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Abstract

Ongoing advancements in learning analytics have provided institutions with immense
opportunities to identify and discern student learning patterns across different course offerings.
These patterns can help identify those students who may be at some risk of course failure (or
of course completion) as soon as possible, which further allows institutions in timely offering
them guidance and support for overcoming their learning difficulties. Learning Analytics
Dashboards (LAD) are currently used to deliver graphical representations of data-driven
insights timeously to support management teams, instructors, and students. LADs provide a
comprehensive overview on current learning environments with much use of visualizations for
displaying learning patterns that can capture various aspects of the student learning experience.
Hence, LADs are increasingly being used as a pedagogical approach for motivating students
and supporting them in meeting their learning goals.

This research study has developed a student-facing LAD that shows a snapshot of students'
online learning behaviors by implementing descriptive analytics components and also
incorporates machine learning in a way that enables both predictive and prescriptive analytics.
The study is divided into two parts. First, a generic predictive model has been developed to
identify the at-risk students across a wide variety of courses. After generating the predictive
model, model explainability using anchors has demonstrated the reasoning behind predictive
models to enable transparency of the predic
interact with the LAD. Machine learning models used in this study have implemented
prescriptive components by prioritizing which changes in learning behaviors and which
learning strategies adopted by a student will most likely translate into favorable results.
Second, a LAD is developed. The dashboard provides visualizations that incorporates graphical
and statistical information of online behavioral student patterns as they engage with the

coursework. An online student survey that gauged LAD effectiveness for its usefulness and the



motivational impact of its prescriptive output to better engage students with the coursework
has shown promising results. The LAD design, as far as we know, is the first in the learning
analytics domain that has combined all three analytics, namely descriptive, predictive, and
prescriptive. This thesis has investigated an active area of research and has paved the way for
more meaningful LAD design and implementation, thereby contributing to both theory and

practice.
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Chapter 1

Introduction



1.1 Introduction

Advancements in information learning technologies have facilitated the digitization of
education and made education more accessibletost udent s . l nstruct
learning processes by evaluating their learning portfolios using a learning management system
(LMS) in an e-learning environment [1]. LMSs are web-based learning systems that utilize a
virtual platform for enabling teaching and learning, such as offering the course content online,
tracking student interactions, empowering peer communication over online forums, delivering
course assessments to students, or releasing assessment grades [2]. Various stakeholders have
different reasons for using an LMS. For instance, Romero and Ventura [3] suggest that students
use an LMS to personalize their learning, such as reviewing specific material or engaging in
relevant discussions as they prepare for their exams. Meanwhile, instructors rely on an LMS to
deliver their course content and manage teaching resources in a relatively simple and uniform
manner. Irrespective of how an LMS is used, user interaction with the system generates
significant and detailed digital footprints that offer opportunities for advancing the field of
learning analytics (LA) [4].

LA has the potential to interpret the data collected from the institutional sources to provide
actionable intelligence about individual and groups of students for enhancing learning
outcomes [5] and for building more context around how their learning environment is operating
[6, 7]. This could involve predicting which coursework aspects are related to learne r ssictess
in the course, or providing relevant, personalized, and timely feedback to students and

instructors [8, 9]. The simplest is descriptive analytics which uses current and historical data

to identify past behaviors and learningt r e nd s f r o mThs rhost Widespreaguseofd a t a .

LA-centered machine learning (ML) algorithms is in predictive analytics for analyzing

students' engagement data with a course to develop models that can predict to identify students
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most at risk of underperforming at an early stage [10]. This in turn can benefit students to
further improve their academic performance [11, 12] and instructors can then support the at-
risk students in overcoming their learning difficulties [13]. However, the most complex and
possibly richest insight can be gained from prescriptive analytics which utilizes the underlying
models and provides users with recommendations and suggestions about which particular
behavioral changes are most likely to result in positive results.

However, majority of research into predicting academic performance has focused on
developing tailor-made models which may likely perform poorly across numerous courses for
reasons such as some courses may have small cohorts or newly constructed courses that do not
have historic data from which patterns can be learned through machine learning. Such
challenges which are a consequence of disconnect with historic data and current real-life data
can cause poor model generalization [14]. Furthermore, offering model transparency into the
mechanics of respective predictions is crucial for students to comprehend the algorithmic
predictions so t hat restltmgpyedictoasnn arairdotmedanannet. Im
addition, by providing automated prescriptive feedback that is based upon underlying data-
driven ML methods, we can advise students on what behavioral adjustments are more likely to
result in more positive outcomes for them [15].

LA aims to assist students in achieving their learning goals by providing them with tools that
gauge their learning process based on their online course interactions and create actionable
feedback. Research has shown that, for instructors, access to tailored visual representations of
relevant, up-to-date data, including constructive feedback, has the power to change how they
teach and how they support their students to achieve better outcomes [16]. An effective way to
present this data is via a dashboard which is a visual display that brings information together
and guides the users in their decision-making processes. A LAD can utilize multiple data

visualizations to present complex data [5] in a way in which it can be easily understood and

e

mo d e



used by both instructors and learners. Benefits include identifying the at-risk students to
provide them with customized assistance [9], increasing learner participation and engagement
in courses [17], and generally supporting both educators and learners in enhancing the teaching
and learning experiences [18, 19].

1.2 Background of the Research

Before developing a dashboard, it is important to understand the dashboard design, key
performance indicators, visualization information, and the targeted users of the dashboard. This
provides a perspective on the underlying reasons relating to the purpose of the dashboard
development, that is, which design is appropriate, who are the target users and what are the key
performance indicators that need to be addressed. The following subsections provide a short

overview.

1.2.1 Learning Analytics Dashboard Design

A dashboard, as defined by Few [20] is "a visual display of the most important information
needed to achieve one or more objectives; consolidated and arranged on a single screen so the
information can be monitored at a glance” ( p..In ledr@ing analytics, a dashboard is
specifically viewed as "a single display that aggregates one or multiple visualizations of
different indicators about learner(s), learning process(es), and/or learning context” (p.37) [21,

22].

1.2.2 Target User and Purpose

Based on target users, the dashboard interface can be classified into four types: students,
instructors, study advisers, and administrators [21]. From the perspective of purpose,
Schwendimann et al. classified learning analytics dashboards as self-monitoring, monitoring
others, and administrative monitoring and the primary target users of learning dashboards are

teachers and learners. As the objectives of target users differ, the context and visual design of



the dashboard should also support the goals of the target users and allow the user to analyze

and interpret available data easily based on individual interests [23].

Learning analytics dashboards designed from the learners' perspective often aim to enhance
learning by allowing learners to set appropriate learning goals based on learning guidelines and
give correct and customized feedback to enhance learning motivation, etc. In comparison,
dashboards designed from instructors' perspectives often provide a more comprehensive
overview of individual and group learning progress and seek to improve instructors' teaching
strategies and support adaptive teaching.

1.2.3 Key Performance Indicators

Learning dashboards can also be viewed as a visual representation of key performance
indicators [20]. Over 200 indicators were identified by Schwendimann et al. [21] from the
literature and mapped these into six categories: learner-related, result-related, content-related,

action-related, social-related, and context-related.

Indicator category | Description Examples
Learner-related Basic student information Age, previous education, previous
courses, competencies,
Result-related Learning outcomes Average grade, individual grade, class
grade distribution
Content-related Information about the content ~ Number of concepts, topics covered,
links in the concept map
Action-related Learning actions performed by = Time spent on tasks, number of page
students visits, timeline
Social-related How students interact with Group discussions
each other
Context-related About the learning The learning location, placement in a
indicators environment classroom

Table: 1 Category of indicators identified by Schwendimann et al. [21].

However, presenting the complex data stored in learning systems more accessible, meaningful,
and useful to users (i.e., instructors, students, student advisors and administrators) is a
challenging task. But with a combination of data analytics and data visualization methods, we

can make it possible for users to gain critical insights from learner patterns and delve into data



relationships that would otherwise have remained hidden [24]. A process proposed by
Shneiderman[25] “ Over vi ew fir st , z-onedne naarmdprovenusdfue r , t he
in guiding the design of interactive visual representations of statistical data (p. 2). Choosing
the right tools, in this case, the most appropriate type of visual representation is crucial.
Stoltzman [26] looked at several types of charts, regarding their suitability to visually represent
specific actions or objectives. For trends over time, column graphs or line charts were
suggested. Options for comparisons of data included area charts, bar charts, bullet graphs,
column graphs, line charts, and scatter plots. Correlations could best be illustrated via line
charts or scatter plots. For distributions, bar charts, box plots, or column graphs were
recommended. Compositions could best be represented by doughnut charts, pie charts, stacked
bar charts, or stacked column charts.

Specific intended goals and visualization types should be distinguished based on the
perspective of the end user. In addition to supporting instructors to observe individual learning
progress, an overview of class-level performance, for instance, the average performance of a
group, a comparative overview, etc., can be helpful to support adaptive teaching [27]. Although
the target groups may differ, the popularity of specific visual representations of the data in the
learning analytics dashboard did not vary significantly [21]. The most popular visual
representations are bar graphs, line graphs, tables, pie graphs, and network graphs, respectively
[21].

1.3 This Study's Context

|l ncreasing students m o -teflect @ntheirdearning prodessdsis | pi n g
a significant driver behind LA research [28]. This research study aims to develop a LAD that
will enable students to monitor their engagement with their courses in real time. The underlying

assumption is that in having access to real-time feedback on their learning engagement, it will



serve as a motivating factor and lead to positive modifications of student learning behavior

which may result in more positive learning outcomes.

There are two technological components to the dashboard. The first is a data visualization tool
that provides students with a snapshot of how they are tracking their levels of engagement and
their comparative engagement levels with the rest of the class. The second component employs
machine learning algorithms that extract learning and engagement patterns from the data of
previous student cohorts to generate various models. For example, a model that can predict
non-completion or unachieved learning outcomes early in a course, based on which students

exhibit similar engagement patterns to those of previous students (from earlier cohorts).

1.4 Research Objectives

The study’ s two folf. &l tfirst ¥s éosdevedop \@rious analytics technologies
namely descriptive, predictive, and prescriptive technologies to support the LAD. In doing so,

this research will seek to answer the following questions:

1. Determine how a generic, course-agnostic predictive model can be developed to predict
students' outcomes across disparate courses.

2. How can explainable ML approaches be leveraged to provide effective and human-

understandabl e reasoning behind t hei

performance?

3. How can automatic data-driven feedback and actionable recommendations be derived?

Next, build a dashboard plug-in by integrating the technologies and deploy the dashboard
extension for some ongoing courses. User learning traces captured from the dashboard will be
evaluated to study the effectiveness of the dashboarding strategy to answer the following

research questions:



1. Determine how the identified model can be projected to students so that the students
can view their current academic performance as putting them at low risk, or high risk
of not meeting their learning outcomes.
2. Does the student-facing analytical dashboard result in more student engagement with
the institutional LMS?
3. What are the students’ perceptions of

performance?

1.5 Research Roadmap

The following figure illustrates the roadmap of the study which was followed to answer the

posed research questions and achieve study objectives.



Chapter 2

A systematic literature review has been conducted which identifies
current gaps and challenges being faced in the utilization of predictive
analytics tools among existing LADs. This chapter lays out the
background for this thesis study

Chapter 3

A course specific predictive model has been developed to
find those students considered to be at risk of not
satisfying the course requirements

Chapter 4

The challenges commonly encountered with course specific
predictive models are laid out. Next, a generalizability
framework is proposed to address these challenges

Chapter 5

A generic course-agnostic predictive model for identifying )
the at-risk students across a wider range of courses is

developed
Chapter 6 Chapter 6
Model explainability Prescrll);;tlsveedoutput
with use of Anchors onwhat-ifcounterfactualsf =~ """~ """ 1
is demonstrated is generated
Chapter 7
-—
Learning Analytics Dashboard is proposed b————

l

Chapter 8

The effectiveness of proposed LAD is
evaluated from students’ perspective.

Figure 1. Roadmap of the study
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1.6 Contributions

The main contributions of the thesis are as follows:

This study demonstrates a detailed study about the portability of predictive model between
university courses that helps to identify at-risk students. This study is a stepping stone to move
to the stage of developing multiple models across diverse pattern of courses that resulting in
overfitting. The finding of this study has broader implications for institutions seeking
generalized and portable models for identifying students at risk of academic failure.

To date, the major focus in LA has been with descriptive and predictive analytics. Nevertheless,
prescriptive analytics are now seen as a future course of action. We refined these challenges to
LAD projects and have identified the lack of agility in higher education institutions to reveal
either the predictive decision or offer suggestion for students to perform better in their course.
Taking these two gaps into account, this study has demonstrated how interpretability of
predictive models can be made available to the learners and critically, how the specific
predictions for a given learner can be explained to them. In doing so, we show how prescriptive
analytics can be integrated in the model to generate data-driven advice that learners can relate
to; thus, bringing about effectual learning changes for increasing the probability of realizing
successful outcomes.

Finally, this study proposes a state-of-the art dashboard that not only leverages descriptive
analytics components, but also integrates machine learning in a way that enables both
predictive and prescriptive analytics. This study demonstrate how emerging analytics tools can
be used to enable learners to adequately interpret the predictive model behavior, and more
specifically to understand how a predictive model arrives at a given prediction. Furthermore,
this study show how data-driven prescriptive analytics can be deployed within dashboards to

provide concrete advice to the learners, and thereby increase the likelihood of triggering



behavioral changes. Additionally, our research establishes pathways for the institutions
towards integrating all forms of analytics accessible to the wider audience.
The proposed dashboard is the first of its kind in terms of breadth of analytics that integrates

three different analytics paradigms.

1.6.1 Published Work
The author of this work has contributed to the following published articles in peer-reviewed
journals and conferences. These articles are presented next (in the order of their year of

publication).

Ramaswami, G. S., Susnjak, T., & Mathrani, A. (2019, December). Capitalizing on
Learning Analytics Dashboard for Maximizing Student Outcomes. In 2019 IEEE Asia-
Pacific Conference on Computer Science and Data Engineering (CSDE),1- 6. IEEE.
doi:10.1109/csde48274.2019.9162357

Ramaswami, G. S., Susnjak, T., Mathrani, A., & Umer, R. (2020, December).
Predicting Students Final Academic Performance using Feature Selection Approaches.
In 2020 IEEE Asia-Pacific Conference on Computer Science and Data Engineering
(CSDE),1-5. IEEE. d0i:10.1109/csde50874.2020.9411605.

Mathrani, A., Susnjak, T., Ramaswami, G., & Barczak, A. (2021). Perspectives on the
challenges of generalizability, transparency, and ethics in predictive learning analytics.
Computers and Education Open, 2, 1-9. https://doi.org/10.1016/j.cae0.2021.100060
Susnjak, T., Ramaswami, G. S., & Mathrani, A. (2022). Learning analytics
dashboard: a tool for providing actionable insights to learners. International Journal of
Educational Technology in Higher Education, 19(1), 1-23.

https://doi.org/10.1186/s41239-021-00313-7
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Ramaswami, G., Susnjak, T., & Mathrani, A. (2022). On Developing Generic Models

for Predicting Student Outcomes in Educational Data Mining. Big Data and Cognitive

Computing, 6(1), 6, 1-16. https://doi.org/10.3390/bdcc6010006

Ramaswami, G., Susnjak, T., Mathrani, A., & Umer, R. (2022). Use of Predictive

Analytics within Learning Analytics Dashboards: A Review of Case

Studies. Technology, Knowledge, and Learning, 1-22. https://doi.org/10.1007/s10758-

022-09613-x

Ramaswami, G., Susnjak, T., & Mathrani, A. (2022). Supporting Student s
Performance Using Explainable Machine Learning with Automated Prescriptive

Analytics. Big Data and Cognitive Computing, 6(4), 105, 1-14.

https://doi.org/10.3390/bdcc6040105

1.6.2 Article in press

Ramaswami, G., Susnjak, T., & Mathrani, A. Effectiveness of a Learning Analytics

Dashboard for Increasing Student Engagement Levels. Journal of learning analytics.

1.7 Thesis Outline
The thesis is divided into eight chapters. This chapter discusses the background of the study,
presents the objectives and research questions, and the scope of the study. The contributions

from this study are stated.

Chapter 2 provides a systematic literature review to identify gaps and challenges in the current
research into the utilization of predictive analytics tools among existing LADs, which
consequently forges a path for future research. The systematic literature review presented
below covers the methodology of the review, the results of the review, an overview of the data,
and an overview of machine/data mining methods used for the prediction of student

performance.


https://doi.org/10.3390/bdcc6010006
https://doi.org/10.3390/bdcc6040105

Chapter 3 presents an analysis of LMS data to see how accurately student academic
performance can be forecasted when their weekly engagement data is integrated with
assignment scores. This study highlights the selection, using feature selection methods, of
features to enable early prediction of student academic performance.

Chapter 4 presents the challenges encountered in building individual predictive models for
every single course and provides a generalisability framework to address them.

Chapter 5 demonstrates how a generic predictive model can be developed that identifies at-risk
students across a wide variety of courses.

It was found from the existing studies in the educational domain that there was a lack of model
interpretability and explainability of outputs which may lower the utility, and over time grind
down the trust of users. Hence, Chapter 6 provides findings based on model interpretability
and explainability of their predictions to students, and with counterfactuals which explicitly
demonstrate alternate outcomes for the student if a behavioral change were to take place in
specific areas.

Chapter 7 conducts a systematic literature review to identify the strengths and weaknesses
among the existing dashboards and propose a LAD that brings descriptive, predictive, and
prescriptive analytics into one display.

Chapter 8 conducts the impact study of the developed LAD to evaluate whether dashboard
access has encouraged students to engage more with the learning management system (LMS)
and also find ou t the students’ perceptions of t he

performance.

Chapter 9 summarizes the study, discuss the limitation of the study, and provides future

research direction.



Chapter 2

Use of Predictive Analytics within Learning
Analytics Dashboards: A Review of Case
Studies



The contents of this chapter are from the following article. In accordance with the SpringerLink
open access policy, any full text that has been included, is the unmodified accepted article.
@2022 SpringerLink. Reprinted, with permission, from: Ramaswami, G., Susnjak, T.,
Mathrani, A., & Umer, R. (2022). Use of Predictive Analytics within Learning Analytics
Dashboards: A Review of Case Studies. Technology, Knowledge and Learning, 1-22.
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Abstract

Learning analytics dashboards (LADs) provide educators and students with a comprehen-
sive snapshot of the learning domain. Visualizations showcasing student learning behavio-
ral patterns can help students gain greater self-awareness of their learning progression, and
at the same time assist educators in identifying those students who may be facing learning
di culties. While LADs have gained popularity, existing LADs are still far behind when
it comes to employing predictive analytics into their designs. Our systematic literature
review has revealed limitations in the utilization of predictive analytics tools among exist-
ing LADs. We find that studies leveraging predictive analytics only go as far as identifying
the at-risk students and do not employ model interpretation or explainability capabilities.
This limits the ability of LADs to o er data-driven prescriptive advice to students that can
0 er them guidance on appropriate learning adjustments. Further, published studies have
mostly described LADs that are still at prototype stages; hence, robust evaluations of how
LADs a ect student outcomes have not yet been conducted. The evaluations until now are
limited to LAD functionalities and usability rather than their e ectiveness as a pedagogi-
cal treatment. We conclude by making recommendations for the design of advanced dash-
boards that more fully take advantage of machine learning technologies, while using suit-
able visualizations to project only relevant information. Finally, we stress the importance
of developing dashboards that are ultimately evaluated for their e ectiveness.
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1 Introduction

Learning analytics research focuses on the usage of learners’ data for developing per-
sonalized applications that support a wide range of stakeholders (e.g., learners, instruc-
tors, advisers, administrators). Learners’ data are analyzed for key performance indica-
tors capturing learner behavior patterns, which are then visualized (Baker, 2016). The
move towards visual displays has led to the development of learning analytics dash-
boards (LADs) which can prompt user reflection via relevant depicted insights, and
potentially inform stakeholders on required interventions for optimizing current learn-
ing environments. Schwendimann et al. (2017, p. 37) defined LADs as “displays that
aggregate di erent indicators about learner(s), learning process(es) and/or learning
context(s) into one or multiple visualizations”, which can also incorporate text-based
content (Podgorelec and Kuhar, 2021). Though the layouts of individual LADs may dif-
fer, up to now, they primarily leverage two kinds of analytics, namely, descriptive and
predictive (Afzaal et al., 2021). Descriptive analytics tends to look backwards to capture
trends that are drawn from digital footprints left behind by learners while interacting
within virtual environments. Digital footprints can result from accessing various learn-
ing resources or by undertaking collaborative activities or other communication interac-
tions (Delen & Demirkan, 2013). Descriptive analytics also provides learners with snap-
shots of their current learning status, drawn again by tracking various online movements
with the goal of empowering learners with self-knowledge about their learning behavior
and learning progression at di erent points in time. In contrast, predictive analytics is
forward looking. It provides forecasts about individual learners such as their probable
performance in upcoming assignments and future grades on completion of a course. The
integration of both predictive with descriptive analytics brings out richer insights, ulti-
mately adding more value to LADs. However, as it currently stands, predictive analytics
are only now beginning to emerge within LADs (Susnjak et al., 2022).

LADs serve multiple stakeholders. For one, they provide a scalable way for instruc-
tors and administrators to monitor student engagement in real-time. Emergent student
activity patterns reveal actionable and useful insights, especially when instructors and
students are physically separated from each other as in online environments. Students
acquire a greater degree of self-knowledge through LADs by gaining more visibil-
ity into their online learning behaviors (Verbert et al., 2013a, b)which facilitate more
informed study-related decisions. Most importantly, personalized learner-centric met-
rics on LADs can enable a form of self-reflection that results in positive behavioral
adjustments. Meanwhile, instructor-facing LADs can identify at-risk students especially
through predictive analytics, enabling instructors to initiate various forms of interven-
tions which increase the probability of attaining successful course outcomes (Greller &
Drachsler, 2012; Yoo et al., 2015).

Online learning environments are increasingly using broader types of dashboards to
track student activities (Verbert et al., 2013a, b). These dashboards di er widely in the type
of data used for analysis, the visual information displayed, the audience that they target,
their overarching purpose (or theme) of the LADs as well as in their strategies to evaluate
their e ectiveness. To date, limited systematic literature reviews have been conducted sum-
marizing the above aspects of LADs. Indeed, with the emergence of predictive analytics,
no systematic literature review exists which considers the LADs from the perspective of
what is being predicted, what input data is being used, which algorithms are employed and
how the accuracy is evaluated. This review article seeks to fill this gap.
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We first present an overview of the published literature reviews to build the groundwork
already established in the LAD domain. The overview identifies the current state-of-the art
and gaps in LADs, leading to three research questions to guide our study. Next, we present
our own systematic literature review (SLR) in which we carry out an in-depth investigation
into recent LAD case studies (published between 2011 and 2021) to answer these questions
and provide recommendations for future LAD designs.

2 Overview of Systematic Literature Reviews on LADs

This section provides an overview of key findings covering the topic of LADs from four
systematic literature reviews that were published between 2017 and 2019. These reviews
were selected on the basis that they followed a structured article search process to identify
ongoing trends in student-facing LADs and to assess the current state of this field.

Schwendimann et al. (2017) examined LADs based on categorization of learning con-
texts, data sources, visualizations and analysis types. Their review comprised 55 journal
papers published between 2010 to 2015. They found that predominant theme of focus of
the dashboards was on monitoring student progress, while being both student-facing and
instructor-facing, and mostly relying on a single data source (i.e., log files from a learning
management system (LMS)). Given that most studies were exploratory or proof-of-concept
in nature, the conclusion was that very little analysis was performed on the e ectiveness of
LADs to impact learning outcomes.

Bodily and Verbert (2017) conducted an SLR on LAD studies published between 2005
and 2016. A total of 93 papers were reviewed from the perspective of LAD functional-
ity, data sources used, design features as well as perceived and actual e ects they elicit.
The findings were inconclusive in respect to the e ectiveness of LADs overall and specific
designs, with the authors suggesting further research be undertaken.

Matcha et al. (2020) evaluated the impact of LADs on learning and teaching. From
a review of 29 papers published between 2010 and 2017, the authors noted that existing
LADs are insu ciently grounded in learning theory and do not o er insights into what
constitutes e ective learning approaches. The review suggests that evaluation of LADs
should be done in learning contexts across numerous iterations for a stronger methodologi-
cal foundation.

A recent systematic review conducted by Valle et al. (2021) focused on reviewing arti-
cles between 2012 and 2019 to determine whether evaluations of learner-facing LADs
actually measured their e cacy. Similar to other reviews, a lack of alignment between the
intended outcome and their evaluation measures was noted. The review added that current
LADs are rarely designed to support students’ self-regulated learning, and the study again
recommended the need for appropriate measures for evaluating the e cacy of LADs.

All four LAD reviews focused on who the target users were, what types of data were
used, and which evaluation method was used. Bodily and Verbert (2017) expanded the con-
tribution by devising a LAD evaluation criterion that considers their e ectiveness in how
they impact learner behaviors and overall achievements. In their subsequent review, they
also took account of the sample size of the participants and whether they were from a sin-
gle or from multiple courses, while Schwendimann et al. (2017) di ered in their perspec-
tive and categorized studies in terms of technologies used for presenting LADs to users.

Existing reviews have provided substantial contributions to LAD research; however,
with the emergence of predictive analytics and its growing importance in enhancing LAD
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capabilities (Bodily & Verbert, 2017; Susnjak et al., 2022), there is now a gap in the body
of literature exploring this recent technological development. This is especially pertinent as
predictive modelling is now recognized as an e ective approach for identifying at-risk stu-
dents, while also having the potential to improve both learner outcomes and retention rates
(Umer et al., 2021). Hence, the point of di erence in our systematic review is in examin-
ing LADs which incorporate predictive analytics. Accordingly, our research questions seek
to address the previously unexamined role of predictive modelling within LADs, together
with replicating and extending some findings from prior reviews.

3 Research Questions

RQ1 What are the key themes underlying LAD usage in existing literature? Further, who
are the target users and what visualization techniques are employed?

RQ2 What types of data and which machine learning algorithms are commonly used for
predictive analytics? What is being predicted and how is the prediction accuracy being
assessed?

RQ3 What evaluation methods have been conducted for studying the e ectiveness of
LADs?

4 Methodology

Our systematic literature review followed guidelines proposed by Kitchenham and Charters
(2007). The field of learning analytics (LA) and educational data mining (EDM) has grown
significantly since 2010 (Park & Jo, 2019), hence this study examined literature published
in journals and conferences between 2011 to 2021. This review lays exclusive emphasis on
LA systems that collect student data, apply predictive modelling, while delivering the pre-
diction results to students, instructors or academic advisers in the form of visualizations or
text-based feedback. We included studies which communicated results either via dashboard
displays or through reports sent as email attachments. Conferences provide a publishing
outlet for emergent fields; accordingly, those conferences with an explicit focus on LA and
EDM (e.g., International Conference on EDM and International Conference on LA and
Knowledge) that met the inclusion criteria were considered.

Following a similar methodology used in earlier studies (Matcha et al., 2020; Schwendi-
mann et al., 2017), we considered five main academic databases, namely, ACM Digital
Library, Science Direct, IEEE Xplore, SpringerLink and Wiley. Additional databases
including Google Scholar and Scopus were included in our SLR, as is recommended by
Kitchenham and Charters (2007) for detecting relevant articles that could be overlooked
since these databases are not typically indexed in common literature databases. Our search
query comprised keywords pertinent to LAD literature (i.e., ‘learning analytics dash-
board” AND (‘students feedback system’ OR ‘early warning system’ OR “predictive ana-
Iytics” OR ‘“visualization tool’)). This yielded 4350 articles across various academic data
sources. Next, we removed duplicate papers and reduced to 2840. The exclusion crite-
ria were applied where papers that were not written in English or contained less than 3
pages or were dissertations were removed. The papers that used MOOC datasets were also
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filtered. We assessed titles and abstracts of each article and retained those studies which
were related to LADs and early warning systems (EWS) with embedded predictive analyt-
ics. EWS studies were included since some used visual tools for delivering information.
Finally, 11 journal articles and 4 conference proceedings (indexed in the Scopus/ACM
digital library) were considered admissible for answering the research questions. Figure 1
describes the overall methodology.

5 Review of Dashboards Meeting the Inclusion Criteria

This section provides a summary of 15 LADs in view of the three research questions.
Table 1 presents an overview of the reviewed papers highlighting key LAD characteristics
prevalent in current LADs. Overall, we observed an increasing trend in the number of LAD
studies which have been conducted over the search period. This can be seen in Fig. 2 which
shows frequencies presented as a three-year rolling average in order to smoothen the data
and remove noise.

Arnold and Pistilli (2012) from Purdue University created Course Signals, a student-
and instructor-facing dashboard which tracks student progress. The data comprised student
course performance, student engagement in terms of interactions with the LMS, academic
history, and demographics. A visualization leveraging colors in the form of tra c lights
to convey three risk levels, high (red), medium (yellow) and low (green), was developed
and made available to the target users as early as the second week of the semester. How-
ever, the tool did not provide direct insights into model reasoning, that is, why a particular
student was considered to be at risk of failure, making it di cult to recommend a specific
remediation.

Essa and Ayad (2012) developed a student success system (S3) to alert instructors on
student risk levels and to provide feedback to the corresponding students. Similar to Course
Signals, S3 employed color as the primary visual encoding channel'in the form of atra ¢
light visualization to express risk probabilities. The authors used an ensemble modelling
strategy which combined the predictions of several base models. S3 had no student-facing
functionality, and no evaluation of the tool was conducted.

Agnihotri and Ott (2014) from the New York Institute of Technology designed a dash-
board to identify at-risk students needing support, aiming to increase retention of first-year
students. Survey, financial and pre-enrolment data were used for the tool. It was observed
that students predicted to be at-risk by the model indeed aligned with those who did not
return in the subsequent year.

Hu et al. (2014) developed an EWS to identify at-risk students. Algorithms such as
C4.5, regression trees, logistic regression (LR), and boosting were applied to develop an
EWS for online undergraduate courses. Learner data comprising login behavior, online
course material interaction, assignment submission status and forum discussion activities
were collected during three di erent time intervals in a semester. The instructors used the
tool to adjust their teaching methods for poor-performing students, with the study conclud-
ing that EWS improved learners’ performances and reduced attrition rates.

Jayaprakash et al. (2014) designed the Open Academic Analytics Initiative (OAAI)
with an EWS aimed at identifying at-risk students. The authors claimed that the system

1 Also referred to as a perceptual channel.
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Step 1

Setting Research Objectives

* To investigate which machine learning algorithms are widely used in predictive analytics.
« To identify the target users and visualization techniques that have been used.
« To identify methods that have been used for conducting learning dashboard evaluations.

Y

Setting the inclusion criteria

\-

Search Boundaries

1. ACM Digital Library

3. |EEE Xplore
4. SpringerLink
5. Wiley

6. Other sources

Search Terms
‘Learning analytics
dashboard', 'students
feedback system’, ‘early
warning system','predictive
analytics’,
‘visualisation tool'

Y
p———

Cover Period

2011-2021

J

Step 2

Step 3

« N= 3100 (from 5 main engines)
N=1250 (from other sources)

\

2. Science Direct

Remove Duplicates

N=2840

\

Apply Exclusion Criterion

« Exclude papers not within scope

Included Papers

N=15

Fig.1 Methodology used for inclusion and exclusion
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Trend in number of LAD studies
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Fig.2 Trend in number of LAD studies as a three-year rolling average

achieved accuracy of 84%. The system provided two intervention strategies, one entailed
a message with guidance being sent to at-risk students, while the other involving online
academic support. The study reported that students who received alert messages experi-
enced a positive impact on their final outcomes although no clear gains in course grades
were observed by the group receiving additional online academic support.

Corrigan et al. (2015) from Dublin City University developed PredictED to forecast
students’ final exam grades using student behavior data from Moodle (LMS). Support
Vector Machines (SVM) was used to classify students as either passing/failing for each
week of the semester until the exams. The opt-in students received weekly emails based
on prediction results and showed an improvement in final grades of nearly 3% on aver-
age. Like Course Signals, this tool did not provide explainability of the model’s reason-
ing making it di cult to recommend a specific remediation for at-risk students.

In another study, Kuzilek et al. (2015) from Open University developed a dashboard
to predict at-risk students at early stages of their study. A dashboard with two views
— a course view and a student view — was implemented. The course view provided an
aggregated view of student activities and overall assessment results, while the student
view presented a table with individual student results and predictions regarding the
submission of the upcoming assessment. Weekly emails were sent to course coordi-
nators. Demographic data and interaction data from the virtual learning environment
(LMS) were used for the analysis. However, the tool did not provide any direct insight
to students.

The goal of LISSA (Learning dashboard for Insights and Support during Study
Advice) was to assist academic advisers in helping students plan a more attainable study
programme and not waste time on unsuitable choices (Charleer et al., 2018). Student
grades and historical data were used for creating a prediction bar depicting the duration
of their progress in the bachelor programme. A custom color-based visualization was
used that communicated predicted outcome categories of succes