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Abstract
The complexity of today’s learning processes and practices entails various challenges. It
is becoming much harder for teachers to observe, control, and adjust the learning
process. Moreover, contemporary teaching is enhanced with different technologies
and systems that not only support information-transfer, but also make this process
more effective. In this paper we present the Programming Tutoring System (ProTuS),
which provides smart and interactive content, personalization options, adaptive
features, and learning analytics as a support for users engaged in learning complex
cognitive skills. Our contribution in this paper is twofold, conceptual and empirical. The
paper presents the interactive learning analytics component developed in ProTuS and
the results from the empirical study. The study shows that students find adaptive
learning systems to be useful in monitoring progress, promoting reflective practices,
and receiving feedback to better understand their actions and learning strategies.
Keywords: Smart content, Personalization, Visualization, Adaptive learning system

Introduction
There is a great potential for improving learning and teaching at universities around
the world by utilizing different tools and methods that support personalized and adaptive learning. This implies that learning environments provide vast amounts of data
about students, that can be analyzed and used to build learners’ profiles, personalize the learning experience, automate the assessment, and provide dynamic feedback
on the learning progress. Furthermore, even if the analyses of the students’ interactions generate useful insights regarding the learning processes, the information needs
to be properly interpreted and used as an input to introduce a well-scaffold activities
(Rodríguez-Triana et al. 2015).
In order to enhance online and blended learning, the programming tutoring system
(ProTuS) has been initially developed to provide various interactive courses in learning
complex problem-solving skills (Ivanović et al. 2012). ProTuS is an adaptive and interactive learning platform that provides personalization and adaptation to support the
learning process (Klašnja-Milićević et al. 2018). In other words, ProTuS covers a complex interplay of learning resources, tasks, instructions, social dynamics, and interactions,
aimed at helping students learn a complex cognitive skill. Consequently, the aim of this
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study is to apply user-centered design approach to further develop ProTuS with additional components (e.g., interactive visualized learning analytics) that will support users
to utilizing smart content (Brusilovsky et al. 2014).
Motivating students to take ownership of their learning, and supporting them to reflect
upon it in order to make informed decisions, is an important driver in learning analytics
(LA) research (Santos et al. 2012). Several educational platforms have already introduced
LA components and data-driven learning activities in their systems, creating more adaptive and personalized learning experiences (Mangaroska and Giannakos 2018). What
makes LA component in ProTuS unique is that it does not only provide visualizations
of students’ activities, but also collects student feedback and adapt the learning context
based on students’ preferences and needs. The LA component also collects information
about learning outcomes, goals, and reports that students show particular interest in, and
incorporate the data as an input for further personalization.
The LA component has been developed using design-based research methodology,
which relies on rapid prototyping, deployment of artifacts, and observations in iterative
cycles. The development contained several stages:
1
2
3

development of learning analytics component prototype;
integration of additional data sources from different applications;
evaluation and further development.

This paper reports: 1) the LA component development, 2) the feedback received from
a focus group with teaching assistants and 3) the results of usability study with computer
science freshmen.
The paper is organized as follows. The second section introduces the state-of-the-art
overview, followed by the concept of learning in smart environments and the idea behind
the implementation, presented in the following section. “The programming tutoring
system - ProTuS” section presents the design and implementation of the learning analytics component in ProTuS. Details about the performed experiments and collected results
are presented in “Method” and “Results” sections, respectively. The paper ends with the
discussion section and the conclusion.

Related work
In an academic context, e-learning tools should not only provide the basic learning functionalities for which they have been designed (i.e., presentation of learning
material, testing, etc.) but also additional features related with other academic goals,
such as continuous assessment, tracking student progress, personalization, adaptation, etc. (Soler et al. 2010). Numerous methods and techniques have been proposed
to increase the quality of teaching and to offer more engaging learning experiences
to students. The most commonly used are: adaptation of the learning environment and teaching material, personalization, learning analytics, and open learning
models.
Adaptive learning as a characteristic has the requirement to connect user activities and its visualizations to users’ learning goals. Creating this relation allows teachers and students to follow the learning curve and learning trajectories so that both
sides could be able to reflect, make informed decisions, and scaffold interventions,
(Santos et al. 2012).
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Examples, experiences, challenges, and research reviews in the area of personalized
learning are the subject to many contemporary researchers (O’Donnell et al. 2015; Santos
et al. 2014). The idea behind personalized learning is to present each student with learning activities, specifically selected to accommodate diverse learning needs (O’Donnell
et al. 2015). Different techniques, such as use of recommender systems or resource
sequencing, have been implemented and evaluated to offer personalization and
complement learner’s diversity (Klašnja-Milićević et al. 2009). In addition to automated
personalization, the system should allow students different customization options, such
as to define their own learning goals, choose the desired topics (domains), set the preferred time frame to accomplish these goals, and receive automatic guidelines presenting
the most suitable and efficient path to reach those desired outcomes within the course.
The main idea is to build specific context using user-centered analytics and create
learning strategies that could guide students to accomplish their specified goals.
Learning analytics integrate the analysis of user interaction logs, learning resources,
teaching goals, and the activities of students from different sources, in order to improve
the creation of predictive models, recommendations, and reflections (Santos et al. 2012).
Several examples of visualized LA (e.g. dashboards) exist, which visualize the different
aspects of the learning process (Bodily et al. 2018). Examples include learners’ artifacts,
time spent on tasks, social interaction, usage of resources, assignments and test results
(Santos et al. 2012; Lin et al. 2016; Bull and Kay 2016; Charleer et al. 2016; Verbert
et al. 2013). Experiences and guidelines for designing LA dashboards were discussed
in Charleer et al. (2016). The authors suggested which data should be accessible to students (e.g., giving insight into the learning path to support reflection, peer comparison
and self-regulated learning) and how to visualize it.
While in traditional personalized systems, learner models were hidden “under the
hood” and used to personalize the learning process; open learner modeling introduced
the ability to view and modify the state of students’ knowledge acquisition to support self-reflection, self-organized learning, and system transparency (Brusilovsky 2017).
Opening the learner model generally involves more than simply showing the learner representations of their knowledge, as these representations are not usually designed for
interpretation by humans, especially by those who are still learning a subject (Bull and
Kay 2010; Kay 2000). The key challenge is in creating open learner model as an effective
interface for presenting the students’ data and supporting interaction with it.
The goal of our research study is to fully implement the system that will take into
account the personal traits of students to carry out a truly adaptive teaching and learning experiences. Moreover, the system will offer different visualization reports in order to
support the concept of open learner model and in the same time offer teachers user-center
analytics regarding learner’s activities and progress.
Motivation for the study

For e-learning environments, usability is a necessary condition for effective online learning. Therefore, ensuring usability and enhancement of user experience should be one of
the main goals of e-learning application developers. In the same time, the diversity of
learners, technological advancements, and radical changes in learning tasks present significant challenges and render the possibility of defining the context of use of e-learning
applications (Zaharias and Poylymenakou 2009).
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In order to anticipate the success and acceptance of educational system, usability and
user experience study should investigate whether the system is pedagogically suitable,
while in the same time attractive and engaging. According to research presented in Lin
(2011), negative critical incidents and attitude are the main determinants of the users’
intention to continue using the system, irrespective of their level of e-learning experience. In general, the perceived user experience is described as the extent to which a
person believes that e-learning can be a driving force towards achieving goals. Therefore,
research is needed to identify and detect the problems, obstacles and breakdowns for the
learner when interacting with a system (Triacca et al. 2004).
Several usability and user experience evaluation methodologies have been developed, that systematically combine usability inspection and user-testing (Zaharias and
Poylymenakou 2009; Triacca et al. 2004; Ardito et al. 2004, 2006). Their common goal is to
answer how usability and user experience influence the initial acceptance and subsequent
continuous use of an e-learning system, and consequently, its overall success.

Learning in smart environments
The distributed and flexible nature of the learning process in blended and online learning environments, has created various new challenges for teachers, as it becomes much
harder to observe, control, and adjust the learning experiences (Vozniuk et al. 2013).
However, this does not imply that the control should be reinstated back to the teachers.
It just conveys the idea that learning is distributed; thus contemporary learning systems
should create engaging and efficient learning experiences to empower self-regulation and
support learners towards autonomous learning (Hwang 2014).
Smart learning is a form of technology-enhanced learning that not only supports
information-transfer and control of resource use, but also actively provides the necessary learning guidance, supportive tools, and help-seeking behavior at the right time
and in the right form (Hwang 2014). The essence is in accommodating higher levels
of personalization and customization features, gamification, collaboration, knowledge
acquisition, and knowledge transfer that aligns in harmony with the complexity of
distributed learning environments and stakeholder needs. Moreover, smart learning
environments consider real-world contexts and situate the actors in real-world scenarios. Learning in smart environment is accomplished with utilization of the following
elements (Fig. 1):
• Adaptation of the learning process. Every interaction a user has with a learning system
triggers an action (Burgos et al. 2007). Once the actions are triggered, the system tries
to adapt and assign tasks to learners based on their progress, performance, and
preferences utilizing a user model. The idea is to keep learners engaged in the learning
tasks fitting their own parameters. Customization should be used as an addition to
automatic adaptation, on behalf of the learners, satisfying their preferences and goals.
• Personalization. Learning environments should embrace personalization of the
learning process according to the main characteristics of their learners (Kurilovas
et al. 2014). In contrary to conventional learning environments which tend to treat
learners as a homogeneous entity, personalized learning accepts learners as a
heterogeneous mix of individuals (Klašnja-Milićević et al. 2018). Learners’ needs and
characteristics (i.e. prior knowledge, intellectual level, learning habits) are important
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elements for personalization. On the other hand, customization is done on behalf of
the learners (if not with their direct input, at least with their approval) to implement
more significant learner-centered approach. Thus, competencies that learning
system builds should be defined not only by the teacher and the content creators, but
by the students as well.
Consequently, for personalization and customization purposes, individualized data
can be collected threefold: (1) by conducting initial survey investigating students’
expectations and ambitions; (2) by offering customization settings where students
could set up their own goals and the desired time-frame; (3) tracking the activities of
learners and extracting meaningful information about students’ choices and their
navigational patterns (Klašnja-Milićević et al. 2017).
• Learning analytics. Learning analytics tracks students’ activities and progress over
time, and through data visualization, feeds the results back to the students
(Mangaroska and Giannakos 2018). Such feedback, if interpreted correctly, could
empower students and teachers to make well-informed and data-driven decisions.
Moreover, if the visualizations are based on analytics coming from various
distributed learning environments, those visualizations would have higher accuracy
and authenticity (Trætteberg et al. 2016). Thus, despite the technological challenges,
learning analytics should consider the whole volume of learner-computer interaction,
and not be restricted to learners’ interactions with a subset of the system.
Research on learning analytics dashboards (Santos et al. 2012; Verbert et al. 2013,
2014) has identified several crucial elements for developing an efficient dashboards:
– data awareness;
– visualizations of activity data;
– self-reflection on activities;
– sensemaking;
– comparison with other learners;
– goal-oriented visualizations;
– open-learner model;
– impact and behavior change.
• Smart knowledge management. E-learning environments need to store and retrieve
knowledge that is indispensable and used in decision making and problem solving
(Liebowitz and Frank 2016). E-learning creates a growing repository of knowledge
that, through tailored knowledge management processes, can personalize the
learning experience. Different methods and techniques could be applied for
collecting and analyzing multifaceted and semantically rich information concerning
individual learning experiences (e.g., big data analytics, educational data mining,
semantic web, knowledge maps, etc.) (Tikhomirov et al. 2015).
Supporting these elements in smart learning environments, could provide opportunities for learners to efficiently acquire various professional skills and competences, and
reach autonomy in their learning (Nunan 1996). In a similar manner, such approach could
provide teachers with a tool to track, analyze, and improve the existing teaching practices. On the other hand, the approach should not put complete control of the learning
process in the hands of the teacher, and with carefully planned customization options,
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Fig. 1 Learning in smart environment

students should be able to alter the flow of their activities and adapt it to their goals and
expectations.

The programming tutoring system - ProTuS
ProTuS is a tutoring system designed to provide learners with personalized courses from
various domains (Ivanović et al. 2012). It is an interactive system that allows learners to
use teaching material prepared for different courses and test their acquired knowledge
(Fig. 2) (Klašnja-Milićević et al. 2018).
ProTuS offers the following advanced features:
1

Interactive visualizations of learners’ activities based on aggregation of
heterogeneous data sources:
(a)
(b)

logs of user’s interactions in ProTuS (e.g., tests, communications, visited
content and resources, etc.);
grades from assignments and lab activities;

Fig. 2 User interface of ProTuS
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(c)

2

3

logs and grades from third-party systems, such as Blackboard,
MasteryGrids (Brusilovsky 2017) and Kahoot.

Personalization options implemented in ProTuS (e.g., tag-based
recommendations, resource sequencing). ProTuS generates recommendations of
learning resources for every student, and adapts the content to a particular learner
(Klašnja-Milićević et al. 2018). Users have the chance to select or deselect the type
of personalization that will maximize their learning curve.
Customization options. Currently, ProTuS allows learners to customize the
appearance of the user interface (by displaying or hiding some of the internal
frames) and to turn off/on recommendations. In future, learners should be able to
set up their goals and the desired time-frame. Based on these inputs, the system
will generate a proposed learning strategy that will most efficiently fulfill users
predefined goals.

The learning content of a single course in ProTuS is divided into topics (lessons). Each
topic contains several resources (presented in different tabs): Introduction, Basic info,
Theory, Explanation, Examples, Syntax rules, and Activity (Fig. 3). For every topic an
unlimited number of resources and tests can be attached. Resources that present explanations and syntax rules have two forms of presentation: verbal (textual) and visual (graphics
or videos). Students can choose the presentation method based on their preferences.
ProTuS provides the functionality of an adaptive learning environment that helps students to navigate through learning resources, track their actions, undertake automatic
assessments (Fig. 4) and receive visualized reports on their progress. On the other hand,
the system updates the learner model (with specific learners’ knowledge of course topics)
accordingly. Moreover, the learner model in ProTuS is gradually build, by recording all

Fig. 3 The learning content in ProTuS
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Fig. 4 Testing in ProTuS

learner’s activities, such as, tracking their individual choices and navigational patterns,
monitoring their submissions, and recording the results from the JUnit tests. In fact, the
system tracks all changes in students’ performance and knowledge level. Consequently,
the data is then used for making further recommendations of learning material and
activities to a specific learner.
Besides the study presented in this paper, the ultimate goal of our research is creation
of foundation (i.e., smart and interactive content, support, dynamic and real-time feedback, personalization and adaptation features) for smart learning in ProTuS (Fig. 5). The
current version of the system implements only two personalization methods: 1) different
presentation techniques, and 2) recommendation of learning content based on Elo-rating
algorithm (Elo 1978). This algorithm was originally developed for rating chess players, and
it has recently been adapted and used in educational setting (Pelánek 2016; Antal 2013).
Moreover, learners in ProTuS can customize the appearance of the system by turning on
or off various personalization methods. In future, the authors plan implementation of a
resource sequencing personalization method.

Fig. 5 Smart learning in ProTuS
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Regarding support of comprehensive customization in the learning environment,
additional features in the settings panel are planned to be implemented. In the current version, the students can only turn automatic recommendations on or off. The
future updates of the system will offer the choice of preferred topics, whether they
want to increase theoretical or practical skills, pace of the instructions (i.e., time to
conclude a topic), and choice of learning strategy (e.g., step-by-step guidance, learning through examples, video instructions, active learning, visual presentations, level
of interaction). The system will use the chosen preferences to apply appropriate personalization method and adapt the appearance of the system and the content of the
learning material.
During the first stage of the LA component development, open learner model and
basic visualizations have been implemented. The component offers reports about the
learners’ activities within ProTuS and visualized comparison of individual progress with
the progress of other learners. Evaluation of the concept of smart learning and the
LA component of ProTuS is presented in the “Method”, “Results” and “Discussion”
sections.
Analytics component

ProTuS gradually builds learner profiles by monitoring and recording every interaction,
navigation, test, or decision of the learner. Learner analytics component use various charts to describe individual and group test results, session time-frames, type of
interactions and their duration, success rate for assignments, etc. Students can compare grades, activities, and trajectories of other students who are enrolled in the same
course. The goal of the system is to enable students to take ownership of their own
learning, reflect on their activities, and compare their results with other peers taking
the same course.
To further support the concepts of open learner model, several visualization reports
are already offered or planned for the future development (Fig. 6). These reports will in
the future include: assignment and project results, overall grading, personal and group
activities, fulfillment of learning objectives, etc.

Fig. 6 Visualization in ProTuS
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Method
Objectives

The research reported in this paper focuses on evaluation of the LA component as a
first step towards more comprehensive implementation of smart learning in ProTuS. The
authors would like to improve the analytics component by making it more interactive and
appealing for use by students to follow their progress. Aligning learning analytics with
learning design in order to create more meaningful tools, methods, and representations
of data for teachers and learners is a promising step in creating improved user-centered
learning experiences (Mangaroska and Giannakos 2017). Thus, the idea behind the development of ProTuS analytics component also includes the guidance of students as active
agents in their learning process, with respect to their meta-cognitive abilities, as a support
in becoming better learners. However, what is of particular importance and a subject for
further investigation, are the learning strategies that are adopted by individual learners
(Gašević et al. 2015). Tracking the activities of learners, could give valuable insights into
how students learn with adaptive learning systems to promote understanding and build
knowledge (Mangaroska and Giannakos 2018), as this data could increase the quality
of the learning analytics component and the adaptive features of the system. Moreover,
in order to examine the usability of learning analytics component of ProTuS, this study
addresses the following research questions:
• What are the practical applications for students to use adaptive learning system?
• What is the level of satisfaction when interacting with ProTuS?
The following section presents the experimental setup to address the proposed research
questions.
Procedure

The first step in this study includes data collection with the teaching assistants (TAs)
that are assigned to the course Web technologies at ANONYMOUS University. Teaching
assistants are one of the stakeholders that will utilize ProTuS to follow students’ learning
trajectories and call for interventions if they perceive a particular student fails to keep up
with the expected progress. Subsequently, a focus group was organized with the TAs to
collect exemplary practices that they have accumulated over the last few years, working
with students in the particular course.
After the focus group with the TAs, the second step was carried out during the Web
Technologies class, where students were asked to interact with ProTuS and take the
assigned tests. After finishing with the tests, the students were asked to fill in a usability questionnaire. Next, using affinity diagram technique (Beyer and Holtzblatt 1997) and
usability survey, the authors aim to transform the gathered practical applications into
design considerations for further development of visualizations based on user-centered
analytics. Thus, the focus on user-centered participatory design is highly relevant for
developing these visualizations that require a significant degree of user interaction (Cocea
and Magoulas 2015).
Finally, the data gathered from the focus group and the usability survey will be systematized and used to develop new learning scenarios (Nardi 1992) and recommendations for
new visualizations based on user-centered analytics. Figure 7 shows the research process
that has been applied for this study.
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Fig. 7 Phases of design research

Participants

Ten teaching assistants (TAs) from the Web Technology course participated in the focus
group and later filled in a usability questionnaire. The TAs have few years of experience in working with students, grading assignments, and following students’ project work
in different programming and software engineering courses. On the other hand, the
participants that tested ProTuS and later also filled in a usability questionnaire, were students enrolled at ANONIMOUS University, in the fall semester in the Web Technologies
course. A total of 66 first year bachelor students participated in testing ProTuS, and 55
students filled in the usability questionnaire.
Data collection: study set-up

Ten teaching assistants spend more than an hour brainstorming and discussing the practical applications for students utilizing an adaptive learning system to monitor and evaluate
their progress. The facilitators of the focus group practiced a deductive approach based
on already formulated and theoretically driven key categories to lay TAs’ perspective
on usage and challenges with adaptive learning systems. The brainstorming session was
divided into two parts, before and after the use of ProTuS. The focus group started with
brief introduction in adaptive learning systems and ProTuS so that the participants have
a better understanding of the topic and the e-learning system. Thus, the facilitators asked
the teaching assistants to discuss the following challenges:
• What affordances are important for adaptive learning systems?
• What type of content is appropriate for learning using adaptive learning system?
• What assessment functionalities can be integrated in adaptive learning system?
This was done to avoid bias among the TAs that could have come from using a specific
adaptive system (e.g., ProTuS), as well as to allow creativity flow. The second part of the
focus group session focused on the following challenges after the TAs had the chance to
spend some time interacting with ProTuS:
• What type of visualizations can help you to reinforce awareness and reflection about
your progress during the learning process?
• What outcomes you expect from utilizing an adaptive learning system?
• What kind of learning analytics can support you as a learner in the learning process?
Data collected from this session was used to create design considerations and to identify
potential usability issues from the interaction with ProTuS. The focus group resulted in
a collection of 53 practical applications that will be considered when re-designing and
developing the analytics component of ProTuS.
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The second part of the study included the introduction of ProTuS to the students during a regular classroom hours. Students were given instructions how to sign up in ProTuS
and take a test that covered the content from the first five lectures. The students had
five minutes to freely interact with ProTuS and get familiar with the system. Next, the
students were instructed how to start the tests. The test lasted for 15 min and contained 40 multiple questions. The last five minutes, students had the chance to interact
with the current visualizations the system offered. Finally, the students were asked to
fill in a usability questionnaire (Brooke and et al. 1996) about their experience with the
system, their reflections, and their subjective preferences. The study finished with two
open-ended questions, asking students what kind of visualizations and analytics they find
useful to have and use in order to follow their own progress and make decisions based
upon it.
Data analysis: affinity diagram technique within focus group

When developing an adaptive learning system, it is important to distinguish between
personalization (i.e., the purpose) and adaptation (i.e., the methods used to achieve the
purpose) (Cocea and Magoulas 2015). Thus, this was the main idea employed during the
data analysis. An affinity diagram technique (Beyer and Holtzblatt 1997) was applied to
systematize and group the practical applications and challenges gathered from the focus
group brainstorming session. The main steps of this technique are: (1) record all ideas on
notes, (2) look for ideas that seem to be related, and (3) sort notes into groups. This is
an inductive approach, by which the group builds common themes out of the individual
ideas. However, for this study, the TAs were guided with six questions they had in front of
them as the authors wanted to canalize their creativity within specific parts of the adaptive
learning systems. Thus, a deductive approach was used based on already formulated and
theoretically driven key categories. The participants were asked to review and position
the ideas within the following categories: affordances, content, assessment functionalities,
visualizations, outcomes and analytics. Next, notes were reviewed and grouped together
conveying a particular group of ideas.
Since the authors considered affinity diagram as a starting point for constructing design
features, next they decided to match the generated ideas (i.e., practical applications) with
the best practices for designing adaptive learning systems.
Data analysis: usability study with ProTuS

Designing an adaptive learning system from usability perspective is a great challenge due
to the complexity of the learning process and the need to meet diverse learners and various learning strategies (Nielsen 1994). Moreover, past studies (Alshammari et al. 2015;
Zaharias and Poylymenakou 2009) show that usability is not considered during the design
process nor even after it. Thus, if we do not know how easy and pleasant is our system
to use, why would we expect users to use it? Consequently, this paper aims to understand
and evaluate the usability of ProTuS. The usability study has been done using a System
Usability Scale (SUS) questionnaire (Brooke and et al. 1996) with the TAs and the students after they interacted with the system. The authors decided to use SUS questionnaire
due to two reasons: one, it can be used on small sample and still provide a reliable results;
two, it is valid and proven instrument that can effectively distinct between usable and
non-usable systems (Brooke and et al. 1996).
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It is worth mentioning that usability and user experience are related, but not similar
concepts: usability studies user’s ability to use an object to successfully accomplish a task,
whereas user experience explores user’s interaction and their expectations, feelings, and
aspirations as a result of the interaction with the object (Albert and Tullis 2013). Having
in mind the difference between usability and user experience, the first part of the study
i.e., the focus group session, was designed to examine the user experience, and the second
part of the study was strictly focused on usability.

Results
Results from the affinity diagram

During the focus group session, TAs came up with 53 practical applications grouped
into six categories. Using the affinity diagram technique, majority of the generated ideas
(before using ProTuS) corresponded to three sub-categories: interface, gamification, and
examination. The generated ideas after the use of ProTuS, corresponded to two subcategories: settings and means. Table 1 shows the structure of the affinity diagram in
terms of categories and sub-categories with examples of practical applications triggered
from usage of an adaptive learning system. The three sub-categories are described below.
Interface

• Description: Anticipated uses, learner’s needs, and application of the system and its
components.
• Example: Users like intuitive interfaces that would not require additional time to be
allocated in order to learn how to use the system and its components. The content in
the system should be interactive so that the users can feel engaged while using it.

Table 1 Affinity diagram composition before interacting with ProTuS
Category/subcategory

Affordances

Content

Assessment

Interface

1) Intuitive; 2) User friendly;
3) Easy to use/navigate;
4) Mobility - use the system on the go; 5) Use the
system with different platforms; 6) Live chat with
TAs, teachers, and classmates.

1) Interactive tutorials; 2)
Interactive videos; 3) Interactive books.

Invite other students to
compare test results and
discuss it together to learn
from it.

Gamification

The system should be fun
to use.

1) System should induce
collaboration among the
students. 2) Content that
will motivate students to
use the system.

1) Students should be able
to invite other students to
compete in quizzes and
other assessment methods. 2) Students should
be able to create groups
that could earn badges,
rewards. and compete
with others in the group.

Examination

1) The system should
help students to prepare
for final exam by creating exams based on the
results from previous tests
they already had during
the semester. 2) Investing
time to use the system
should help students to
get better final grades.

1) Choose specific parts
of curriculum that will
contain questions from
previous exams on which
student has failed or
under performed. 2) Filter
and sort content based
on test results. 3) Mix
content/quizzes.

1) End of semester test
with all failed questions
during the semester. 2)
Choose and assess other
students work to reinforce its own knowledge
and help classmates. 3)
Ask for peer reviews on
tasks/assignments.
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Gamification

• Description: Application of elements of game playing (e.g., badges/points scoring,
competition with others) to maximize enjoyment and engagement based on learners’
interest, as a way to motivate users to continue learning.
• Example: If interacting with the system can simulate playing a game, users will be
more influenced and prone to using the system. Users would like to see gamified
elements inside the system which will allow them to collaborate with other peers and
create competitive environment where they can compere and measure achievements
among individuals or among groups.
Examination

• Description: Methods and materials to test current knowledge and automatically
prepare scaffolds for students to improve their progress.
• Example: The system should allow users to prepare for exams based on their
progress so far. Users should be able to have an overview of their progress and
learning path, and choose what gaps to cover or get system regulated interventions.
Table 2 shows the structure of the affinity diagram in terms of categories and subcategories with examples of the best generated practices in using adaptive learning
systems after the participants spent time working in ProTuS. The two sub-categories
defined in the second part of the focus group session are described below.
Settings

• Description: The preconditions and attitudes that help users to successfully interact
with the system and its components.
• Example: If users do not find the system useful by providing feedback on their
learning curve and recommendations for improvement, they would not find it useful
to use. In addition, one of their attitudes as a motivational factor towards using the
system is getting better grade at the end of the course.
Means

• Description: Methods and materials to prepare and motivate users for enhancing
their willingness to interact with the system.
Table 2 Affinity diagram composition after interacting with ProTuS
Category/subcategory

Visualisations

Outcomes

Learning analytics

Settings

1) The system should visualize the learning curve to
the learner. 2) Charts comparing scores and grades.
2) Charts comparing
results among classmates.

1) A better grade if I use
the system. 2) Responsive
UI.

1) Type of content the user
used most that helped
him/her to achieve the
best results on tests. 2)
Questions that majority
of the students failed or
underperformed.

Means

1) Tailored reports on
what the user needs to
practice more. 2) Charts
combining scores from all
assessments the user has
for a particular class. 3)
Progress bar while doing
tests/quizzes.

1) Indication of new tests
that follow student learning curve. 2) Recommendations of content to learn
to achieve higher grade at
the end of the course.

1) Live representations of
the code user writes. 2)
Interactive code examples
users can modify and run.
3) System should be able
to feed back to the user
what content is easy and
what content is difficult
for the user. 4) Keeping
track of sections visited
and tasks done.
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• Example: System should provide tailored feedback and reports to users regarding the
tasks they do, resources they use, scores they achieve, and help them to learn more
effectively and efficiently.
Results from the usability study

The usability study has been conducted using a System Usability Scale (SUS) questionnaire and input from the TAs (i.e., the focus group) and students. The used questions,
with their mean and standard deviation, for both the focus group and the students are
presented in (Table 3). All questions are presented in a 5-point Likert Scale (from Strongly
Disagree to Strongly Agree). ProTuS received the overall grade of 56.3 and 67.2 points
from the focus group and the students, respectively. The low score received from the
focus group was mainly a consequence of TAs responses on the questions 2–4 as they
shared multiple complaints regarding the complexity of the user interface (Fig. 8). One
month gap between the two usability studies gave us enough time to simplify the user
interface, by moving multiple features of the system in the background (e.g., customization window, tagging interface dashboard, dashboard for changing presentation methods)
or removing it completely (e.g., learning styles identification). As a result, in the second usability study a significant improvement was recorded from students’ perspective
regarding the complexity of ProTuS.
The overall score of 67.2 points received on the SUS questionnaire, indicates an acceptable usability of ProTuS. Students gave low scores for the first question, “I think that I
would like to use this system frequently” (Fig. 9). However, we think this question might
have biased answers as the activities within ProTuS are not defined as mandatory for
the Web technologies course. On the other side, students find the system easy to use and
consider that they do not need to have a technical person instructing them how to use
the system. Two potential issues that might exist are regarding the integration of various
functions in ProTuS and the existence of too much inconsistency in ProTuS, as majority
students neither agreed nor disagreed. Therefore, the authors consider to explore further
these potential usability issues while re-designing the analytics component.
Table 3 Questions included in SUS questionnaire
Questions

Focus group

Students

M

SD

M

SD

1

I think that I would like to use this system
frequently.

3

0.8

2.8

1.1

2

I found the system unnecessarily complex.

3.6

1.3

2.7

1.1

3

I thought the system was easy to use.

2.5

1.1

3.1

1.0

4

I think that I would need the support of a
technical person to be able to use this system.

2.4

1.3

1.5

1.0

5

I found the various functions in this system
were well integrated.

3

0.8

3.1

0.9

6

I thought there was too much inconsistency
in this system.

3.4

1.1

2.3

0.8

7

I would imagine that most people would
learn to use this system very quickly.

2.8

1.2

3.4

1.1

8

I found the system very cumbersome to use.

3.4

1.1

2.3

0.9

9

I felt very confident using the system.

2.9

0.8

3.3

0.9

10

I needed to learn a lot of things before I could
get going with this system.

2.4

0.7

4.3

1.0
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Fig. 8 Distribution of responses from the focus group

Looking at the two open-ended questions about visualizations and analytics, the participants shared some interesting points. First, when it comes to visualizations, students
would like to see pie charts, not just bars of graphics. This shows that students understand
the use of various graphics, since pie charts are usually used to compare parts of a whole,
while bar graphs are used to easily track changes over time or between groups. In addition, they would like to be able to see visualizations pointing out what were their mistakes
and how they can learn from it. Moreover, a very common answer was system’s ability to
visualize their progress over time. Concerning the analytics, they would like the system to
present aggregated analytics as an overview of their learning progress over time, the time
they spend on tasks compared to how effective they performed those tasks, as well as the
ability to compare results over time so that they can see the percentage of improvement
at any point in time.

Discussion
ProTuS tries to establish the foundation towards the development of smart learning
that provides students with personalized learning experiences, automated assessments,
dynamic feedback, and interactive visualizations of the learning progress. The first stage
in this process is the improvement and re-design of the analytics component. The idea
behind the analytics component is to serve as an incentive to raise awareness among
students and educators about smart learning by promoting the intention of learning
ownership through self-reflection, sensemaking, and open learner model.

Fig. 9 Distribution of responses from the students
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The first research question in this study aims to present an overview of the practical applications gathered from the users regarding adaptive learning systems. The focus
group insights gathered from the teaching assistants focused on features that adaptive
learning systems should have in order to be useful and usable. As many of the generated ideas by the teaching assistants are already implemented in the system (e.g., video
material, communication options, portability, etc.), we considered this initial feedback
very positive. Moreover, from the user experience perspective, they generated ideas that
are not currently implemented in ProTuS, but are essential for building rich learner profiles, and smart learning content (Brusilovsky et al. 2014) as paths towards scaling up the
usability of adaptive systems (Ardito et al. 2004).
One very important observation was regarding the information overload students currently have. Few students reported that having too many different data sources (e.g.,
eBook, lecture slides, the book for the course, ProTuS, the videos, etc.) create confusion
what to choose as priority resource for learning. These findings support the idea behind
the theory of distributed cognition (Hollan et al. 2000). Hence, this is one potential usability issue that need to be considered when integrating heterogeneous data across different
learning platforms (Bakharia et al. 2016).
When it comes to user satisfaction, in general, we can say that students were satisfied
with the learning experience offered by ProTuS. The score of 56.3 points on the SUS
questionnaire by the TAs is a good example of the benefit of optimizing the usability of
e-learning systems, because the later score of 67.2 points by the students, indicates that
once the system usability was optimized, most of the users perceived the system as more
usable. However, using only numerical averages is not the best strategy to uncover what
works and what does not work in a system. This is supported with the wide spread of
user reactions that suggest more work to uncover the reasons and motivations behind
the individual responses. Thus, SUS questionnaire is only one way to measure usability of a system, leaving a lot of space for improvement and triangulation with other
usability mechanisms (Brooke and et al. 1996). Since there is no single best measure
of usability, the lack of data triangulation to obtain full understanding of the ProTuS
system usability is one of the limitations of this study.
Consequently, the results and the feedback derived from the study indicate that students
find adaptive learning systems to be useful in monitoring progress, promoting reflective practices, and receiving feedback based on analytics that support the understanding
of their actions, resource use, and learning trajectories (Rienties and Toetenel 2016).
Moreover, highly motivated and self-regulated learners are more likely to use e-learning
systems (Zimmerman 1998). However, optimizing usability can be a significant factor to
their satisfaction and motivation (Zaharias and Poylymenakou 2009). Furthermore, the
concept of open-learner model offered students a highly appreciated and useful insight
into their learning strategies. However, if we want adaptive systems to offer feedback with
pedagogical components for guiding users to become better learners, the future learning
analytics tools need to be developed considering theoretically established instructional
strategies (Gašević et al. 2015).
The second aim of this paper was to set the foundation towards learning in smart environment. Knowing what users do when they need to solve a task (i.e., conceptual model),
how they interact with the system (i.e., human-computer interaction), and in what situations they need guidance (i.e., learning scenarios), is what makes an adaptive system to be
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successful in knowledge, skills, and behavior modeling. Thus, the authors tried to identify
the benefits that such environments could bring to the learning process and incorporate it
in the design considerations. Results showed that after a slow start, the students became
more engaged as the length of the user sessions increased over time. Table 2 shows that
providing students with useful insight into their progress and learning curve, represents
the first step towards implementation of smart learning. Moreover, if students achieve
comprehensive understanding of their misconceptions and problems they account during
learning, they can specify the desired learning goals and define the actions and areas they
want to focus on. Such customization of the environment can lead to defining suitable
and efficient learning strategies for the particular learner (Bakharia et al. 2016; Guerra
et al. 2016). However, many of the findings summarized in Tables 1 and 2 show that the
practical applications gathered from the users cluster around examination, implying that
users’ focus is not learning as much as it is passing the assessments. This is also seen in
the competitive framing of the gamification elements, as well as the reason behind the low
score on the first question in the SUS questionnaire; the low probability that the students
will use the system again. This insight goes back to the findings from the past research
regarding personalization (O’Donnell et al. 2015; Santos et al. 2014; Kurilovas et al. 2014),
customization (Klašnja-Milićević et al. 2017; Beyer and Holtzblatt 1997; Honey 2001), and
autonomy (Weinstein 1987; Firat 2016).
As one can observe, creating and developing usable adaptive learning systems is a difficult and challenging task (Costabile et al. 2005). Therefore, having an adaptive system
that is not used by students nor teachers hinders the vision of scaling up personalization
and customization in e-learning. One of the questions that is currently looked over in
the Technology-enhanced learning (TEL) community is whether adaptive systems should
assist in humans’ decision making or make decisions on behalf of humans? Consequently,
the authors leave the reader to think whether the results that were gathered from the
focus group session and the usability questionnaire should be treated in terms of design
considerations for adaptive systems that assist humans in decision making or as an input
for developing future automated processes in adaptive systems (Zliobaite et al. 2012).
Design considerations

The data insights from this study are used to present possible design considerations for
further development of ProTuS analytics component. The following design considerations
focus on:
• Interactivity in adaptive learning system could be achieved by designing competition
module that allows students to compare their level of knowledge, skills, and results
with their peers (Lavoué et al. 2018).
• The quality of the learning resources and the learning design, play an important role
in influencing students to learn and interact within e-learning systems (Rienties and
Toetenel 2016).
• Allowing students to set up their learning goals, their learning pace, and the timeframe could increase their awareness in taking ownership of the learning progress
and the personalization options offered by the adaptive system (Piccoli et al. 2001).
• Learning systems should support scaffolding and tailored assessment to address
learner’s growth, diversity, and motivation (Mangaroska et al. 2018).
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• Adaptive systems should incorporate different learning strategies that will support
learners to improve by modifying goals, actions, and learning trajectories (Waalkens
et al. 2013).

Conclusions
To address several known obstacles in development of adaptive learning systems, this
study focused on examining the usability of ProTuS, an adaptive and interactive learning platform and evaluation of the analytics component. The aim of the study was to
transform the generated practical applications from the focus group into design considerations for further development of ProTuS interface and the analytics component.
The study demonstrated that students find the learning environment in ProTuS attractive, and in the same time useful for reflecting on their progress. They were especially
fond of the interactive visualizations that allow them to compare their results with the
results of their peers. The SUS score of 67.2 presents the system as usable, underlining
the necessity to further improve and scale the usability of ProTuS. Although visualized
analytics increases the engagement of the students, a known design challenge arose from
students’ feedback: how to design adaptive systems that would not add further complexity
to the system by making the system more interactive? High levels of personalization and
customization features in online learning environment can increase complexity of the
systems, hence the implementation of this features need to be smooth and not visible to
the users.
In future, the authors plan to further develop the learning analytics component of ProTuS and provide more interactive visualizations options of the data aggregated from additional sources (e.g., assignments and projects, course grading, and third-party software).
In fact, the analytics component is a very important part of ProTuS as it should establish the foundation for development of learning in smart environments. Furthermore, the
authors plan to investigate how complex analytics can provide benefits and valuable input
for defining appropriate teaching strategies, and how this strategies can be implemented
in online environments to support smart learning.
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