e.g., in case of
procrastination) of students learning, is an expression of the chronological access history to the
elements within a temporal interval of analysis. The reactivity of the AI approach allows to render the
temporal process. Our system requires two time-related values associated with the learning object or
module instance: the date of access, extracted by logs, and a reference date provided by the teacher to
set the temporal landscape.

Temporal proximity is rendered visually with a metaphor using hot/cold colours, i.e., heat-maps,
where a hot topic refers to resources more frequently and recently accessed, shown in warm colours
starting from red (recently accessed) and gradually cooling down in time towards orange and yellow,
i.e., in the red frequency of the colour spectrum. On the contrary, objects less recently (thus, frequently)
accessed are rendered in cold colours, i.e., in the blue/magenta range of the colour spectrum of light.
The resulting colour is proportional to the time difference between the object access date and the
reference date set by the teacher (i.e., the analyser). The system shows the peculiar status of objects
that did not underly relevant access by users using an ad hoc colour, thus providing to the teacher the
meaningful information about the necessity to double-check the quality of the element, e.g., the content
and presentation of a learning object, or the publicity of an evaluation module. The distinctive colour
chosen to represent the null access to an object in a time interval of interest will be white or black,
automatically chosen depending on the contrast with the actual background colour of the page,
to guarantee usability and accessibility on the visual side.
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While the intuition behind the hot/cold metaphor is very consistent, the actual definition allows
many degrees of freedom, as expressed by the following definition.

Definition of Temporal Proximity. Given a reference interval T = [t1, t2], a set of significant activity
logs logrec(t, o, a) for a ∈ Ao of learning object o, and given Equation (2):

LT,Ao = {logrec (t, o, a) | a inAo, t1 ≤ t ≤ t2} , (2)

the temporal proximity of activities over o, PT,Ao is defined in Equation (3):

PT,Ao =
TimeExtract (LT,Ao )− t1

t2 − t1
(3)

where TimeExtract() is a procedure extracting an internal reference time from the set of logs of the
object o. The value of PT,Ao is thus used as translation displacement on the colour temperature scale.
In the current implementation TimeExtract (LT,Ao ) = MAXTime (LT,Ao ), i.e., the system extracts the
most recent access to the object. The choice is consistent with the proposed intuition, corresponding to
a “ the last takes it all” strategy. In general, we can consider other possible functions for TimeExtract (),
as explained in-depth in the Conclusions section, which can introduce an inertial resistance to the
colour change. A meaningful option is to consider TimeExtract = AVGTime, i.e., to determine the
colour temperature for time proximity by the average of the activity dates. An alternative is to consider
the MAX or the AVG of the most recent quartile, e.g., the most recent 25% accesses, or another fixed
threshold depending on the amount of users accessing the resource.

3.4. Aggregation Functions

The information acquired from logs can be aggregated under different strategies and at various
granularity levels, to show different use cases depending on the instructor requirements and goals.

User Group Aggregation The relevant dimensions of the learning objects (e.g., usage and proximity
temperature) can be considered by a group of users, of varying size, from activities of a single user to
group projects for cohort dynamics analysis.

Time Interval Aggregation The teacher can set the time range T = [t1, t2] to examine. The starting
date t1 and end date t2 can include the full duration of a course, e.g., to detect general usage trends,
or focus on a specific part, to have a more detailed view of a key instructional event (e.g., deadline of
an assignment submission, assessment due date, some days before the exams). In general, teachers can
select a time landscape of activities on which to focus the graphical view (e.g., last week, last month)
and extract data for temporal analytics.

Learning Objects Aggregation The system analysis include the possible aggregations of actions
performed by students on the learning objects or module instances (e.g., read, write, visualise, submit,
posts). This kind of aggregation enables educators to further focus their analysis on a specific learning
or evaluation elements or classes, e.g., activities versus resources.

4. Monitor Metaphors

After the investigation of requirements and the feature design of the visualisation, we designed
different metaphors for the monitor system to represent real-time embedded quantitative information
on the data gathered from the LMS usage logs. Among the several possible design solutions,
we propose three metaphors as the best solution for the goals of a comprehensive e-learning
management system:

1. Thermometer bar;
2. Dimensional morphing;
3. Tag cloud morphing.
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The design is technically easy to adapt to different goals if needed, as required by an AI-based
flexible approach.

4.1. Thermometer Bar

This metaphor is straight to use because it does not require any modification to the page
appearance. The information is given by a thermometer icon next to the learning object or
module instance.

This metaphor renders the resource popularity through the width tag of thermometer section
filled with each colour, and numerically by the percentage shown next to the Thermometer bar.
The thermometer is filled linearly with the absolute number of users’ accesses. The percentage
represents the access frequency, calculated on the period of interest by a normalised function
T = [t1, t2].

The hotness of the topic is expressed by the colour of the thermometer bar, as explained in
Section 3.3, cold colours mean that the last access to the learning object is far away in the past from the
reference date t1 and hot colours mean that the accesses are recent, i.e., closer to t2.

4.2. Dimensional Morphing

In dimensional morphing, the LMS course content appearance is transformed in the size
(and colour) of the objects’ icons and labels. While retaining the ease of use of the familiar interface
structure, this change in dimensions affects the instructor’s perception of the relevance that each
activity and resource has over time. In the same way, the avatar of each user can be transformed in
dimension, to show which students are more engaged in the course. The size determines the popularity
NT,Ao of each learning object. The dimensions of the icons and labels are rendered proportionally to
the numerical value of access. This metaphor requires some design constraints to grant both graphical
and spatial consistency: our solution is to set a maximum and minimum size for the dynamic element.
This constraints ensure the readability of the small icons, required in terms of usability and accessibility,
avoiding at the same time a potentially unlimited growth of already big elements. Sizing of icons and
labels ST,Ao is determined according to Equation (4):

ST,Ao =

⌊
Dmin +

(
NT,Ao − NT,min

NT,max − NT,min

)
(Dmax − Dmin)

⌋
(4)

where Dmin (Dmax) is the minimum (maximum) allowable size for the element and NT,min (NT,max) is
the minimum (maximum) absolute number of accesses to any learning object in the interval T.

As explained in Sections 3.3 and 4.1, the colour of the labels is changed according to the proximity
parameter PT,Ao , i.e., the distance from the reference date, using discrete or continuous functions.

4.3. Tag Cloud Morphing

A tag cloud is a popular method to represent and visualise groups of concepts or elements,
expressing the relevance of every single component by its dimension. Tags (i.e., terms) are positioned
and resized according to their importance expressed by a numerical variable or a rank, e.g., the word
count in a text. Tag clouds have been investigated in various studies about usability, showing that
this graphical data presentation engages the user attention intuitively highlighting the most relevant
elements, where different layouts can lead to different results in terms of word recall and user focus [26].

This information representation applied to an LMS course can be considered as a type of page
morphing. The label structure of learning objects and module interfaces is transformed in colour,
size and position, according to their usage popularity. The original course structure may be sometimes
hard to recognise when this metaphor is used; therefore, some form of cloud rendering is required
to incorporate an inertial parameter of attraction that provides to anchor the object to its original
position. The positioning of the learning object label central for resources with frequent access; the size
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is proportional to the absolute access count. The hot/cold colour of the labels is informative about the
temporal distribution of access.

5. Experimental Analysis And Results

We experimented and evaluated the implementation of the proposed monitor metaphors in a
Moodle theme, named MonitorView, which will be published later with an open license. The theme
format allowed us to create a customised visualisation of the elements without modifying the
functionality of the LMS, in a modular way easy to install.

MonitorView is an extension of the Standard theme with the addition of the following
functionalities to the course visualisation page:

• Activation/deactivation of the monitoring features;
• Selection panel for the monitor parameters;
• Thermometer bar visualisation mode;
• Dimensional morphing visualisation mode;
• Tag cloud morphing visualisation mode.

When turning on the monitor features, an additional section is displayed in the standard interface,
above the current course learning objects (see Figure 3). The MonitorView settings form enables the
user to select and adjust the monitor parameters (e.g., time frame). The main settings are the Metaphor
and Mode selections. In a dynamic visualisation, the metaphor is morphed in real-time (i.e., having the
start date of the object creation and the end date of the timestamp). The dynamic visualisation is
updated at the page load only, to avoid flickering or other usability issues of a continuous refresh.
The static metaphor allows the educator to select a start and end date and visualise the morphed
result. Using the two dropdown boxes, the user can choose to represent the information using the
Thermometer bar (“Thermometer bar”) or Dimensional morphing (“Morphing”) metaphors.

Picking up the date and time, the user can select the time window to analyse, fixing the reference
date for the temporal proximity data analysis.

The last parameter is the selection of users’ aggregation. By default, the parameter is set to show
all the users, i.e., all Moodle user roles. The selection can be fine-tuned choosing a specific user role or
a single user or group of users.

The result of this parameters set is the in-place morphing of the course page. The colours
to represent the temporal proximity to the reference date of the learning objects, as introduced in
Section 3.3, are graded on a discrete scale shown in Figure 4. The least accessed objects are rendered in
dark blue and hot topics are in pure red. The dark grey colour is used to highlight the learning objects
with no accesses.

The experiments have been held in the University of Perugia, embedding the MonitorView
theme in the academic e-learning platform, called UniStudium, developed as a component of a more
complex AI-based system, aiming at modeling user behavior in e-learning systems for detecting and
analysing user reaction to interfaces and semantic aspects [27–29]. The experiments involved 12 courses
of different bachelor degrees, in blended learning, with their 12 leading instructors. The courses
included from 90 to 120 students each (mostly in age range 18–25). All the instructors involved
in the experimental phase had already used the Moodle platform for at least one year, to avoid a
bias introduced by the teachers’ learning curve. After the collection of the learning objects’ access
information in an anonymised form, the access logs of instructors and students have been analysed to
investigate the potential of the three metaphors. Collected data spans a time frame of three different
exam terms. Example visualisations are shown in Figures 6–9 from the “Intelligent and Mobile
Technology” course of the Computer Science bachelor’s degree program.
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Figure 3. MonitorView parameter selection panel.

Figure 4. Colour gradient.

5.1. Evaluation Criteria

The experiments have been assessed quantitatively by a comparative analysis of instructors’
access logs. Considering the same instructor and the same course, the baseline for comparison of the
usage of the proposed interface is the usage of log referring to objects (i.e., learning objects and modules
instances) before the introduction of visual monitoring metaphor. The log information is thus compared
before and after the metaphor introduction, i.e., with and without the metaphor. In this way, since the
original method of monitoring data analytics was used before and along with the three modifications,
the original method can be thought of as a type of control for the study. The instructors used all the
tools at least once a week for an initial period of two weeks, after which they were free to choose and
switch among any of the three metaphors (i.e., Thermometer bar, Dimensional morphing, Tag cloud) or the
traditional log reports. The objective data are sufficient for assessing an adequate evaluation of the tool.
We decided to ask some questions to educators to understand eventual issues of the visual metaphors
better, aiming at future enhancements. At the end of the experimental phase, the instructors were
asked to fill a questionnaire for a qualitative evaluation of their experience (included in Appendix A).
The screened parameters included the general usability assessment of the interfaces, their usefulness
regarding the course management, the impact on the teaching strategy, the comparison to traditional
methods of user monitoring. For each morphing metaphor, we proposed questions about how much
the visualisation usability is perceived (e.g., easy to activate, easy to use, usable as a monitoring tool)
and about the frequency of use (e.g., how often it has been used and in which phase of the course
it has been used most, if during or after the lectures). Finally, an overall evaluation of the tool has
been proposed. Users could answer in qualitative evaluation using a Likert scale [30] with five items
(i.e., 1 to 5, where 1 is low and 5 is high). The final evaluation is thus composed both of subjective data
from the teachers’ questionnaire, and objective data from users logs. To ensure the quality and accuracy
of the answers, the questions are redundant and are used as a check to identify contradictions, such as a
positive assessment of usability and usefulness along with a negative overall assessment. Consistency
has then been verified with the usage logs of the metaphor declared as preferred. The results show
that the educators’ responses were consistent.

Figure 3 shows an example of usage, with the aggregation parameters selection panel. In this
real case studied, the time window spans over one month. The End date parameter is particularly
important for that course. The second assignment was given to the students one week before the
submission deadline. The temporal proximity was set one month after the end date to have a better



Appl. Sci. 2020, 10, 7195 12 of 25

colour distribution on the topics labels. In this use case, the instructor was looking at the usage
status of learning objects to identify the resource material that students were reviewing to complete
the assignment.

The standard course view without any morphing is shown in Figure 5.

Figure 5. Standard course view with no morphing.

Figure 6 shows the visualisation of the course page according to the dimensional morphing metaphor
with its time interval and the aggregation parameters shown in Figure 3. The icons and labels are
stretched and coloured, considering the learning object popularity and the access temporal distribution.
In Figure 7 the same data are shown in the Bar mode following the Thermometer Bar metaphor. A Tag cloud
is shown in Figures 8 and 9, where the information and page layout is morphed to obtain two different
styles of the Tag cloud. In the first, the labels of learning objects are adapted in Wordle style [31]; in the
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second, an algorithm mixed the labels in horizontal and vertical style. In addition to these two styles,
the instructor can choose to arrange all the tags horizontally.

Figure 6. Course statistics in Dimensional morphing mode.
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Figure 7. Course statistics in Thermometer bar mode.
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Figure 8. Tag cloud mode in Wordle style.

Figure 9. Tag cloud mode in Horizontal and Vertical style.
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5.2. Experimental Results

Table 1 shows the instructor logs monitored during the experimental phase and compared to
the previous year. Only five over twelve instructors were using the Moodle log report utility in
the previous year. From the quantitative assessments based on instructor logs, reported in Table 1,
is apparent that all the three proposed metaphors outperformed the log report utility. The latter was
still maintained only by a single user, while four out of five teachers that previously used the log
report definitively moved to one of the three new metaphors. None of the seven users new to the
log monitoring task adopted the log reports. Among metaphors, the Morphing metaphor is strongly
prevailing among the three, at the end of the courses.

Table 1. Quantitative assessment.

Metaphor Log
Reports

Thermometer
Bar

Dimensional
Morphing

Tag
Cloud

#Total Access 264 426 743 540
#Access Final Month 23 127 243 112

% Tot. Access except first two weeks 5% 23% 48% 24%
#Users using log reports in previous year 5 N/A N/A N/A

#Access to log reports in previous year 632 N/A N/A N/A

The motivation of the successful usability performance of dimensional morphing can be found in its
approach, based on the transformation of the existing interface, where the learning curve is very short
for the instructor, who previously designed the visual organisation of the standard course. Interacting
and viewing the platform interface in everyday work has the effect of showing at the same time the
monitoring information overlaid to the interface. The act of using the monitoring interface takes
place in a transparent, user-friendly and natural modality, as resulting from the teachers’ feedback.
A somehow unexpected result is that the performance of the Tag cloud metaphor is better than the
Thermometer bar. Although the Thermometer bar view mode is well organised and easy to read, it did
not have a strong visual appeal and impact on teachers. Interviews with the users showed that while
tags are randomly distributed, the relevant elements immediately drew the attention of the Tag cloud
observer. On the contrary, in the Thermometer bar a slightly harder effort is often required to compare
by eye the length of the thermometer sliders.

Table 2 shows a summary of the most significant results from the user qualitative evaluation
questionnaires, where the report values are averaged. The qualitative assessment ranges from 1 to 5
(5 being better than 1), where the users can express non mutually exclusive evaluations. The best two
metaphors entries report the total number of votes obtained, where each user could express two votes.

Table 2. Qualitative assessment.

Metaphor Log
Reports

Thermometer
Bar

Dimensional
Morphing

Tag
Cloud

Usability [1–5] 2.4 5 5 4.3
Impact on course mng [1–5] 1.4 3.5 4 3.6

Help to improve quality [1–5] 1.3 3.6 4 3.7
Help to save time [1–5] 1.4 3.4 3.2 3.2

Best two metaphors [1–10] 1 6 10 7

As an overall result, the instructors agree, with only one notable exception, that the MonitorView
tool provided them with the ability to obtain valuable indirect feedback on the learning objects
provided to the students during the course, allowing them to timely adjust the taught lessons
approach. The learning design process is often viewed as a monolithic approach that requires long-term
planning of resources and activities. While this baseline remains true, the use of the proposed tool
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has profoundly influenced the instructors’ ability to continuously refine the strategy implicit in the
learning project they are pursuing and implementing, basing decisions on visual information of
student engagement. The qualitative assessment for impact, quality and contribution to the course
management confirms the quantitative evaluation: Dimensional morphing is prevailing over the other
metaphors and Thermometer bar, and Tag cloud views are comparable regarding the use, with the latter
slightly ahead.

It is worth noticing that some strategies for using the interface provided in the MonitorView
tool have emerged from the experimental evaluation as reported in instructors interviews. The most
frequent use cases in which MonitorView tool is used have been:

• At the end of the course, to detect the least used learning objects to improve their quality and to
have a better discussion in their presentation to the students.

• During the lessons and after the end of the course, to detect the most used elements because this
can be a signal of the complexity of the taught concepts for the students.

• During the course, to discover the most used material close in time to the assignments/exams or
other in-class events, when they are perceived as more useful by students.

Alternative solutions using logs, based Moodle plugins (e.g., Gizmo, SmartKlass), web servers
(e.g., Intelliboard), and client applications (e.g., Excel) [7–9] are not directly comparable with our work
because they have not been tested in the same environment and statistical data are not available in
the same context. However, it is possible to discuss some differences. External solutions to visualise
data in real time, even where the extraction process requires little effort, separate the phases of use and
analysis. Our proposal provides an integrated page that includes both course data and feedback at
the same time (i.e., the modified course interface can be used and is not a visualisation of a learning
analysis graph). The use of the course with immediate feedback on the visualisation of the resources of
each learning object is the most innovative added value of this work, providing the same feedback as
the face-to-face setting. No other alternative solution to real-time monitoring of student engagement
provides an integrated approach.

5.3. Limitations

As noticeable from the images of MonitorView in Figures 6 and 7, the visual impact is different
for the different visualisation metaphors. Data gathered in the experiments show that, although every
student accessed the first assignment’s material and the project for the second assignment, not everyone
accessed the other course resources. The interpretation and impact of this information on course
learning design and strategy can vary depending on the context in which the instructor operates.
For instance, a straightforward strategy is that material that has not been accessed is not attractive,
too complicated or too easy to understand, thus useless if not reviewed. An alternative interpretation
of the data takes into account the characteristics of the courses, i.e., the blended teaching mode,
where students can share the course material through other channels, such as Facebook pages or
exchanging handouts.

Another noticeable event is that students that accessed the system reviewed part of the older
lessons, leaving some of the recent course learning objects almost untouched. The latter is particularly
relevant for the learning object named PDDL Language slides of the Computer Science course.
The educator should investigate the event because the slides were included in the second assignment
project, but the students did not access the material. The access to older material can be related to a
general course review made by some of the students; this event can be analysed in-depth, looking at
the single student behaviour instead of the aggregated data.

The feedback provided from the instructors also suggests that there is space for a great
improvement of the Tag cloud metaphor by retaining some bounds to the original structure, either by
introducing a visual connection to original elements or by visually animating the morphing interface,
i.e., the transformation from the standard interface to the Tag cloud.
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6. Conclusions & Future Works

An innovative general method based on visual metaphors of learning object dimensional
morphing in LMS has been introduced and applied to the task of continuous learners monitoring,
obtaining an informative and usable interface, which can support the instructor throughout the
learning design and verification process. Our approach can be easily integrated into existing LMSs
that provide learner activity logs and appearance customisation. The visual metaphors have been
implemented as Moodle themes and experimented on academic courses. Quantitative and qualitative
evaluations show that the proposed approach outperforms traditional log reporting for real-time
monitoring of students’ engagement, using cohort dynamics and temporal analytics. Among the
proposed metaphors, the Dimensional Morphing prevails both in the instructors’ quantitative and
qualitative assessments. The main advantage of the proposed solution is in terms of usability for
educators, providing intuitive visual clues instead of requiring specialised knowledge for statistical
analysis and data views. Another relevant feature of our approach is that educators do not require
to become acquainted with a new interface, as it uses the same visual elements, icons, and menu
structure found in the existing e-learning platform. Future work includes a further tuning of the
inertial factor mentioned in Section 4.3 to decide whether to change or not the term position and colour
in the Tag cloud and Thermometer bar. Methods using graphic animation can be considered to show the
evolution of popularity and usage of resources over time. The formulation of other visual metaphors
can be explored and tested, e.g., using a layered spatial-depth third dimension, aimed at showing
in the same visual context the behaviour of different groups of users on learning objects. Further
analysis on a more considerable amount of courses from different disciplines may also be useful to
understand the preference for the thermometer bar better. A relevant development would also be the
application of the metaphor of visual morphing and thermal maps to other web-based monitoring
applications, such as portals and websites, where interface morphing is a powerful feedback tool for
the site designer or manager, which conveys information about the users’ engagement in terms of time
spent on a page, clicks and interest in different sections.
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Appendix A. Questionnaire on Learning Objects Monitoring Tools

Figure A1. Questionnaire page 1 of 5.
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Figure A2. Questionnaire page 2 of 5.
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Figure A3. Questionnaire page 3 of 5.
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Figure A4. Questionnaire page 4 of 5.
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Figure A5. Questionnaire page 5 of 5.
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