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Abstract: MOOCs offer great learning opportunities, but they also present several challenges for
learners that hinder them from successfully completing MOOCs. To address these challenges, edX-
LIMS (System for Learning Intervention and its Monitoring for edX MOOCs) was developed. Itis a
learning analytics system that supports an intervention strategy (based on learners’ interactions with
the MOOC) to provide feedback to learners through web-based Learner Dashboards. Additionally,
edX-LIMS provides a web-based Instructor Dashboard for instructors to monitor their learners. In
this article, an enhanced version of the aforementioned system called edX-LIMS+ is presented. This
upgrade introduces new services that enhance both the learners” and instructors” dashboards with
a particular focus on self-regulated learning. Moreover, the system detects learners’ problems to
guide them and assist instructors in better monitoring learners and providing necessary support. The
results obtained from the use of this new version (through learners’ interactions and opinions about
their dashboards) demonstrate that the feedback provided has been significantly improved, offering
more valuable information to learners and enhancing their perception of both the dashboard and the
intervention strategy supported by the system. Additionally, the majority of learners agreed with
their detected problems, thereby enabling instructors to enhance interventions and support learners’
learning processes.

Keywords: dashboard; data-driven intervention; education; e-learning tools; learning analytics;
MOOQOC:s; self-regulated learning; system applications and experience; technology-enhanced learning;
web-based learning

1. Introduction

Massive Open Online Courses (MOOCs) are becoming an increasingly important and
relevant tool in online learning environments, leading to an increase in available courses
and enrolled learners [1]. The University Auténoma of Madrid (UAM, Spain) has offered
various courses on the edX platform (https:/ /www.edx.org/school/uamx, accessed on
15 July 2023) since 2015. However, the experience has revealed several problems that arise
in the context of e-learning. Learners often feel isolated, alone, which directly affects their
learning and engagement in the course. This feeling is mainly due to the impossibility of
the instructor providing feedback [2—4] to many learners at the same time.

Learning analytics is generally recognised as the main field of study capable of assist-
ing in providing solutions to the presented problems [5,6]. In different higher education
institutions, a wide range of learning analytics approaches are employed for prediction and
visualisation, among other concerns, in various areas of learning in MOOC:s [7]. Further-
more, the author of this work has already developed many learning analytics systems [8,9]
to address related challenges.

The most recent example of these learning analytics systems is edX-LIMS, which is a
web-based learning analytics system (acronym of System for Learning Intervention and
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its Monitoring for edX MOOCs). edX-LIMS offers various services, including an intuitive
“Web-based Learner Dashboard” that allows MOOC learners to visualise their engagement
in the course. Additionally, it provides MOOC instructors with a user-friendly “Web-based
Instructor Dashboard” to visualise learner interest in the aforementioned engagement
metrics [9].

In this article, a new version of the aforementioned system is presented, called edX-
LIMS+. This updated version includes several improvements, including the addition of
two new services: (i) a service that generates new visualisations focused on self-regulated
learning (SRL), integrated as a new part into each web-based Learner Dashboard, and (ii) a
service that supports learner problem detection, also incorporated into the Learner Dash-
board. Furthermore, the Instructor Dashboard has been enhanced with new visualisations
related to learner interest in these new services available on the Learner Dashboard.

The main objectives of the research study conducted in this article are, firstly, to
analyse the impact of the intervention strategy supported by edX-LIMS+ on learners by
analysing the aforementioned recorded data and, secondly, to analyse the usefulness of the
new services provided in the Instructor Dashboard for helping instructors monitor learners
and provide them with assistance.

The structure of this article is as follows: The next section presents the related work
in the area of the approach presented in this article. In Section 3, the MOOC used in the
research study, along with the previous system (edX-LIMS) and the new one (edX-LIMS+),
are detailed. Section 4 presents the intervention strategy, followed by Section 5, which
describes the conducted research study, including the research questions and datasets.
Section 6 presents the research results, Section 7 provides a discussion of these obtained
results, and Section 8 offers conclusions and suggestions for future work.

2. Literature Review

Learning analytics (LA) is the research area that focuses on measuring, collecting,
analysing, and reporting information on learners and their various contexts to enhance
understanding and improve learning outcomes [5,6]. Education plays a crucial role in
societies worldwide, and institutional reports from the European Commission highlight the
need for further research in this field, with increasing support from teams and organisations
for LA initiatives [7].

As a result, new initiatives and projects are emerging; however, a common mistake is
observed in some of these initiatives, as they lack pedagogical support in the process [10].
This is particularly evident in technological developments, where the theoretical aspect
and the potential contribution of a pedagogical vision to the project are often overlooked.

The field of learning analytics is expanding rapidly due to the abundance of learning
data available today. This abundance enables researchers to draw conclusions and make
informed decisions through data analysis.

Furthermore, there are numerous techniques for classifying data analysis. Onah et al. [11]
presented a well-known categorisation in the field based on three types: descriptive, predictive,
and prescriptive.

Firstly, descriptive analytics serves as the foundation of data processing by collecting
information from the past and presenting it in a structured format for further analysis. In
the context of learning analytics, descriptive analytics is employed to transform historical
learner data into organised learner information, which is then presented through various
components in dashboards.

Secondly, predictive analytics utilises past and current data to forecast future events
or outcomes, employing machine learning and data-mining techniques. In the context
of learning analytics, predictive analytics is used to identify learners who are at risk of
negative situations, such as dropout or failure to obtain a degree or certification [12,13].

Finally, after the other forms of analytics, prescriptive analytics focuses on determining
possibilities and recommending actions. In the field of learning analytics, it is valuable for
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suggesting actions that can have a positive impact through interventions in an individual’s
learning process.

As mentioned in the introduction, this work concentrates on the utilisation of dash-
boards and self-regulated learning, with the objective of providing feedback to the learner
through an intervention. These aspects will be elaborated upon in the following sections.

2.1. Dashboards in Learning Analytics Context

There are various research branches within the field of learning analytics, and one of
them is dedicated to the development of dashboards. These dashboards consist of panels
with different components designed to display data from various perspectives or insights.

There have been several systematic studies conducted on learning analytics dash-
boards (LADs). In particular, Matcha et al. [14] conducted a review that identified the most
relevant works in the field of LADs. They referenced the work of Verbert et al. [15] as the
initial reference, which analysed the target users of dashboards, the data handled by them,
and the evaluations performed. Later, Verbert et al. [16] expanded on their work by classi-
fying different articles based on the categories of LADs presented in various environments.
They also analysed dashboards that support the four elements of the conceptual model
previously developed by Verbert et al. [15]. As mentioned by Matcha et al. [14], both papers
provide a comprehensive overview of the context.

Schwendimann et al. [17] conducted a further analysis of the different types of indica-
tors displayed on dashboards and categorised the types of visualisations used. In another
study, Bodily and Verbert [18] conducted a systematic review of students’ interaction with
various feedback systems, including dashboards. They concluded that more research is
needed to focus on improving the process of dashboard design, as it is crucial for achieving
a positive impact of the dashboard.

Considering the growing recognition that LADs are a useful tool for providing refer-
ence frames [19], Jivet et al. [20,21] conducted a systematic review in which they reviewed
articles classified into those that provide social, achievement, and progress reference frames.

In this branch of research, the same problem mentioned above can be observed, as
many projects in the field of learning analytics dashboards (LADs) tend to focus primarily
on technological development, often neglecting the pedagogical perspective. Additionally,
other aspects of dashboard design and structure should also be taken into account, including
the complexity of a dashboard’s components, which can vary depending on the intended
purpose of the tool. Simple graphics are generally recommended for students, while more
complex visualisations are reserved for instructors [22]. Kim et al. [23] discussed several
success stories of different dashboards throughout their paper.

Schwendimann et al. [24] presented a study providing a comprehensive overview of
the status of dashboards. It indicates that teachers are the primary target users in 75% of
cases, followed by learners in 51% of cases. An additional 7% of the cases were related
to online working environments. Moreover, the main purposes of the dashboards were
predominantly monitoring others (71%) and self-monitoring (51%).

Dashboards primarily consist of graphs, along with other resources such as tables,
texts, or videos. The most popular types of graphs are bar charts (60%), line charts (44%),
tables (38%), pie charts (27%), and network charts (18%) [24]. It is important to consider
not only the data themselves but also the way they are displayed. Learners should be able
to comprehend the provided information in a usable and intuitive manner so that it may
have an impact on them. Simpler visualisation techniques, such as timeline visualisation,
have shown better results compared to more complex techniques like heat maps [25].
Additionally, selecting the appropriate information to display is crucial, with the aim of
presenting useful information to the learner. In the study proposed by Sedrakyan et al. [25],
students were found to be aware of certain information presented to them, while being
unaware of other information such as time commitment, the activity that motivated them
the most, or comparisons with their peers.
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In [14], it is mentioned that a theoretical basis is often lacking when working with
LADs. Therefore, it is important to employ appropriate approaches, from design to data
capture, as the dashboard itself does not fulfil its purpose alone [18,21]. An appropriate
pedagogical approach aids in all phases of the study to achieve the desired impact.

Another study presented by Smith [26] obtained comments supporting the use of
dashboards by learners. In total, 83% of the students found the data easy to interpret, and
94% of them considered the provided information to be very useful.

In terms of other research, Leon et al. [27] presented a paper focused on developing a
dashboard for the MOOC environment. Charleer et al. [28] presented another one where
learners were provided with their overall course progress, the option to compare themselves
with their peers, and the expected time to complete the course based on similar historical
data from other learners.

2.2. Self-Regulated Learning in Learning Analytics Context

One of the main focuses of dashboards in the context of learning analytics is self-
regulated learning (SRL) [29-31]. It has been found that students highly value information
related to time spent and time remaining. Topali et al. [4] concluded in their study that
many learners face challenges with effectively managing their course time.

Matcha et al. [14] mentioned several SRL models proposed by various authors, such
as Zimmerman’s models [32] based on socio-cognitive theory, Boekaerts” model [33] based
on the roles of goals and emotion, and Winne and Hadwin’s model [34] developed based
on information-processing theory.

In their study, Matcha et al. [14] focused their review on the last mentioned model by
Winne and Hadwin, as this model has been adopted in computer-assisted learning [35,36].
The COPES model [34] indicates that SRL consists of four distinct phases: task definition, goal
setting and planning, enactment of tactics and strategies, and adaptation. Additionally, the
model includes five components: conditions, operations, output, evaluation, and standards.

In one study [14], it is also mentioned that students often have limited awareness of
their own performance. Good students tend to underestimate their performance, while poor
students tend to overestimate their performance, leading to inaccurate self-assessments [37].
Furthermore, Winne and Jamieson-Noel [38,39] observed that learners’ self-reported per-
formance did not align with their recorded actions [40]. These misconceptions about their
performance can result in learners adopting ineffective learning strategies. Therefore,
Matcha et al. [14] suggested that external assistance and alternative perspectives can help
correct these misjudgements.

Additionally, Rohloff et al. [41] highlighted that dashboards assists learners in ap-
plying self-regulation strategies and are perceived as useful by the majority of learners.
Dashboards aid them in planning their learning activities and monitoring their progress
throughout courses.

It is also important to highlight previous research works that address the generation
of e-learning learner profiles and the use of learning analytics to optimise their learning
path, as it can assist them in their self-regulated learning [42,43].

2.3. Intervention and Feedback in Learning Analytics Context

The primary objective of using a dashboard is to provide feedback, which is conveyed
through the displayed data or information. As stated by the Education Endowment Founda-
tion, “Feedback is information given to the learner about the learner’s performance relative
to learning goals or outcomes. It should aim to (and be capable of producing) improvement
in students’ learning” (source: https://educationendowmentfoundation.org.uk/, accessed
on 15 July 2023). Feedback not only contributes to learner motivation [44] but also enhances
learner engagement [45], thereby directly influencing the learner’s academic performance.

To reiterate the points mentioned earlier, it is crucial to design feedback effectively,
employing appropriate approaches to achieve the tool’s objective [46]. In online environ-
ments, providing impactful feedback becomes more challenging due to the geographical
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distance between learners and instructors [47]. Automatic feedback is one alternative
that can be highly beneficial, as highlighted in a systematic review [47], where it was
found to improve student performance in activities (50.79% of the articles) and reduce the
instructor’s workload.

Lim et al. [48] conducted another study where they investigated perceptions and
emotional responses to personalised feedback based on learning analytics across four
courses. The findings revealed that learners had predominantly positive perceptions, and
affective responses were mostly associated with increased motivation for learning. The
study also emphasised the need for further research on how feedback can influence learner
learning, considering contextual factors and other aspects.

In a different article, Pardo et al. [49] highlighted the potential of combining data collected
through digital tools in learning environments with the instructor’s course knowledge. This
combination enabled the provision of personalised feedback messages to a large number of
learners, resulting in improved learner satisfaction with feedback and academic performance.

Regarding the potential of personalised feedback, Lim et al. [50] compared courses where
feedback was not provided with those where it was. In an engineering course, it was observed
that positive learning strategies increased in courses with feedback, while negative learning
strategies decreased. Learners themselves commented that the feedback equipped them with
effective learning strategies and perceived a positive impact on their learning.

However, it can be challenging to provide feedback to learners who need it the most, as
observed in the study presented by Iraj et al. [51], where the most active learners interacting
with tools like the dashboard tend to be those with higher grades or better performance.

Bennett et al. [52] provided evidence that even learners with lower grades felt more
motivated when they could view their data on a dashboard. This motivation led to positive
decisions and improved outcomes. Similarly, Corrin et al. [53] corroborated that most
learners reported increased motivation after receiving feedback and accessing data from
the dashboard.

Cobos et al. [8] presented in another study that learners who received feedback had
a higher success rate in their course. Furthermore, 80% of students who received help
reported a positive impact on their performance, while 90% of those who did not receive
help expected a positive impact. Learner reflection and awareness of their performance
positively influence the course trajectory, and analytical data visualisation facilitates such
reflection [54]. For example, Smith [26] reported that 55% of respondents stated that they
would change their study approach after reviewing the provided data.

Broos et al. [55] used a dashboard displaying indicators such as concentration, anx-
iety, motivation, assessment strategies, and time management. It was found that poorly
performing students were motivated by using the dashboard.

Several tools in the context of learning analytics aim to improve student outcomes through
intervention strategies. One example is the work presented by Hernandez-Leo et al. [56], which
focuses on supporting decision making in learning design.

Additionally, some studies such as the one presented by Senderlund et al. [57] indi-
cated that learners, particularly in distance learning courses, require a sense of instructor
presence. These findings were revealed through questionnaires, where students expressed
a need for regular feedback on their performance.

Another essential aspect for achieving impact, as mentioned earlier, is ensuring that
learners can interpret the data correctly [53]. In another study, the most successful data
visualisation among learners included overall course progress, a diagram illustrating
accumulated points achieved in comparison to the maximum possible points of the tests,
and the time required to complete the course, supporting learner self-regulation.

Finally, many studies, such as the one presented by Heikkinen et al. [58], utilised
the visualisation provided by a dashboard as a means to enhance student self-regulated
learning through learning analytics intervention strategies.
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3. The Context of the Research Study

In this section, the context surrounding the present work is discussed. Firstly, the
MOOC in which the study was conducted, including its structure and important concepts,
is introduced. Then, the existing edX-LIMS, with its services and functionalities, is de-
scribed. Finally, a detailed description is provided for the new services implemented, which
constitute the enhanced version of edX-LIMS, known as edX-LIMS+.

3.1. WebApp MOOC

The research study presented in this article was conducted with the learners of a
MOOC provided by UAM on the edX platform (https://www.edx.org, accessed on 15 July
2023). The MOOC is titled “Introduction to Development of Web Applications” (WebApp
MOOC for short). In this course, learners acquire skills in developing web applications
and gain knowledge about concepts like client-server architecture. They have the oppor-
tunity to learn various technologies for this purpose, including HTML, CSS, JavaScript,
Python, JSON, and Ajax. The course has been available in a self-paced mode since April
2019, meaning that there is no end date, and learners can join at any time. The course’s
organisation is shown graphically below.

The course is divided into five different units that cover various course contents.
Additionally, there is another unit titled “Unit 0”, which provides information on how
learners can organise their environment to follow the course effectively. The first unit
focuses on introducing the learner to the context by analysing the features of the World
Wide Web. The second unit explains HTML, teaching learners how to create forms and
web pages with CSS for proper styling and formatting.

Moving on to the third unit, learners are introduced to Flask and Python, which are
used to create the server side of the web application. The fourth unit covers the use of
sessions and JSON. Finally, in the fifth unit, learners are taught JavaScript and Ajax, which
are essential for creating the client side of the application.

Each unit is further divided into subunits, designed to organise the content effectively
and facilitate learning. For instance, the second unit consists of three subunits, as illustrated
in Figure 1. Subunit 2.1 introduces the concept of HTML, while Subunit 2.2 focuses on
explaining forms, and Subunit 2.3 covers the introduction of CSS. These subunits are
complemented by interactive pages that learners can engage with, displaying the same
content on their screens.

To provide an example, Subunit 2.1 includes seven pages. The first one introduces
HTML, followed by an explanation of the language. Subsequently, learners” knowledge is
assessed through various assessments. These pages incorporate different elements, with
text boxes containing course content in various formats such as HTML, PDF, and more.
Additionally, videos, forums, and assessments are among the essential elements found on
these pages.

3.2. edX-LIMS

At UAM, we have developed a learning analytics system called edX-LIMS (acronym
for System for Learning Intervention and its Monitoring for edX MOOQOC:s). It has been in
use since June 2020 for the WebApp MOOC learners [9].

edX-LIMS is a web-based intervention system that provides feedback to learners. The
system analyses learners’ performance in a course and generates feedback in the form of a
“Web-based Learner Dashboard”. Each learner can access their dashboard by receiving a
weekly email containing instructions on how to access it.
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Figure 1. WebApp MOOC organisation.

In addition, course instructors have access to a “Web-based Instructor Dashboard”

where they can view general course data and access learners’ dashboards. Furthermore,
the instructor has the ability to monitor learners” access to and interactions with their
dashboards, as the system records all learner interactions with each part of the dashboard.

The system has these services:

Course-Data-Processing Service (CDPS): The system uses course data to calculate
learner indicators, which serve as input variables representing a summary of learner
interactions. Examples of these indicators include the number of events related to
assignment resolution, video viewing, and course navigation, as well as the total time
spent in the course, the number of sessions in the course, and other relevant metrics
(see Figure 2). This service is executed by the system administrator.

Learning Intervention Generation Service (LIGS): Based on learner indicators, the
system generates individual web-based dashboards for each learner. Subsequently, it
sends the necessary information to access these dashboards to the learners via email.
Intervention Visualisation Service (IVS): The system enables learners to view their
participation and performance in the course through their dashboard. Learners can
access a web page containing various graphs that provide information about their
grades per course unit and the values of the indicators over time.
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e  Course-Data-Monitoring Service (CDMS): Instructors can utilise this service to monitor
course summary data provided by the system.

e  Learning-Intervention-Monitoring Service (LIMS): The system enables instructors to
monitor learners’ interests in their dashboards, thanks to the fact that all their actions
in their dashboards are registered by the system.

Figure 2 shows an example of some graphs generated by edX-LIMS in a learner
dashboard with data about the learner interactions in the form of their calculated indicators
daily. The learner can select the indicators to show in the graphs. These indicators can be
compared with the averages of these metrics for all the learners. The left graph shows the
selected metrics, and the right graph shows these values accumulated in time. The learner
can click on the question mark icon to access help, i.e., a pop-up window with descriptions
of the values in these graphs.

Activity in the Course

Daily Indicators Daily Accumulate o =B\

a

Figure 2. edX-LIMS screenshot with graphs with the learner daily indicators.

3.3. edX-LIMS+

Since July 2021, an updated version of the aforementioned system, called edX-LIMS+,
has been implemented. Building upon the previous version, edX-LIMS+ incorporates sev-
eral additional services aimed at enhancing the data-driven intervention strategy supported
by the learning analytics system (more details will be provided in the next section).

Additionally, edX-LIMS+ includes support for the detection of two common problems
that MOOC learners often face: the “difficulty problem” and the “SRL problem”. On the
one hand, the difficulty problem occurs when a learner requires more time than the average
learner to learn the course content, watch videos, or complete assessments. On the other
hand, the SRL problem arises when a learner does not allocate enough time for learning
the content, watching videos, or completing assessments.

To address these problems, the system analyses learners’ interactions within their
course to identify those who are experiencing either of the mentioned difficulties. Based
on this analysis, the system generates suggestions to help learners manage and overcome
these challenges.

The existing services in edX-LIMS have been enhanced in edX-LIMS+. In the Course-
Data-Processing Service, the system now calculates additional data for the learners, specif-
ically their time spent and attempts on different sections and elements of the course (as
depicted in Figure 1). Moreover, averages, maximums, and minimums are computed for



Electronics 2023, 12, 3368 9 of 23

each of the sections and elements, providing valuable insights into learner engagement
and performance.

Figure 3 shows an example of some graphs generated by edX-LIMS+ in a learner
dashboard with data on his/her time spent and attempts in the course units. These graphs
also include a comparison of the learner’s values with the average and maximum values of
all learners in the course.

@ Show mean values  OShow max. and min. values B Show mean values  EShow max. and min. values

Time spent on each Module (hours) @ npy time spent Number of Visits on Each Module  w y time spent
Average time spent Average ime spent

1200
1000
800
&00
400
j 200
0 = 0 N

Figure 3. Graphs generated by edX-LIMS+ with time spent (left) and attempts (right) in the course

—— Max
—a— Min

[ [ ] £

[y

%

Unit 0 - Introduction
Unit 1 - World Wide Web
Unit 2 = HTML, forms & CSS
Unit 3 - Python & Flask
Unit 4 - JSON
Unit 5 - JavaScript
Unit 0 - Introduction
Unit 1 - World Wide Web
Unit 2 = HTML, forms & CSS
Unit 3 = Python & Flask
Unit 4 - JSON
Unit 5 - JavaScript

units by a learner that illustrate his/her engagement in the course units.

The Learning Intervention Generation Service introduces a new page in the Learner
Dashboard, providing additional data. Consequently, the Intervention Visualisation Service
presents learners with the following on the new page: (i) new graphs related to the time
spent and attempts on different sections and elements, and (ii) information regarding any
identified problems and corresponding suggestions for managing them.

The Course-Data-Monitoring Service enriches the Instructor Dashboard with new
graphs, providing information about the average time spent and attempts on different
sections and elements by learners.

The Learning-Intervention-Monitoring Service enables instructors to visualise learners’
interests across the two pages of their Dashboards.

As mentioned earlier, the system has been expanded, and the following services have
been added to edX-LIMS+:

e  Learner Problem Detection Service (LPDS): The system utilises learner indicators to iden-
tify individuals who are experiencing either a “difficulty problem” or a “SRL problem”.

e  Learner Feedback Service (LFS): The system includes a section on the new page of
learners” dashboards where they can provide feedback to instructors regarding their
agreement or disagreement with the detected problem. This section consists of a
textbox (registered upon clicking) and a text area where learners can explain the
reasons behind their feedback.

e  Learner-Problem-Monitoring Service (LPMS): The system enables instructors to moni-
tor all the data related to the problems detected among learners, as well as the data
that support those detections.
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e  Learner-Feedback-Monitoring Service (LFMS): The system allows instructors to mon-
itor all the feedback received from learners regarding the detected problems. This
includes learners’ feedback on their agreement or disagreement with the detected
problems and their reasons for providing such feedback.

In Figure 4 we can see all the edX-LIMS+ services, which are interconnected through a
MongoDB Database. In addition, the following figure indicates which services are for each
type of user of the learning analytics system. The types of system users are as follows: (i)
learner (any learner registered in the verified itinerary), (ii) instructor (any member of the
course instructors team), and (iii) admin (any instructor who maintains and manages the
course data in the system).

Course Data Processing Service

Instructor

Learning Intervention Generation Service
Learner

Extraction and Incicators

Subservice

Preprocessing [ Generation
Subservice

Mailing Subservice g
Intervention Visualization Service

Leamner \ £ ==
Dashboard @ -
Generation Learner Problem Monitoring Service = ah

Learner Interest in their
Engagement Subservice

Jo

Learner Problem Detection Service

v

&

Subservice EX:
I Learners'
Problem l
4 Learner Feedback Service
Learner Feedback Monitoring Service
m I Learners' d x

Feedback

Course Data Monitoring Service

Leaming Intervention Monitoring Service

/J\/

MONGO DB
DATABASE

A~
A~

Figure 4. edX-LIMS+ services.

4. Materials and Method

In this research study, a weekly data-driven intervention strategy supported by edX-
LIMS+ is conducted with the WebApp MOOC learners. This strategy is a process that
follows a specific sequence of steps on a weekly basis, as illustrated in Figure 5. The
process begins with the CDPS analysing learners’ data in the MOOC. Subsequently, the
LIGS generates Learner Dashboards, which are enhanced with information on learners’
self-regulated learning approaches. These dashboards display data on the time spent and
attempts made in various sections and elements of the course, such as units, subunits, pages,
videos, and assessments. Furthermore, the learner’s data are compared to the average data
of certified learners, who have successfully completed the course with a final grade higher
than 0.5 (maximum value for the final grade is 1). This comparison allows learners to better
assess their performance in the course and gauge their level of commitment by comparing
themselves to certified learners.
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Figure 5. Intervention strategy flow of edX-LIMS+.

In addition to the services mentioned earlier, the LPDS is responsible for detecting
learners’ difficulty problems and SRL problems. These problems are identified based on a
set of rules that consider the time spent and attempts made in various sections and elements
of the course. The information about the detected problems and corresponding suggestions
to manage them is added to a specific section of the Learner Dashboard.

Learners receive an email containing instructions to access their Learner Dashboards.
They can then interact with different parts of the dashboard using the IVS. The IVS enables
learners to compare their data with that of certified learners, and all these interactions
are recorded in the system. Additionally, learners can provide feedback on the detected
problems to the instructors, expressing their agreement or disagreement and providing
comments. This feedback is managed by the LFS.

Simultaneously, instructors can access the Instructor Dashboard, where they can
monitor various aspects. The CDMS provides information about the course itself, while the
LIMS provides insights into learners’ interactions with the dashboards. The LPMS provides
data on the detected problems, and the LEMS offers information on learners’ feedback
regarding the detected problems.

This instructor monitoring provides valuable information and evidence that can assist
instructors in implementing intervention actions. For example, if learners were initially
making good progress in the course but have become disengaged for a while, instructors
can send them motivational messages to re-engage them in the learning process.

Table 1 illustrates how the services comprising the intervention strategy of each
version of the learning analytics system generate the Learner Dashboard. The following
table shows a summary of the elements displayed on each web page that make up the
Learner Dashboards.
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Table 1. List of elements generated by the services of each version of the learning analytics system.

By edX-LIMS By edX-LIMS+

Message with possible learner problem

The current grade of the learner in th r . .
¢ current grade o the feamer in the course detected and suggestions to manage it

Line graph displaying the learner’s daily Button for learner to indicate agree/disagree
indicator (per day and accumulated) about problem detected

Text area for learner to write feedback to

Comparison of daily indicator with peers instructors about problem detected

Radar view showing learner progress in each ~ Bar graphs displaying time and attempts (SRL
course unit data) in course part

Comparison of learner progress with peers Comparison of SRL data with peers

5. Research Study

The research study presented in this article had two main objectives. Firstly, it aimed
to analyse the impact of the intervention strategy supported by edX-LIMS+ on learners,
specifically in terms of their usage of the Learner Dashboard, as well as their engagement
and motivation in the MOOC. Secondly, the study aimed to analyse how the intervention
strategy affected instructor tasks, particularly in terms of monitoring learners. This research
study serves as an extension of a previous study [59].

5.1. Research Questions
The following research questions for this study are proposed, focusing on learners:

e  RQ1: Does the intervention strategy increase learners’ interest in using the Learner
Dashboards?

e RQ2: Does the intervention strategy enhance learners’ perception of the usefulness of
the Learner Dashboards?

e RQ3: Does the intervention strategy improve learners’ engagement and motivation in
the course?

e  RQ4: Do learners agree with the problems detected by the system?

Secondly, the research questions related to instructors are as follows:

e RQS5: Does the intervention strategy enhance instructors’ perception of the usefulness
of the Instructor Dashboard?

e  RQ6: Does the intervention strategy have an impact on instructors’ monitoring of
the learners?

5.2. Datasets

For the research questions, data collected from three different sources are analysed,
specifically the following:

e  Learner Satisfaction Questionnaire (LSQ): When a learner completed the course and
earned a certificate, he or she was given the opportunity to complete a questionnaire
to evaluate the Learner Dashboard. The questionnaire consisted of multiple-choice
questions and responses on a five-point Likert-type scale: (1) Strongly disagree; (2) Dis-
agree; (3) Neither agree nor disagree; (4) Agree; (5) Strongly agree. These data are
relevant to research questions RQ1, RQ2, and RQ3.

e Learner Interactions with the Learner Dashboard (LILD): The system records all
learners’ interactions with their dashboards, including their opinions and feedback
about the detected problems. These data are relevant to research questions RQ1
and RQ4.

e Instructor Satisfaction Questionnaire (ISQ): Course instructors were provided with
a questionnaire to evaluate the Instructor Dashboard. The questionnaire used a five-
point Likert scale (1-5), similar to the LSQ, and included both answer choices and
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open-ended textual responses. These data are relevant to research questions RQ5
and RQ6.

6. Results

From June 2020 to June 2021, we used the initial version of the learning analytics
system, edX-LIMS, to generate the dashboards for the WebApp MOOC learners and
instructors. However, starting in July 2021, the new intervention strategy supported
by edX-LIMS+ has been implemented. As a result, learners and instructors have had
the opportunity to access and view both sets of components offered in the dashboards,
provided by both edX-LIMS and ed X-LIMS+.

The MOOC used in the research study is in the Spanish language, and some of
its details are in Section 3 (https://www.edx.org/course/introduccion-al-desarrollo-de-
aplicaciones-web-2, accessed on 15 July 2023). This MOOC began in April 2019 in a self-
paced mode. In June 2020, there were 17,110 learners enrolled in the MOOC. Among them,
811 learners opted for the verified itinerary and are referred to as verified learners. Verified
learners have paid a fee and will receive an official certificate upon successful completion
of the course. Out of these verified learners, 322 have obtained certification by achieving a
final grade equal to or greater than 0.5 (with the minimum grade being 0 and the maximum
grade being 1). Only learners enrolled in the verified itinerary have access to assessments
on edX; thus, only they can be evaluated and obtain a final grade. Learners who are not
enrolled in the verified itinerary are considered audit learners.

At the end of June 2021, there were 32,617 learners enrolled in the MOOC. Among them,
1182 learners opted for the verified itinerary. Out of these verified learners, 452 have obtained
certification. And at the end of July 2022, there were 47,108 learners enrolled in the MOOC.
Among them, 1580 learners were verified. Out of those, 675 have obtained certification.

Taking into account that throughout the duration of the course, it has been observed
that approximately 50% of the learners have dropped out [59], the approximate number of
learners studying in the MOOC from June 2020 to July 2022 is around 400-500 learners.

Of the enrolled learners, 72% were men and 28% were women. They represented a total
of 143 different countries. However, the majority of learners were from Spain (19%), Mexico
(14%), and Colombia (13%). Additionally, most of the learners had completed undergraduate
studies (51%), while 30% had completed secondary studies, and 11% had pursued postgrad-
uate studies such as masters or doctorates (source: https:/ /insights.edx.org/, accessed on
15 July 2023).

This research study was conducted exclusively with verified learners in the MOOC.
Within this group of learners in the research study, the following distinctions were made:

e LIMS learners: learners who received emails with access to their Learner Dashboards
supported by edX-LIMS. Their data are presented in the following figures with the
label “edX-LIMS” for simplicity.

e  LIMS+_learners: learners who received emails with access to their Learner Dashboards
supported by edX-LIMS+. Their data are presented in the following figures with the
label “edX-LIMS+" for simplicity.

o  The research results obtained from the analysis of the different sources are presented
in the following subsections.

6.1. The Analysis of Learner Usage of Learner Dashboards

In Figure 6, the percentage of learners who viewed their dashboard weekly is shown
(for simplicity, the same number of months of use for the first version of the system and
the combined use of both versions is shown). As depicted, when the new version of the
learning analytics system was used, learners accessed their dashboards more frequently
and interacted with the parts offered by edX-LIMS+ more often. On average per month,
4.5% of LIMS_learners viewed their dashboards, while 6% of LIMS+_learners viewed them.


https://www.edx.org/course/introduccion-al-desarrollo-de-aplicaciones-web-2
https://www.edx.org/course/introduccion-al-desarrollo-de-aplicaciones-web-2
https://insights.edx.org/
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Figure 6. Percentage of learners who viewed their dashboards weekly.

Taking into account the high dropout rate of MOOCs and the self-paced nature of
learner participation, it is important to acknowledge that obtaining satisfaction question-
naires from MOOC learners is extremely challenging. In this research study, a total of eight
responses were obtained from the LSQ for LIMS_learners, and fourteen responses were
obtained from the LSQ for LIMS+_learners.

In the following graphs, a comparison of the answers to the questions (in italics)
between the LSQ for LIMS_learners and the LSQ for LIMS+_learners is presented.

As we can observe in both Figure 7a,b, LIMS+_learners more strongly agree that the

dashboard shows them their progress. Therefore, these learners could be more motivated
to visit their dashboards.

The dashboard shows my | appreciate to receive

progress in the course as messages to be able to
| perceive it visualize my progress in
5 the Dashboard
4 —x— ﬁ 5
; | I
2 = o
2
1 1
0 0

edX-LIMS M edX-LIMS+

(a) (b)

Figure 7. LSQ answers related to (a) how learner progress is shown on the dashboard and (b) how
much they appreciate the messages received.

As depicted in Figure 8b, the highest percentage of responses for the frequency of
receiving messages is “every 3—4 days”. This indicates that LIMS+_learners express a pref-
erence for more frequent updates of data in their dashboard compared to LIMS_learners.

Hence, it can be concluded that the intervention strategy supported by edX-LIMS+ has

increased learners’ interest in using the Learner Dashboards, thus confirming the findings
related to RQI.
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We send you an email weekly reminding you that

you have updated data in the Dashboard, what do

you think is the best frequency of these messages
for you?

edX-LIMS edX-LIMS+

W Every 3-4 days m Weekly M Every2 weeks

(a) (b)

Figure 8. LSQ answers related to how often (a) LIMS_learners and (b) LIMS_learners+ would like to
have updated data in their dashboards.

6.2. The Analysis of Learner Perception of Learner Dashboards

As displayed in Figure 9a,b, it is evident that a higher percentage of LIMS+_learners
strongly agree that the different parts of the dashboard are adequate, understandable, and
usable. This indicates that these learners have a more positive perception of the usefulness
of the Learner Dashboards, which aligns with the findings related to RQ2.

The visualisation of the The different parts of the

different parts of the Dashboard are
Dashboard is adequate understandable and
5 usable
4 —x— ? .
3 a gt
’ ; -
L 1
0 0

edX-LIMS M edX-LIMS+
(@) (b)

Figure 9. LSQ answers related to the (a) adequacy of the visualization of the different parts of the
Dashboard and (b) their understandability and usability.

6.3. The Analysis of Learner Perception of Engagement and Motivation in the Course

Firstly, in both Figure 10a,b, a higher percentage of LIMS+_learners agree that the
visualisations in the dashboard have improved their performance and motivated them to
study for the course.
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Receiving the data to Receiving the data to
visualise my performance  visualise my performance
in the course through the in the course through the

Dashboard during the Dashboard during the
course has improved my  course has motivated me
performance in the more to study in the
course course
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Figure 10. LSQ answers related to (a) learner performance and (b) motivation in the course.

Secondly, in both Figure 11a,b, a higher percentage of LIMS+_learners agree that the
visualisations in the dashboard have made them feel that their activity was recognised and
have helped them maintain a consistent rhythm for learning in the course.

Receiving the data to Receiving the data to
visualise my performance visualise my performance
in the course through the in the course through the

Dashboard during the Dashboard during the
course has made me see  course has helped me to
that my activity was maintain a constant
recognized during the rhythm of study in the
course course

3 = = 5

. N e

3 = 3 ==

2 2

1 1

0 0

edX-LIMS W edX-LIMS+

(a) (b)

Figure 11. LSQ answers related to (a) learner activity and (b) rhythm of study in the course.

Finally, in both Figure 12a,b, a higher percentage of LIMS+_learners strongly agree
that the visualisations in the dashboard have made them feel supervised, guided, and not
alone while they were learning in the course.
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Receiving the data to Receiving the data to
visualise my performance visualise my performance
in the course through the in the course through the

Dashboard during the Dashboard during the
course has made me feel  course has helped me to

supervised and guided  feel "not alone" (i.e make

during my study in the me feel that | was
course "accompanied” in my

5 learning)
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Figure 12. LSQ answers related to the feelings of the learners during the course: (a) whether they felt
supervised/guided or (b) if they felt “not alone”.

Hence, it can be concluded that the intervention strategy supported by edX-LIMS+
has had a positive impact on learners’ engagement and motivation, supporting the findings
related to RQ3.

6.4. The Analysis of the Learner Feedback on Their Detected Problems

Figure 13 demonstrates that a majority of learners agree with the problems detected.
Specifically, among the LIMS+_learners who provided feedback, 60% agreed that the SRL
problem was detected correctly, 100% agreed that the difficulty problem was detected
correctly, and 85% agreed that they did not have any problem.

Furthermore, 50% of these LIMS+_learners provided comments in text format. Most
of the comments were related to the learners interrupting their learning in the course but
expressing their intention to continue after a short period of time.

Learner feedback on their problems detected

SRL problem detected
Difficulty problem detected
No problem detected

Total

0% 20% 40% 60% 80% 100%

Wrong detection B Correct detection

Figure 13. Learners’ feedback on their problems detected.
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Therefore, it can be concluded that the system has a high accuracy in detecting prob-
lems (see RQ4).

6.5. The Analysis of Instructor Perception of Instructor Dashboard

Both Figure 14a,b indicate that more instructors agree that the different parts of the
dashboard are adequate, understandable, and usable. In the free text part of the ISQ, they
expressed a very positive sentiment about the new visualisations and tables added by
edX-LIMS+ (see RQ5).

The visualisation of the The different parts of the
different parts of the Dashboard are
Dashboard is adequate understandable and

% usable
S

O B N W b~ WU

OFRr NWRAWM

edX-LIMS M edX-LIMS+

(a) (b)

Figure 14. ISQ answers related to the (a) adequacy of the visualization of the different parts of the
Dashboard and (b) their understandability and usability.

6.6. The Analysis of Instructor Tasks to Monitor Learners

The instructors were asked how the new parts added to the Instructor Dashboard had
influenced their learner-monitoring tasks, and they provided their responses in the free
text part of the ISQ. They acknowledged that the visualisations of the new parts added by
edX-LIMS+ helped them better understand learner progress and identify those learners
who needed assistance.

Because of the newly added tables, the instructors were able to make decisions to
assist learners with problems. Specifically, they implemented two additional interventions
to address the needs of these learners. Firstly, the instructors sent motivational messages to
learners who were making progress but seemed to lack engagement, in order to motivate
them to continue with the course. Secondly, the instructors provided learners who com-
pleted the course with a final grade close to but less than 0.5 a second opportunity to retake
assessments with low scores, giving them a chance to pass the course and earn certification.

Additionally, instructors noted that learners who actively engaged with their dash-
boards were more receptive to receiving assistance. Instructors received gratitude from
learners for responding to their emails and implementing the additional interventions. This
interaction improved the relationship between instructors and learners, establishing a sense
of bidirectional communication.

In summary, instructors reported that the new version of the Instructor Dashboard
supported by edX-LIMS+ enhanced their ability to monitor MOOC learners and improve
their tasks. This supports the findings related to research question RQ6.

7. Discussion

In order to answer the research questions of this study, opinions from learners and
instructors regarding the visualisations in their dashboards provided by the learning analyt-
ics system were gathered using two questionnaires: the Learner Satisfaction Questionnaire
(LSQ) and the Instructor Satisfaction Questionnaire (ISQ). These opinions were analysed.
Additionally, all learner interactions with their dashboards and their feedback on the
detected problems recorded by the system were analysed.
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Regarding the interest of learners in using their dashboards (RQ1), the results of
the study indicate that the data-driven intervention strategy supported by edX-LIMS+
significantly increased learners’ interest in accessing and using their dashboards. This is
evident from the increased interactions with the new parts of the dashboards provided by
edX-LIMS+ and learners’ expressed desire for more frequent updates.

In regard to whether the intervention strategy supported by edX-LIMS+ improved
learners’ and instructors’ perceptions of the usefulness of their dashboards (RQ2 and RQ5),
learners found the new parts of their dashboards to be more suitable, understandable, and
usable compared to the previous version. Instructors reported that the additional parts in
the Instructor Dashboard helped them gain a better understanding of learner progress and
identify those in need of assistance.

Regarding the analysis of learners’ perceptions of their motivation and engagement in
the MOOC (RQ3), learners recognised an increased motivation to learn, improved their
performance, felt recognition for their efforts, maintained a consistent learning rhythm,
and felt supervised and guided, knowing that they were not alone in their learning journey,
thanks to the intervention strategy supported by edX-LIMS+.

In regard to the utility of problem detection for learners (RQ4), most learners agreed
that the system accurately detected their problems, and they expressed gratitude for
the suggestions received through their dashboards on how to address these problems.
Additionally, 50% of learners provided feedback to instructors on these detected problems.

Finally, in response to the feedback on detected problems, instructors were able to
provide better assistance to learners in need, resulting in improved learner tracking (RQ6).
For instance, instructors encouraged learners who lacked engagement, motivating them to
continue in the MOOC. They also provided learners who scored close to but less than 0.5
on assessments with a second opportunity to improve their scores and pass the course for
certification. This led to a stronger connection between instructors and MOOC learners,
improving communication and support.

8. Conclusions

Great learning opportunities are provided through MOOCs. However, many learners
face challenges in successfully completing MOOCsS due to various factors, including feelings
of isolation, lack of support, and limited feedback. To address these issues, edX-LIMS
(System for Learning Intervention and its Monitoring for edX MOOCs) was developed. It
is a learning analytics system that supports an intervention strategy approach. This system
offers MOOC learners a web-based Learner Dashboard, providing them with an easy way
to track their learning progress in the course. Additionally, the system provides MOOC
instructors with a web-based Instructor Dashboard, enabling them to monitor learners’
progress and their usage of the dashboards.

Further, this learning analytics system was improved with new services, resulting in a
new version called edX-LIMS+. These new services aim to enhance the dashboards for both
instructors and learners. This new version of the system focuses on promoting learners’
self-regulated learning and encouraging their active participation by providing feedback to
instructors about the problems detected in the MOOC.

In this article, a research study conducted with learners in a MOOC was presented.
The results obtained from this study corroborate that the intervention strategy supported
by edX-LIMS+ had a positive impact on learners” engagement, motivation, and use of
the Learner Dashboard. Additionally, the intervention strategy improved instructor tasks
related to learner monitoring and assistance. Moreover, instructors stated that the commu-
nication between learners and instructors improved, and they felt closer to their learners,
thanks to the learners’ feedback about the problems detected.

Both the Learner Dashboard and Instructor Dashboard can be improved. For instance,
the system could be extended to include detection of other types of learner problems.
Furthermore, new data and visualisations depicting the evolution of the learners” detected
problems could assist instructors in better monitoring them. Additionally, in a new version
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of the system, recording additional interventions by instructors and capturing learners’
reactions to them could help instructors enhance these interventions.

Additionally, as a work in progress, edX-LIMS+ is being extended with a machine
learning service. This service utilises learner activity data as input to an artificial intelligence
model that statistically predicts the likelihood of a learner dropping out of the course or
successfully completing it (obtaining the certificate).

By leveraging this new approach, the system aims to provide timely alerts to instruc-
tors, notifying them about learners who are at risk of losing interest in the course and
potentially dropping out. These alerts serve as an invitation for instructors to intervene and
provide targeted support to learners who may require additional assistance. Therefore, this
new service will enhance the interventions provided by instructors for MOOC learners.

In future work, expanding the application of our approach to additional MOOCs with
edX will allow us to gather more data and insights, further providing an opportunity to
evaluate its generalisability and adaptability to diverse learning contexts. Each course may
have its unique characteristics and learner demographics, and studying the applicability of
our system across different courses will help us understand its scalability and potential for
wider adoption.

In conclusion, collaborating with other MOOC providers on the edX platform will also
enable us to collaborate with a broader community of educators and researchers, fostering
knowledge exchange and further advancements in the field of learning analytics. All of
these efforts will contribute to the continuous improvement of online learning experiences.
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