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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 predictive models and increase students’ trust as they
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 accessible to students. Instructors can monitor students’
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 learners’ success
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 learning trends from students’ data. The most widespread use of
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



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 that they can act on the model’s resulting predictions in an informed manner. In
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



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. 26). In learning 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] “Overview first, zoom and filter, then details-on-demand” has proven useful
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

Increasing students’ motivation and helping them to self-reflect on their learning processes is
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 objectives are two fold. The first is to develop various 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-
understandable reasoning behind their conclusions about a student’s academic
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 the dashboard’s effect on their learning

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).

e 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

e 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.

e 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

e 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


https://doi.org/10.1109/CSDE48274.2019.9162357
https://doi.org/10.1109/CSDE50874.2020.9411605
https://doi.org/10.1016/j.caeo.2021.100060
https://doi.org/10.1186/s41239-021-00313-7

e 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

e 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

e Ramaswami, G., Susnjak, T., & Mathrani, A. (2022). Supporting Students’ Academic
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 out the students’ perceptions of the dashboard’s effect on their learning

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
difficulties. 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 offer data-driven prescriptive advice to students that can
offer 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 affect student outcomes have not yet been conducted. The evaluations until now are
limited to LAD functionalities and usability rather than their effectiveness 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 effectiveness.
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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 different 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 different 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 differ 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 effectiveness. 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 effectiveness 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 effects they elicit.
The findings were inconclusive in respect to the effectiveness 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 insufficiently grounded in learning theory and do not offer insights into what
constitutes effective 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 efficacy. 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 efficacy 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 effectiveness 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) differed 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 effective 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 difference 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 effectiveness 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-
lytics’ 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 traffic 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 difficult 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 a traffic
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 different 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

! 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

Number of 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 difficult 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 success, mediocre pass and
fail as green, orange and red respectively. The tool was only used to support the advis-
ing session and did not target students directly.

A prototype LAD was developed by He et al. (2018) aiming to provide students with
academic performance guidance for STEM courses. The authors used RF (Random For-
est) for predicting students’ results. A gauge plot presented the predicted results to stu-
dent advisers who relied on the tool to initiate interventions. The dashboard did not
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depict students’ learning progression,. Neither was it deployed on real courses nor was
any tool evaluation conducted.

Wang et al. (2018) designed an EWS with the goal of reducing student dropout and
reducing graduation delays. This system included data from the library, dormitory,
grades, attendance, and engagement. The library and dormitory data enabled closer
monitoring of study habits. The NB (Naive Bayes) algorithm attained classification
accuracy of 86%, with grades and library data being among the key variables. The tool
was neither productionized nor subjected to evaluation.

To motivate and personalize the student learning, de Quincey et al. (2019) devel-
oped a student-facing LAD which focused on showing student weekly progress along
with their predicted semester-end scores. Similar to Hellings and Haelermans (2020), a
weekly reminder email was sent to students during the first few weeks, with personal-
ized recommendations also displayed on the dashboard. A mixed method LAD evalua-
tion showed favorable feedback regarding only the usability of the dashboard.

Bafieres et al. (2020) presented two EWSs, one instructor-facing and the other stu-
dent-facing, to identify at-risk learners and provide them with personalized feedback. A
different model was built for each course based on students’ grades using NB, Decision
Tree (DT), K-Nearest Neighbour (kNN) and SVM algorithms. The authors found NB to
be the best for their dataset; however, changes in course assessments led to inconsisten-
cies in the predictions.

Gutiérrez et al. (2020) developed LADA (Learning Analytics Dashboard for Advis-
ers) to support academic advisers in setting up students’ semester plans. Data used in
the analysis included student grades, course credits and lists of courses taken or enrolled
into by students. The dashboard provided predictions on students’ probability of success
and a further indication regarding the confidence of predictions. An evaluation of the
dashboard undertaken by advisers found that non-experts perceived LADA to be more
useful compared to experts.

Hellings and Haelermans (2020) designed a dashboard aiming to provide study pro-
gress updates to students along with their predicted probability of success in a course
accompanied with the predicted grade. A weekly email with the dashboard link was
sent to the participants with the intention of encouraging them to use the dashboard fre-
quently. Linear models were used to predict the grade mark, while AdaBoost predicted
the course outcomes. Dashboard usage was correlated with a positive impact on student
online engagement, but no impact on final exam grades and course completions was
detected.

Plak et al. (2021) evaluated an EWS with student counsellors to estimate the effect
of counselling on first-year student dropout rates and academic performance. To predict
student dropout, the authors used SVM, RF, and LR models. LR outperformed all the
other algorithms in this context. The findings indicated that EWS-assisted counselling
did not reduce dropout or increase the credits obtained by the end of the academic year.
It was hypothesized that this was due to non-targeted and non-actionable feedback/rec-
ommendations being provided to at-risk students.
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Dashboard target users

Instructors =}

Academic advisers —|

Learners —|

Number of Papers

Fig.3 Target users of the dashboards. Some dashboards target multiple audiences

6 Results

This section summarizes the key areas of interest that emerged from the 15 selected studies.
We present them in the following order, key themes representing the overarching purpose of
the LADs, target users, data types used, prediction methods, visualization types, evaluation
techniques and finally study limitations.

6.1 KeyThemes

The 15 dashboards have been categorized into two overarching themes. Eleven dashboards
were used to track study planning. Their primary aim was to support academic advisers or
instructors in assisting students during courses and in more effectively planning their subse-
quent course selections. Study planning advice was provided by conducting a session with stu-
dents or sending them an awareness message with guidance during an ongoing course. With
majority of studies focusing on either providing study advice or sending awareness messages
to at-risk students, we found one study by Corrigan et al. (2015), that delivered advice mes-
sages to both at-risk and not-at-risk students.

The second theme centered on monitoring learning progress from student learning
activities. Four studies aimed at improving learning outcomes by increasing student online
engagement.

6.2 Target Users

Our study found that the LADs target learners, instructors and academic advisers, with learn-
ers being the most common target group (as shown in Fig. 3). In 11 cases, the LADs targeted
a single user group. In the remaining four, two targeted both instructors and learners while the
other two targeted instructors and academic advisers.
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6.3 Types of Data Used for Prediction

Data for enabling the LADs were collected from a variety of sources including LMSs,
demographics, pre-academic, library interaction as well as assessment grades, with studies
using various combinations of these inputs.

LMSs provide online learning digital footprints like logs of interactions such as forum
activities (messages viewed and posted), durations of sessions, quizzes taken, resources
accessed etc. Most studies utilized logs of these interactions as absolute counts for making
onward predictions, without normalizing them by representing values for each student in
relation to those of their cohort. Pre-academic data comprised students’ academic back-
ground information such as high school GPAs, past academic history, aptitude tests and
enrolment details, while characteristics of the demographic data were age, ethnicity, and
gender. In addition to these data, most of the researchers used assessment grades (quiz
scores, in-between assignment grades, course grades) made available during the semester
progression as well as prior semesters’ grades.

6.4 Prediction Methods

Our review reveals a wide range of machine learning algorithms being utilized for predic-
tive analytics (Table 1). These algorithms differ in various aspects, such as in their inherent
biases and assumptions, their ability to generalize beyond training data and the amount of
data required for training the models (Osmanbegovic & Suljic, 2012). Sweeping claims
that one algorithm is superior to another across all datasets in this domain are unsupported.

Algorithms include DTs (Quinlan, 1986) which use partition rules to divide the data
into groups based on a single variable. The process continues until all the variables have
been utilized (Ferreira et al., 2001). The other tree-based classifiers commonly used for
predictions are CART (Breiman et al., 1984) and RF (Breiman, 2001). CART has robust
mechanisms for pruning large DTs in order to reduce overfitting which compromises gen-
eralization. While RF is based on combining multiple DTs into a single model also known
as ensemble methods. Several studies have leveraged ensemble-based algorithms as they
tend to produce classifiers having more robust generalizability mechanisms.

Logistic Regression (LR) (Cole, 1991) and SVM (Cortes et al., 1995) are examples of
function-based algorithms that extract knowledge that is encoded in the form of mathemat-
ical functions, with LR being used in more studies compared to SVM, possibly due to LR
being easier to specify in its tunable parameters. Two papers used Neural Networks (NNs)
for predicting student risk levels.

LADA was the only study that used clustering which is an unsupervised learning
technique. Clustering automatically groups individuals into distinctive groups based on
commonalities. Once a cluster model is generated, new data points can subsequently be
assigned to a cluster based on some distance criterion (Ochoa, 2016).

Ten studies utilized predictive analytics for forecasting the final grades with the aim of
identifying at-risk students. One study relied on predictive analytics to determine whether
students would submit their upcoming assignments. Another attempted to predict whether
students would return to complete their studies in the following semester, while one study
generated an estimation regarding the expected duration until qualification completion for
individual students. One study sought to assist students in selecting course options by pre-
dicting their performance outcomes across different options.
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Dashboard visualization types

Box-and-whisker plot —_
Radar chart —_
Sociogram —-
Scatter plot —_
Line chart |
Pie chart |
Text table —[INEEG——
Color-based custom chart — |
Bar chart — | ——

| | | | | | | | | |
0 1 2 3 4 5 6 7 8 9

Number of Papers

Fig.4 Visualization types (We coalesced some chart types that rely on identical visual encoding channels
into more general categories. Donut and Gauge charts have been placed into the Pie Chart category. Slider,
Win-loss, Histograms and Stacked Bar Graphs have been grouped into a Bar Graph category. Color-based
visualizations that which are non-standard and employ custom displays with an overarching emphasis on
color as a visual encoding channel, have been grouped into Color-based Custom Charts. This category
includes visualisations like traffic signals and risk-quadrant.)

However, while all the reviewed LADs utilized predictive analytics, none provided
model interpretability to explain how the model works overall, nor were there any instances
of insights being directly communicated about model reasoning (such as how a particular
student was predicted to have a given outcome) making it difficult to recommend a specific
remediation or even to trust the system.

6.5 Evaluating the Prediction Accuracy

Once predictive models are created, it is crucial to evaluate their generalizability on new
(test) data. A variety of measures can be used for this task, and it is good practice to assess
models using a suite of evaluation metrics. Common metrics in literature are accuracy,
F-measure, mean absolute error (MAE), precision, recall, false positive (FP) and false neg-
ative (FN) rates, and receiver operating characteristic (ROC) curves. Accuracy is simply
defined as a proportion of correct classifications. Evaluating a model with accuracy alone
can be misleading if a dataset is imbalanced between samples belonging to different labels
(outcomes). Majority of studies combined accuracy with other metrics in determining the
efficacy of their models. However, two studies (Essa & Ayad, 2012; Wang et al., 2018)
used accuracy alone. Given that the cost of misclassification is different for those who are
at-risk as opposed to those who are not, it is also important to consider the model behavior
on each of the two groups separately by using measures like recall, precision, and FP/FN
rates. This was followed by some studies.

Few studies used the F-measure which is the harmonic mean of precision, and recall,
and is arguably a more informative evaluation metric compared to accuracy for imbalanced
datasets. MAE which is the difference between the model’s predicted probability of non-
completion and the mean of actual non-completion students was used by Plak et al. (2021).
Meanwhile, the more advanced ROC curve that represents a classifier’s performance on a
set of performance thresholds balancing recall and FP rates (Fawcett, 2006) was used by
three studies. A summary of these evaluation measures is shown in Table 1.
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6.6 Visualization Methods

Graphical data representation is a key consideration in dashboards, since the main pur-
pose of data visualization is effective communication. When designed correctly, data
visualizations can provide support to students, teachers or educational administrators
(Buenafo-Fernandez et al., 2019). Figure 4 depicts the frequency of usage of vari-
ous visualization charts. The most widely used visualizations are bar charts (Sahin &
Ifenthaler, 2021). Bar charts encode quantitative data effectively by relying on the abil-
ity of the human visual cortex to accurately distinguish relative differences in lengths
of graphical cues (Mackinlay, 1986). Other visualization techniques which are accurate
at communicating quantitative information are line (capturing trends), scatter (convey-
ing relative positions) and box-and-whisker plots (showing distributions), though their
usage is not as widespread.

Color-based custom charts representing graphs which rely solely on color as the vis-
ual encoding channel to communicate information are also used extensively. Examples of
these charts are traffic signals and risk-quadrants aiming at communicating nominal data.
In all instances, these have been used to convey risk categories. Tables containing text-
based information have also been widely used. Tables provide an effective and powerful
way to present data meaningfully (Midway, 2020).

Various forms of pie charts, including donut and gauge plots were also used frequently.
However, pie charts are problematic when the aim is to precisely convey quantitative infor-
mation due to their reliance on humans being able to reliably quantify slopes and differ-
ences in angles. Angles and slopes are poor visual encoding channels and LADs utilizing
them will have met their goals sub-optimally. Two studies used the gauge plot to present
risk levels to students. While this is not an optimal visualization technique, given the sim-
plicity of the information being communicated, arguably these charts were likely adequate.
One instance shows the use of sociograms for presenting online communication and net-
working data as well as one use of a radar chart; the latter exhibiting problematic charac-
teristics for interpretation due to its reliance on the reader being able to accurately quantify
differences between areas of irregular shapes. Three studies did not mention details regard-
ing their visualizations and are not included in Fig. 4.

6.7 Dashboard Evaluations

Our findings reveal that evaluation approaches to measure dashboard effectiveness were
followed with variable rigor among the reviewed papers (see Table 1). Most of the stud-
ies did not mention any evaluation criteria nor conduct any evaluations. Of the remain-
ing studies, the majority used mixed methods that combined qualitative and quantitative
methods for evaluating the usefulness of the dashboards. One study conducted a qualitative
approach by evaluating general aspects like LAD usability by inquiring into users’ percep-
tions of their interaction with the tool.

Four studies investigated the effects of LADs on students’ final outcomes. Of these,
Arnold and Pistilli (2012), and Jayaprakash et al. (2014) found that providing risk-level
predictions to students helped them achieve better grades in their courses. Bafieres et al.
(2020) claimed that usage of the LAD showed some positive impact on students’ final out-
comes, but they could not determine whether this was attributable to the utilization of the
tool or to interventions. Hellings and Haelermans (2020) claimed that LAD usage showed

@ Springer

31



974 G. Ramaswami et al.

positive effects on the student online engagement, although no similar effect was found for
students’ final exam performances.

7 Discussion

Our research shows that until now only a limited number of dashboards have incorporated
predictive analytics. However, the trend is increasing (Fig. 2). The few which have imple-
mented and evaluated this technology have mostly reported positive effects. A proportion
of the positive effects can undoubtedly be ascribed to associated interventions initiated
with at-risk students, raised by predictive models’ early warnings. However, some effects
can likely also be attributed to LAD-embedded predictive analytics and the self-reflection
that they trigger in at-risk students, which result in positive behavioral adjustments. While
it is not possible at this stage to disentangle the contribution that different factors have on
the effects in eliciting positive outcomes, the utilization of predictive models for real-time
identification of at-risk students remains a forward-thinking strategy that has so far indi-
cated to hold promise as a tool for enhancing student success and retention rates.

Many of the reviewed articles were used to track study plans for at-risk learners but
did not provide any direct insights into detailed causes behind the models’ risk predic-
tions, thus making it difficult to offer learners a tailored set of remedial actions. In the case
of Course Signals, Tanes et al. (2011) performed content analysis of the feedback mes-
sages sent by instructors to students after receiving alerts. The authors noted the lack of
instructive or process feedback types in the instructor messages sent to students, meaning
that the students did not know what specific behavioral adjustments needed to take place.
Therefore, alongside accurate predictions, it appears important to consider how prediction
mechanics and model outputs are presented as advice to at-risk students.

Predictive analytics, when performed well, presents fresh opportunities in terms of the
timing of intervention strategies. Machine learning can detect subtle yet complex multi-
dimensional patterns early on in a semester that humans cannot, enabling an early initi-
ation of potentially more effective interventions. However, determining an optimal time
to intervene with identified at-risk students is somewhat of a challenge since predictive
models improve in their accuracy with more data as a semester progresses and each stu-
dents’ digital footprint increases. Most of the studies have used black-box machine learning
algorithms. Unfortunately, researchers in the LAD field have not yet drawn from emerging
machine learning technologies that convert uninterpretable black-box models into ones that
are understandable, and which consequently offer students and instructors deeper insights
about what are the key drivers of negative predicted outcomes for a given student.

Jayaprakash et al. (2014) advise that predictive models do not influence course com-
pletion and retention rates unless they are combined with effective intervention strategies
aimed at supporting at-risk students. This could again be due to the lack of interpretability
of the predictive models and the absence of prediction explainability to learners as to how
exactly the models arrived at given conclusions (Mathrani et al., 2021). Model interpret-
ability and explainability can be realized with the use of the Shapely Additive Explanations
(SHAP) method (Lundberg et al., 2021), Local Interpretable Model-agnostic Explanations
(LIME (Ribeiro et al., 2016)) or anchors (Ribeiro et al., 2018) which have recently become
popular.

With recent advances, current machine learning technologies are able to not only
explain models and their predictions but are also able to offer data-driven and automated
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counterfactuals which offer prescriptive capabilities that can clearly articulate to the learn-
ers what behavioral adjustments would hypothetically result in future positive predictive
outcomes (Susnjak et al., 2022). As it currently stands, existing LADs only display the
predicted outcomes, indicating significant gaps and pointing towards rich future research
opportunities.

Findings from the reviewed papers revealed a considerable diversity in the utilization
of predictive analytics. Unsurprisingly, majority of reviewed articles integrated predictive
analytics for forecasting the final course academic performance. Others saw the state of
being at-risk as being broader, and used proxies such as assessment submission prediction,
likelihood of returning to complete current studies and the prediction of the overall qualifi-
cation completion as alternate approaches to formulate the problem.

LADs frequently aim to communicate quantitative information which requires precision
and, as alluded to earlier, an appropriate matching between the data types and the visual
encoding channels (Munzner, 2008). Unsuitable visualization design choices add to the
cognitive load of users and fail in their original intent, and equally this occurs when color
is used indiscriminately in dashboards (Bera, 2016). Visualization theory has firmly estab-
lished the primacy of various visualization encoding channels (e.g., position, length, slope/
angle, area, depth, hue/tint, shape, curvature, volume etc.) when communicating data,
whether it be for continuous, ordinal, or categorical types (Munzner, 2014). We observed
in our survey that a number of studies used graphing components like donut graphs, gauge
plots, pie and radar charts. These rely on visual encoding channels like slope/angle and
area which are suboptimal for communicating information, be it quantitative or qualita-
tive. This raises questions about the degree to which visualization theory is being drawn
upon in the design of some recent LADs. The issue of inappropriate visualizations spe-
cifically within LADs has already been raised. Park and Jo (2019) add that unclear visu-
alizations can restrict the student’s sensemaking of the LADs. While Schwendimann et al.
(2017) posit that the granularity of information being displayed on the dashboard should
be determined with proper visualization techniques so that users are not confused or over-
whelmed by the amount of information presented to them. Our study shows that 40% of the
dashboards use three or more different visualization techniques, with one dashboard using
seven which likely leads to cognitive overload rather than clarity. Midway (2020) also men-
tioned that effective visualizations foster in the audience an intended understanding and
interpretation of the data, while the reverse holds.

It is also the case that different users have different informational needs, and the way
they perceive messages influences their actions. Hence, it is recommended that the user
perspective is kept at the forefront during dashboard design. Perception of learning varies
among users (Verbert et al., 2013a, 2013b); therefore, LAD designers must appreciate how
individuals interact with visuals, and what impact visuals have on their learning processes
(Bodily & Verbert, 2017; Corrin & de Barba, 2014).

The evaluation of the impact of LADs towards learner outcomes is an area that requires
much attention. Studies which had conducted evaluations were mainly focused on the func-
tionality and usability of LADs, and while they highlighted the potential effect on learning,
they did not demonstrate quantifiable effects of LADs as a pedagogical treatment. Though
conducting usability testing has merit, future studies should also assess whether LAD
usage has positive effects on students’ final outcomes. This can be determined by conduct-
ing an experimental study among two groups (control and treatment) over some length of
time in order to determine if there is a difference in outcomes. We also found that most of
the LADs were working prototypes; hence, students were unable to use them in real course
settings and provide reliable feedback on their effectiveness.
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Fig.5 Recommendations for Learning Analytics Dashboard Design

8 Recommendations for LAD Design

The key points that have emerged from our review of the 15 selected LADs are the neces-
sity of fully leveraging machine learning for predictive and prescriptive analytics, the need
to design dashboard displays with information visualization theory in mind, having a focus
on appropriately presenting information to end-users, adopting a learner’s perspective and
conducting an evaluation strategy (refer Fig. 5). Presenting mere outputs of prediction
models on their own within LADs are unlikely to result in significantly improved learning
outcomes. The information accompanying students’ predicted outcomes needs to include
model explainability and ideally, prescriptive analytics which can support a tailored inter-
vention strategy to assist at-risk students. Next, visualization choices need to be grounded
in established theory and best practice in order to maximize effectiveness and minimize
cognitive load. Further, being mindful of how learners perceive information is key to the
effectiveness of the message that is being conveyed. Therefore, strategies to engage users
(via personalized recommendations and other targeted motivating messages) should be at
the forefront.Finally, institutions should have some evaluation strategy to ensure that the
LADs meet the goals for which they have been designed. We propose that such evaluations
should be done with end-users (i.e., learners, instructors and academic advisers) for ongo-
ing improvements to the LAD designs. Figure 5 frames our recommendations for LAD
design, deployment and its effective utilization as a technological tool possessing a peda-
gogical value.

9 Conclusion

This article has conducted an extensive literature review on various LADs that tracked stu-
dent data and reported insights to various stakeholders. LADs leveraging predictive analyt-
ics were considered in this study. Our review indicates significant limitations in the current
positioning of LADs in real-world educational settings. Our analysis finds that evidence
of LADs’ effectiveness to impact student learning outcomes is inconclusive. Current LAD
evaluations are mostly limited to functionality and usability aspects only.

The reviewed LADs predominately aim at facilitating study planning and monitoring
student learning progress, while targeting learners, academic advisers and instructors.
Given the importance of effective visual presentation, our study finds that there is some
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improvement to be made in terms of correct usage of visualization techniques in order to
enhance precision and to reduce cognitive load.

We also find that predictive analytics are only now beginning to emerge as a tool within
LADs. Our study concludes that its usage lacks maturity and lags in leveraging state-of-
the-art machine learning technologies which enable model interpretability and explain-
ability. We maintain that predictions of student’s outcomes should be accompanied with
outputs that provide high-level information about the mechanics of the models, as well
as explanations of how a specific prediction was derived for a given student. Ideally, we
should now also be starting to see the emergence of prescriptive analytics within LADs
that utilize counterfactuals which can provide at-risk learners with actionable insights.

Our survey has enabled us to identify strengths and gaps in current LAD studies, and
to formulate a framework comprising a set of recommendations for future LAD designs.
We believe that adhering to the proposed LAD framework can aid educational providers in
implementing more effective LADs, which facilitate improved learning outcomes.
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Abstract— Data analytics and data mining techniques are
increasingly being used to assist managers, business leaders,
and policymakers in their decision-making. These techniques
help them distill the useful information hidden in their ever-
growing databases that are distributed across various data
stores. Another area in which these techniques are utilized is
the education domain, wherein data analytics can be leveraged
to predict students’ academic performance. Teachers will
therefore be better informed in providing their students with
additional support if required. Learning Management Systems
(LMS) captures student online learning data and are
extensively used by researchers to gather data-driven insights
on students’ overall academic performance. This study aims to
predict students’ academic performance with the LMS data
from an online training course using various machine learning
algorithms. The study further highlights that selection of
features by using feature selection methods will enable early
prediction of student academic performance. Early predictions
can benefit those students who are considered to be at risk of
failing a course with targeted early interventions to help
improve their performance throughout the course.

Keywords—Ilearning dashboard, feedback, student
feedback system, visualization tool, dashboard

L INTRODUCTION

Web-based education or e-learning has grown
exponentially over the last few years. In particular, learning
management systems (LMS) that emerged from the field of
e-learning, have become an integral part of instructional
delivery practice, with universities supplementing face-face
learning with LMS [1]. LMS have enabled students to
personalize their learning, review specific course material or
engage in peer discussions. In doing so, students leave
traces of their online interactions, and as such massive
amounts of data are stored in the LMS. This data can be
leveraged to provide rich data-driven insights on students’
online behaviors since all their interactions within the LMS
are captured.

Moodle is a widely wused open-source learning
management system. Moodle can accumulate vast amounts
of user information that can be further used to conduct
deeper analyses on student behaviors. To effectively use
such data for improved decision-making, better approaches
for extracting knowledge from large repositories are

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE

required. Educational Data Mining (EDM) is an emerging
discipline that can help researchers discover useful and
distinct patterns within the voluminous data and create data-
driven strategies to enhance the institutional teaching
practices [2]. There is a wide range of EDM tasks, one of
the most important being student performance prediction
[3]. Predicting student performance enables instructors to
take action when required, for example, weak students may
be identified and provided with additional support. The
main aim is to achieve higher levels of quality in education
delivery and develop more personalized forms to impart
education, even in large group settings [4].

The focus of this paper is to predict the final academic
performance of students enrolled in a course using various
machine learning classifiers. We are also interested in
finding out the earliest timeframe in identifying the at-risk
students of failing in a course. This study was conducted for
a single course by collecting the activity log of the student
interactions from the Moodle platform. We plan to
subsequently extend the results of this study by including
multiple courses in future analysis. Having posed the focus
of this study, the rest of the paper is structured as follows.
Section 2 discusses the various techniques and the data used
in previous studies, followed in section 3 by a description of
the data selection and machine learning methods adopted in
this study. Section 4 explores the methodology adopted in
this study, while sections 5 and 6 includes a discussion of
the results and conclusions that can be drawn.

II.  EXISTING REVIEWS

A review was conducted on recent studies, that is, those
that were published between 2015 and 2020 and which had
used LMS as their source of data for analysis. A study by
Tempelaar, Rientities, and Giesbers [5] tested the predictive
power of learning dispositions. They used demographic
data, entry test data, LMS data, and formative assessment
results of about 922 students, wherein Blackboard was used
as the LMS tool. Their findings revealed that the at-risk
students could be best detected using formative assessments
and that learning performance predictions using the LMS
data were not very accurate.

A similar study was conducted by Gasevic et al. [6] on a
sample of LMS and with demographic data from 4134
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students from nine undergraduate courses. The results
showed that the inclusion of trace data from LMS to the
student demographic data improved the accuracy of
predicting students’ marks from 5% to 16%. A multiple
linear regression model was used to perform these tasks.
The authors also found a significant difference across the
courses in the association between the demographic data and
trace data, ranging from 2% to 70% variability depending on
the course.

Another study led by Amrieh, Hamtini and Alijarah [7]
collected the LMS data from Kalboard 360 along with the
demographic data and the academic background features.
The authors applied the filter-method using an information
gain-based selection algorithm for selecting features that are
most important to build students’ performance models. They
extracted records from 480 students and used Artificial
Neural Network (ANN), Naive Bayesian (NB), and
Decision tree (DT) for evaluating the student’s performance
and found ANN outperforms with 79.1% accuracy over the
other classifiers. The obtained predictive model was tested
using unlabeled newcomer students, and the achieved
accuracy was more than 80%.

Konda et al. [8] were interested in building an automatic
detection method to pinpoint the academically at-risk
students using the LMS data. The data of 202 students were
used for this study and well-known classifiers like logistic
regression, random forest, and support vector machine was
used to predict the GPA of the students. Of those tested, the
random forest classifier was the most promising regarding
stability, precision, and recall. When applied to the LMS
data, their model was able to detect 40% of the at-risk
students after three weeks of the course.

Quinn and Gray [9] investigated whether data derived
from LMS can be used to predict the academic performance
of the students in a blended learning environment. The data
were extracted from 607 students for 29 classes. Random
Forest, Gradient Boosting, k- Nearest Neighbors, and Linear
Discriminant Analysis algorithms were evaluated, and the
random forest was found to outperform all the other
classifiers with 92% accuracy. The authors were aiming for
early prediction and found that classifiers trained on the
week 10 dataset did significantly better than classifiers
trained on the week 6 dataset. The authors also suggested
that the prediction accuracy might improve by including
formative assessments along with the LMS data.

III. DATASETS

We conducted an exploratory research using student data
that was extracted from courses offered at one Australasian
university. These courses were delivered in a blended
learning environment, that is they included a combination of
e-learning and face-to-face learning [10]. Moodle has a
built-in feature that can track student activity [11].
Therefore, activity logs from Moodle, assignment grades,
and demographic data have been used for this study.

Table 1 describes the course information used in this
study. The reason for choosing this particular course was
due to its large student enrolments. Based on their predicted
score for their final exam, students were classified into two
groups: high-risk and low-risk. The gender of the student
was coded to a numerical value of 0 for ‘Male’, and 1 for
‘Female’. There were two assessments for this course.

Demographic data can be used as the only obtainable source
of information for a new student when neither their previous
results nor their activities are available in the LMS [12].

TABLEL: INFORMATION ABOUT THE COURSE

Class Size Number of Student Grade
Assessments | Distribution
Course
Name Male | Female High-risk Low-risk
Introduction | 39 73 2 52 60
to Finance

A. Moodle Action Logs

Fig 1 shows the various activities offered in the Moodle
platform. The Moodle logs recorded information about each
action that was performed by each individual student. Each
time a student viewed a specific activity or participated in a
particular activity, the information about that student and
their activity was captured (refer Table 2). The most
common activities that were logged pertained to quizzes,
forums, assignments, and folder searches. Student usage of
specific activities varied depending on the nature of each
course. Since we were interested only in students’ activities,
therefore only the student data were extracted from log files
for creating our dataset and activities logged by instructors
which is not required were removed.

Total frequency of Events for a particular course

£

Forum
Folder

Assignment

Event Name
s

g

Resources -
Page -
Dialogue I

0 1000 2000 3000 4000 5000
Count

Fig. 1. Frequency of Events (activities) for a course

B. Ethics approval

Before conducting any study, it is important that
researchers are aware of the ethical considerations and their
obligations. This study has met the ethical requirements and
has been approved by the Human Research Ethics
Committee at the host university.

C. Tools Used

The study was conducted using Python and the relevant
data processing and machine learning modules. Python has
emerged as a popular tool for scientific computing tasks,
which include the analysis and visualization of large
datasets that are generally utilized for machine learning
applications [13].
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TABLE 2 ACTIONS PERFORMED BY A STUDENT IN MOODLE

Log Action Description

URL viewed Number of URLs viewed by the student

Book viewed Number of books viewed by the student that are

assigned to them on Moodle

Total view of the source documents for a course
that is uploaded on Moodle

Resource viewed

Folders searched Folders of the course searched by the student

Quiz viewed Number of quizzes viewed by the student

Assignments viewed Number of assignments viewed by the student

Assignments uploaded | Number of assignments uploaded

Assignments submitted | Total number of assignments submitted by the

student

Quiz submitted Number of quizzes submitted by the student

Quiz reviewed Number of quizzes reviewed by the student

Forum created Number of forum posts created by the student

Forum viewed Number of forum posts viewed by the student

Forum searched Number of forum posts searched by the student

IV.  METHODOLOGY

The procedures for predicting the students’ academic
performance are shown in the Fig 2. Data in raw form are
generally not suitable for investigation, and particularly not
for predictive analysis. Hence, pre-processing of the data
was done first; this involved cleaning the data, filtering the
non-related data, and finally organizing the data to obtain
the finest mineable frame. Table 2 presents the set of log
action types used in this study for analyzing the students’
online behavior.

The classification technique we used for prediction is one
of the most widely used techniques in EDM. A training
dataset in which all attributes are known is used to build the
model. Then, a test dataset with unknown class attributes is
used to verify the model. To classify the students into ‘High
risk’ or ‘Low risk’, the following machine learning
algorithms will be used: Random Forest (RF), Naive Bayes
(NB), Logistic Regression (LR) and k-Nearest Neighbors
(kNN). These classifiers have shown good performance in
previous studies too [14] [15] [16]. The performance of the
classifiers was compared next using the hold-out method
where the order of occurrences of the training—test split is
maintained.

A. Model Evaluation Metrics

The model evaluation metrics were used to evaluate the
goodness of fit between the model and the data [17]. F1-
scores was used to evaluate the performance of the
classifiers and it is commonly used in binary classification
problems. F1-score is the hormonic mean of precision and
recall.

Fl-score =2 * (Precision * Recall) (1)

(Precision + Recall)

Precision belongs to the positive class and measures the
positive prediction class (TP/(TP+FP)). Recall measures the
number of correct predictions made from all positive
predictions (TP/(TP+FN)) where TP denotes TruePositive,
FP signifies FalsePositives and FN represents False
Negatives.

B. Feature selection

It is not uncommon for the machine learning (ML)
research to use all available features in a dataset without
calculating the predictive value of each feature. Such a
method might lead to overfitting and poor generalization
[18]. However, identifying the ideal or near-optimal feature
subset often results in better accuracies in ML. This can be
performed using feature extraction, which extracts features
from the raw dataset to train a model for machine learning
algorithms [19] and is a fundamental task in data-
preprocessing [7].

Data

D -

Pre-processing

Feature
selection

Datasets I

Predicting
the result

Fig. 2. Steps involved in prediction

vy
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Data
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Moreover, feature selection helps to reduce dimensionality,
and realizes the association among features and feature
values well [20]. The embedded method has been carried
out for selecting the ideal features for prediction where the
feature selection algorithm is integrated as part of the
learning algorithm [21]. The table below (Table 3) shows
the features selected using the feature selection method for
prediction.

Experiment 1: Predicting student performance without the
feature selection method.

Experiment 2: Predicting student performance using the
feature selection method.

TABLE 3 FEATURES SELECTED USING EMBEDDED METHOD

TABLE 4 PERFORMANCE OF VARIOUS CLASSIFIERS

Classifiers F1-score without | F1-score with FS
FS

Naive Bayes 69.7% 79.41%

Random Forest 72% 79.41%

Logistic 76.47% 85.29%
Regression

k-Nearest 71.2% 78.6%
Neighbors

Feature Name Description Importance
Assignment The assignment score of the | .1
student
Weekly quizzes Weekly quizzes score of the | .08
student
Assignment The number of times the student | .04
viewed has viewed the assignment

The number of times the student | .03
has viewed the quiz

Quiz viewed

Age Age of the student .03

Folder viewed The folder viewed by the student .026

Book viewed The number of books viewed by | .01

the student

V. RESULTS AND DISCUSSION

As mentioned previously, the hold-out method was used,
hence, the entire dataset was separated into training and
testing. Seventy percent of the dataset was used for the
training dataset to create the model to predict student
performance, and the remaining 30% was used as the testing
dataset to test the classification performance. The Logistic
Regression model achieved the maximum F1-score
compared to the other classifiers (Table 4). Hence, it was
used for the early prediction to detect the at-risk students as
soon as possible into the course.

A. Experiment 1

To achieve this, the entire dataset was divided into
weeks, and the data from weekl to week 16 were used for
the prediction analysis. Data was used in a cumulative
fashion for making predictions. For example, when making
predictions for week 2 the students’ data from week 1 were
taken into consideration as well. This process was used until
week 16. The two-assessment scores which happened on
week 5 and week 10 respectively were also included along
with the other data for prediction. The results of the
experiment are shown in Fig 3. By looking into the graph, it
can be seen that there is an improvement in Fl-score over
the weeks. But the F1-score was not continuously improving
over the weeks and there is no consistency in F1-score.

B.  Experiment 2

The same procedure as mentioned above were followed,
but the features with high prediction accuracy were selected
for the analysis to find out if there is any improvement in
prediction accuracy. The graph in Fig 3 shows an
improvement in accuracy compared to the previous method.
The maximum F1-score of above 83% were achieved on
week 11 and there was a steep growth in Fl-score
compared to the Experiment 1. As expected, selecting the
features using the feature selection method helps in
predicting the student’s final performance better compared
to the experiment 1.

Logistic Regression

09
-l Fi-score without FS
F1-score with FS
0.8
\\‘\\ /,r
L
0.5

Fig. 2. Logistic Regression performance with and without feature selection
method
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VI. CONCLUSION AND FUTURE SCOPE

Students interaction with an LMS results in generation
of large datasets which are valuable for conducting this type
of research. Many data mining techniques have proposed
ways to extract hidden knowledge from these datasets. The
extracted knowledge helps to improve the learning process
of the students which leads to enhancing the performance of
the students and the overall educational output. The current
study focuses on predicting students’ academic performance
using a classification method where four different
classifiers, namely RF, NB, LR, and k-NN. LR
outperformed the other classifiers; hence, it was used for
early prediction of students’ final performance.

Two experiments were conducted, one in which the
features were selected to give a high prediction accuracy
and the other in which all the features were selected. The
results showed that selecting the features using the feature
selection method has better discriminative power. This
illustrates feature selection is important to consider for
predictive modelling which is however is not followed in
most of the research study.

Future plans include evaluating the feasibility of the
developed model using live data and testing the model on a
larger sample size. Moreover, this study was limited in
scope to developing the model using data drawn from only
one course in one discipline. As an extension of the study
we are interested in developing a more generalized model
where multiple courses will be used to develop the model
which will then be tested with data from other similar
courses to evaluate the accuracy and scalability of the
model.
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ARTICLE INFO ABSTRACT

Keywords: Educational institutions need to formulate a well-established data-driven plan to get long-term value from their
Learning analytics learning analytics (LA) strategy. By tracking learners’ digital traces and measuring learners’ performance, in-
Generalizability stitutions can discern consequential learning trends via use of predictive models to enhance their instructional
Interpretability . . . . . . g

Feature extraction services. However, questions remain on how the proposed LA system is suitable, meaningful, and justifiable. In
Transparency this concept paper, we examine generalizability and transparency of the internals of predictive models, alongside

the ethical challenges in using learners’ data for building predictive capabilities. Model generalizability or
transferability is hindered by inadequate feature representation, small and imbalanced datasets, concept drift,
and contextually un-related domains. Additional challenges relate to trustworthiness and social acceptance of
these models since algorithmic-driven models are difficult to interpret by themselves. Further, ethical dilemmas
are faced in engaging with learners’ data while developing and deploying LA systems at an institutional level. We
propose methodologies for apprehending these challenges by establishing efforts for managing transferability
and transparency, and further assessing the ethical standing on justifiable use of the LA strategy. This study
showcases underlying relationships that exist between constructs pertaining to learners’ data and the predictive
model. We suggest the use of appropriate evaluation techniques and setting up research ethics protocols, since
without proper controls in place, the model outcome would not be portable, transferable, trustworthy, or ad-
missible as a responsible outcome. This concept paper has theoretical and practical implications for future in-
quiry in the burgeoning field of learning analytics.

Ethics protocol

1. Introduction digital footprint awareness to their educational institution. In other

words, the digital footprint reveals experiences concerning ‘“every

The educational landscape has evolved with online learning man-
agement systems (LMSs) having facilitated any-time, any-place, and
any-pace learning. Learners can interact with the different e-learning
activities embedded in their institutional LMS; however, in doing so,
they leave their digital traces or their digital footprints. Learner activ-
ities are captured via clickstream events associated with learners when
they browse course content, navigate between course modules, down-
load course material, participate over discussion forums, or upload/
submit assignments (e.g., uploading a file for assessment or submitting
an online quiz for marking). Learners’ clickstream data annotated with
the background LMS data are stored in log files [46, 50] that provide

article sound, image and information left, shared and clicked by the
person [or leaner] in the digital environment either consciously or un-
consciously” ([49], p.50).

Learning analytics (LA) is concerned with sense-making of learners’
digital footprints with the aim of understanding learner engagement
patterns, such as, how learners traverse course structures and access
course content at their own pace and time (e.g., How often do learners
watch a video uploaded on the LMS by the teacher? Or, how often do
they speed up, pause or rewind the video? [20]). By using such
bottom-up approaches, LA can assist in creating new insights for further
optimizing online learning experiences. LA employs educational data
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mining (EDM) methods (or reductionist techniques) for generating
actionable insights which enable optimization of learning experiences.
These methods consist of gathering clickstream data and combining
them with other available learner data in order to generate meaningful
features that describe learners’ unique properties. Some of the
commonly generated features include a number of learner logins into a
LMS, their quiz completion times, grade averages and deviations from
the cohort mean, number of course material downloads or the number of
forum posts created/viewed amongst others. Once a rich set of features
describing learners has been engineered on both current and past stu-
dents, machine learning algorithms can then be used to generate pre-
dictive models. Subsequent steps frequently involve applying human
judgement to the derived models so as to draw out insights which can
facilitate enhancements to existing instructional services, and also
inform institutions on future-oriented educational delivery strategies
[47].

The field of LA is growing and there is ample evidence supporting its
extensive applications in higher education [2,58]. However, many
challenges still exist in conducting learning analytics and in achieving
desired efficiencies. [50], p. 157] are of the view that “most institutions
may not be ready to exploit the variety of available datasets for learning
and teaching”, since building a universal predictive model from the log
files extracted from the LMS is not straightforward. The LMS data is
scattered at different hierarchal levels that may be difficult to corelate
[59]; moreover, the data have to be supplemented with additional data
retrieved from other sources (e.g., student admission system, past study
records). Once the combined data are pre-processed to a proper format,
a predictive model is developed by inputting training datasets (or what
is commonly referred to as seen data) to machine learning algorithms,
whose outputs are then re-applied to new target data points (or to the
unseen data in respect to the algorithm). Models which display high ac-
curacy on unseen data are deemed to have generalized, or successfully
transferred relevant knowledge from seen training datasets to the target
data. In practice however, the training data and target data could differ
in their composition and also the extent to which the target data rep-
resents the problem that is being posed which impacts the transferability
or generalizability of the model. Further, ensuring interpretability of the
model internals by providing explanations on the scope and rationale of
the algorithmic functions used to generate them, is crucial for social
acceptance of the models [52]. Watcher et al. suggest conveying
human-understandable non-technical explanations to the intended
learners on influences of specific features on the overall model
predictions.

Alongside these issues also exist the ethical issues related to data
privacy and data ownership. While institutions are privy to learners’
course-related data, they also have access to learners’ personal data (e.
g., ethnicity, age, gender, prior study details, etc.), all of which must be
used respectfully. The collection and usage of learner data by an insti-
tution has broader implications, such as, an increased power over the
learner by their institution, or learners receiving little information on
what data is being collected, or profiling learners based on race, socio-
economic status, ethnicity or gender, all of which raise moral questions
pertaining to intrusion on students’ rights and privacy [27, 40]; hence,
any data policy used for LA implementation must align with an in-
stitution’s core principles [39] before it can be used for developing any
form of institutional capability.

This section has briefly introduced some challenges commonly faced
by a learning analytics enterprise. In the following section, we present
four research questions that drive this study. Next we provide an over-
view of the state of science regarding current endeavors in establishing
LA systems; since concept papers are about “what do we do, where have
we come from, and what are the areas yet to be examined” rather than
covering extensive literature reviews ([19], p. 128). In developing
convincing arguments and providing theoretical explanations, concept
papers assimilate and combine selected pieces of literary and empirical
evidence to form a logical chain of argumentation [24]. This study
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examines published literature that articulate implementation issues
faced in LA, and in doing so, we direct the readers to key pieces of
published literature that provide a deeper coverage of the major issues
identified. Against this backdrop of previous studies and recent litera-
ture which explore general issues with the implementation of LA ini-
tiatives [31], we discuss operational challenges frequently encountered
in building predictive models with educational datasets across multiple
learner environments. Specifically, we discuss the generalizability,
model transparency (which covers model interpretability and the
explanation of predictions) as well as ethical concerns, and we suggest
guiding frameworks to address them. Accordingly, a model generaliz-
ability framework is presented. The tensions faced in maintaining ac-
curacy and effectiveness across low and high interpretability models are
examined, and trade-offs around model transparency are identified. We
further outline an institutional ethics protocol that can provide a regu-
latory structure for avoiding ongoing conflicts between having an
algorithmic-driven strategy and maintaining learner privacy in a LA
context. Finally, in the last section, we consolidate key points that
emerged from our discussion to answer the research questions that can
inform predictive model building activities for future analytics practice.

2. Research questions

While LA manifests as an innovative data-driven capability that can
personalize learning based on individual learner needs, researchers
need to evaluate the theoretical and methodological stance per-
taining to the conduct of their analytics strategy. Researchers
encounter non-trivial challenges at all stages of developing LA sys-
tems. These can be of a technical nature such as developing and
selecting relevant features for predictive modeling, as well as making
design choices about which type of predictive model to use given
positives and negatives associated with different types. The diffi-
culties can also be of a non-technical nature and concern how the
predictive models are used and how their usage is communicated to
the learners. This study therefore reflects on challenges associated
with the development and deployment of LA systems to enable
meaningful transformation of learners’ data into relevant features
that can lead to improved instructional services.

Following questions are posed.

1 What are the key challenges in effectively deploying LA systems?

2 What difficulties are still encountered in producing generalizable
predictive models?

3 What are the next frontiers in being able to extract more value from
predictive models, rather than just predictions?

4 Which ethical dilemmas still remain in the deployment and oper-
ationalization of LA systems?

3. Current studies on learning analytics

Learning analytics is envisioned by educational institutions as a
powerful force that can lead to more personalized learner experiences. It
is considered as a way to “track individual student engagement,
attainment and progression in near-real time, flagging any potential
issues to tutors or support staff” ([42], p. 6.). With the use of predictive
models built from historical student datasets, many educational in-
stitutions have implemented strategies to boost student retention rates,
maintain quality assurance practices, reveal key determinants for aca-
demic achievement, bring about self-regulated learning (by predicting
individual learning needs) and enhance learners’ experience [56]. But
when a disconnect emerges between training datasets and target (live)
data, the utility of the predictive models can be degraded [45]. Gener-
alizability (or transferability) of the derived model [6] is constrained
when the training and target data are extracted from different distri-
butions that exhibit different learner scenarios. Researchers from
educational fields, such as the EDM and LA community, are thus to some
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degree restricted to the use of data belonging to similar courses when
predicting students’ performances.

In one study, the authors [9] built a universal predictive model from
different MOOC (Massive Online Open Course) offerings. Data from
three most recently finished MOOC course offerings, and also data from
the initial weeks of an on-going course were used for building the pre-
dictive model. Using naive algorithm and importance sampling ap-
proaches, they concluded that machine learning techniques should
consider model performance on successive offerings of the same courses.
The authors concluded that transferability can be improved when
important sampling-based approach parameters are tuned by formu-
lating a moving window size on longitudinal variables.

Successful transferability can take place in multiple ways, such as the
reuse of some or all of the training data sets, or features extracted from
those datasets. The transfer can also consist of reusing some model-
specific settings extracted from a trained model to iteratively evaluate
classifications in the target domain [23]. Hunt et al. put forward the
transfer learning method for predicting students’ graduation rates in
undergraduate programmes. TrAdaBoost, an extended AdaBoost algo-
rithm, was used to examine the effectiveness. That is instead of assuming
all the training dataset (comprising a set of academic and demographic
features of students belonging to different departments) came from the
same distribution, the authors conducted two separate experiments each
time using specific data for training. In the first experiment, the training
set comprised all students apart from those studying engineering, while
in the second one, the training set comprised all students that were
suspended or on academic warnings. The experimental results showed
that TrAdaBoost improved the accuracy of predictive models and
recorded smallest error in both cases. Generally, TrAdaBoost helps
improve the accuracy of predictive models by using the target set as a
guide to select related data from the source set. However, when the
target sample size is too small to be representative, TrAdaBoost does not
improve performance because its selective process will be biased by the
target samples and causes over-fitting to the target set. Moreover, when
there is a variance in data distribution between training and target data,
the predictive capability is compromised.

Lépez-Zambrano, Lara, and Romero [32] proposed generic methods
to check the feasibility of predictive models by grouping similar courses
by degree or by similar level of usage of activities provided by LMS logs.
Experimental results from a well-known classification algorithm
(namely J48 from the Weka [55] software) showed that it is feasible to
directly generate accurate models with an acceptable accuracy; how-
ever, the limitation is that the obtained models might result in low ac-
curacy values with other courses that use different activities or actions
compared to the course used for training. In such situations, the log files
of the unseen data would show different events and then models efficacy
would become compromised. [6]

Baesens, Ravi, Marsden, Vanthienen, and Zhao [5] add that deep
analytic techniques (e.g., neural networks, support vector machines,
ensemble methods) for building predictive capabilities rely on infor-
mation (data) and trust, in which trust has not been given proper
attention. Trustworthiness of any data-driven algorithmic decision relies
on data quality and on fitness of data used that in turn inform specific
learner features (e.g., number of forum posts or number of quiz at-
tempts) on which the predictive capabilities are built. Researchers must
have proper domain knowledge of the complex implementations of the
underlying LMS and understanding of data characteristics in the digital
footprint trail. This in turn will inform the internal design and improve
predictability; and, position the LA enterprise in better providing
human-understandable counterfactual explanations on the significance
of any learner-related feature that has been considered by the model to
impact the learners’ performance [52]. With simple explanations, in-
stitutions can send the message across that they do not consider their
learners as passive recipients. Explanations provide new grounds for
conducting meaningful exchanges leading to ongoing interactions that
further builds more trust in the operationalised predictive model.
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“Building trust is essential to increase social acceptance of algorithmic
decision-making” (p. 4); however, explaining the rationale and func-
tionality of the algorithms that together computationally process the
raw data with different rule-sets to provide predictor values is not an
easy task. To appreciate the reductionist power of analytics and make
sense of the predictor variables, learners must be able to comprehend
how the predictions align with their digital footprint; therefore, inter-
pretability of the models at a high level by its intended audience is
crucial.

Rubel and Jones [40] raise further questions regarding the conflict-
ing positions between student privacy and learning analytics. While they
recognize the benefits of LA, they caution on usage of other forms of
student personal data, such as the students’ socioeconomic status, their
demographic profile, academic history, or their financial aid package.
Classifying data categories statistically based on socioeconomic status,
race, or gender without proper thought could perpetuate “old preju-
dices” and “have a stifling effect on individuals and society” ([51]; p.
254). Proper controls that allow for differential access based on the
merits of the purpose of data usage in learning analytics should be
formed. That is, collecting learner information based upon their reli-
gious observances or politics amongst others would be impermissible
under these controls; however, information based on learning patterns
so as to nudge students for enhancing their learning outcomes would be
endorsed. Tene and Polonetsky suggest disclosure statements be made
by institutions on their usage of individual data that has been harvested
in log files, but without disclosing the internal logic of their proprietary
algorithms (which constitute their trade secrets). Further, some mean-
ingful explanations should be offered on algorithmic interpretability so
as to increase societal acceptance and build trust in the automated de-
cisions from the predictive models [52].

This section has discussed some of the recent research works on LA
and highlighted both the opportunities and limitations. In particular, we
have emphasized on the generalizability, transparency of predictive
models and ethical challenges faced as predictions are tailored across
diverse course offerings and learner groups. Next, we propose some key
points to address these issues.

4. Challenges in learning analytics

This section provides more perspectives to the challenges that have
been identified in learning analytics literature. Concept papers, in
particular, do not have data; rather their focus is on integration of
domain concepts to offer propositions that can serve as a bridge between
validation and usefulness [19, 53]. We highlight generalizability, model
transparency and ethical domain challenges as some of the key areas
from literature. Model generalizability refers to transfer learning issues
with regard to the relevance of patterns extracted from the training
datasets for use on new data. Educational institutions are accountable
for ensuring that the model’s predictive abilities are reliable, besides
also holding a social responsibility of explaining the significance of
model’s predictions to their intended audience (or to their current
learners), referred to as the model interpretability domain or explain-
able artificial intelligence. Moreover, the ethical domain related to the
proper collection and usage of learner-related data is an important
consideration for the LA enterprise. We discuss these challenges in more
detail in the following three subsections.

4.1. Generalizability challenges

The intent of learning analytics is to uncover underlying relationship
between predictors (e.g., assessment grades, participation via forum
posts) and possible outcomes (e.g., final grades, course engagement
level). A machine learning algorithm aids in computationally exploring
data patterns in historic datasets and inferring rule-sets that can map
predictor variables with outcomes being modelled. The result of this
inductive process is a predictive model that can then be deployed to
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make predictions on live data. However, achieving high predictive ac-
curacies on real-world application data using these inductive methods is
one of the key challenges. The failure of predictive models to generalize
may happen for numerous reasons, and these will differ in respect to the
unique challenges with which each application domain is associated.
Machine learning challenges that are most relevant to the LA domain are
“the curse of dimensionality” )t concept drift and class-imbalance ([41].
Moreover, the non-deterministic nature of the LA domain adds to the
complexities around making accurate predictions about human
behavior. While the dynamic nature of educational contexts can also
compromise the predictive power induced from historic (training) data
when applied to live (target) datasets. We observe this in dynamic en-
vironments when the training data used for deriving a predictive model
ceases to correlate with the live data onto which the predictive model is
being applied. In dynamic contexts such as LA, the underlying data may
change frequently thus rendering the trained models using historic data,
inaccurate. An example of this are models which have been developed
for predicting learner outcomes for specific courses with strong de-
pendencies on features representing different assessments. As the
courses and the assessments evolve, or where the assessment syllabus
and evaluation styles have changed, the historic training data risks
losing relevance on the current live data. Such course-specific and highly
tailored features are more powerful, but they have the potential to
decrease the generalizability of the predictive models when their usage
changes in subsequent deliveries [9, 16] .

Poor model generalization may also occur if the size of the training
sample is not large enough for the machine learning algorithm to
effectively create decision boundaries. In this instance high-
dimensionality data are the culprit owing to the fact that it is
tempting to exceed the number of features used in modeling in pro-
portion to the size of the training datasets. Machine learning algorithms
always uncover patterns. Many however are phantom patterns and do
not correlate with reality. The more features an algorithm has access to,
the higher the proclivity to discover meaningless patterns and overfit the
model to irrelevant idiosyncrasies of the underlying dataset.

In the LA context, access to datasets used for machine learning may
be limited to a few courses due to privacy and legal constraints in
different jurisdictions, as well as to policies requiring opt-in consents
from learners. Consequently, this may result in training datasets that are
insufficient in size and therefore more prone to the negative effects
arising from high-dimensionality data. More diverse and representative
samples are critical for the field of LA research [16]. With small-sized
datasets, the resulting models are even more likely to overfit by
capturing residual noise rather than provide useful patterns. Alterna-
tively, a model may underfit and thereby be unable to learn a complex
decision boundary when the data volume is not rich enough to support
this sufficiently. In either of the above scenarios, the accuracy obtained
with the given training data may not match that of the models that have
been deployed into a production environment, thereby limiting the
usefulness of the derived models. Suggested ways to solve these issues
are to make use of more general features, eliminating redundant or
less-discriminatory features, incorporating more recent data points
(while omitting some older data) and reducing the complexity of the
models [11, 35]

It is well accepted within the machine learning community [12, 33]
that the quality of features is more important than the choice of algo-
rithms, or even the size of the training datasets. It has already been
discussed that as courses evolve, often handcrafted features developed
for an earlier course delivery may not express correlations with an
ongoing course. Or they may not even exist in a subsequent course
delivery.

! The curse of dimensionality is a phrase coined by Bellman [7], that refers to
high-dimensional data, which in a LA context refers to learners’ data that has a
very large number of features or attributes describing each student. .
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The problem of generalization is considerable. But this is further
confounded by the phenomenon of concept drift. Concept drift refers to
what happens to a predictive model over time as the training data and
the current real-life data become disconnected. For example, prior to
2000s, virtual learning environments in LA were rare. These days, they
are ubiquitous. This shift in technology also represents a gradual shift in
the manner that students have come to learn and generate their digital
footprints — and this shift continues today. The consequence is that using
historic educational data that reaches too far back in time risks pro-
ducing models which are not relevant for making decisions about cur-
rent cohorts of students. However, using too little of the historic data for
training also risks producing models that overfit. A difficult challenge
arises in this domain where frequent concept drift needs to be accounted
for and detected. How this can be accomplished, is still an active area of
research [33].

In addition to the above, educational datasets tend to also be highly
class-imbalanced. Class-imbalanced dataset domains possess an unequal
representation in the number of samples for the different dependent
variables. Classes with proportionally much fewer samples than the
larger classes tend to experience a degradation in accuracy due to the
fact that machine learning algorithms generally focus more on majority
classes. As a result, predictive models may behave differently in terms of
generalizability on majority and minority classes [44]. For instance, if
the training dataset consists of very few students labelled as at-risk
students (or students facing learning challenges), then there is an
increased chance of misclassification in detecting these students on live
data streams. The overall accuracy would likely be biased towards stu-
dents not at-risk. The proposed solutions to handle class imbalances are
pre-processing the dataset in order to construct a more balanced training
dataset. This may be done by under sampling, over sampling or synthetic
sampling methods [14]. Under sampling implies removing samples from
the majority class (i.e., the not at-risk students) to balance with the
minority class (i.e., the at-risk students); over sampling involves creating
copies of the existing minority class samples (i.e., the at-risk students) to
match the majority class (i.e., the not at-risk students); while synthetic
sampling involves increasing the minority class with synthetic samples
using feature space similarity. While strategies for mitigating class im-
balances exist, it is not always clear which strategy should be used for a
particular dataset and the overall challenge of machine learning on this
type of data is also an active area of research with many open questions
[26].

Another concern raised by [18] is that currently predictive models
are very focused on transferring knowledge from the source domain
(training dataset) to a target domain (live data) irrespective of whether
these domains are related; thus potentially resulting in low generaliz-
ability. For example, consider an example of two sets of undergraduate
students enrolled in a university. In this scenario, one set comprises
final-year undergraduate students while the second set comprises
first-year undergraduate students who have just entered tertiary study.
These two sets represent different domains. The domains are obviously
related (i.e., both belong to tertiary education), but their activity log
files (extracted from the LMS) are likely to represent different learning
patterns. The first-year undergraduates will interact with different ac-
tivities within LMSs in a specific pattern due to having no previous
experience with them. This will differ to the navigation patterns of the
final year students who are more experienced. Moreover, the final year
student cohort would have more background knowledge of their chosen
area of study, hence their approach towards using online study resources
would differ. These two domains are different and deriving a universal
model between them could result in poor generalizability, or negative
knowledge transfer. Fig. 1 below outlines these generalizability chal-
lenges as identified from literature.

The above challenges are highly relevant for the LA domain in
respect to machine learning and generalizability. More broadly how-
ever, generalizability of machine learning models in the context of Big
Data are also complicated by the presence of noisy data and the necessity
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to learn with unreliable or contradicting data. This can also be com-
pounded by the need to use sub-optimal algorithms due to the fact that
the training data may be too large and cannot be processed and held
entirely in a processing machine’s working memory, which many al-
gorithms require. These, as well as further challenges are reviewed in
[28] and [57].

4.2. Model transparency (Interpretability and explainability) challenges

The rapid proliferation of predictive models into areas where pre-
viously human decision making was exclusive, has highlighted the need
to be able to interrogate the mechanisms behind the models that drive
their decisions. The goal is to ultimately generate glass-box models
which provide transparency to the human-in-the-loop. There are a
number of reasons why this is becoming important. Trust in black-box
models is generally low, and trust in these systems can be forged
through higher transparency. It is important to be able to verify the
inner mechanics of the outputs of these algorithms in order to ensure
that they are robust, reliable, and fair. Increasingly legal requirements
are beginning to mandate that the predictive models account for their
decisions and that the reasoning behind any automated decisions be
clearly articulated to those affected by them. In addition, [52] point out
the importance of those affected to have the ability to contest adverse
decisions made by automated systems, and interestingly, to also have
the ability to understand what would need to change in order to receive
a desired result in the future, based on the current decision-making
model.

The high interest in seeking new approaches to better understand the
predictive modeling in real-life contexts such as education, has given
rise to relatively new research fields such as Interpretable Machine
Learning and Explainable Artificial Intelligence (XAI). The main goals of
research in these spaces revolves around how global model interpretability
and model prediction explainability can be achieved. Helpful literature
surveys on these topics have emerged recently [1, 4, 13], together with
some examples of some early work that is specific for the LA domain [3,
36]

Technically, global model interpretability deals with the challenge of
making sense of the internals of a predictive model once a model has
been trained by a machine learning algorithm. While global model
interpretability highlights the behavior of the entire model at an abstract
level, model prediction explainability on the other hand relates to the
ability of a model to explain how it has arrived at a given prediction for a
specific student. Model interpretability enables an institution to commu-
nicate to all students how a predictive model works using broad
brushstrokes. Model prediction explainability enables an institution to
respond to a specific student query about how and why they might have
been identified as an at-risk student given this student’s unique data.

Some algorithms produce models whose internals are in the form of
decision trees or rule-sets which are highly interpretable at a global
level. With these algorithms, it is easy to see the decision points and
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threshold values for various features. However, higher accuracies are
usually attained by algorithms that produce black-box models. Difficult
trade-offs need to be made since some degree of accuracy or model
interpretability will be sacrificed when choosing an algorithm. Howev-
er, new suites of tools are emerging which are able to expose the internal
logic of opaque models and induce them with adequate global inter-
pretability, often through visualisations. Various approaches can be
used such as generating proxy or surrogate models which approximate
the underlying black-box model and generate interpretable models like
decision trees (Trepan; [10]), rule-sets (BETA; [29]) or linear models
(LIME; [37]). Apart from standard feature importance plots, more
effective insights about the inner workings of models can be gleaned
using tools that generate Partial Dependence Plots (PDP; [15]), which
show how each feature affects the model’s predictions across a range of
values. While Individual Conditional Expectation (ICE; [21]) plots
extend the PDPs with the ability to display the mean predicted outcomes
for a range of values of a selected feature, meanwhile holding the values
of other feature values constant. The challenge remains of matching the
suitable tool for the particular educational dataset at-hand and per-
forming extensive experimentation in order to identify the right tool.

In respect to explainability of predictions, global models with a high
degree of interpretability can usually explain their individual decisions
by highlighting the path through the decision tree that a single data
point traverses, or in the case of rule-sets, listing the selected rules which
were triggered by given predicates being met. In the instance of k-
Nearest Neighbour models, k number of most similar students to the
target student can be returned for inspection and comparison.

With opaque algorithms, once again additional tools are required in
order to explain the model’s reasoning. Recently, Shapley Additive Ex-
planations (SHAP; [34]) have gained popularity in their effectiveness to
visually explain the drivers of a model’s decision-making process. An-
chors [38] have also been recently developed as a tool that imparts a
high degree of explainability. Anchors extend LIME by creating proxy
models which are able to approximate non-linear functions and output a
most succinct decision rule that "anchors" the prediction for a given data
point for a given precision requirement. This means that rule anchors a
prediction (the prediction will not change) with a given decision rule
even if values change in other feature values, thus highlighting the key
features for a given student. Using an opposite approach, counterfac-
tuals [52] search out the smallest required change to a student’s values
which would result in a change of prediction. A counterfactual expla-
nation in a case of a student, offers insights in terms of a minimum shift
in key features that would need to take place in order to achieve a
different outcome to what is currently predicted.

In summary, achieving full transparency and interpretability of
operationalised predictive models in educational settings is challenging
for a number of reasons already outlined, and presents delicate trade-
offs that need to be made (refer Fig. 2). It can be tempting to use ma-
chine learning models that come with a high degree of intrinsic inter-
pretability, but they produce less accurate models. The reverse is true
with black-box algorithms. However, the trade-off is that additional
tools need to be used in order to unpack both the internals of the models
at an abstract level, as well as a suite of tools that provide explanations at
an individual level of each student. The second scenario places addi-
tional burdens on educational providers to have larger and more skilled
teams of data scientists who are able to work with a wide range of tools.

4.3. Ethical challenges

There is considerable evidence that confirms the value of learning
analytics in the enhancement of institutional teaching environments.
However, many institutions worldwide are still at early stages in their
adoption of LA and in their practice of using data-informed approaches
for improving instructional services and supporting learners [43], as
they deal with associated ethical challenges. From an ethical standpoint,
the field of learning analytics sits in contrast with other big data

54



A. Mathrani et al.

e High predictive accuracy
e Harder to generate generalizable

Computers and Education Open 2 (2021) 100060

High -
models Low & o Lower predictive accuracy
e Explanations do not exactly match e Easier to generate model
models but often rely on proxy Model Interpretability e Explanations exactly match models

models

e High technical requirements for
model maintenance and generating

—_modetexptatmabftty

e Lower technical requirements for
model maintenance

Fig. 2. Trade-offs between Low and High Model Transparency.

analytics (e.g., marketing analytics), since the digital footprints used are
directly linked with individual students who can be identified via unique
identifiers [40]. This raises questions about what constitutes acceptable
or ethical analytics activities; that is, to what degree should the learners
be informed about the details of how their data is used and whether
explicit consent should be sought. Moreover, taking actions on auto-
mated predictions or recommendations from predictive models in-
troduces levels of uncertainty, as future possibilities are conceived based
upon their alignment with historic data. Institutions that use LA must
confront lack of predictive certitude in deciding the effectiveness of
predictive outcomes. Therefore, when flagging particular students, such
as those who may be facing learning difficulties with intent to provide
them with appropriate pedagogical interventions, they must provide
learners with explanations on why such interventions are being
actioned.

Interventions could comprise automated notifications that can nudge
students by recommending relevant learning resources or by making
some other provision in the form of personalized human assistance to
help students overcome their learning difficulties [56]. Even though the
intent of flagging students is to improve their learning environment, the
fact remains that LA can also be considered to be a form of surveillance
[25]. This tension between surveillance concerns and getting the true
value out of LA has made it difficult to devise concrete ethical guide-
lines. Having said this, all scholarly research studies must follow high
ethical standards. This involves conducting a proper ethical scrutiny by
the concerned institution and by the analytics team to ensure appropriate
protocols have been used in data collection and analysis. The word
appropriate in the context of educational dataset for LA implies that
institutional codes of conduct should cover elements of informed con-
sent, privacy and de-identification, clearly state the scope and motive of
learner data tracking, define the boundaries on data usage and have
measures to prevent unauthorised access and disclosure of learner data
[48]. However, getting ‘informed consent’ for participation would not
be possible from past students (whose data has been used for training the
model), or be feasible in covering large scale LA projects [27]; therefore,
LA should be considered as “development or improvement of techno-
logical resources within an ethical framework™ (p. 2862). Kitto and
Knight further caution ethics committees, asking them to acknowledge
the diversity across applied research disciplines from traditional edu-
cation research, adding that “informed consent” may not always be
possible within LA projects. Hence, we suggest definition of an institu-
tional research ethics protocol that lays out detailed guidelines with
respect to their technology deployment strategy that recognizes the
purpose of the learner-generated data before leveraging any benefits
from learning analytics.

Fortunately, the digital age has broadened everyone’s perspective on
how digital footprints left on online public platforms can be leveraged
by online agencies (e.g., advertising and marketing agencies). Online
data traces can be linked to our persona such as to our social media
profile, physical appearance, current location and to other personal in-
terests, which can then be assessed by commercial agencies for their
competitive advantage. Learners too are somewhat aware that they
leave their digital footprints when interacting with the institutional LMS
over the course of their study. However, if an institution intends to use

learners’ digital footprints for LA, they hold the responsibility of
conveying their intention explicitly to the enrolled learners [48]. That is,
they must reiterate to the learners that their online interactions are
being recorded in the log files of a LMS; further, that the data from the
user generated log files may be used by their institution for analytics.
Therefore, as a first step, the research protocol should account for
managing regulatory practices to ensure that learner privacy and
confidentiality are not compromised when LA approaches are deployed
for institutional advantage. In other words, institutions must acknowl-
edge to all enrolled students that their digital footprints (captured via
online interactions on LMSs) would serve as proxy data for analyzing
their online behaviors. The proxy data would be mined and subse-
quently analyzed for gathering insights on learner behaviors that would
in turn be used for improving overall instructional services. These ser-
vices include creating models on user behavior, user experience, user
profiles, trend analysis or for modeling various learner knowledge do-
mains [8]. The benefits and limitations of these services must be
explicitly stated in simple and non-technical language for ease in
comprehension by the learners.

Moreover, in the case where historical learner datasets are to be used
for developing instructional services, the provision of ‘informed consent’
from students no longer holds since these students are not currently
enrolled at the institution. Therefore, institutions must ensure proper
research protocols are followed to preserve the privacy and confidenti-
ality of their past learner cohorts. First and foremost, instead of using
actual unique student identifiers that can identify past students, the
institution should follow a proper data management plan, such as to
apply pseudonymization. Pseudonymization differs from anonymization
where the “data subject is not or no longer identifiable”, since here the
specific data subject cannot be identified without the use of “additional
information” [17, 54]. The Article 4(5) adds that “such additional in-
formation is kept separately and is subject to technical and organiza-
tional measures to ensure that the personal data are not attributed to an
identified or identifiable natural person”. In the context of LA imple-
mentation, pseudonymization techniques would imply replacing the
real identifier of each student with another unique identifier that in no
way can be connected to the actual student. Further, this procedure must
be conducted in a fool-proof manner by institutionally approved data
custodians to protect the re-identification of learners in compliance with
Article 25. Hash algorithms (e.g., SHA-256) can be used to convert the
unique student identifier into a fixed-length unique value that is used
instead. The data stewards are therefore responsible that all personal
identifiable information (e.g., name, address, and contact information)
are removed and stored separately before using the pseudonymized data
for model development. In this manner, the training data used for model
development cannot be linked to any particular individual.

The key actionable output of LA systems are interventions. Since the
aim is to essentially develop early warning systems that identify students
who are at risk of underperformance or discontinuation, and to subse-
quently activate appropriate interventions in order to avoid these
probable outcomes, clear understanding of what constitutes effective
interventions must be known. However, the existing research into effi-
cacy of various intervention types based on outputs of predictive models
is unclear [30]. Further research needs to be conducted into effective
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strategies for segmenting different learner types into groups which
represent distinctive profiles, which ultimately have different needs and
responsiveness to various types of intervention strategies. The instruc-
tional services henceforth produced from education data mining tech-
niques will further inform on subsequent intervention strategies.
Evidence-based strategies would relate to how current students who
have been flagged as being at-risk or those facing learning difficulties are
to be supported by tutoring staff in overcoming their learning chal-
lenges. However, there is danger of oversimplifying the intervention
support strategy as an outcome of the model. We advise caution in
simply setting up any intervention strategy and suggest that institutions
consider multiple socio-pedagogical approaches for assisting students in
overcoming their learning difficulties. Rubel and Jones [40] state that
intervention strategies must stay clear of the student’s personal choices
that are central to their conception of well-being or social tolerance (e.
g., religion or politics). Instead, the strategies should be via tailoring of
teaching practice or via interventions such as allocating relevant course
resources conducive to improving student learning. Fig. 3 gives an
overview of the ethical process that has just been described.

Meanwhile, more stringent legislation around data privacy like
GDPR, require high levels of openness about operationalized analytics
systems, and particularly the ability to explain to affected learners how
certain automated decisions were formed, together with a list of all the
contributing factors. While not all internals of a predictive model need to
be explainable, there does however need to exist a mechanism that re-
traces prediction outputs for learners on-demand [22]. This is both a
technical (Wachter et al., 2017) and a capability challenge which rep-
resents an ethical dilemma if predictive models are rushed into
deployment without the ability to satisfy these requirements.

Finally, LA is a burgeoning field, and there is a dearth of educational
datasets for the emergent researcher community to practice and hone
their EDM skills. Another ethical concern faced by educational in-
stitutions is related to the sharing of student data with third parties in
the current global environment [40]. Educational institutions are legally
bound in ensuring privacy of student data thereby limiting
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reproducibility and replication studies in learning sciences. The advent
of MOOCs run by global providers (e.g., Coursera, edX, FutureLearn)
offer another view of the emerging learning environments; although
sharing of the learner data here too is restricted by strict privacy regu-
lations [16]. Recognizing these restrictions, wherein full anonymity of
each individual has to be maintained, many MOOC providers (e.g.,
HarvardX, Coursera) have released limited non-identifiable data via
MORF (MOOC Replication Framework), a platform that allows re-
searchers to deposit anonymized data (e.g., assessment details, grades,
time stamps of student interactions, demographic information), that can
be used by researchers in controlled environments while maintaining
full privacy of student data. Further, researchers adhere to a global level
ethics instrument that has been in place by the MOOC provider for
responsible use of the anonymized data.

5. Conclusions, limitations and future directions

This paper has provided a much-needed perspective on the chal-
lenges encountered in deploying LA systems. Literature-based evidence
in response to the first research question — What are the key challenges
in effectively deploying LA systems? — has identified three challenges,
namely, transferability or generalizability, model transparency, and
ethical challenges. The LA movement espouses the premise that
computational exploration of learners’ historical data could lead to
relevant feature extraction and the development of predictive models
that can profile currently enrolled students based on their learning
needs. This can be further leveraged by the educational institution in
facilitating intervention strategies for supporting learner communities
in overcoming their learning difficulties. While it is tempting to have a
general model solution that can be used across multiple courses and
learner cohorts, in practice this is rather difficult to deliver. Moreover,
model transparency concerns too need to be addressed for relevance,
robustness, fairness, and social acceptance. Finally, the use of educa-
tional datasets has additional ethical concerns, such as responsible use of
learners’ data so that individual learner’s privacy and confidentiality are

Institutionally Approved Ethics Protocol
(Data Management Plan, Informed Consent, Data Custodians)

A\ 4

\4

Historical Learner Dataset

(Digital footprints of past students) (Digital footprints of current students)

Current Learner Dataset

Pseudonymized Dataset

A

A 4

Reductionist Techniques for Model Development
(Prediction, Clustering & Classification Models)

Instructional Services
(e.g., User Profiles, User Experience, Trend Analysis)

Fig. 3. Research Ethics Protocol.
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not compromised.

Discussions pertaining to the second research question — What dif-
ficulties are still encountered in producing generalizable predictive
models? - have revealed generalizability challenges associated with the
dynamic nature of the domain, feature engineering and selection, small
dataset sizes, unbalanced datasets, and concept drift amongst others
(refer Section 4.1). For accurate transfer learning to take place by the
prescribed models, educational institutions must first consider the con-
straints both in the use of learners’ digital footprints and also the
learning context. Exploratory analyses to acquire a basic understanding
of the data and the learning context must precede any machine learning
algorithmic analyses. Learning situations evolve with new course syl-
labus, changes to assessment structures, different learner cohorts and
with diverse pedagogical approaches used by different tutoring staff.
These lead to challenges in extracting relevant features that require
much analysis and careful selection. However, a strong predictor in one
learning scenario may become a weak predictor in another learning
scenario. Therefore, we recommend re-evaluating the model design
after regular intervals, such as after each successive course offering.
Predictive models are driven by hindsight or historical data; it is crucial
to ensure that the historical (or training) data aligns well with the target
data to avoid generalization degradations brought on by concept drift.
The analytics task is not a one-off task that concludes once a model is
developed, rather it is an iterative empirical process of trial and error.

The third question — What are the next frontiers in being able to
extract more value from predictive models, rather than just predictions?
— has revealed gaps related to model transparency by the intended
audience (refer Section 4.2). Algorithmic decisions as a consequence of
predictive models are not easily interpretable. Hence, to achieve trans-
parency, institutions must convey human-understandable explanations
of the logic behind the internals of machine learning algorithms to their
learners. In other words, simply informing a student about some algo-
rithmic predictor value (e.g., AUC) as a measure of their learning
behavior is by no means adequate; rather, both the high-level model
behavior and the explanations of specific predictions must be made
available in simple layman terms for non-technical people (i.e., to the
currently enrolled students in this case). We have provided an overview
of some strategies for explaining the model’s reasoning by way of
counterfactuals, proxy models and visuals (e.g., decision trees, feature
importance plots, individual conditional expectation, etc.) as the next
frontiers in extracting more value, rather than merely stating
predictions.

The fourth question — Which ethical dilemmas still remain in the
deployment and operationalisation of LA systems? - has further
divulged ethical predicaments in the usage of learners’ digital footprints
being harvested within the institutional learning management platform.
We acknowledge the crucial role learning analytics can play in trans-
forming educational delivery with better flow of customized instruc-
tional services; however, we caution institutions on preserving the
privacy and confidentiality of their learners. For any research to be
recognized as a scholarly research outcome, all concerns related to its
ethical conduct must be addressed first. However, we find that the
ethical perspective in the deployment and operationalisation of LA
systems is not explicitly stated in literature. We advise the use of an
institutional research ethics protocol that clearly outlines the institu-
tional strategy. Most importantly, disclosure statements on the use of
learner data must be explicitly communicated to current learners, while
historical data used for advancement/refinement of the model must be
pseudonymized and all additional data that can lead to re-identification
kept safe with authorized data custodians. The created model(s) is
proprietary to the concerned institution; hence it is not required that
institutions disclose their technical practices (e.g., ensemble of algo-
rithms used).

This concept paper takes a problem-centered approach with the main
purpose of “developing logical and complete arguments for associations
rather than testing them empirically” ([19], p. 127); hence, no
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experimental design or empirical data has been provided. Further, it
does not cover analytic technicalities, such as choosing the right ma-
chine learning algorithm or tuning of the machine learning algorithms.
Concept papers are meant to provide a tightly focused literature over-
view, since their objective is to put forth a bridge between validation
and usefulness of constructs within some identified domain. Gilson and
Goldberg advise the use of figures to clearly depict authors’ views on
how these constructs are related. Figs. 1, 2 and 3 showcase constructs for
establishing and managing data-driven approaches related to the
generalizability, model transparency, and ethical domains. While
tracking and measuring learner performance can make education pro-
viders more aware of their instructional services, we encourage policy
makers and institutional authorities to consider these constructs and
question themselves on how their analytics approach is suitable,
meaningful, and justifiable.

Declaration of Competing Interest

We have no affiliation with any organization with a direct or indirect
financial interest in the subject matter discussed in the manuscript

References

[1] Adadi A, Berrada M. Peeking Inside the Black-Box: a Survey on Explainable
Artificial Intelligence (XAI). IEEE Access 2018;6:52138-60. https://doi.org/
10.1109/ACCESS.2018.2870052.

[2] Aldowah H, Al-Samarraie H, Fauzy WM. Educational data mining and learning
analytics for 21st century higher education: a review and synthesis. Telematics Inf
2019;37:13-49. https://doi.org/10.1016/j.tele.2019.01.007.

[3] Alonso JM, Casalino G. Explainable artificial intelligence for human-centric data
analysis in virtual learning environments. 6-7 June 2019. Novedrate, Italy: Paper
presented at the International Workshop on Higher Education Learning
Methodologies and Technologies Online; 2019.

[4] Angelov PP, Soares EA, Jiang R, Arnold NI, Atkinson PM. Explainable artificial
intelligence: an analytical review. WIREs Data Mining Knowl Discov 2021;11(5):
€1424. https://doi.org/10.1002/widm.1424.

[5] Baesens B, Ravi B, Marsden JR, Vanthienen J, Zhao JL. Transformational issues of
big data and analytics in networked business. MIS Q 2016;40(4):807-18. https://
doi.org/10.25300/MISQ/2016/40:4.03.

[6] Baker RS. Challenges for the Future of Educational Data Mining: the Baker learning
analytics prizes. Journal of Educational Data Mining 2019;11(1b):1-17. https://
doi.org/10.5281/zenodo.3554745.

[7] Bellman R. Adaptive control processes: a guided tour. princeton legacy library.
Princeton, NJ: Princeton University Press; 1961.

[8] Bienkowski MA, Feng M, Means B. Enhancing teaching and learning through
educational data mining and learning analytics: an issue brief. Center for
technology in learning. Washington, DC: U.S.: SRI International; 2012 (ED-04-CO-
0040, https://tech.ed.gov/wp-content/uploads/2014/03/edm-la-brief.pdf, Task
0010).

[9] Boyer, S., & Veeramachaneni, K. (2015, 2015//). Transfer learning for predictive
models in massive open online courses. Paper presented at the Artificial
Intelligence in Education, Cham.

[10] Craven M, Shavlik J. Extracting Tree-Structured Representations of Trained
Networks. Adv Neural Inf Process Syst 1996;8:24030. https://proceedings.neurips.
cc/paper/1995/file/45f31d16b1058d586fc3be7207b58053-Paper.pdf.

[11] Ding, M., Wang, Y., Hemberg, E., & O’Reilly, U. (2019). Transfer Learning using
Representation Learning in Massive Open Online Courses. Paper presented at the
9th International Conference on Learning Analytics & Knowledge, Madrid, Spain.
https://doi.org/10.1145/3303772.3303794.

[12] Domingos P. A few useful things to know about machine learning. Commun ACM
2012;55(10):78-87. https://doi.org/10.1145/2347736.2347755.

[13] Dosilovic FK, Br j M, Hlupic N. Explainable artificial intelligence: a survey. In: The
41st International Convention on Information and Communication Technology,
Electronics and Microelectronics. MIPRO; 2018. p. 0210-5.

[14] Elrahman SMA, Abraham A. A Review of Class Imbalance Problem. Journal of
Network and Innovative Computing 2013;1:332-40. https://www.mirlabs.net/
jnic/secured/Volumel-Issuel/Paper31/JNIC_Paper31.pdf.

[15] Friedman JH. Greedy function approximation: a gradient boosting machine. Ann.
Statist. 2001;29(5):1189-232. https://doi.org/10.1214/a0s/1013203451.

[16] Gardner J, Brooks C, Andres JM, Baker RS. MORF: a Framework for Predictive
Modeling and Replication At Scale With Privacy-Restricted MOOC Data. Paper
presented at. In: the 2018 IEEE International Conference on Big Data. Big Data;
2018. https://doi.org/10.1109/BigData.2018.8621874.

[17] GDPR. Regulation (EU) 2016/679 of the european parliament and of the council of
27 april 2016 on the protection of natural persons with regard to the processing of
personal data and on the free movement of such data, and repealing directive 95/
46/EC (No. 02016R0679 - EN - 04.05.2016 - 000.002). Portal of the Publications
Office of the EU; 2016. Retrieved from http://data.europa.eu/eli/reg/2016/679/
2016-05-04 Retrieved from http://data.europa.eu/eli/reg/2016/679/2016-05-04.

57


https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1016/j.tele.2019.01.007
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0003
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0003
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0003
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0003
https://doi.org/10.1002/widm.1424
https://doi.org/10.25300/MISQ/2016/40:4.03
https://doi.org/10.25300/MISQ/2016/40:4.03
https://doi.org/10.5281/zenodo.3554745
https://doi.org/10.5281/zenodo.3554745
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0007
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0007
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0008
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0008
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0008
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0008
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0008
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0010
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0010
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0010
https://doi.org/10.1145/2347736.2347755
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0013
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0013
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0013
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0014
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0014
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0014
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1109/BigData.2018.8621874
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0017

A. Mathrani et al.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[371

[38]

Ge L, Gao J, Ngo H, Li K, Zhang A. On handling negative transfer and imbalanced
distributions in multiple source transfer learning. Statistical Analysis and Data
Mining: The ASA Data Science Journal 2014;7(4):254-71. https://doi.org/
10.1002/sam.11217.

Gilson LL, Goldberg CB. Editors’ Comment: so, What Is a Conceptual Paper? Group
& Organization Management 2015;40(2):127-30. https://doi.org/10.1177/
1059601115576425.

Ginda M, Richey MC, Cousino M, Borner K. Visualizing learner engagement,
performance, and trajectories to evaluate and optimize online course design. PLoS
ONE 2019;14(5):e0215964. https://doi.org/10.1371/journal.pone.0215964.
Goldstein A, Kapelner A, Bleich J, Pitkin E. Peeking Inside the Black Box:
visualizing Statistical Learning With Plots of Individual Conditional Expectation.
J Comput Graph Statist 2015;24(1):44-65. https://doi.org/10.1080/
10618600.2014.907095.

Holzinger A, Biemann C, Pattichis CS, Kell DB. What do we need to build
explainable Al systems for the medical domain? ArXiv preprint 2017. https://arxiv.
org/abs/1712.09923, (https://arxiv.org/abs/1712.09923).

Hunt XJ, Kabul IK, Silva J. Transfer learning for education data. 13-17 August
2017. Halifax, NS, Canada: KDD Workshop; 2017. Paper presented at the, http:
//ml4ed.cc/attachments/HuntTransfer.pdf.

Jaakkola E. Designing conceptual articles: four approaches. AMS Review 2020;10
(1):18-26. https://doi.org/10.1007/513162-020-00161-0.

Jones, K., & Salo, D. (2017). Learning analytics and the academic library:
professional ethics commitments at a crossroads (No. id 2955779). Rochester, NY.
Retrieved from https://ssrn.com/abstract=2955779 Retrieved from https://ssrn.
com/abstract=2955779.

Kaur H, Pannu HS, Malhi AK. A Systematic Review on Imbalanced Data Challenges
in Machine Learning: applications and Solutions. ACM Comput Surv 2019;52(4):
79. https://doi.org/10.1145/3343440. Article.

Kitto K, Knight S. Practical ethics for building learning analytics. British Journal of
Educational Technology 2019;50(6):2855-70. https://doi.org/10.1111/
bjet.12868.

L'Heureux A, Grolinger K, ElYamany HF, Capretz MAM. Machine Learning With
Big Data: challenges and Approaches. IEEE Access 2017;5:7776-97. https://doi.
org/10.1109/ACCESS.2017.2696365.

Lakkaraju H, Kamar E, Caruana R, leskovec J. Interpretable & Explorable
Approximations of Black Box Models. ArXiv_preprint 2017. https://arxiv.
org/abs/1707.01154.

Larrabee S¢nderlund A, Hughes E, Smith J. The efficacy of learning analytics
interventions in higher education: a systematic review. British Journal of
Educational Technology 2019;50(5):2594-618. https://doi.org/10.1111/
bjet.12720.

Leitner P, Ebner M, Ebner M. Learning Analytics Challenges to Overcome in Higher
Education Institutions. In: Ifenthaler D, Mah D-K, Yau JY-K, editors. Utilizing
learning analytics to support study success. Cham: Springer International
Publishing; 2019. p. 91-104. https://doi.org/10.1007/978-3-319-64792-0_6.
https://doi.org/10.1007/978-3-319-64792-0_6.

Lopez-Zambrano J, Lara JA, Romero C. Towards Portability of Models for
Predicting Students’ Final Performance in University Courses Starting from Moodle
Logs. Appl Sci 2020;10(1):354. https://doi.org/10.3390/app10010354.

Lu J, Liu A, Dong F, Gu F, Gama J, Zhang G. Learning under Concept Drift: a
Review. IEEE Trans Knowl Data Eng 2018;31(12):2346-63. https://doi.org/
10.1109/TKDE.2018.2876857.

Lundberg S, Lee SI. A unified approach to interpreting model predictions. ArXiv
preprint 2017. https://arxiv.org/pdf/1705.07874.pdf, (https://arxiv.org/pdf/
1705.07874.pdf).

Moubayed A, Injadat M, Nassif AB, Lutfiyya H, Shami A. E-Learning: challenges
and Research Opportunities Using Machine Learning & Data Analytics. IEEE Access
2018;6:39117-38. https://doi.org/10.1109/ACCESS.2018.2851790.

Putnam V, Conati C. Exploring the need for explainable artificial intelligence (XAI)
in intelligent tutoring systems (ITS). IUI Workshops; 2019. Paper presented at the.
Ribeiro, M.T., Singh, S., & Guestrin, C. (2016). "Why Should I Trust You?":
explaining the Predictions of Any Classifier. Paper presented at the Proceedings of
the 22nd ACM SIGKDD International Conference on Knowledge Discovery and
Data Mining, San Francisco, California, USA. https://doi.org/10.1145/
2939672.2939778.

Ribeiro, M.T., Singh, S., & Guestrin, C. (2018). Anchors: high-Precision Model-
Agnostic Explanations. Proceedings of the AAAI Conference on Artificial

[39]

[40]

[41]

[42]

[43]

[44]

[45]
[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

Computers and Education Open 2 (2021) 100060

Intelligence, 32(1) Retrieved from https://ojs.aaai.org/index.php/AAAl/article/
view/11491.

Romero C, Ventura S. Educational data mining and learning analytics: an updated
survey. WIREs Data Mining and Knowledge Discovery 2020;10(3):e1355. https://
doi.org/10.1002/widm.1355.

Rubel A, Jones KML. Student privacy in learning analytics: an information ethics
perspective. Inf Soc 2016;32(2):143-59. https://doi.org/10.1080/
01972243.2016.1130502.

Sagi O, Rokach L. Ensemble learning: a survey. WIREs Data Mining Knowl Discov
2018;8(4):e1249. https://doi.org/10.1002/widm.1249.

Sclater N, Mullan JS. Learning analytics and student success — assessing the
evidence. JISC 2017. Retrieved 5/01/2021 Retrieved from https://repository.jisc.
ac.uk/id/eprint/6560 from https://repository.jisc.ac.uk/id/eprint/6560.

Sclater N, Peasgood A, Mullan JS. Learning analytics in higher education: a review
of UK and international practice. VOCEDplus 2016. Retrieved from www.jisc.ac.
uk/reports/learning-analytics-in-higher-education, 39. www.jisc.ac.uk/reports/
learning-analytics-in-higher-education.

Seah CW, Ong YS, Tsang IW. Combating negative transfer from predictive
distribution differences. IEEE Trans Cybern 2013;43:1153-65. https://doi.org/
10.1109/TSMCB.2012.2225102.

Shimodaira H. Improving predictive inference under covariate shift by weighting
the log-likelihood function. J Stat Plan Inference 2000:227-44.

Siemens G. Learning Analytics: the Emergence of a Discipline. Am Behav Sci 2013;
57(10):1380-400. https://doi.org/10.1177/0002764213498851.

Siemens G, Baker RSJd. Learning analytics and educational data mining: towards
communication and collaboration. Paper presented at the. In: Proceedings of the
2nd International Conference on Learning Analytics and Knowledge. British
Columbia, Canada: Vancouver; 2012. https://doi.org/10.1145/2330601.2330661.
Slade S, Prinsloo P. Learning Analytics: ethical Issues and Dilemmas. Am Behav Sci
2013;57(10):1510-29. https://doi.org/10.1177/0002764213479366.

Surmelioglu Y, Seferoglu SS. An examination of digital footprint awareness and
digital experiences of higher education students. World J Educ Technol 2019;11
(1):48-64. https://eric.ed.gov/?id=EJ1205431.

Tempelaar DT, Rienties B, Giesbers B. In search for the most informative data for
feedback generation: learning analytics in a data-rich context. Comput Human
Behav 2015;47:157-67. https://doi.org/10.1016/j.chb.2014.05.038.

Tene O, Polonetsky J. Big data for all: privacy and user control in the age of
analytics. Northwestern J Technol Intellectual Property 2013;11(5):239-73.
https://scholarlycommons.law.northwestern.edu/njtip/vol11/iss5/1.

Wachter S, Mittelstadt B, Russell C. Counterfactual explanations without opening
the black box: automated decisions and the GDPR. Harv J Law Technol 2018;31(2):
841-87. https://doi.org/10.2139/ssrn.3063289. https://ssrn.com/
abstract=3063289 or https://doi.org/.

Weick KE. Theory Construction as Disciplined Imagination. Acad Manag Rev 1989;
14(4):516-31. https://doi.org/10.2307/258556.

Wes M. Looking to comply with GDPR? Here’s a primer on anonymization and
pseudonymization. The Privacy Advisor 2017. Retrieved from https://iapp.org/
news/a/looking-to-comply-with-gdpr-heres-a-primer-on-anonymization-and-
pseudonymization/.

Witten IH, Frank E, Trigg L, Hall M, Holmes G, Cunningham SJ. Weka: practical
machine learning tools and techniques with java implementations (No. working
paper 99/11). Hamilton, New Zealand: University of Waikato, Department of
Computer Science. Retrieved from; 1999. https://hdl.handle.net/10289,/1040
Retrieved from https://hdl.handle.net/10289/1040.

Wong B, Li K, Choi SPM. Trends in learning analytics practices: a review of higher
education institutions. Interact. Technol. Smart Educ. 2018;15:132-54. https://
doi.org/10.1108/ITSE-12-2017-0065.

Zhou L, Pan S, Wang J, Vasilakos AV. Machine learning on big data: opportunities
and challenges. Neurocomputing 2017;237:350-61. https://doi.org/10.1016/j.
neucom.2017.01.026.

Ramaswami, G., Susnjak, T., Mathrani, A., Lim, J., & Garcia, P. (2019). Using
educational data mining techniques to increase the prediction accuracy of student
academic performance. Information and Learning Sciences, 120(7/8), 451-467.
https://doi.org/10.1108/1LS-03-2019-0017.

Umer, R., Mathrani, A., Susnjak, T., & Lim, S. (2019, 30, March - 1 April 2019).
Mining Activity Log Data to Predict Student’s Outcome in a Course. Paper presented at
the International Conference of Big Data and Education, London, UK. https://doi.
org/10.1145/3322134.3322140.

58


https://doi.org/10.1002/sam.11217
https://doi.org/10.1002/sam.11217
https://doi.org/10.1177/1059601115576425
https://doi.org/10.1177/1059601115576425
https://doi.org/10.1371/journal.pone.0215964
https://doi.org/10.1080/10618600.2014.907095
https://doi.org/10.1080/10618600.2014.907095
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0022
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0022
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0022
http://ml4ed.cc/attachments/HuntTransfer.pdf
http://ml4ed.cc/attachments/HuntTransfer.pdf
https://doi.org/10.1007/s13162-020-00161-0
https://doi.org/10.1145/3343440
https://doi.org/10.1111/bjet.12868
https://doi.org/10.1111/bjet.12868
https://doi.org/10.1109/ACCESS.2017.2696365
https://doi.org/10.1109/ACCESS.2017.2696365
https://arxiv.org/abs/1707.01154
https://arxiv.org/abs/1707.01154
https://doi.org/10.1111/bjet.12720
https://doi.org/10.1111/bjet.12720
https://doi.org/10.1007/978-3-319-64792-0_6
https://doi.org/10.3390/app10010354
https://doi.org/10.1109/TKDE.2018.2876857
https://doi.org/10.1109/TKDE.2018.2876857
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0034
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0034
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0034
https://doi.org/10.1109/ACCESS.2018.2851790
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0036
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0036
https://doi.org/10.1002/widm.1355
https://doi.org/10.1002/widm.1355
https://doi.org/10.1080/01972243.2016.1130502
https://doi.org/10.1080/01972243.2016.1130502
https://doi.org/10.1002/widm.1249
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0042
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0042
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0042
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0043
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0043
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0043
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0043
https://doi.org/10.1109/TSMCB.2012.2225102
https://doi.org/10.1109/TSMCB.2012.2225102
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0045
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0045
https://doi.org/10.1177/0002764213498851
https://doi.org/10.1145/2330601.2330661
https://doi.org/10.1177/0002764213479366
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0049
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0049
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0049
https://doi.org/10.1016/j.chb.2014.05.038
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0051
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0051
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0051
https://doi.org/10.2139/ssrn.3063289
https://doi.org/10.2307/258556
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0054
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0054
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0054
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0054
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0055
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0055
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0055
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0055
http://refhub.elsevier.com/S2666-5573(21)00031-8/sbref0055
https://doi.org/10.1108/ITSE-12-2017-0065
https://doi.org/10.1108/ITSE-12-2017-0065
https://doi.org/10.1016/j.neucom.2017.01.026
https://doi.org/10.1016/j.neucom.2017.01.026
https://doi.org/10.1108/ILS-03-2019-0017
https://doi.org/10.1145/3322134.3322140
https://doi.org/10.1145/3322134.3322140

Chapter 5

On Developing Generic Models for

Predicting Student Outcomes in Educational
Data Mining

59



The contents of this chapter are from the following article. In accordance with the
Multidisciplinary Digital Publishing Institute (MDPI) open access policy, any full text that
has been included, is the unmodified accepted article.

@2022 MDPI. Reprinted, with permission, from: 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. https://doi.org/10.3390/
bdcc6010006.

The MDPI open access policy, permits the use, sharing, adaptation, distribution, and
reproduction in any medium or format as long as appropriate credit goes to the authors.
MDPI does not endorse any of Massey University’s products or services. Internal or personal
use of this material is permitted. If interested in reprinting/republishing MDPI copyrighted
material for advertising or promotional purposes or for creating new collective works for
resale or redistribution, please go to: https://www.mdpi.com/authors/rights copyright to learn

how to obtain a license from the correct link.

60



DRC 16

i2% MASSEY  GRADUATE
UNIVERSITY RESEARCH

U TE KUNENGA KI PUREHUROA
SCHOOL
UNIVERSITY OF NEW ZEALAND

STATEMENT OF CONTRIBUTION
DOCTORATE WITH PUBLICATIONS/MANUSCRIPTS

We, the candidate and the candidate’s Primary Supervisor, certify that all co-authors have consented to
their work being included in the thesis and they have accepted the candidate’s contribution as indicated
below in the Statement of Originality.

Name of candidate: Gomathy Suganya Ramaswami

Name/title of Primary Supervisor: Dr. Teo Susnjak

In which chapter is the manuscript /published work: Chapter 5

Please select one of the following three options:

@ The manuscript/published work is published or in press

e  Please provide the full reference of the Research Output:

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

O The manuscript is currently under review for publication — please indicate:

¢ The name of the journal:

e The percentage of the manuscript/published work that
was contributed by the candidate:

e  Describe the contribution that the candidate has made to the manuscript/published work:

O It is intended that the manuscript will be published, but it has not yet been submitted to a journal

Candidate’s Signature: S::::::fami E-;ﬁ;v;zgw:d;y;g::ymu
Date: 07-Nov-2022

Primary Supervisor’s Signature: Teo Susnjak ?i%%’;;gﬂﬁﬁaﬁy1§f;0?1g‘"ﬁk
Date: 7-Nov-2022

This form should appear at the end of each thesis chapter/section/appendix submitted as a manuscript/
publication or collected as an appendix at the end of the thesis.

GRS Version 5—13 December 2019
DRC 19/08/10

61



big data and

&

cognitive computing

Article

On Developing Generic Models for Predicting Student
Outcomes in Educational Data Mining

Gomathy Ramaswami **, Teo Susnjak

check for
updates

Citation: Ramaswami, G.; Susnjak, T.;
Mathrani, A. On Developing Generic
Models for Predicting Student
Outcomes in Educational Data
Mining. Big Data Cogn. Comput. 2022,
6, 6. https://doi.org/10.3390/
bdcc6010006

Academic Editor: Min Chen

Received: 23 November 2021
Accepted: 30 December 2021
Published: 7 January 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Anuradha Mathrani

School of Mathematical and Computational Sciences, Massey University, Auckland 0632, New Zealand;
T.Susnjak@massey.ac.nz (T.S.); A.S.Mathrani@massey.ac.nz (A.M.)
* Correspondence: g.ramaswami@massey.ac.nz

Abstract: Poor academic performance of students is a concern in the educational sector, especially
if it leads to students being unable to meet minimum course requirements. However, with timely
prediction of students” performance, educators can detect at-risk students, thereby enabling early
interventions for supporting these students in overcoming their learning difficulties. However, the
majority of studies have taken the approach of developing individual models that target a single
course while developing prediction models. These models are tailored to specific attributes of each
course amongst a very diverse set of possibilities. While this approach can yield accurate models in
some instances, this strategy is associated with limitations. In many cases, overfitting can take place
when course data is small or when new courses are devised. Additionally, maintaining a large suite
of models per course is a significant overhead. This issue can be tackled by developing a generic
and course-agnostic predictive model that captures more abstract patterns and is able to operate
across all courses, irrespective of their differences. This study demonstrates how a generic predictive
model can be developed that identifies at-risk students across a wide variety of courses. Experiments
were conducted using a range of algorithms, with the generic model producing an effective accuracy.
The findings showed that the CatBoost algorithm performed the best on our dataset across the
F-measure, ROC (receiver operating characteristic) curve and AUC scores; therefore, it is an excellent
candidate algorithm for providing solutions on this domain given its capabilities to seamlessly handle
categorical and missing data, which is frequently a feature in educational datasets.

Keywords: machine learning; early prediction; CatBoost; at-risk students; educational data mining

1. Introduction

In today’s competitive world, higher education (HE) institutions need to deliver
efficient and quality education to retain their students. The extensive blending of digital
technologies into HE teaching and learning environments has resulted in large amounts
of student data that can provide a longer-term picture of student learning behaviours. To
understand and assist student learning, HE providers are implementing learning analytics
(LA) systems; these systems provide data-driven insights about students to assist educators
in determining their overall academic progression. This technology is particularly being
leveraged to predict at-risk students and identify their learning problems at early stages,
with the purpose of initiating timely interventions and tailoring education [1-3] to each
student’s level of need.

LA approaches typically rely on educational data collected from various learning
activities provided via online learning platforms, such as learning management systems
(LMSs) [4]. LMSs are web-based learning systems that offer a virtual platform for facilitating
teaching and learning, such as providing students with online course content, tracking
student interactions, enabling peer communication over online forums, delivering course
assessments to students, or releasing assessment grades [5]. Various stakeholders have
different objectives for using an LMS. For instance, Romero and Ventura [6] suggest that
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students use an LMS to personalise their learning, such as review specific material or
engage in relevant discussions as they prepare for their exams. Meanwhile, teachers rely
on an LMS to deliver their course content and manage teaching resources in a relatively
simple and uniform manner [7] without worrying about pace, place or space constraints.
Irrespective of how an LMS is used, user interaction with the system generates significant
and detailed digital footprints that can be mined using LA tools.

The most widely used open source LMS is Moodle (i.e., Modular Object-Oriented
Dynamic Learning Environment). It facilitates instructors to create online lessons that can
be used in any of the three delivery modes: face-to-face, entirely online, or blended [5].
Moodle is mostly used as a communication platform for educators to communicate with
students, as well as to publish course materials and grade student assignments. Students
can therefore benefit from Moodle by having more interactions with their instructor and
their peers, as they engage with the course content. Every activity performed in Moodle is
captured in a database or system log, which can then be analysed to examine underlying
student learning behaviours via LA approaches. A deeper investigation may be conducted
if any indicators pertaining to at-risk students are identified [7]. A modelling process
translates these indicators (extracted from training data) into predictive insights, which can
be used on new data (or test data) to gauge student online behaviours. Teachers can then
support at-risk students in overcoming their learning difficulties [8].

Most of the research into predicting student performance and identifying at-risk
students has focused on developing tailor-made models for different courses. There are
multiple problems with this approach, such as the issue of scalability and overhead in
developing, optimising and maintaining custom models for each course within the HE
provider’s vast array of course offerings. This approach brings to the fore both human
resource and technical expenses. Even if these challenges can be overcome, course-specific
models are likely to perform poorly across numerous courses due to data insufficiency,
resulting in overfitting. This is a tendency for courses that may have small cohorts, or for
courses that have been newly set up and thus do not have historic data from which patterns
can be learned through machine learning.

An alternative approach is to develop generic predictive models that operate across all
of the disparate courses, though only a few works have attempted this strategy to date [9].
This is a technically more challenging approach due to the fact that more experimental
rigour is required in the feature engineering phase, whereby more generic and abstract
features that describe students’ learning patterns need to be devised in a way that they are
course-agnostic. The present study focuses on building a generic (or portable) model using
a machine learning algorithm to generate a classifier for predicting student final outcomes.

Therefore, the motivation of this study is to demonstrate how a generic, course-
agnostic predictive model can be developed that has strong portability attributes and can
thus be effective at predicting students’ final outcomes across disparate courses. Further-
more, this research demonstrates how an effective model can be built using a variety of
student attributes that range from demographic to those that capture students” academic
performances. We perform numerous experiments by developing models at different time
frames (two, four, six and eight weeks into a course) to examine how early in the course an
effective prediction can be made. Our experiments involve multiple algorithms, and we
note the CatBoost algorithm as being the most effective on our dataset.

Against this backdrop, the rest of the paper is organised as follows. The next section
reviews existing studies on LA, with emphasis on the various machine learning techniques
used to predict students” academic performance. Next, the datasets used in this study are
described, followed by our proposed algorithmic approach. The results are then presented,
findings are discussed, and conclusions are made thereafter.

2. Review of Related Studies

Prediction of student academic performance has drawn considerable attention in the
educational field. For instance, predicting whether a student will pass or fail a course, and
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then notifying the instructor about the at-risk student, can enable the instructor to intervene
and provide the student with learning pathways to improve their performance [10]. Several
studies have reported success in predicting student academic performance using various
educational data mining techniques. This review covers related works on prediction using
a generic (or course-agnostic) model and early prediction techniques within the scope of
the study.

2.1. Related Study Exploring Prediction Using Generalised Model

Chen and Cui [11] applied a deep learning approach—long short-term memory (LSTM)
networks—to analyse student online behaviours for early prediction of course performance
using the students” LMS data. The prediction performance of the LSTM networks approach
was compared against eight conventional machine learning classifiers and AUC was used
as the evaluation metric. The model generalisability was evaluated using the data derived
from semester 1 and semester 2. The results showed that test AUC scores for semester
1 were around 0.75, which was higher than those obtained for semester 2, as the training
data was also from the course in semester 1.

The motivation of Zambrano et al. [9] was to study the portability of student perfor-
mance where the knowledge extracted from a specific course can be applied directly to
a different course from the same degree and with similar levels of LMS usage. Using J48
decision trees, the authors created a predictive model based on 24 courses to classify the
students into a pass or fail category. The model achieved an AUC loss value of 0.09 and
0.28 when using the courses to the same degree, and an AUC loss range from 0.22 to 0.25 for
courses with similar levels of Moodle usage.

LMS data and in-between assessment grades were used in another study [7] to predict
student performance. Multiple linear regression was used to induce predictive models at
the end of the course and evaluate the efficacy of the available features within LMS. To
assess whether the data could offer an intervention during a course, linear and logistic
regression was applied to the features at the end of each week of the course. The results
showed the LMS usage data to be a weak predictor here unless other assessment data were
also included, which ultimately improved predictions.

In another study by Nakayama et al. [12], the performance of students in a blended
learning course was predicted based on their note-taking activities and their individual
characteristics, which were measured via student surveys. The possibility of predicting
performance in final exams was evaluated by using the features of the contents of notes
taken by students throughout the course and overall participant characteristics. The results
showed that features of note-taking activities play a major role in predicting the final
exam scores.

Gasevic et al. [13] built different logistic regression models for nine undergraduate
courses to predict student performance (pass or fail). They used LMS logs and student
information from the institutional student information system to build one model that
would cover all the courses, as well as one model per course. The authors computed the area
under the ROC (receiving operating characteristic) curve (AUC) values. The generalised
model for all the courses showed an acceptable accuracy (0.5 < AUC < 0.7). However, the
models specifically built for a particular course achieved excellent (0.8 < AUC < 0.9) or
outstanding (AUC > 0.9) performances.

2.2. Related Study Exploring Early Prediction of Student Performance

The main reason to predict student performance is to identify the at-risk students,
intervening and customising learning strategies in time to support them in achieving better
results; however, most earlier studies have focused on predicting students’ final course
results once all the student course data was gathered, which would leave no time for such
interventions. Upon recognising this issue, more researchers have recently attempted to
predict student outcomes earlier in their course of study. For instance, Gonzdlez et al. [14]
tried to identify struggling learners at early stages of the course. They used LMS data to
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predict student performance at set points along the way, when 10%, 25%, 33% and 50%
of the course had been completed. Different classification algorithms, namely Decision
Tree (DT), Naive Bayes (NB), Logistic Regression (LR), Multilayer Perceptron (MLP), and
Support Vector Machine (SVM), were used to evaluate the prediction accuracy. MLP
achieved the best performance on this dataset, with 80% accuracy when 10% of the course
had been delivered and 90% accuracy when half of the course had been completed.

A solution proposed by Queiroga et al. [14] used students’ interaction with their virtual
learning environment to identify at-risk students as early as possible. Classic DT, MLP, LR,
random forest (RF), and the meta-algorithm AdaBoost (ADA) were used. The proposed
approach utilised genetic algorithms (GA) to tune the hyperparameters of the classifiers,
and the results were compared with the traditional method without hyperparameter
optimisation. The prediction model was run every two weeks for a 50-week duration
course. The results showed that the highest AUC score was achieved using the GA during
the initial period. There was a considerable decrease in performance from week 30 due to
the increase in the number of input attributes.

A study by Zhao et al. [15] used Moodle data to predict student performance in the first
quarter of a semester. They used the fuzzy rule-based classification method (FRBCS) and a
modified FRBCS to predict the learning outcomes of students. The results showed that the
modified FRBCS method provided higher stability and better performance compared to
the unmodified FRBCS method.

A study made by Ramaswami et al. [16] tried to estimate the earliest possible time
within a course at which reliable identification of students at risk could be made. The
input data were a combination of LMS, demographics and assignment grades. Four
different classifier algorithms were tested: NB, RF, LR and k-Nearest Neighbours (kNN).
Two experiments were conducted, one using all the features and the other using features
selected for their high prediction accuracy. LR produced the best accuracy of 83% in week
11, and the authors noted that it is better to apply feature selection approaches rather than
select all features for making predictions due to overfitting.

Howard et al. [17] attempted to determine the ideal time to apply an early warning
system in a course. LMS data along with student grades and their demographic information
were used as input data for the prediction model. After testing multiple predictive models,
the Bayesian additive regressive trees (BART) model yielded the best results with a mean
absolute error (MAE) of 6.5% as early as week 6, precisely midway through the course.
This point in the course is sufficiently early so that remedial measures can be taken by the
teacher, as required.

To sum up, various models have been proposed by researchers and a variety of
different machine learning approaches have been used to mine educational data for student
performance prediction. Moreover, some excellent results have been achieved using an
assortment of different methods, with no one method outshining all other methods (refer
to Table 1), unsurprisingly in line with the “No Free Lunch” theorem [18]. In general, a
recent systematic literature review [10] into predicting student performance has found that
reported accuracies range widely and are influenced by many factors, with the bulk of the
studies appearing to achieve predictive accuracies between ~70% to ~90%.
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Table 1. Machine learning algorithms applied in educational environments.

Authors Prediction Goal Evaluation Measures Methods Compared Best Performers
Prediction Using Generalised Model
[11] Binary classification AUC LSTM LSTM
[9] Binary classification AUC, AUC loss DT Proposed method
[7] Binary classification Accuracy Linear and logistic regression Proposed method
[12] Course grades R-squares and prediction error Support vector regression Proposed method
[13] Binary classification AUC LR Proposed method
Early Prediction of Students” Performance
. cp DT, NB, LR, MLP neural
[19] Binary classification AUC, F-measures network, and SVM MLP
[14] Multiclass classification AUC DT, RF, MLP, LR, ADA, GA GA
[15] Binary classification F-measures FRBCS and modified FRBCS modified FRBCS
[16] Binary classification F-measures, accuracy kNN, RF, NB, and LR LR
. RF, BART, PCR, KNN, NN,
[17] Final grades MAE and SVM BART
3. Datasets

The data used in this exploratory research was extracted from courses offered at an
Australasian HE institution in a blended learning environment. Tayebinik and Puteh [20]
have defined blended learning as a fusion of traditional face-to-face and online learning,
where instructional delivery happens across both traditional and online courses, such
that the online component becomes a natural extension of traditional learning. Data
from various semesters were included in building the prediction model. The purpose
of considering courses of different durations was to make sure our models could handle
courses of different lengths and attributes. Single course-specific predictive models are
commonly able to provide better performance when they have sufficient historic data, but
they are not easily scalable to port to other courses. Data from the LMS (Moodle) action
logs, the Student Management System (SMS) and the Enrolment Management System
(EMS) were used for the study. These are described next.

3.1. Action Logs from Moodle

Moodle’s built-in features track student activities in each course [21]. The courses
comprise online modules pertaining to subject readings (provided via book resources,
URL links or web pages), assessments (in the form of assignments or quizzes) and forum
discussions. For the purposes of this study, the log data directly related to student activities
were extracted from Moodle, while instructor data were excluded.

Each event record in the log signifies various actions (started, viewed, created, up-
dated, etc.) performed by students on Moodle; data related to eight types of learning
activities were collected. Table 2 shows the percentage of various activities logged by
course. It should be noted that the usage of these activities varies across courses, and not
all activities may be relevant for every course.

For instance, quiz activities do not form part of many courses, such as for Internet Pro-
gramming or Application Software Development courses, amongst a few others; therefore,
log data are not available for them (see Table 2). Numerical representations were calculated
for each course module.

3.2. Enrolment Management System

The usage of the LMS and therefore the amount of logged data is scarcer in earlier
parts of a course, which can be expected to lead to a lower predictive accuracy at initial
stages of a course. Hence, demographic information and pre-academic data, such as age,
gender, citizenship and entrance requirements, from the EMS were also utilised to augment
the total dataset.
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Table 2. Information about the courses and corresponding log attributes.
Course Size .Gr'ade . Logged Activities in %
Distribution
Number of
Course Name Semester N
Male Female Assessments High - Low Forum  Quiz Folder Assign Resource Book URL Page
a Risk Risk 8 8
Introduction to 1 39 73 3 65 47 30 341 98 89 14 86 37 16
mance
Introduction to 2 51 73 3 67 57 27 313 1238 6.9 11 126 46 25
finance
Computer
Applications 1 67 48 4 94 21 421 - 11 24 211 7 09 29
and the
Information Age
Computer
Applications 3 21 12 4 20 13 435 - 0.8 239 21 5 09 29
and the
Information Age
Fundamentals
of Information 1 78 15 3 68 25 34.2 - - 23.1 17.4 49 166 31
Technology
Fundamentals
of Information 2 75 4 6 71 46 35.8 - - 222 16.6 58 172 15
Technology
Application
Software 1 87 10 6 58 39 234 - - 347 343 - 75 -
Development
Internet 2 61 5 4 37 29 33.7 - 03 17 37.1 - 73 42
Programming
System Analysis 2 68 25 4 65 28 33.1 7 41 8.4 212 165 66  0.09
and Modelling

3.3. Student Management System

The SMS provided assessment data consisting of in-between assignment grades,
quizzes, final exams and total course marks. Some of the assessments were online and
logged in the Moodle LMS, while other assessments were offline and handed in on paper
or via other systems.

4. Method

Before the students” data could be accessed for conducting any form of analysis, ethics
approval was required. An ethics application was submitted to the Human Research Ethics
Committee at the host HE institution, and subsequently, approval to proceed was attained.

Once the data were obtained, a design decision was made to use a derivative of the
final course mark for each student as the target (or dependent) variable for prediction. The
final course mark is based on weighted averages of the marks that students received from
the online assignments and the final examination.

Student support services at the given institution require predictive outputs that indi-
cate only two possible outcomes for each student, namely if they are at risk or otherwise.
Therefore, in order to conduct machine learning, each student in the historic dataset record
needed to be labelled as being either at risk or not. A subsequent design decision needed to
be made on how to define each of these two categories so that models could be generated.
An early assumption was made that students with a mean final course mark of 50% or less
were likely to be at-risk students due to the fact that these students have not successfully
completed numerous courses. However, initial experiments using this threshold yielded
highly imbalanced datasets and consequently poor models.

Subsequently, the threshold for defining at-risk students was adjusted and fixed at 60%
or less for a mean final course mark, with the remainder being considered not at-risk. This
threshold decision was supported by the underlying data, which revealed that the mean
course mark for students who eventually abandoned their qualification studies was 61%,
and only 15% of students who eventually completed their qualification studies achieved a
mean course mark of 60% or less. The adjusted threshold addressed the class imbalance
problem to a sufficient degree since most machine learning algorithms can handle some
imbalance, and standard performance evaluation measures can still be effective unless
large amounts of imbalance exist [22].
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The raw data from the LMS log files were processed in order to engineer features
used for building the predictive models. This data processing step converted raw data
into variables that captured normalised and relative attributes of each student in respect
to their cohort. In doing so, features were generated that were course-agnostic and thus
generic. This entailed calculating the rolling mean of the actions performed by students
over multiple weeks rather than displaying the counts of the actions performed by students
each week. The rolling mean was calculated from the averages of actions from every week
and is represented as a single column, hence reducing the number of feature columns. In
addition to the rolling mean, the Z-score (or standard score) was also calculated, which
relativised a student’s score on a given feature with that of their peer’s based on the degree
of deviation from the mean. When in-between assessment grades were available, they
were added to the input data and the same procedure was followed, which meant that the
assessment features were not tightly coupled with the specific courses.

M

In Equation (1), X denotes the value of the independent variable, y is the cohort mean
score for the independent variable and ¢ is the standard deviation of the independent
variable.

Students’ prior course grades had an impact on the students’ performance, as the prior
course grade was linearly related to the final score (Figure 1). Hence, the prior grades of
the students along with the count of pass/fail for previous courses were measured. Table 3
represents the various numerical and categorical features that were used for this study.

Comparison of Prior and Final scores of students

Figure 1. Comparison of prior score with final score of students.
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Table 3. Feature description.

Feature Name Description Type
. The mean score achieved by a student from .
Average score of prior courses . Numerical
across all previous course scores
Maximum score achieved in The maximum score achieved by a student from Numerical
prior course their previous courses
. L The Z-score of a student in respect to the .
Prior course deviation score o Numerical
deviation of the cohort mean
Assignment score The assignment scores received by a student Numerical
. - The Z-score of the student’s mean assignment .
Assignment deviation score L Numerical
score as a deviation from the cohort mean
Prior role description Student’s previous year’s primary activity Numerical
. Thy t d Z- f .
LMS deviation score © CNEAFEMENE SCOTE EXPTEssed as a £7SCOre Of - \pymerical
a student as a deviation from the cohort mean.
Th f all activiti fi .
LMS engagement score e count of all activities performed by a student Numerical
on the Moodle platform.
Citizenship The nationality of the student Categorical
Age Age of a person Categorical
Highest school qualification Highest school qualification at admission Categorical
Study mode Study by distance/online or on-campus Categorical
Gender Gender of the student Categorical
English proficiency test English proficiency Categorical

4.1. Predictive Modelling

The prediction was performed using classification algorithms that classify a given
instance into a set of discrete categories; in our case, the pre-defined categories are at risk or
not at risk. There is a wide range of algorithms supporting classification used throughout
the literature. Choosing the optimal algorithm is difficult since they differ in numerous
aspects, such as learning rate, robustness and the amount of data required for training, as
well as their biases and behaviours on different datasets.

This study used the recently developed CatBoost [23] algorithm for prediction tasks.
CatBoost was chosen since it is flexible in its ability to work with both categorical and
numeric features and is able to seamlessly function in the presence of missing values. A
categorical feature is a feature that has a discrete set of values that are not essentially
comparable with each other. In practice, categorical features are usually converted to
numerical values before training, which can affect the efficiency and performance of
the algorithm. However, CatBoost has been designed with the specific aim of handling
categorical data. The ability to handle both categorical and missing data represents a
considerable technical advantage over other algorithms, and a recent interdisciplinary
review [24] has found it to be competitive with other state-of-the-art algorithms.

CatBoost is a category boosting ensemble machine learning algorithm that uses the
gradient boosting technique by combining a number of weak learners to form a strong
learner. It does not use binary substitution of categorical values; instead, it performs a
random permutation of the dataset and calculates the average label value for every object.

The combinations in CatBoost are created by combining all categorical features already
used for previous splits in the current tree with all categorical features in the dataset. Cat-
Boost thereby reduces overfitting, which leads to more generalised models [23]. CatBoost
uses ordered target statistics (Ordered TS) to tackle categorical features for a given value of
the categorical feature, which means that the categorical feature is ranked before the sample
is changed with the expectation of the original feature value. In addition, the priority and
its weights are included. In this way, the categorical features are changed into numerical
features, which effectively decreases the noise of low-frequency categorical features and
improves the robustness of the algorithm [25]. The performance of CatBoost was bench-
marked against four other standard machine learning algorithms: Random Forest [26],
Naive Bayes [27], Logistic Regression [28] and kNearest Neighbours [29].
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4.2. Machine Learning Procedure

The machine learning procedure used the hold-out method to perform the experiments
where the order of occurrences of the training-test split was maintained. The experiments
were implemented using Python [30], which has built-in functions suitable for estimating
and refining the results of predictions.

4.3. Model Evaluation

After designing the classification model, the next step is to evaluate the effectiveness of
the model. This study used total accuracy, recall, precision and the F-measures derived from
a confusion matrix [31]. The total accuracy alone can be a misleading evaluation measure if
the dataset is imbalanced because a model often favours learning and the prediction of a
value of the most frequent class. This can give a misleading impression that the classifier
has generalised better than it really has. In such circumstances, it is preferable to use the
F-measure, which considers both precision and recall; an F-measure is the harmonic mean
of precision (or positive predictive value) and recall (sensitivity) shown in Equation (2).

F — measures = 2 x (Precision * Recall) / (Precision + Recall) 2

Precision is the measure of classifier’s exactness

TP
Precision = —————
recision 3)

Recall is the measure of the classifier’s correctness.

. TP
Recal or True Positive Rate = TP+ EN 4)
where TP denotes TruePositive, FP signifies FalsePositive, FN represents FalseNegative,
and TN denotes TrueNegative.

Further, the AUC (Area Under the Curve)—ROC (Receiver Operating Characteristics)
curve is a performance measurement for a classification problem at several threshold
settings [32]. ROC is a probability curve, and AUC signifies a measure of separability
and is used for distinguishing between the class labels. AUC rates range from 0 to 1.
The acceptable AUC range for a predictive model depends on the context. Typically, in
most research areas, an AUC rate above 0.7 is preferred [33]. In general, higher AUC
scores indicate models of higher quality. The following equations are used for calculating
AUC-ROC. In our study, we used the accuracy, F-measure and AUC as evaluation metrics.
Our decision to use accuracy, F-measure and AUC as evaluation metrics is supported by a
recent systematic literature review [10] into the usage of predictive models in LA contexts.

4.4. Experimental Design

Our experimental design was devised in a manner that robustly evaluated the ability
of our generic models to port across different courses and different deliveries of the same
courses. We used a modified k-fold cross validation approach to evaluate our generic
models. Given that our dataset is made up of seven different courses, and a total of
10 separate deliveries of those courses, we decided to train a model using nine course
deliveries and test against the remaining hold-out course offering. We repeated this process
10 times with a different combination of training and hold-out courses in order to arrive at
our final, aggregated evaluation scores for our models.

5. Results

The results from our evaluations in regard to portability of the generic (or course-
agnostic) prediction model and feature selection approaches are described here.
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5.1. Overall Performance Comparison of Classifiers

The generalisability of all the generic classifier models is shown in Table 4, which
records the aggregated model evaluation across all the hold-out datasets, together with the
standard deviation over the 10 separate train/test executions. The best performing scores
are in bold.

Table 4. Performance scores of various classifiers.

Classifiers F-Measure Accuracy AUC
CatBoost 0.77 £ 0.024 75+21 0.87 £ 0.023
Random Forest 0.67 £ 0.025 67 +24 0.74 +0.015
Naive Bayes 0.67 £ 0.023 68+23 0.71 £ 0.034
Logistic Regression 0.68 & 0.031 67 £3 0.73 +0.025
K-Nearest Neighbors 0.71 £0.02 71+24 0.72 £ 0.022

We can observe from the results that the F-measure scores range from 0.67 to 0.77, with
CatBoost achieving the highest score. The variability across the different algorithms on all
10 datasets is similar, indicating that all algorithms generated generic models with a stable
behaviour on all the courses.

The overall accuracy of all the algorithms has similarly ranged between 65% and 75%,
with the result from CatBoost again clearly outperforming the other algorithms on these
datasets. The accuracies of the bottom three algorithms, namely Naive Bayes, Random
Forest and Logistic Regression, did not exhibit significantly divergent accuracy results.

The AUC is a particularly effective measure of the effectiveness of the decision bound-
ary generated by the classifiers tp separate out the two class labels representing at-risk
and not at-risk students. These scores range from 0.71 to a very high score of 0.87, with
CatBoost once more producing the best result and demonstrating that it has generated a
classifier with the most effective decision boundary.

5.2. Classifier Performance Snapshots

The experimental results indicate that CatBoost is the most effective algorithm on these
datasets and feature set, across the various standard algorithms considered in the study.
Our attention now turns to examining the behaviour of the best performing algorithm on
one of the hold-out datasets (Computer Applications and the Information Age—Semester
3). Our motivation was to analyse the ability of the algorithm to produce generic models
that can identify at-risk students at early stages of a course so that in a practical setting,
timely interventions can be initiated. To that end, we partitioned the dataset into 2, 4, 6 and
8 week intervals. We trained a CatBoost classifier on each snapshot/partition of the dataset
in order to simulate a real-world scenario where only partial information is available at
different stages and points in time of a course.

Figure 2 depicts the F-measure and AUC score for the CatBoost classifier on the hold-
out dataset, depicting the metric scores at each of the 2, 4, 6 and 8 week snapshots in time.
As expected, we observe that there is generally an improvement in the generalisability of
the classifier as a course progresses and more data and a richer digital footprint are acquired
for each student. However, the predictive accuracy as expressed by both AUC and the
F-measure is still very high at an early 2-week mark, meaning that an accurate identification
of at-risk students can already be made within two weeks of a course’s commencement,
and that necessary interventions can be conducted as required in a timely fashion. Similar
patterns were observed on the remaining nine hold-out datasets at the same snapshots
in time.
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Predictive Performance using CatBoost

8 Fmeasure
B AK

Figure 2. F-measure and AUC plot of CatBoost on the Computer Applications and the Information
Age—Semester 03 hold-out dataset.

5.3. Feature Importance

Feature importance analysis is an important aspect of machine learning, as it enables
practitioners to understand what the key factors are that drive the predictions. In this
analysis, we are able to quantify how much each feature of the data contributes to the
model’s final prediction, thus introducing some measure of interpretability.

In this study, we used the Shapely Additive Explanations (SHAP) method [34] for
estimating feature importance and model behaviour. The SHAP method has the additional
ability to depict how changing values of any given feature affect the final prediction. The
SHAP method constructs an additive interpretation model based on the Shapley value. The

Shapley value measures the marginal contribution of each feature to the entire cooperation.

When a new feature is added to the model, the marginal contribution of the feature can
be calculated with different feature permutations through SHAP. The feature importance
ranking plot from the training data is shown in Figure 3, representing the generic model
from Section 5.1.

In the SHAP feature importance graph seen in Figure 3, each row signifies a feature.

The features are arranged from the most important at the top to the least consequential
at the bottom. The abscissa corresponds to the SHAP value (Figure 4), which influences
the final prediction. Every point in the plot denotes a sample, where red represents a
higher feature value and blue represents a lower feature value. The vertical line on the
plot, centred at 0 represents a neutral contribution towards a final prediction. As the points
on the graph move further to the right on the x-axis from this vertical line, the higher the
positive contribution becomes towards the prediction of a student succeeding. The inverse
is true for the strength of a contribution towards a prediction for an at-risk student as the
values extend into the negatives on the x-axis.

In our model, the assignment grades (both current and prior grades) played a vital
part in prediction, which is unsurprising. We can observe from the graph that as the
maximum grade for a student increased, the stronger this became as a predictor for positive
outcomes. The reverse relationship also held; however, it was more acute, indicating that
lower assignment grades had a stronger negative contribution than higher assignment
grades for positive outcomes.
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Figure 3. Feature importance ranking plot with CatBoost SHAP.
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Figure 4. Shapley force plot of a sample.

The above figure depicts the behaviours of the model at a global level. However, the
SHAP method can also explain a given prediction for an individual student using a SHAP
force plot (refer to Figure 4). The force plot depicts the extent to which each of the most
significant features is pushing a final prediction towards a negative or positive prediction.
The ‘base value’ on the graph represents the mean prediction value, which can be regarded
as a 50/50 point. Values to the right of the base value represent a final positive prediction
and the inverse for the final values on the left. In the example below, we see that the
assignment deviation score, the rolling assignment average score and the part-time study
mode of a student most strongly influence the final prediction towards a positive prognosis
for this specific student. Meanwhile, the age of the student has some influence towards a
negative outcome prediction.

While feature importance shows what variables affect predictions the most, and force
plots indicate the explainability of each model’s predictions for an individual student, it
is also insightful to explore interaction effects between different features on the predicted
outcome of a model. A dependence scatter plot seen in Figure 5 demonstrates this. The
x-axis denotes the value of a target feature, and the y-axis is the SHAP value for that feature,
which relates directly to the effect on the final prediction. Figure 5a denotes that there
is generally a positive correlation between LMS engagement scores and the assignment
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scores. Two noteworthy patterns emerge from Figure 5a. First, we can see that students
who score highly on the assignment scores but exhibit poor engagement levels with the
LMS receive strongly negative outcome predictions by the model. We also see there is a
threshold of 0.4 for the LMS engagement score, and those that score above this threshold
are positively correlated with the model’s predictions for successful outcomes, which is
amplified further for those with higher assignment scores.

ore

engagement sc

Assignment score
SHAP value for

LMS

LMS engagement score

(a)

(b)

Figure 5. Two SHAP scatter dependence plots: (a) left graph depicting the interaction between LMS
engagement scores and assignment scores, (b) right graph depicting the interaction between learner
age and LMS engagement scores.

Figure 5b considers the feature interaction of learner age and LMS engagement scores.
Age of a student plays a significant role in the generated models. As the age of a student
increases, the effect on the model predictions for positive outcomes becomes stronger.
From approximately age 26 onwards, increases in the student age carry a stronger positive
effect on model predictions for positive outcomes until age 40, from which point there do
not appear to be any further increasing positive effects. Higher LMS engagement scores
generally interact positively with age for successful outcomes. It is striking that those who
are most at-risk are those in their early twenties with LMS engagement scores having no
clear positive effect on prediction outcomes for this student demographic.

6. Discussion

The results have clearly indicated that generating viable generic models that are not
tightly coupled to specific attributes of different courses is possible. The generic model
has shown an effective average accuracy of around 75% across quite diverse courses. The
diversity was seen in the fact that courses had varying numbers of assessments, differing
distributions in their usage of the messaging Fora. Some courses used quizzes, books and
various online learning resources, while others did not, or they differed greatly in their
emphasis of their usage. The generic models were able to handle widely disparate courses,
and despite them, produce useful predictive models even at earliest stages of a course’s
delivery in order to permit timely interventions for at-risk students if necessary.

The 75% accuracy was stable across all the diverse courses, and it is comparable to
predictive accuracies attained in published research. It could be argued that 75% accuracy
may not be high enough to instil sufficient confidence in the models. However, one needs to
keep in mind that the defined categories of ‘at-risk” and ‘not at-risk” are not black-and-white,
clear-cut categories. These categories are moving targets and students are likely to fall
into either category at different times of their study, or perhaps during different courses
that they might be undertaking. Therefore, these categories embody many grey areas, and
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due to the lack of hard boundaries, the predictive accuracy can always be expected to
be somewhat compromised when converting this complex problem describing a shifting
continuum into a well-defined binary problem. One strategy to overcome this limitation
is to instead focus on success prediction probabilities, which produce continuous valued
outputs between 0 probability of success to 1, denoting complete confidence in successful
outcomes. In addition to relying more on these outputs rather than on hard-thresholded
binary categories, one can produce weekly probability predictions and monitor the change
in the delta from one week to the next in order to generate deeper insights into the risk
profile of a given student.

As for the superior performance of CatBoost over the other algorithms on these
datasets, some of this can be attributed to the higher complexity of CatBoost over the other
algorithms used in this study. CatBoost is a gradient boosting algorithm that makes it
considerably more sophisticated than our benchmarking algorithms, capable of inducing
more complex decision boundaries with some safeguards against overfitting. These internal
mechanics undoubtedly contributed, but also the fact that it is able to seamlessly handle
both missing and categorical data, which is not the case with the implementations of
the other benchmarking algorithms. Both the missing data and categorical (mixed) data
challenges often faced in the LA datasets, as well as the need to generate highly complex
decision boundaries, do seem to indicate that this algorithm should form a part of the suite
of algorithms that practitioners consider using in this problem domain.

7. Conclusions

The large volumes of LMS data related to teaching and learning interactions hold
hidden knowledge about student learning behaviours. Educational data mining methods
have the potential to extract behavioural patterns for the purpose of improving student
academic performances via prediction models. Early prediction of students” academic
performance enables the identification of potential at-risk students, which provides oppor-
tunities for timely intervention to support them while at the same time encouraging those
students who are not at risk to get more out of the course via data-driven recommendations
and suggestions.

This study considered the problem of developing predictive models that have the
capability to operate accurately across disparate courses in identifying at-risk students.
Our study demonstrates how such generic and course-agnostic models can be developed in
order to overcome the limitations of building multiple models, where each model is tightly
coupled with the specific attributes of different courses. The portability of one model across
multiple courses is useful because such generic models are less resource-intensive, easier to
maintain, and less likely to overfit under certain conditions.

We formulated the machine learning problem as a binary-classification problem that
labelled each student as either at risk of failing the course or otherwise. We demonstrated
how features can be engineered that are not tightly coupled to the specifics of each course,
and thus retain the property of being portable across all course types. Our experiments used
Moodle log data, student demographic information and assignment scores from various
semesters. Diverse courses were considered in order to robustly evaluate the degree to
which our models were generic and portable.

The experiment was carried out using the commonly used Random Forest, Naive
Bayes, Logistic Regression and k-Nearest Neighbours algorithms, as well as the recently
developed CatBoost algorithm. Across several performance metrics used in the experi-
ments, the results indicated that the best performance was achieved using CatBoost on
our datasets. CatBoost has capabilities in handling categorical features and missing data,
while maintaining competitive generalisation abilities compared to current state-of-the-art
algorithms. We performed a series of experiments in which we simulated the progression of
a teaching semester, considering how early on within a given semester we could accurately
identify an at-risk student. For this, our experiments considered data at regular intervals
(i.e., at the end of week two, four, six and eight). Our results showed that from as early
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as two weeks into a course, our generic, course-agnostic model built using CatBoost was
viable for identification of at-risk students and had the potential to reduce academic failure
rates through early interventions.

Further, we observed that attributes related to assignment grades (current and prior
grades) have a greater impact on model performance relative to other features. Also,
students’ pre-enrolment data such as study mode, highest school qualification and English
proficiency contributed positively to the model prediction. However, one of the most
significant challenges in the space of predictive LA is to address how developed models
can be effectively deployed across new and diverse courses. Our future work will expand
the capabilities of our proposed model to an even broader set of courses.
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Abstract: Learning Analytics (LA) refers to the use of students” interaction data within educational
environments for enhancing teaching and learning environments. To date, the major focus in LA
has been on descriptive and predictive analytics. Nevertheless, prescriptive analytics is now seen
as a future area of development. Prescriptive analytics is the next step towards increasing LA
maturity, leading to proactive decision-making for improving students’ performance. This aims to
provide data-driven suggestions to students who are at risk of non-completions or other sub-optimal
outcomes. These suggestions are based on what-if modeling, which leverages machine learning to
model what the minimal changes to the students’ behavioral and performance patterns would be
required to realize a more desirable outcome. The results of the what-if modeling lead to precise
suggestions that can be converted into evidence-based advice to students. All existing studies in
the educational domain have, until now, predicted students’ performance and have not undertaken
further steps that either explain the predictive decisions or explore the generation of prescriptive
modeling. Our proposed method extends much of the work performed in this field to date. Firstly,
we demonstrate the use of model explainability using anchors to provide reasons and reasoning
behind predictive models to enable the transparency of predictive models. Secondly, we show how
prescriptive analytics based on what-if counterfactuals can be used to automate student feedback
through prescriptive analytics.

Keywords: machine learning; anchors; counterfactuals; explainable machine learning

1. Introduction

Higher education institutions nowadays are driven by a complex collection of infor-
mation and educational technologies. This has brought about a new phenomenon: the
datafication of learning. Each data point, once aggregated and analyzed, may hold the
potential to discover impactful new insights into students” academic profiles and learning
behaviors [1]. Learning Analytics (LA) involves the use of a wide selection of institutional
data and analytic techniques, ranging from mere descriptive, to predictive, and more recently,
prescriptive. Various stakeholders, such as administrators, teaching staff, and students, are
now increasingly enabled to act and respond to outputs from data-driven analytics.

Descriptive analytics is the simplest form of data analysis and involves the process of
using current and historical data to identify past behaviors and trends from students’ data.
On the other hand, predictive analytics leverages Machine Learning (ML) algorithms to
analyze students’ data and generate models that can make forecasts about the likelihood of
some phenomena occurring, or inform stakeholders about consequential learning behaviors
in the context of LA. While immensely useful, the shortcoming of many of these algorithms
is that they produce black-box models which do not offer transparency or insight into the
mechanics of these predictions, nor do they provide human-centric explanations of their
outputs [2]. This downside often results in distrust in such technologies and a considerable
body of work is currently devoted to developing tools that infuse predictive models with
explainability of outputs [3]. Meanwhile, prescriptive analytics adds a further layer of
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sophistication and is arguably the only component of the analytics suite capable of offering
actionable insights by modeling what-if scenarios, or counterfactuals. In the context of
LA, it is the data-driven evidence generated from counterfactuals that provide automated
recommendations to students (and to student advisers) about which adjustments to learning
behaviors are most likely to result in improved learning outcomes.

Recent research studies have indicated that effective feedback with specific recommen-
dations on the possible courses of action can lead to self-regulated learning behaviors [4-7].
However, current research in predictive LA has largely been devoid of transparency which
can convey to the users what data inputs drive the models towards their conclusions and,
crucially, how a model has reasoned in producing the output for a given user. Furthermore,
existing research is sparse on automated prescriptive feedback that draws upon data-driven
methods to provide advisable behavioral adjustments to students, which may result in
more positive outcomes. Meeting this gap has been recognized as an evidence-based
pathway for triggering student reflections for maximizing their learning outcomes and
ensuring course completions [6].

Taking these two gaps into account, the motivation of this paper is to demonstrate how
the potential of predictive analytics can be maximized by communicating the reasoning of
how the model arrived at its conclusions. In doing so, we show how prescriptive analytics
can be integrated to generate data-driven advice that students can relate to; thus, enabling
effectual learning changes that result in increasing the probability of realizing successful
outcomes. This integration of different analytics paradigms is the first of its kind to be
embedded into a Learning Analytics Dashboard (LAD) currently being piloted at a higher
education institution. This study’s main contribution is the utilization of approaches that
encompass a more complete spectrum of analytics technologies for the LA domain, together
with its implementation and demonstration.

This study poses the following research questions:

e  How can explainable ML approaches be leveraged to provide effective and human-
understandable reasoning behind their conclusions about a student’s academic
performance?

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

The remainder of this paper consists of five sections. Related work provides an
overview of the existing approaches, followed by an analytics workflow that outlines the
steps used for processing data in this study’s context. In methods, the techniques used
for building predictive and prescriptive models are presented and subsequently described
in the results section. The discussion provides perspectives on the findings and directly
addresses the research questions, followed by a brief summary of the paper’s contributions
in the conclusion section.

2. Related Work

This section presents recent work undertaken in Educational Data Mining (EDM)
research streams for the purposes of predicting student academic performance and for
the identification of factors that affect their performance. An overview of emerging ML
approaches with their limitations and drawbacks is elaborated upon next.

2.1. Explainable Artificial Intelligence (XAI)

XAl research in the context of ML aims to look inside black-box predictive models for
extracting information or explanations as to why a model has come to a given conclusion.
In addition to providing tools that can build more trust and accountability, XAl assists with
debugging and identifying bias in ML.

Predicting students’ learning behaviors and their final outcomes is regarded as one
of the most important tasks in the EDM field. Prior studies have proposed several data
mining approaches to predict academic performance, which would then be followed up by
notifying the instructor about who the at-risk students are, which in turn opens opportu-
nities for the instructor to intervene and provide the student with learning pathways for

82



Big Data Cogn. Comput. 2022, 6, 105

30f13

improving their performance. It is common for students’ previous academic performance,
demographics, and LMS usage-related features to be used for this predictive task; however,
all previous studies’ focus has been merely on either conveying to students their at-risk
status of non-completion in a course [8-11] or in delivering the probability of attaining
specific grades [12].

None of these predictive LA applications adequately explain to users how the models
work, or how their predictions were generated; rather, they simply provide the predicted
outcomes as feedback to users. Although such feedback might be helpful to some extent,
it does not provide meaningful personalized insights or actionable information about
the reasons behind the predictions. This lack of interpretability and explainability of the
models makes it difficult for end-users to trust the system with which they are interacting.
Moreover, when a model produces unexpected or erroneous output, the lack of trust often
results in increased skepticism and possibly even a rejection on the part of the end-user [6].
These errors may have negative side effects as well, such as in instances when certain
actions or decisions affecting others are taken, which might be based on false premises
arising from misclassifications [13]. Thus, it has become a sine qua non to investigate
how the inference mechanism or the decisions of ML models can be made transparent
to humans so that Artificial Intelligence (AI) can become more acceptable to users from
different application domains [14]. This has led to the establishment of a relatively new
research field, namely eXplainable Al. The XAI domain researches and develops tools
and techniques that enable the interpretability of autonomous decision-making systems
through outputs in the form of simplified textual and visual representations that can be
understood by human users [8].

2.2. Post Hoc Explanations of Machine Learning Models

Extracting explanations of ML models after they are induced is crucial for users (or
students in this context) to apprehend so that they can act on algorithmic predictions in
an informed manner. Moreover, explanations of an ML model’s predictions have found
many uses, including understanding which features are most important, debugging the
models, and increasing trust through transparency [5]. In addition to furthering the societal
acceptance of the recommendations that are based upon algorithmic decisions, they also
provide alternate suggestions for overcoming unfavorable predictions.

Meanwhile, when it comes to prescriptive analytics, several studies have leveraged
different forms of messaging and recommendation techniques to enhance their prescriptive
capabilities (e.g., [8,9,14]). However, none of the existing studies in EDM employed pre-
scriptive modeling algorithms for generating automated personalized recommendations to
inform students of specific behavioral changes [6]. In a recent study [6], we implemented
an interpretability component and operationalized a LA dashboard that provided post hoc
explanations of the prescribed recommendations that were tailored for individual students.
We believe this to be the first published state-of-the-art LA dashboard to have incorporated
both automated prescriptive analytics as well as transparent predictive models in a student
learning context.

3. Analytics Workflow

This section presents the conventional steps involved in the predictive analytics pro-
cess flow, to which we add two further steps which introduce both model transparency
and prescriptive analytics.

3.1. Standard Predictive Analytics Workflow

The general workflow for predictive analytics for generating ML models involves
acquiring relevant datasets as the first step (refer to Figure 1). Next, the pre-processing of
the raw (unclean) data is performed to prepare this data, resulting in reliable datasets to
enable subsequent analyses. In this step, usually, the total number of features (or variables)
is reduced and only the most relevant or complete features are retained. In the data
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transformation step, additional features are also engineered as derivates of the raw data to
produce richer descriptors that are more correlated with the target (dependent) variable.

Data collection » Data cleaning
<
Data preprocessing
Y
. <
Data transformation
LMS, SMS,EMS
\
Model building CatBoost
< = Random Forest
Logistic Regression
kNN
Naive Bayes
Y
Model evaluation . F-measures
Accuracy
Area under curve
Y
Model explainability L W—— Anchors
Y
Automated prescriptive output generation |- Counterfactual

Figure 1. Analytics workflow followed in this study.

Predictive models are subsequently induced based on the selected features in conjunc-
tion with a suite of ML algorithm implementations. The resulting predictive models are
then evaluated using various evaluation measures for their generalizability. In the case
of this study, a range of metrics was used, and finally, the best predictive models were
selected based on these metrics.

3.2. Model Explainability

Once the predictive model has been generated, we propose the introduction of a new
step in the workflow, which generates an explanation of how a given model has arrived
at a particular prediction for a specific student. When using black-box models, there
are technologies available that generate proxy models which emulate the behavior of the
underlying models, since the purpose is to simplify and present the overall model behavior
in human-understandable terms [15]. Technologies such as Anchors [16], SHAP [17], and
LIME [18] can typically be leveraged to generate these simplified explanations.

Anchors are model-agnostic, i.e., they can be applied to any prediction model without
requiring knowledge about the internals of the original model. Anchors uses a perturbation-
based strategy to generate easy-to-understand explanations for predictions by emulating
the behavior of the original, which are then expressed as IF-THEN rules. In order for them
to be meaningful, the Anchors need to have a high precision and coverage score. Precision
is the proportion of data points in the region defined by the anchor that have the same
class as the data point being explained, while coverage describes how many data points an
anchor’s decision rule applies to [19].
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3.3. Prescriptive Analytics

The final proposed step involves generating data-driven prescriptive feedback. In this
step, the desired target outcome is selected for a given student (i.e., a successful outcome
for a student whose prediction is otherwise), and an ML tool is applied which computes
the smallest set of changes that would need to take place amongst the selected features to
achieve the desired predicted output [20]. Counterfactuals are chosen for generating the
automated prescriptive output in this study.

4. Methods
4.1. Dataset and Features

The datasets used in this study were extracted from courses offered at an Australasian
higher education institution involving a blended learning environment. These comprised
data describing learning activities from Moodle (i.e., the learning management system
(LMS)), various assessment grades from the Student Management System (SMS), and the
demographic and pre-academic data from the Enrolment Management System (EMS). The
raw data from the LMS log files were processed to engineer features used for building
various analytics components within the predictive and prescriptive models.

During this process, individual student behavioral attributes describing learning
patterns were extracted from the raw data and converted into a format that relativized
each student’s value with respect to the average patterns of the student’s cohort. Z-score
standardization was used to achieve this. This transformation technique had the effect
of producing features that were generic and thus applicable across different courses and
cohorts. The final features used for model development are shown in Table 1. These consist
of assignment score, assignment deviation score, LMS engagement score, LMS engagement
deviation score, prior course scores, resources viewed, citizenship, and demographic
information such as age and the gender of the students.

Table 1. Feature descriptions.

Feature Name Description

Assignment score  Assignment score received by a student
The Z-score of the student’s mean assignment
score as a deviation from the cohort mean
The count of all activities performed by a
student on the Moodle platform.
The engagement score expressed as a Z-score of
a student as a deviation from the cohort mean
The mean score achieved by a student from
across all previous course scores
Resources viewed Resources viewed by a student on the Moodle
Citizenship  The nationality of the student
Age Age of a person
Gender  Gender of the student

English proficiency test  English proficiency

Study mode  Study by distance/online or on-campus

Assignment deviation score
LMS engagement score
LMS deviation score

Prior course scores

For the model training, we defined two categories of students, namely low-risk and
high-risk. The threshold used for assigning these labels to the students depended on the
students’ final course mark. Students with a course mark of 60% or less were labeled as
high-risk, while the remainder were considered low risk. These categories alluded to the
risk level of failing a course.

4.2. Tools

We used a mixture of Python’s scikit-learn library [21] and the separate CatBoost [22]
library implementation for classification algorithms covering the predictive analytics com-
ponent. For the explainability component of our analytics workflow, we used Anchors
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proxy models, and specifically the Python [21] Anchors library implementation. An anchor
explanation is simply a translation of the black box into a set of rule-based outputs based
on if-else conditions and is thus intuitive, and easy to comprehend. In order to describe
high-level model mechanics, we used the Shapely Additive Explanations (SHAP). SHAP
calculates the local feature importance for every observation. The SHAP method constructs
an additive interpretation model based on the Shapley value. The Shapley value measures
the marginal contribution of each feature to the entire cooperation.

For generating prescriptive analytics outputs leveraging counterfactual explanations,
we used Python’s DiCE (Diverse Counterfactual Explanation) [20] implementation in our
experiments. DiCE computes a set of diverse counterfactual explanations by finding candi-
date feature vectors that are close to the query instance but with an opposite prediction [23].

4.3. Machine Learning Algorithms and Evaluation

We employed five ML algorithms for the prediction of learning outcomes (low-
risk/high-risk), namely Logistic Regressions (LR) [24], k-Nearest Neighbors (KNN) [25],
Random Forest (RF) [26], Naive Bayes (NB) [27], and CatBoost. The purpose was to
compare and evaluate these classifiers thoroughly to determine which one consistently
performed better on this dataset. To ensure that the final model (that has been described in
detail in our published work [28]) generalizes well, the predictive model’s performance was
evaluated using accuracy, precision, recall, F-measure, and area under the curve (AUC).

A modified k-fold cross-validation approach was used to evaluate the models. Our
dataset consisted of seven courses and a total of 10 separate deliveries of those courses.
The models were trained on nine course deliveries and tested against the remaining hold-
out course offering. The process was repeated 10 times with a different combination of
training and hold-out courses in order to arrive at our final, aggregated evaluation scores
for our models. We can observe from the results (Table 2) that the overall accuracy of all
the algorithms has ranged between 65% and 75%, with the result from CatBoost clearly
outperforming the other algorithms on these datasets. The accuracies of the bottom three
algorithms, namely Naive Bayes, Random Forest, and Logistic Regression, did not exhibit
significantly divergent accuracy results.

Table 2. Performance scores of various classifiers.

Classifiers F-Measure Accuracy AUC

CatBoost 0.77 £ 0.024 75+£21 0.87 +0.023
Random Forest 0.67 £ 0.025 67 £24 0.74 + 0.015
Naive Bayes 0.67 £ 0.023 68+23 0.71 £ 0.034
Logistic Regression 0.68 & 0.031 67 £3 0.73 + 0.025
k-Nearest Neighbors  0.71 £ 0.02 71+24 0.72 £ 0.022

Figure 2 depicts the F-measure for various classifiers on the hold-out dataset, depicting
the scores at different snapshots in time, where the snapshots were defined by the week
number in a given semester at which point the predictions were made. The snapshots
were 2, 4, 6, and 8-week time points in a semester. The figure shows that, on average, the
predictive accuracy of the models improved as the semester progressed, and more data
about the students was gathered. The final accuracy from all the test datasets was displayed
to the students as a measure of confidence in the reliability of the underlying model.

4.4. Feature Importance

Feature importance analysis is an important concept of machine learning as it helps
to estimate which features are making the most impact on a model’s decision-making.
Figure 3 shows the feature importance of our model, listing the most important features at
the top, with the size of the bars indicating the magnitude of impact. The figure indicates
that the top three features in the model’s reasoning all heavily relied on students’ academic
performance in a prior course.
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Figure 2. Predictive performances of various classifiers.
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Figure 3. Feature importance plot.

In order to extract some additional insights into the mechanics of the models, we use
feature dependence plots in Figure 4. A dependence scatter plot explores the interaction
effects between different features on the predicted outcome of a model. The x-axis denotes
the value of a target feature, and the y-axis is the corresponding SHAP value for that feature,
which relates directly to the effect it has on the final prediction.
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Figure 4. Two SHAP scatter dependence plots. (a) interaction between LMS engagement score and
assignment score. (b) interaction between age and LMS engagement score.

Figure 4a indicates that there is a positive correlation between LMS engagement scores
and assignment scores. Two noteworthy patterns emerge from Figure 4a. First, we can
see that students who score highly on the assignment scores but exhibit poor engagement
levels with the LMS receive strongly negative outcome predictions by the model. We also
see there is a threshold of 0.4 for the LMS engagement score, and those that score above this
threshold are positively correlated with the model’s predictions for successful outcomes,
which is amplified further for those with higher assignment scores.

Figure 4b denotes feature interaction between the LMS engagement score and the age
of the student. It can be seen from the plot as the age of a student increases, the effect
on the model predictions for positive outcomes becomes stronger. From approximately
age 26 onwards, increases in the student age carry a stronger positive effect on model
predictions for positive outcomes until age 40, from which point there do not appear to be
any further increasing positive effects. The students who are most at-risk are those in their
early twenties, with LMS engagement scores having no clear positive effect on prediction
outcomes for this student demographic.

5. Result

This section presents the results of transforming a black-box model prediction into
explainable outputs, and it also shows how prescriptive feedback can be generated from
what-if analyses. The results are a demonstration taken from two hypothetical students
(Students A and B) who were identified as high-risk by the predictive model that was
trained as outlined in Figure 1 and described in the methodology section.

5.1. Model Explainability Example Using Anchors

Figure 5 shows how the model has reasoned in concluding that Student A and Student
B as being at high risk of course non-completion. The output is generated by the Anchors
method, which creates an intermediate (proxy) model that emulates the behavior of the
actual underlying black-box model and converts it into a human-understandable sequence
of predicates. The rule-based classifier can be understood as categorizing a student as
high-risk if every predicate evaluates as true. The conversion process from a black box into
an intermediate proxy model not only provides insights into exact feature value thresholds
that contribute to the eventual predicted outcome but also demonstrates which particular
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features are important in the classification process. In this example for Student A (Figure 5a),
the features assignment scores, and the online engagement with the Moodle online learning
environment have influenced the model to classify the student into the high-risk category.
The simplified output of the proxy model is able to clearly communicate that both the low
assignment scores and the student’s lower engagement score compared with the student’s
cohort, as being the key drivers of the prediction while also showing the exact thresholds
in those values.

Prediction explainability rule Prediction

Assignment scores <= 63% AND
Assignment deviation scores <= 3.17 AND

High-risk
LMS engagement deviation score <= -0.49 AND

LMS engagement score <= 0.42

(a)
Prediction explainability rule Prediction
Assignment scores <= 47% AND
Prior course scores <= 60% AND

LMS engagement deviation score <= 0.20 AND

LMS engagement score <= 0.27

(b)

Figure 5. (a) Anchor explanation for Student A. (b) Anchor explanation for Student B.

However, in the second example for Student B in Figure 5b, we can see that the
model explanation deviates from that of the previous example; in contrast, it draws upon
two different features in order to explain the high-risk classification for this student. The
explanation utility, in this case, uses the student’s prior course scores and the online
resources viewed features to arrive at the student’s eventual classification. Herein lies the
potential of prescriptive analytics that is able to leverage different combinations of business
rules in order to provide tailored prescriptive feedback to the students. Students can thus
be better advised on what remedial actions could be taken, which might result in different
and more positive outcomes.

5.2. Prescriptive Analytics Example Using Counterfactuals

The proxy models in the previous section are particularly useful in offering explana-
tions of their reasoning to relevant stakeholders. Some prescriptive insights can be extracted
from them; however, in this section, we demonstrate how with the aid of an additional
technique, we can generate more precise and specific prescriptive feedback. To demonstrate
this, we use the same hypothetical students as in the previous section as examples. The
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outputs in Table 3 are generated using counterfactuals that model what-if scenarios by
calculating what minimal changes in the existing student’s feature values need to occur in

order for an opposite outcome (low-risk in our context) to be predicted [29].

Table 3. (a) Counterfactual explanation for Student A. (b) Counterfactual explanation for Student B.

(@

Query Instance (Original Outcome: Counterfactual Set (New Outcome:
High-Risk) Low-Risk)
Activity Value Activity Value
Student A Assignment score 39% Assignment score 61%
Assignment deviation score -1.1 Assignment deviation score -11
LMS engagement score 0.22 LMS engagement score 0.52
LMS engagement deviation score —0.49 LMS engagement score —0.49
(b)
Query Instance (Original Outcome: Counterfactual-Setl (New Counterfactual-Set2 (New Outcome:
High-Risk) Outcome: Low-Risk) Low-Risk)
Activity Value Activity Value Activity Value
Student B Assignment score 31% Assignment score 63% Assignment score 63%
Prior course score 55% Prior course score 60% Prior course score 55%
Resources viewed score 0.12 Resources viewed score 0.32 Resources viewed score 0.42
LMS engagement score 0.22 LMS engagement score 0.22 LMS engagement score 0.35

5 times a week.

Your current assignment average 1s 39% and on average your
engagement into Stream 3 times a week. To increase your likelihood of
succeeding in the course, we recommend that you strive towards
achieving at least 61% in your next assignment submission and to
increase your online engagement levels to at least

(a)

Your current assignment average is 31% and on average your engagement
into Stream 2 times a week and the resources viewed was 1 time a week. To
increase your likelithood of succeeding in the course, we recommend that
you strive towards achieving at least 63% in your next assignment
submission and to increase your online engagement levels and resources
viewed to at least 4 times a week.

(b)

Figure 6. (a) Counterfactual explanation translation for Student A. (b) Counterfactual explanation

translation for Student B.

The tables show Student A and Student B values termed as a query instance (together
with the original classification outcome) and the generated counterfactual set (desired
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outcome for the student, which is low risk in this context). The values column in the tables
represents the actual and the modeled feature values with their corresponding feature
names. Table 3a shows a single counterfactual set being generated for Student A, while
Table 3b demonstrates how multiple counterfactual sets can be generated. All the generated
counterfactual sets are based on the underlying black-box model and demonstrate minimal
changes to the various feature values that would be required to flip the classification of
those students from high to low-risk, which can then directly be used for prescriptive
feedback. For Student A (Table 3a), the risk level from “high” to “low” would occur if there
is an improvement in scores in the upcoming assignment and online engagement with
Moodle; however, for the hypothetical Student B (Table 3b), the first pathway suggests that
the change in prior course scores along with assignment scores can help the student to
change their risk level; albeit, in this context, a change in prior course scores cannot really
be actioned for the current course, though it can indicate to the student how they could be
classified as lower risk for their subsequent course if they achieve a certain score in their
present course. In the second alternative set, it is suggested that the changes in assignment
score, resources viewed, and engagement with Moodle can help the corresponding student
to fall into the low-risk level.

Once the above counterfactual explanations have been induced, they can then be
translated into a human-readable format as seen below (Figure 6) in order to provide
students with clear, precise, and actionable suggestions on what adjustments to their
learning behavior and performance are most likely to assist them in realizing positive
outcomes. The translation itself can also be automated with the assistance of natural
language processing tools with the confidence that the prescriptive feedback given to
students is data-driven and reliable, provided that feasible counterfactual sets are selected.

6. Discussion

ML is at the core of many recent advances in science and technology. Whether humans
are directly using ML classifiers as tools, or are deploying models within other products,
a vital concern remains: if users do not trust a model or a prediction, they will not use it.
This is particularly relevant in settings where users are expected to make decisions based
on the outputs of machine learning models. Besides helping to debug ML models, explana-
tions of black-box models improve the interpretability and trustworthiness of algorithmic
decisions and enhance human decision-making [17]. We propose the use of anchors to
identify the influencing factors in the predictive models to explain to students in an easily
understandable way how the model works and how the prediction is generated [30].

Not only should the explanatory model provide customized individual suggestions
to users, but they should also prioritize which changes in behavior and which learning
strategies the student should adopt that will most likely translate into favorable results.
This should take the guesswork out of the equation and help students make good decisions.
Expanding the LA models to include prescriptive analytics that integrates counterfactu-
als and automated customized suggestions to students creates an approach that further
supports students and helps them to achieve the best possible learning outcomes.

Our study highlighted the importance of moving beyond black-box approaches and
the value of openly explaining to students how the prediction of their outcome or risk status
was made, and furthermore providing customized and actionable suggestions based on real
data to help the students work towards a favorable outcome. If students first understand
why they have been classified in a certain way and then provided with clear and precise
steps they can take to change a potentially unfavorable outcome, they are more likely to
make the necessary changes. This study, as far as we know, is the first in the education
domain in the field of LA dashboards to combine these approaches.

7. Conclusions

The prediction of academic performance is considered one of the most popular tasks
in the field of LA. However, we found from prior studies that a disproportionate amount
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of attention is given to merely creating predictive models, and an insufficient amount of
focus is placed on addressing model interpretability and the explainability of the predictive
outputs. The latter lowers the utility of this technology, and over time erodes the trust
of users. Furthermore, the current focus of machine learning technologies mostly stops
at the predictive analytics step and does not provide stakeholders with the translation to
actionable insights that can be derived from more sophisticated approaches which yield
prescriptive analytics.

Hence the current study not only aimed to demonstrate how model interpretability and
explainability of the individual predictions to students can be embedded into LA systems,
but crucially, we demonstrate how this can be taken one step further and converted into
counterfactuals, from which prescriptive interventions can be provided to the students. We
present a demonstration of how LA systems can be developed which encompass a more
comprehensive machine learning approach towards providing support to students which
integrates both predictive and prescriptive analytics while maximizing transparency and
trust in the underlying data-driven technologies.

The developed system presented in this study has been integrated into a learning
analytics dashboard, and a pilot study is currently being conducted with the students to
analyze the effectiveness of the dashboard with student final outcomes.
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School of Mathematical This study investigates current approaches to learning analytics (LA) dashboarding
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Massey University, Auckland, while highlighting challenges faced by education providers in their operationalization.
New Zealand We analyze recent dashboards for their ability to provide actionable insights which

promote informed responses by learners in making adjustments to their learning
habits. Our study finds that most LA dashboards merely employ surface-level descrip-
tive analytics, while only few go beyond and use predictive analytics. In response to
the identified gaps in recently published dashboards, we propose a state-of-the-art
dashboard that not only leverages descriptive analytics components, but also inte-
grates machine learning in a way that enables both predictive and prescriptive analyt-
ics. We demonstrate how emerging analytics tools can be used in order to enable
learners to adequately interpret the predictive model behavior, and more specifically
to understand how a predictive model arrives at a given prediction. We highlight how
these capabilities build trust and satisfy emerging regulatory requirements surround-
ing predictive analytics. Additionally, we show how data-driven prescriptive analytics
can be deployed within dashboards in order to provide concrete advice to the learners,
and thereby increase the likelihood of triggering behavioral changes. Our proposed
dashboard is the first of its kind in terms of breadth of analytics that it integrates, and is
currently deployed for trials at a higher education institution.

Keywords: Dashboard, Learner analytics, Actionable insights, Model interpretability,
Explainable Al, Counterfactuals

Introduction

Analytics technologies have proliferated across many sectors of society for extracting
data-driven insights, improving decision making and driving innovation. The tertiary
educational sector is particularly in-tune with the advantages that data analytics can
offer, and generally, seeks to leverage these advances. Deployment of analytics technolo-
gies is becoming increasingly important as this sector is undergoing disruptions across
different parts of the world, as well as due to the COVID-19 pandemic crisis (Aristovnik
et al., 2020). The current pandemic responses have shifted education delivery to online
modes, further accelerating ongoing disruptions. The education sector is already facing
financial and competitive pressures (Muhammad et al., 2020) in some regions, and this
global shift to online learning has amplified them even more. These shifts have altered
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the competitive landscape between universities in countries with low or non-existent
subsidies with those located in countries that have strong government support by bring-
ing them into direct competition as geographic and physical boundaries now have a
diminished relevance. This has been accentuated by the continuing rise in higher educa-
tion costs (Blankenberger & Williams, 2020), together with the questioning of the value
proposition that higher education offers in many of the available qualifications. These
challenges call for a need to adapt and do things differently. For these reasons, data ana-
lytics with its use of innovative products has risen to become one of the key enablers in
the educational sector. Analytics in this sector focuses on maximizing student retention
rates by identifying the at-risk students in the early stages and then by initiating inter-
ventions, whilst improving the quality of the educational experience for the learners.

One of the analytics innovation products that have been deployed to benefit the
enrolled learners, are Learning Analytics dashboards (LADs) which have been opera-
tionalized in numerous institutions (Table 1) in the last few years. The purpose of
existing LADs is not dissimilar to the dashboards widely used in industry. They aim to
provide learners with a snapshot of how they are progressing in their courses. Graphi-
cal displays highlight trends in the learners’ academic and engagement levels through
the digital footprints generated by learners and provide them with a basis for awareness,
reflection and new insights (Yoo & Jin, 2020). In more advanced cases, the dashboards
are designed to make predictions on where learners are likely to end up in respect to
meeting learning outcomes based on their current trajectory. Analytics tools reveal
learner insights that could prompt a reflection process that would otherwise not be real-
ized. It is assumed that these reflections may (in some cases) trigger positive behavioral
changes that support learners in maximizing learning outcomes and course completions
as well as retention rates.

However, operationalizing these types of analytics products is accompanied with
numerous challenges. Given the financial investment and the human resource effort
involved in their productionization (Mahroeian et al., 2017), it is also not altogether clear
what visual elements LADs should possess, that is, what type of information is effective
at triggering positive behavioral adjustments in learners, or what aspects are detrimental
by potentially inducing anxiety among learners. Overall, evidence about whether learn-
ing analytics and LADs improve learning in practice is scarce (Ferguson & Clow, 2017;
Guzmadn-Valenzuela et al., 2021; Knight et al., 2020; Rets et al., 2021; Wilson et al., 2017)
and has room for further investigation.

This paper expands on the challenges of operationalizing LADs and identifies gaps in
current LADs. It does this by integrating analyses of recently published LADs by fol-
lowing a systematic line of inquiry. The following subsections offer definitions of vari-
ous analytics layers that we use in our analysis of the current state of practice in LADs,
as well as an outline of our research agenda for establishing an institutional-level dash-
board that offers more value to learners.

Analytics layers

Analytics can provide different levels of informational insights to enable users in mak-
ing informed decisions. At the most basic level, descriptive analytics highlight snap-
shots of variables of interest. These convey information about trends and the current
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Table 1 Reviewed papers overview

Analysis

Studies

Descriptive analytics content

Predictive analytics content and
reported accuracy

Prescriptive analytics content

Model interpretability and explain-
ablility

Dashboard evaluation and effec-
tiveness

Dashboard Color content

Conducted

Not conducted

Conducted

Accuracy not reported
80-89% accuracy achieved
90-95% accuracy achieved
Conducted

Conducted non-data driven

Not conducted

Conducted

Evaluation conducted within a pilot
study context

No evaluation conducted within a
prototype study context

Positive effects on student out-
comes reported

1-3 colors
4-6 colors

> 6 colors

Aljohani et al,, 2019; Baneres et al,,
2019; Bodily et al, 2018; Chatti et al,,
2020; Chen et al, 2019; Fleur et al.,
2020; Gras et al., 2020; Han et al.,
2021; He et al,, 2019; Karaoglan
Yilmaz & Yilmaz, 2020; Kia et al., 2020;
Kokog & Altun, 2021; Majumdar et al.,
2019; Naranjo et al,, 2019; Owatari
etal, 2020; Ulfa et al., 2019; Valle
etal, 2021

Aljohani et al,, 2019; Bodily et al,,
2018; Chatti et al, 2020; Chen et al.,
2019; Gras et al,, 2020; Han et al.,
2021; He et al,, 2019; Karaoglan
Yilmaz & Yilmaz, 2020; Kia et al., 2020;
Majumdar et al,, 2019; Naranjo et al,,
2019; Owatari et al,, 2020; Ulfa et al,,
2019

Baneres et al,, 2019; Fleur et al,, 2020;
Kokog & Altun, 2021; Valle et al,, 2021

Fleur et al, 2020; Valle et al., 2021
Kokog & Altun, 2021

Baneres et al,, 2019

None

Baneres et al, 2019; Bodily et al,,
2018; Gras et al,, 2020; Han et al,,
2021; Karaoglan Yilmaz & Yilmaz,
2020; Majumdar et al,, 2019

Aljohani et al,, 2019; Chatti et al,,
2020; Chen et al, 2019; Fleur et al,,
2020; He et al,, 2019; Kia et al., 2020;
Kokog & Altun, 2021; Naranjo et al,,
2019; Owatari et al, 2020; Ulfa et al,,
2019; Valle et al,, 2021

None

Bodily et al., 2018; Chatti et al., 2020;
Gras et al, 2020; Han et al,, 2021; He
etal, 2019; Kia et al,, 2020; Kokog

& Altun, 2021; Naranjo et al, 2019;
Owatari et al,, 2020; Ulfa et al,, 2019

Chen et al, 2019; Majumdar et al.,
2019

Aljohani et al,, 2019; Fleur et al,, 2020;
Han et al,, 2021; Kokog & Altun, 2021

Fleur et al,, 2020

Bodily et al., 2018; Kia et al., 2020;
Naranjo et al, 2019; Ulfa et al, 2019;
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status relative to other identified measures. Descriptive analytics are the simplest form
of insights to extract from data, and while useful, have a limited utility.

Predictive analytics on the other hand emphasize some form of forecasting and
embody the ability to estimate future outcomes based on current and past data patterns.
Predictive analytics are mostly driven by machine learning algorithms which learn from
historic datasets in order to produce classifiers that can make inferences about possible
future outcomes from current data inputs. Data products based on predictive analytics
represent a considerable increase in complexity over mere descriptive analytics and offer
more value, but they also possess shortcomings. One shortcoming is that they usually
produce black-box models which lack transparency into their internal workings (Adadi
& Berrada, 2018). This means that it is often not possible for users to understand how
these models make predictions, and what aspects of the learners’ behaviors are driving
the predictions towards prognosticated outcomes. This lack of model interpretability
and explainability of outputs associated with most predictive models lowers their utility,
and over time erodes the trust of users (Baneres et al., 2021). Therefore, a trend is emerg-
ing at regulatory' levels requiring predictive models to expose their reasoning behind
the predictions in comprehensible ways.

The most complex and arguably the most insight-rich form of analytics is prescriptive
analytics. Prescriptive analytics can leverage predictive analytics in such a way that the
underlying models are also able to infer possible causal relationships and consequently
generate recommendations and suggestions to users about which specific behavioral
changes are most likely to result in positive outcomes. These prescriptive outputs are
tailored to each learner, but their suggestions are data-driven and thus based on similar
students who achieved positive outcomes in the past. By issuing advice on behavioral
adjustments and learning strategies that learners can undertake to maximize their learn-
ing outcomes, the decision-making process for the learners can be simplified and the
guesswork removed.

Currently, descriptive LADs are most commonly in use with an increasing number
integrating predictive components. However, to the best of our knowledge, examples of
dashboards incorporating data-driven prescriptive aspects of analytics do not exist.

Aims

This paper has three parts and contributions. We first provide an overview of the exist-
ing challenges in developing institutional LADs. We highlight three challenges (namely,
representation and actions, ethics, and agility) faced in deploying LAD initiatives involv-
ing student-facing dashboards. Secondly, we provide an extensive survey of the most
recently published state-of-the-art LADs in literature. Our search identified 17 LADs
and we assess their common characteristics as well as strengths and weaknesses. Thirdly,
we propose our LAD which addresses many of the shortcomings, and to the best of our
knowledge, is the first LAD that brings descriptive, predictive and data-driven prescrip-
tive analytics into one display. We conclude with offering inferences on what we see

! The General Data Protection Regulation (GDPR) is an example of a regulation requiring a “right to explanation” in
respect to predictive models.
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as being future directions and emerging frontiers in LA dashboarding in the short to
medium term.

Our research questions are as follows:

RQ1. What are unique challenges in developing student-facing LADs?

RQ2.How ubiquitous are LADs?

RQ3. What is the current evidence for the effectiveness of LADs?

RQ4. What are the strengths and weaknesses of the current approaches to LA dashboard-
ing?

RQ5.What are future directions of LA dashboarding and how can some of the existing
weakness be addressed?

Analytics in education

There are broadly three streams of research within educational analytics. Learning Ana-
lytics (LA) focuses on learners. Its primary concern is optimizing teaching and learning
processes. Educational Data Mining (EDM) on the other hand seeks to develop meth-
ods for exploring educational data in order to better understand learners, and to extract
insights about them and the educational systems. Academic Analytics (AA) draws on the
insights gained from educational data for supporting strategic decision-making, resolv-
ing academic issues such as retention and improving marketing strategies.

These three streams intersect at various points and share much of the underlying data,
and though they could all be grouped under the same umbrella as Educational Data Sci-
ence, they differ in the stakeholders which they target. EDM tends to target both teachers
and learners, while LA primarily addresses the needs of learners. However, institutional
administrators, managers and educational policymakers are the key stakeholders of AA
applications. The three streams also affect different levels of the educational systems. LA
is linked to course-level granularity and to department-level concerns within institu-
tions, while EDM spans departmental through to faculty and institutional-level concerns
(Nguyen et al., 2020). Meanwhile, AA affects universities at the institutional level, that
has implications for policy making, thus it spans regional, national and possibly interna-
tional levels.

Challenges for building LADs

While there are some differences between LA, AA and EDM, they all share some com-
mon challenges. Numerous studies have reported implementation details of LA prod-
ucts; however, a recent study by Leitner et al. (2020) pointed out that they rarely provide
comprehensive descriptions of challenges faced in productionizing these systems. This
study shortlisted seven general challenges for deploying LA initiatives:

1. Purpose and Gain: managing expectations of different stakeholders.
2. Representation and Actions: facilitation of actionable insights by LA products.
3. Data: communication to students regarding what is being done with their data, and

formulating suitable policies to manage data processes.
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4. IT Infrastructure: balancing the pros and cons of opting to use internal or external
service providers for implementing and running the LA products.

5. Development and Operation: planning and implementation of the process of devel-
oping and operating an LA initiative.

6. Privacy: ensuring both security of learners’ data and compliance with increasingly
stringent legal requirements worldwide.

7. Ethics: ensuring that LA products do not bring harm and provide learners with the
ability to opt-out.

The above challenges are generic and broadly applicable to all LA projects. We draw
on recent literature to expand on two particular challenges above (2 and 7), and we tailor
them to the difficulties which specifically relate to LAD projects. In addition, with sup-
porting literature we posit an additional challenge, namely Agility, to the original seven
identified by Leitner et al. (2020).

Representation and actions

Dashboard visualization is more of a science than art. The dashboard designer must pos-
sess a degree of understanding of how the human visual cortex perceives various visual
cues in order to optimally match different data types to suitable visual representations.
Some data are quantitative and others are ordinal or categorical in their attributes. The
values of each data type are best represented by different cues which could comprise
contrasting colors, differing spatial positions or variations in symbols denoting length,
size, shape and orientation amongst others. The designer also needs to possess both
domain expertise in learning theories and paradigms, as well as technical capabilities in
developing dashboards (Klerkx et al., 2017).

Choosing the correct visualization technique can present difficulties largely due to
the increasing amounts of available data and the candidate variables/indicators that can
be incorporated (Leitner et al.,, 2019). Ensuring that dashboards are informative with-
out overwhelming the user is a challenging balancing act. From an aesthetic perspec-
tive, Tufte (2001) cautions against use of ‘non-data-ink’ and ‘chartjunk’ in graphs, that
is, he maintains that excessive use of colors, patterns or gridlines can confuse and clog
the recipient’s comprehension. Bera (2016) specifically mentions the overuse and mis-
use of color in business dashboards and the role this has on the users’ decision-making
abilities. Bera’s research finds that contrasting colors vie for user’s attention, and unless
necessary, they distract and affect the decision-making processes. By using eye track-
ing technology, the study demonstrated that the cognitive overload associated with the
misuse of color in dashboards leads to longer fixation periods on irrelevant aspects of
dashboards and prolongs the ability of users to comprehend the information.

Use of predictive modelling is becoming more prominent within LA (Bergner, 2017),
and these techniques are emerging more frequently within dashboards. A recent study
(Baneres et al., 2021) into developing LA technologies acting as early warning systems
for identifying at-risk learners highlighted the need to move beyond ‘old-fashioned’
dashboards that simply rely on descriptive analytics and to instead, orient efforts
towards incorporating predictive analytics amongst other advanced features. However,

building highly accurate and reliable predictive models is not trivial. Firstly, it requires
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considerable technical expertise which is not always easy to acquire. Secondly, predict-
ing outcomes based on human behavior reflects a non-deterministic problem. Further,
for scalability reasons, we ideally require generic predictive models which can predict
student outcomes across widely disparate courses. However, since courses have different
attributes, styles of delivery and assessment types, it is a considerable challenge to cre-
ate single generic predictive models that can work optimally across diverse courses. On
the other hand, developing tailored predictive models for each different course creates
technical resource overheads. Tailored models are also likely to perform badly in many
instances due to scarcity of data leading to overfitting, since individual courses may have
small class numbers or have limited historical data. A recent systematic literature review
on the current state of prediction of student performance within LA, Namoun and
Alshangqiti (2020) found that the state of predictive modeling of student outcomes is not
fully exploited and warrants further work. The study found that not only the accuracy
of the existing models has room for improvement, but more robust testing for its valid-
ity, portability (or generic models) and overall generalizability needs to be conducted.
In a recent study, Umer et al. (2021) concluded that many datasets used to build predic-
tive models in this domain were small, often having less than 10% of the overall data
points for certain class labels, leading to unreliable predictive accuracies especially when
course-tailored predictive models are being created. The study also calls for enhancing
the scope of engagement data to cover learner interaction data from forum messages,
identifying pedagogically meaningful features and developing dashboard visualizations
that have some underlying pedagogical intent.

Developing accurate classifiers is further complicated by the negative effects of con-
cept drift (Lu et al., 2018). Concept drift describes the degradation in accuracies of pre-
dictive models over time since data used to build models may become disconnected with
current real-life data. This can occur when learners’ study patterns gradually or abruptly
change (as in the case of pandemic responses), and current digital footprints no longer
correlate with previous patterns in the historic record. For example, the gradual shift
towards the use of virtual learning environments (VLE) over the last 10—15 years repre-
sents a concept drift. Learners’ study patterns prior to this period in the historic record
bear little resemblance to the patterns of learners of today, and thus, data from his-
toric period will likely degrade predictive accuracies of current students. Concept drift
can also happen suddenly, as indeed the sudden migration to full online learning dur-
ing the recent pandemic crisis brought into play additional technologies and different
digital patterns and footprints that students leave behind. This disconnect between the
independent and dependent variables from historic data needed to train the predictive
models, with the independent variables being used as input to predict the outcomes of
current students, is constantly evolving. This phenomenon represents a technical and a
capability challenge for universities, as concept drift needs to be detected and accounted
for, while the mechanisms for achieving this effectively are still being researched (Lu
et al.,, 2018).

The above challenges are considerable. However, even if they can all be addressed, it
is now no longer sufficient to deploy predictive models and solely display their outputs
without providing the learners with explainability of how a model arrived at a given pre-
diction. It is also becoming more apparent that learners will engage with a LAD only if
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they understand how displayed values are generated (Rets et al., 2021). Liu and Koed-
inger (2017) argue for the importance of interpretability which leads onto actionability.
Models need to possess explanatory characteristics so that learners understand why a
model produced given predictions, what the underlying driving factors are, and impor-
tantly, what insights can be derived from these explanations in order to trigger actionable
behavioral adjustments. Not only should interpretability of models and explainability of
their individual predictions be provided to the learners, but also counterfactuals, which
explicitly demonstrate alternative outcomes for the learner if a behavioral change were
to take place in specific areas. Recent studies (Rets et al., 2021; Valle et al., 2021) in LADs
have highlighted the necessity of integrating insights which are prescriptive and take on
forms of recommendations to guide students in their learning. Producing such rich and
sophisticated outputs is a challenge, because extracting simplified representations of
predictive black-box models and their reasoning is complex. There are limited available
tools with sufficient maturity that support this functionality, which again requires a high
level of expertise to implement and leverage.

Ethics

The challenges surrounding ethical use of data within LA products are generally well
understood and accepted. They center around questions of what personal data should
be collected and processed by these systems, what insights should be extracted and with
whom they should be shared. Additional concerns exist around possible consequences
on learners when conveying personalized information; therefore, institutions need to be
aware of intrusive advising or inappropriate labelling that may lead to learner resent-
ment or demotivation (Campbell et al., 2007). As such, avoidance of harm to learners,
alongside compliance with legal requirements are paramount.

Given the importance of practical ethical underpinnings when using LA systems, it is
acknowledged that robust and clear policies need to be formulated on what empirical
data is permitted to be used for analytical purposes and to what end (Kitto & Knight,
2019). The study supports that awareness of these policies must be communicated to
the learners together with the purported educational benefits that such systems claim
to bring, together with the potential risks. A key concern however is the uncertainty
regarding the benefits distribution, which may not be the same for everyone (Rubel &
Jones, 2016); hence, institutions are encouraged to create a sense of transparency about
LA systems by including statements on their data practices and limitations.

Beyond the well accepted dilemmas of LA systems listed above, predictive models
used in LADs bring with them some other acute challenges. Predictive models naturally
embody within them the process of generalization. As the machine learning algorithms
learn and induce predictive models, they move from individual and specific examples
to more general descriptors of the data. With this natural induction process, errors are
invariably introduced. The ethical concern and challenge come into play when we con-
sider both incorrect and correct classifications and the effects that they might have on
learners. If a student is mis-classified as being “at-risk” this might have the effect of dis-
couraging them and eventuate in the “fulfillment of the prophecy” despite the fact they
were originally on-track to successful completions. Or, in using oversimplified classifica-
tion labels, we can diminish the predictive value and in turn reduce the trustworthiness
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of the analytical approach. This challenge will always remain since learners are not deter-
ministic and predictive models in non-deterministic domains are inherently imperfect.
Likewise, Bowker and Star (2000) note that even with correct predictions, for some this
may be an incentive if they are already motivated and capable of positively adjusting
their course in order to alter their predicted outcome, while for others, the prediction
may only serve to further deflate.

Agility

Agility is the ability to rapidly adapt to changing requirements, be flexible and able to
seize new opportunities. Universities are more resistant to change than industrial enti-
ties (Menon & Suresh, 2020); they are typically considered to be fractured and decen-
tralized (Bunton, 2017), while possessing complex and non-standard business processes
(Mukerjee, 2014a). However, financial constraints coupled with pressure from competi-
tion as a consequence of the unfolding digital revolution, have put universities on high
alert to engage with new technologies (Mukerjee, 2014a). It is recognized that organiza-
tional agility is a crucial capability for universities at these times (Mukerjee, 2014b). Both
the use of data insights and analytics as well as the development of these projects, places
immediate demands of agility on behalf of the organization operationalizing them. Agil-
ity is therefore a key challenge for universities attempting to productionize LADs.

The requirement for agility comes at different levels in respect to LADs. Translating
LADs into products that genuinely improve learning outcomes requires constant moni-
toring and analysis of their usage patterns, user feedback and ultimately the gathering of
evidence into their efficacy. The consequences of this are an increase in resource costs
for maintenance and continuous refinement of the LADs. Continuing support from
the institutions and willingness to provide ongoing long-term refinements need to be
secured ahead of time. Sun et al. (2019) point out that improvements of these types of
systems needs to go beyond pilot and deployment stages, and that underlaying assump-
tions used to develop these systems need to be re-assessed as adjustments are made to
enhance the design or functionality. For best results, the design of dashboards should be
iterative with continuous feedback from learners in order to ensure that an operational-
ized product is actually useful. This is time and resource intensive and requires agility.

From a data-oriented point of view, agility and the ability to integrate new data streams
into LADs are paramount. Universities are rapidly incorporating modern technologies
for course delivery and improving the learning experience. The technologies sometimes
augment what is already in place, while other times, they completely replace legacy pro-
cesses and systems with new ones. This process has been accelerating recently and will
continue to do so. The consequence is that new and more diverse digital footprints will
continue to be generated by learners especially with the increased demand in online
education in the aftermath of COVID-19. Therefore, adaptability and rapid responses in
integrating new data sources must be set forth to identify new features that can improve
the predictive power of deployed models.

Finally, profound insights are compelling. They demand action if negligence is to be
avoided. Deep insights can be game-changers and often call for swift action even when
this is inconvenient. For example, if predictive models powering the LADs identify cer-
tain qualifications within an institution’s portfolio as being key predictive drivers towards
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Fig. 1 Methodology used in this systematic review (Moher et al., 2009)

poor completion rates, then this would need to trigger action and possibly advice on
changes that may neither be convenient for an institution, nor even align with their over-
arching strategic goals. With deployment of LADs, therefore, comes the responsibility of
asking the tough questions in adapting to the suggested changes that can have a better

institutional impact.

Methods

The focus of this study was to review the most recent developments in LADs. To that
end, the search focused on studies published from 2018 until the time the search was
completed (September 2021). The search followed the PRISMA framework (Moher
et al., 2009) which requires a principled approach to defining the inclusion and exclusion
criteria as well as search parameters.

We first conducted a keyword search targeting Google Scholar using the “Publish or
Perish” tool in order to retrieve the initial academic articles. The following search terms
were used: “learning analytics dashboard” or “visualization tool” or “early warning sys-
tem” or “student dashboard” The search yielded the following total number of results per
year: 2018 n=340, 2019 n=977, 2020 n=960, and 2021 n=403. A total of 2680 papers
were obtained. This was reduced to 1450 papers following the elimination of duplicates.

Next, papers that were not written in English and those containing less than 3 pages
were filtered, resulting in 600 papers. The abstracts of these papers were screened, and
finally only the papers that focused on dashboards targeting learners and instructors

106



Susnjak et al. Int J Educ Technol High Educ (2022) 19:12 Page 11 of 23

Number of Learner Analytics Dashboard Articles
by Year Covered in this Study

w
I

LA Dashboard Publications
W £
} }

8]
I

T

2018 2019 2020 2021
Year
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publications for 2021 is listed up to September of that year.

were retained. This yielded a total of 17 papers that successfully passed all the inclu-
sion criteria and only these were included in the final analysis. Figure 1 outlines the
overall methodology used for data collection, while Fig. 2 depicts the histogram of the
17 LAD papers by year.

Against the backdrop of recently published literature, the first part of our study has
already identified challenges facing LA and specifically difficulties associated with the
development and deployment of dashboards in educational contexts. The second part
of our study analyzes the data on existing LADs. Our analysis approach is based on
five key assertions that are grounded in dashboard literature. The assertions act as a
prism through which we reviewed the LADs and directed our investigation towards

the design of our dashboard subsequently. These are as follows:

1. Given that LADs using only descriptive analytics is not enough, it is meaningful to
identify dashboards which have started to incorporate predictive and data-driven
prescriptive analytics.

2. Since accuracy of predictive models is an identified challenge, it is informative to
determine what accuracies are being reported for recent LADs using predictive
modeling, and if they communicate the confidence of their predictive outputs to the
learners.

3. Assuming that there is value in providing learners with some level of interpretability
of the underlying predictive models and explanations of how the models have arrived
at predictions for individual students, it is instructive for future research directions
to ascertain how prevalent is the presentation of these features on the LADs.

4. Since the evidence of the effectiveness of LADs to affect positive outcomes for learn-
ers is not complete, it is instructive to know what evaluation efforts have been made
in recent studies on the utility of LADs.

5. LADs using higher number of colors are more likely to misuse and overuse colors

and contribute towards confusion for the learners.
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Analysis

Our analysis is divided into two parts. The first part reviews each of the 17 LADs and
highlights noteworthy aspects of each one. The second part analyzes the dashboards
at an aggregate level and offers analyses of the state of LA dashboarding in a summa-

tive format.

Review of dashboards from literature
Our framework for reviewing all the LAD studies uses a scheme whereby we consider
each LAD from the perspective of how they have implemented descriptive, predictive
and analytics functionalities, as well as the reported evidence outlining the effective-
ness of LADs on learner outcomes.

LADs with descriptive analytics capabilities

All studies incorporated some aspects of descriptive analytics. Frequently, the
descriptive analytics were in the form of graphical displays depicting comparisons
of a student in respect to class averages or patterns in relation to students (Aljohani
et al., 2019) across metrics like assessment scores, participation levels and interaction
with online activities (Chen et al., 2019; Fleur et al., 2020; Gras et al., 2020; Han et al.,
2021; Karaoglan Yilmaz & Yilmaz, 2020; Koko¢ & Altun, 2021; Ulfa et al., 2019; Valle
et al., 2021). Some studies focused on status updates of progression through online
course materials such as video, reports on time spent on eBooks and summaries of
course notes (Bodily et al., 2018; He et al., 2019; Majumdar et al., 2019; Owatari et al.,
2020). Other studies also assisted learners in planning and provided alerts of upcom-
ing assessment submission deadlines (Baneres et al., 2019; Kia et al., 2020; Naranjo
et al., 2019). Certain LADs (Chatti et al., 2020) went beyond static dashboards and
enabled direct customizations of them by allowing learners to dynamically generate
indicators of their choice.

LADs with predictive analytics capabilities

Several studies went further than mere descriptive analytics and incorporated pre-
dictive analytics elements into their dashboards. A descriptive and a predictive
dashboard was developed by Valle et al. (2021). The descriptive dashboard aimed at
displaying the students’ performance relative to the class average while the predic-
tive dashboard displayed the probability of learners attaining specific grades. The
authors reported that the predictive dashboard helped only the highly motivated stu-
dents to sustain their motivation levels, while both dashboards failed to demonstrate
their effectiveness in affecting final outcomes. Similarly, Fleur et al. (2020) developed
a LAD with class-comparative descriptive components as well as the student’s pre-
dicted final grade. The students in the treatment group accessed the dashboard and
their performance was analyzed in formative and summative assessments. The study
reported that students in the treatment group performed better in the formative
assessment only. Baneres et.al (2019) focused on devising an early warning system
for learners and instructors that identifies at-risk students. Their Graduate At-Risk

(GAR) model used grades to predict course outcomes. Additionally, an intervention
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mechanism was incorporated that automated sending personalized messages to at-
risk students. While GAR noted an improvement in performance of the at-risk stu-
dents, it could not be determined which factors were responsible. In a similar vein,
a prescriptive learning dashboard (PLD) using personalized recommendation texts
was developed by Kokoc and Altun (2021) which also focused on generating of stu-
dent risk status and displaying it on the dashboard. The authors concluded that those
students who used PLD performed significantly better in their courses. None of the
examined studies took steps to communicate to students through the dashboard how
reliable the underlying predictive models were, nor were technologies used which
could elucidate to learners how the models operated, or how the predictions were
generated based on specific student’s data.

LADs with prescriptive analytics capabilities

Certain studies already mentioned above like Kokoc and Altun (2021) and Baneres et at.
(2019), considered the dispatch of personalized messages as prescriptive components.
Indeed, a number of other studies also leveraged different forms of messaging, recom-
mendation techniques and communication features through the LADs in order to claim
prescriptive capabilities. Bodily et al. (2018) developed LADs that recommended content
and skill-building activities such as practice exercises. Their study noted that skill-related
recommendation components were found by students to be more useful compared to
the content recommender features. Along similar lines, Karaoglan Yilmaz and Yilmaz
(2020) took the approach of delivering weekly reports over the course duration along
with personalized recommendations to each student. The study claimed that providing
analytics reports positively increased student motivation. Gras et al. (2020) expanded
the capabilities of their LAD by providing students with an action button which accessed
direct help from the instructor and can therefore be categorized as having prescriptive
aspects. Direct contact between students and instructors was also enabled by the face-
to-face collaborative argumentation (FCA) dashboard developed by Han et al. (2021).
This tool monitored students’ learning progress and facilitated prescriptive interven-
tions by instructors with students requiring additional assistance. Meanwhile, LAView
a dashboard was developed by Majumdar et al. (2019) which computed an engagement
score as an aggregate value across several student interaction measures. Based on the
engagement score, the instructor initiated prescriptive measures in the form of person-
alized emails to corresponding students. LADs are clearly emerging with some forms
of prescriptive components, though many of these can also be defined as human inter-
ventions. Others which have more of an automated algorithmic approach to dispensing
recommendations of content and activities are based on simplistic hard-code heuristics
and thresholds. More sophisticated prescriptive components within LADs leveraging
algorithmic and data-driven analytics have yet to emerge.

Reported effectiveness of LADs

Value assessments of the various LAD projects have taken two distinct approaches
amongst the examined studies. Some studies (e.g., Bodily et al., 2018; Chatti et al,
2020; Gras et al., 2020; Han et al,, 2021; He et al., 2019; Kia et al., 2020; Koko¢ & Altun,
2021; Naranjo et al., 2019; Owatari et al., 2020; Ulfa et al., 2019) have largely conducted
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qualitative evaluations of the various LAD deployments within pilot contexts. These
included surveys and interviews of usability aspects and covered subjective responses on
the degree that LADs facilitated learning. However, other studies provided quantitative
findings supported by statistical analyses that demonstrated that LAD usage had posi-
tive effects on student outcomes (Aljohani et al., 2019; Fleur et al., 2020; Han et al., 2021;
Karaoglan Yilmaz & Yilmaz, 2020; Kokog & Altun, 2021).

Dashboard data analysis

Table 1 summarizes all the revised dashboards through the analysis approach listed in
“Methods” Section. We find that 59% LADs include some form of descriptive analyt-
ics information to the learners. The remaining LADs focus on assisting students with
planning, helping them monitor progress through online learning materials and provide
learners with a medium through which instructors can more effectively interact with the
learners.

The majority of the LADs either did not use any form of predictive analytics or did
not report on this capability if implemented. This large group consisted of 76% of the
most recently developed dashboards for learner-facing educational contexts. Out of
the remaining 24% which did use predictive analytics, one of the dashboards generated
predictive models with an accuracy range between 80 and 89%, while another achieved
higher accuracies reaching up to 95%; however, while these accuracies were reported in
literature, the model accuracies were not presented to the students on the dashboards.
The remaining dashboards that used predictive analytics did not report on their predic-
tive accuracies.

The data also indicates that model transparency approaches and technologies have not
entered usage amongst the dashboard developers. Of all the dashboards which used pre-
dictive modeling, we find that no attempt was made to offer model interpretability to the
learners in terms of what were the key features. Additionally, we find that the none of the
reviewed dashboards tried to explain to the learners how the predictive models actually
arrived at the predictions that were presented to them.

From our review, we found that none of the recent LADs utilize data-driven prescrip-
tive analytics. Our data indicates that 47% used some form of prescriptive features asso-
ciated with the dashboards which took the form of encouraging messages, supportive
emails or instructive suggestions being issued to learners by the teachers. However, none
employed automated instructions or recommendations generated by prescriptive mod-
elling algorithms.

Widely contrasting approaches were adopted by researchers in respect to evaluating
the usability of the dashboards, as well as their overall ability to affect positive learning
outcomes. We found that 59% of the dashboards which were deployed in some form of
productionized environment, evaluated the usability of the dashboards through quali-
tative approaches that involved surveys and interviews with learners. A further 12%
of the studies created dashboard prototypes and conducted a qualitative investigation
into their usability, while a same proportion developed prototypes, but did not evaluate
them. A quarter of the studies performed a qualitative investigation into the effective-
ness of the dashboards ability to impact student outcomes. These studies concluded that
their LADs exhibited a positive impact on student outcomes. A common feature across

110



Susnjak et al. Int J Educ Technol High Educ

(2022) 19:12

Table 2 Dashboard technologies and size of study cohorts

Page 15 of 23

Study Technology Programming/ Cohort size
expertise
Bodily et al, 2018 N/A 180
Chenetal, 2019 N/A -
Aljohani et al, 2019 ASP MVC4, HTMLS, jQuery and High- High 86
charts JavaScript
Ulfa et al, 2019 N/A 67
Majumdar et al,, 2019 N/A -
He etal, 2019 HTMLS5, JavaScript and Echarts High 327
Naranjo et al, 2019 Vue js, HTML, CSS High 64
Baneres et al,, 2019 Web application High 247
Gras et al,, 2020 N/A 127
Karaoglan Yilmaz & Yilmaz, 2020 LMS messaging tool Low 81
Fleur etal, 2020 Django High 79
Chatti et al., 2020 Google charts and C3js High 414
Kia et al, 2020 JavaScript, D3,js High 449
Owatari et al,, 2020 Web application High 108
Han et al, 2021 Web application High 88
Kokog & Altun, 2021 Google visualization APl and AJAX API High 126
Valle et al., 2021 R and Shiny High 179

half of the LADs which demonstrated a positive student outcome was they possessed
predictive analytics capabilities. They all depicted information for each student in rela-
tion to where they were situated in respect to their peers across various metrics, and one
of the dashboards implemented prescriptive features.

Our analysis indicates that 59% of the LADs have used six or more different colors
on their display, potentially contributing towards information overload and miscom-
munication of insights. 29% used between four and six colors, while the remaining 12%
employed up to 3 colors only.

Technology is an important aspect through which LADs ought to be considered.
The chosen technology determines the range of capabilities of LADs and the agility of
the projects. Where reported, Table 2 indicates that the chosen tools for implement-
ing LADs have so far mostly been web application frameworks which carry with them
a requirement of a high level of technical expertise. Usage of off-the-shelf commercial
dashboarding products which do not require a high level of technical and programming
expertise appear not to be a chosen medium yet. Both web application frameworks and
off-the-shelf dashboarding products generally possess very limited advanced analytics
capabilities, which would then require additional technologies to overcome this limi-
tation. The exceptions being, Shiny (R) and Django (Python), where both technologies
have access to a large ecosystem of analytics capabilities.

Proposed learning analytics dashboard

The previous section reviewed dashboards and highlighted their key themes, analytic
capabilities and reported efficacies. Drawing on contributions from these studies as
well as the strengths and weaknesses of various dashboarding approaches, we pro-
pose our learner-facing dashboard design (shown in Fig. 3). The proposed dashboard
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Fig. 3 Learning analytics dashboard designed for students

attempts to integrate all levels of analytics capabilities missing in reviewed dash-
boards. The proposed dashboard has descriptive, predictive as well as prescriptive
components built into it. To the best of our knowledge, this dashboard is the first of
its kind to embed data-driven prescriptive capabilities involving counterfactuals into
its display. In addition, our dashboard possesses a high degree of transparency and
communicates to the learners how reliable the predictive models are; what the key
factors are that drive the predictions, as well as the conversion of a black-box predic-
tive model into a glass-box, human interpretable model for the learners so that they
can understand how their prediction is being derived.

Analytics layers
The proposed dashboard distributes the descriptive, predictive and prescriptive com-
ponents across three panels seen in Fig. 3. The first panel highlights student engage-
ment levels. This panel contains only descriptive analytics components and compares
the learner’s engagements versus that of the cohort’ average. Engagement includes
weekly login counts into the virtual learning environment, number of learning resources
accessed, and total forum posts created as a measure of communication exchange levels.
The second panel displays information regarding a learner’s academic performance.
This panel has both descriptive and predictive analytics components. The descriptive
component in the top half, displays the snapshot of a learners’ assignment grades, quiz-
zes and tests. The learner’s data is contrasted again with that of the cohort. The student
can rapidly see their deviation from the class mean and can also inspect in greater detail
how far their score deviates from their peers by viewing the overall class distribution
through the box-and-whisker plots. The dashboard’s predictive component begins in
the lower half of the second panel. This component provides a student with estimates of
what scores they are likely to achieve in the upcoming assignment and their final exam
based on the learners who have exhibited similar learning attributes in the past.
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However, the key predictive analytics component and the novel prescriptive analytics
features are found in the third panel. In this panel, an overall prediction is made regard-
ing the learner’s estimated risk profile for meeting the course’s learning outcomes. Given
the importance of this model, we emphasize key aspects of its nature that were miss-
ing in previous studies. The dashboard communicates the accuracy of the underlying
model to the learner, and provides interpretability to the user in terms of what factors
are deemed important to the model at a high-level when it makes a prediction. In addi-
tion, the dashboard contains an explainability component which communicates to the
learner how the model has arrived at a given prediction for their individual case with the
student’s specific input values. The model reasoning provides the learners with a sug-
gestion of what they can alter in their learning behavior in order to alter their outcomes.

The above model transparency capability is further built upon and expanded by the
dashboard’s prescriptive analytics features which incorporate counterfactuals. The coun-
terfactuals indicate to the learner what specific factors together with minimal changes to
their values, would produce different, and more positive predictive outcomes. The coun-
terfactuals make some plausible assumptions about the existence of causal links in the
underlying data, and based on this, generate automated advice to learners about how to
maximize their learning outcomes.

From an aesthetic point of view, the dashboard attempts to minimize the use of color
and renders the display in three hues, thus minimizing the risk of information overload.
Additionally, the dashboard uses a neutral pastel palate to further reduce negative effects
that colors can have, while attempting to maximize the data-to-ink ratio.

From a functional point of view, the proposed dashboard provides comprehensive ana-
lytics capabilities that are not found in existing LADs and demonstrates the state-of-the-
art in terms of incorporating these functionalities. However, the dashboard is currently
in a pilot stage at a tertiary institution with students from across 20 classes actively trial-
ing the tool and evaluating it for usability; therefore, data on its effects on outcomes is
not yet available.

Dashboard design details
The underlying data for the dashboard originated from Moodle, an open-source learning
management system which provides the virtual learning platform for e-learning at the
institution. The dashboard was implemented following a client server architecture. On
the client-side the Power BI* tool was used to develop the web-based dashboard appli-
cation. Meanwhile, on the server-side Python® was used for both analytics and for the
extract, transform, load phases.*

We used a mixture of Python’s scikit-learn library and the CatBoost (Dorogush et al.,
2018) classification algorithm for generating student outcome predictions. The underly-
ing features used to make the predictions were engagement deviation score, engagement

2 Power BI is a commercial software package owned by Microsoft. Effective at building dashboards, but at present lacks
capabilities for predictive and prescriptive modelling, as well as model interpretability.

3 Python is a general-purpose programming language with a rich set of capabilities for implementing all required ana-
lytics; however, it lacks easy-to-use capabilities for building front-end dashboards.

4 Both Power BI and Python can effectively be substituted for R and it’s R Shiny technology for constructing dashboards
and developing the underlying analytics functionalities.
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rolling average score from the Moodle, assignment rolling average score, assignment
deviation score, and previous grade from the student management system, and demo-
graphic information such as age, English equivalent test, and highest school qualifica-
tion. Models were trained on a dataset comprising 4000 students. Hold-out method was
used and the final accuracy from all the test datasets was displayed to the learners as a
measure of confidence in the reliability of the underlying model. The dataset was divided
into weeks and were used for the prediction analysis. Moreover, the data was used in a
cumulative fashion for making predictions. For example, when making predictions for
week 2 the students’ data from week 1 were taken into consideration as well. The reason
being that prediction accuracy improves as more data becomes available in upcoming
weeks. Prediction accuracy at early stages is important so that timely interventions can
be made to help students.

Model interpretability was implemented used feature importance analysis which
depicts the relative contribution and importance of each variable towards making pre-
dictions. This was also complemented with the use of anchors® (Ribeiro et al., 2018).
Anchors have recently devised as an approach for making black-box models interpret-
able. Anchors create proxy models which mimic the behavior of the underlying black-
box model but present themselves to the user as a glass-box model. Proxy models are
approximations of the real model and they present themselves as succinct human-read-
able decision rules.

In order to realize prescriptive capabilities, we used data-driven counterfactuals
(Wachter et al., 2017) to suggest to students how an adjustment in certain behavioral
learning patterns would result in a more positive prediction. For example, the coun-
terfactual may suggest to a learner that an increase in their next assignment mark by
a specific amount would change their classification from high-risk to low-risk. Such
data-driven counterfactuals are based on correlation and do not guarantee causal links;
however, in many cases when features are judiciously selected some degree of poten-
tial causality can safely be assumed. We use the Python counterfactual library® (Mothilal
et al., 2020) to generate the prescriptive analytics on the dashboards. The advantage with
this tool is that the outputs are once again in a rule-based format and easy to compre-
hend. Additionally, the prescriptive suggestions represent a minimum shift in the values
of key features that would need to take place in order to achieve a different outcome to

what is currently predicted.

Discussion

Our study reveals that learner-facing LADs are steadily gaining popularity (Fig. 2), while
it is reasonable to assume that numerous others may have been deployed but remain
unpublished. While the value of LADs are recognized by education providers, we find
from literature that many of the published dashboards are only in their prototype phases,
and only few in the pilot implementation stages. This is also in agreement with findings
from other studies (Chen et al., 2019; Karaoglan Yilmaz & Yilmaz, 2020). A speculative
link could be argued between the low deployment rates of LADs covered in this study

® Our implementation of anchors used the anchor-exp library https://pypi.org/project/anchor-exp/

© Dice-ml https://pypi.org/project/dice-ml/
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and the underlying technology choices taken as seen in Table 2. The technologies used in
the studies are heavy-duty in respect to design, development and maintenance of LADs,
requiring significant resource investments and agility. As discussed, higher education
organizations are short on both of the latter requirements at present which are therefore
possibly contributing factors. Given that the reviewed LADs mostly used only descrip-
tive analytics, it could be argued that off-the-shelf commercial dashboarding software
would have delivered the same functionalities for a vastly reduced effort, with higher
prospects of productionization.

Given the significant resources required to operationalize LADs, our study has
revealed that there is paucity of evidence on their effectiveness to affect learner out-
comes. This is again supported by Fig. 2 which suggests that learner-facing LADs are
a relatively new and emerging technology in the LA space and so comprehensive and
conclusive meta-study research into their effects has simply not yet taken place. We also
see in Table 2 that most of the past LAD papers involved relatively small study cohorts to
support conclusive findings, with the median being 126 subjects. Larger studies involv-
ing several hundred subjects are emerging, and more will be needed in future in order
to answer this question concretely. Encouragingly, our research did find that about a
quarter of the studies concluded that their LADs produced positive impacts on student
outcomes. However, the number of studies were too small to determine which types of
visualizations or dashboard features directly contributed towards positive impacts on
learner outcomes. Further still, it is unclear if any effects could be attributed to dash-
boards themselves, or to the associated human interventions.

Given the ubiquity of machine learning now, it is a little surprising that predictive
modelling has not featured in a larger percentage of reviewed LADs. A possible hypoth-
esis could be that stringent ethics requirements and risk-averse positions taken by
Research Ethics Committees may be playing a role. Some of the research using predic-
tive analytics could also be encountering obstacles due to emerging legal requirements
that predictive modelling is made completely transparent, interpretable and the predic-
tions explainable to those affected, thus lifting much higher the barrier to entry for those
seeking to leverage machine learning.

Undoubtedly though, data-driven prescriptive analytics represents the next frontier
of LAD development. This is the most sophisticated level of analytics with the ability
to offer learners evidence-based concrete suggestions or recommendations about what
adjustments in learning behaviors would most likely result in positive outcomes (Aljo-
hani et al., 2019; Lu et al., 2018).

Future directions

Our final research question considers future directions of LA dashboarding and inquires
into how some of the existing weaknesses can be addressed. We find that personalization
of learning, which could be referred to as “precision learning” is the future, and there
is a role for LADs in supporting this through embedding of recommendation-like fea-
tures which suggest next steps to learners for maximizing outcomes. In addition, LADs
can take on greater roles in early intervention responses to learners identified as being
at-risk. Integrating automated interventions within the dashboards and evaluating their
effectiveness will be one of the future research directions. The focus on personalized
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learning and early interventions as an area of needed focus is also supported by (Gras
et al., 2020; Han et al., 2021) while closing the loop and ensuring that the insights gener-
ated by LA systems, or dashboards, is actionable and not just interesting, is emphasized
by (Baneres et al., 2019; Chen et al., 2019).

Maisarah et al. (2020) noted in their broad survey of LADs the importance of embed-
ding customization capabilities within dashboards in order to make them user-friendly
and thus promote long-term usage of the dashboards. Future research will focus on
developing technologies that possess these capabilities and are able to seamlessly inte-
grate with native platforms used by institutions for their existing Virtual Learning Envi-
ronments. Leitner et al. (2019) also mention the utility of embedding analytics within
dashboards themselves in order to directly gather information on learner usage patterns
of the dashboards themselves in order to optimize them in subsequent iterations of
development.

Lastly, Sedrakyan et al. (2020) go further and ambitiously suggest integrating data from
activities in the learning-process which may not be directly linked with the institutional
learning environments. They propose data acquisition from multi-modal sources such as
biofeedback from various wearable sensors, audio/video streams and using them to aug-
ment LADs. Thus, scalability in processing capabilities of live data streams originating
from wearable sensors would form yet another requirement of future work for LADs.

Study limitations

We acknowledge that the search time-window of 2018 to 2021 is constrained, and that
data from 2021 is partially collected which constitutes a limitation of this study. Data on
the usability of the proposed dashboard and its effects on student outcomes are being
collected. A further limitation of this study is that these data cannot yet be presented,
neither can this tool be made available publicly for trial purposes at this point in time
due to software licensing constraints.

Conclusion

Learning Analytics dashboards (LADs) are becoming increasingly commonplace within
the educational sector with the aims of improving the quality of the learning experience
and thereby maximizing learner outcomes. Our study focused on identifying challenges
associated with LAD projects as well as analyzing characteristics of recent advances in
LADs. We comprehensively surveyed existing LADs and analyzed them through the
prism of the sophistication of insights they deliver and ways in which they help learn-
ers make informed decisions about making adjustments to their learning habits. Finally,
in considering the strengths and weaknesses of existing LADs, we propose a dashboard
currently being deployed for trials at a tertiary institution that attempts to address some
of the gaps we found in literature. Our research findings have both theoretical and prac-

tical implications.

Theoretical implications

We have added to the body of knowledge surrounding what we know to be challenges
in operationalizing Learner Analytics (LA) projects. We refined these challenges to
LAD projects and have identified the lack of agility in higher education institutions as
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one of the key pressure points. Our work has confirmed that learner-facing LADs are
on the rise within higher education institutions, but significant gaps in understanding
and quantifying the effectiveness of LADs exists. In particular, uncertainty exists about
which components within LADs are more effective at improving learning outcomes. We
find that predictive modeling functionalities are not used in majority of cases within the
reviewed LADs, and examples of interpretability of the models and the ability to explain
their predictions to the learners do not yet exist in published studies. Additionally, our
study reveals the absence of data-driven prescriptive analytics which, with other gaps,
highlights numerous worthwhile avenues for future studies to pursue.

Practical implications

A key practical implication of this study is a demonstration of how a sophisticated LAD
can be developed which integrates all forms of analytics: descriptive, predictive and pre-
scriptive. We have 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. This will establish trust with the users through transparency
of moving beyond black-box predictive models, and in the process satisfy emerging
regulatory requirements. Additionally, we have demonstrated how automated and data-
driven prescriptive analytics can be leveraged within LADs. Our research also points the
analytics practitioners towards recently developed technologies which more than ever,
make these capabilities accessible to the wider audience.
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Effectiveness of a Learning Analytics Dashboard for
Increasing Student Engagement Levels
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Abstract

Learning Analytics Dashboards (LADs) are gaining popularity as a platform for providing students with insights into
their learning behavioral patterns in online environments. Existing LAD studies are mainly centered on displaying
students' online behaviors with simplistic descriptive insights. Only a few studies have integrated predictive
components, while none possess the ability to explain how the predictive models work and how they have arrived
at specific conclusions for a given student. A further gap exists within existing LADs with respect to prescriptive
analytics which generates data-driven feedback to students on how to adjust their learning behavior. The LAD in
this study attempts to address this gap and integrates a full spectrum of current analytics technologies for sense-
making while anchoring them within educational theoretical frameworks. This study’s LAD (SensEnablr) was
evaluated for its effectiveness to impact learning in a student cohort at a tertiary institution. The study’s findings
demonstrate that the students’ engagement with learning technologies and course resources increased significantly
immediately following interactions with the dashboard. Meanwhile, the study results showed that the dashboard
boosted the respondents’ learning motivation levels and that the novel analytics insights drawn from predictive and
prescriptive analytics were beneficial to their learning. This study, therefore, has implications for future research
when investigating student outcomes and optimizing student learning using LAD technologies.

Notes for Practice

e Learning Analytics Dashboards (LADs) hold promise for enhancing the student learning environment
by providing data-driven monitoring of students’ learning progression and identifying overall learning
trends and patterns.

e It is worthwhile integrating predictive analytics into LADs provided that transparency into how the
models work and how they arrive at predictions for a given student is clarified.

e Data-driven suggestions offered by prescriptive analytics are appreciated by students and should be
further researched and integrated into future LAD studies.

¢ Information-rich dashboards can incorporate multiple reference frames like the ability for students to
compare themselves with their peers and monitor their levels of achievement towards their learning
goals or progression with respect to their earlier selves without creating an overwhelming LAD which
induces cognitive bias.
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Learning analytics, dashboard, descriptive analytics, predictive and prescriptive analytics, dashboard
evaluation, student engagement behaviors, usability
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1. Introduction

Current advancements in technology-enabled learning have provided educators with new opportunities for enhancing student
learning by leveraging Learning Analytics (LA). LA provides a research lens for uncovering student learning patterns from an
ever-increasing amount of student data to better understand the overall learning process and to more effectively support students
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achieve their learning goals. LA Dashboards (LADs) are visual displays of information extracted from online learning
environments that are arranged in such a way that students’ learning trends can be perceived at a glance (Schwendimann et al.,
2017). LADs, therefore, hold much promise for enhancing the learning environment by providing data-driven monitoring of
students’ learning progression so that actionable insights resulting in interventions can be taken to assist student learning.

Published LADs vary greatly in their complexity and sophistication of depicted insights. LADs based on descriptive analytics
are the most common. They employ the simplest type of analytics that primarily depict current and historical data to identify
trends. LADs that incorporate predictive analytics frequently leverage machine learning (ML) algorithms to provide forecasts
about the likelihood of students achieving some predefined goal such as course or assessment completions (Shahiri & Husain,
2015; Rets et al., 2021). Meanwhile, prescriptive analytics capabilities produce data-driven feedback to students as well as
remedial suggestions when necessary. LADs that incorporate prescriptive analytics are rare as this is the emerging frontier of
current Al research (Susnjak, 2022).

The use of LADs is a relatively new adoption in education; it initially targeted educators to highlight students considered at
risk of academic non-achievement. Purdue's Course Signals (Arnold & Pistilli, 2012) was one of the first widely deployed
educator-facing dashboards that classified students into risk categories with respect to forecasted course outcomes. More
recently, student-facing LADs have gained increasing interest in LA research (Teasley, 2017). LADs can facilitate more
transparency into online learning behavioral patterns which can bring about new self-knowledge among students enabling them
to make more informed study-related decisions for improving their learning outcomes (Verbert et al., 2013). However, distilling
large amounts of multidimensional data into relevant information which can then be converted into meaningful and actionable
insights for students is challenging (Khosravi et al., 2021). These challenges relate to the requirement that the LAD is both
informative and comprehensive. To be informative, the LAD should be easy to understand and effectively convey insights that
are consequential and judiciously selected and are not merely interesting. Whereas, to achieve comprehensiveness, a holistic
overview of the student learning experience (Ali et al., 2013) needs to be depicted which combines data on learning content,
learning activities, learning outcomes, and students’ abilities in an effective manner that does not result in cognitive overload.
Finding the right balance between informative and comprehensive visual displays is not a straightforward balancing act.

The effectiveness and proliferation of LADs in real-life use have also faced several challenges. Both educator- and student-
facing LADs have increasingly incorporated predictive analytics to automatically identify at-risk students (Hu et al., 2014; Ahadi
et al., 2015). However, this development has started to raise concerns centering on the prospect of widespread automated
decision-making taking place with variable levels of human oversight (Hajian et al., 2016) while using machine learning (ML)
models that are beyond obvious interpretation. Currently, published LADs that leverage predictive analytics do not provide
users with any interpretation of their mechanics or any reasoning behind their predictions. Consequently, the development of
accountable, transparent, and fair Artificial Intelligence (Al) technologies is being recognized as an important line of research
in LA. Researchers in this field are interested in exposing the internals of black-box models to communicate the mechanics and
provide explanations of the models’ conclusions (Islam et al., 2022).

Additionally, while the sophistication and capabilities of the LADs have been increasing, the uptake and adoption of this tool
have not matched the technological advances. It has been argued that one crucial factor determining whether students will use
a LAD is their perception that the technology is predictable, reliable, and useful (Rienties et al., 2018). LAD research studies
have posited that students will only engage with a LAD if they trust the data and understand how the predictions regarding them
are formulated (de Quincey et al., 2019). Indeed, detailing the reasons why students receive a particular recommendation has
been shown to increase their trust in the system and the likelihood of them following the advice (Bodily & Verbert, 2017).
Although, when a model produces unexpected or erroneous output, trust is further eroded and could result in increased
skepticism and possibly a rejection from the end user (Susnjak et al., 2022). These errors may have negative side effects as well,
such as in instances when certain actions or decisions affecting others are taken, which might be based on false premises arising
from misclassifications (Valle et al., 2021). While errors in predictions are not uncommon, they can to some degree be mitigated
with explanatory technologies that unpack model behaviors. While crucially important, these kinds of explanatory capabilities
are largely absent from present LAD implementations (Afzaal et al., 2021).

Lastly, a key challenge for LADs to improve their effectiveness has been in converting information into concrete and
actionable steps for students. A central limitation of previous studies has been in developing prescriptive analytics capabilities
that are embedded within LADs, which provide students with tailored suggestions on how to maximize their learning outcomes
(Lepenioti et al., 2020). Increasingly new tools are now becoming available from the eXplainable Al field which supports the
next step in the evolution of LADs towards the incorporation of prescriptive capabilities that arguably embody the most potential
for affecting improved learning outcomes of at-risk students.

This study seeks to contribute towards overcoming the above challenges and limitations of existing LADs by showcasing a
student-facing LAD that integrates all levels of analytics as well as data-driven prescriptive analytics which offers tailored
advice to students. Transparency of the underlying predictive model working is brought about through explanatory capabilities
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that offer detailed explanations of how the model has arrived at specific predictions for a given student. Additionally, these
advanced analytics capabilities are combined with comprehensive visualizations. Studies suggest that students’ learning
performance generally increases as their engagement level with the Learning Management Systems (LMS) also increases (Yu
& Jo, 2014; Zacharis, 2015; Lu & Cutumisu, 2022). Therefore, this study aims to use measurements of engagement levels with
LMS as a proxy of the overall learning performance. To that end, the goal of this article is to quantify the effect that this study’s
LAD has on students' engagement levels with the LMS, and in parallel qualitatively analyze students' subjective perception of
the dashboard's effect on their learning performances.

Schwendimann et al.'s (2016) review of LADs emphasizes the importance of grounding their designs in established
educational theoretical frameworks. Jivet et al. (2018) note that only a few reviewed papers outlining LADs have taken account
of theories within their design, while Verbert et al., (2020) call for more responsible LA designs with pedagogical underpinnings
in the development of LADs. To that end, a further key contribution of this paper is the rich grounding of LAD development
within existing educational theory frameworks. Social Comparison Theory and Self-regulated Learning, in particular, have
informed the design and development of this study’s LAD, SensEnablr, which enables learners through sense-making to take
actionable steps. By situating this study’s LAD within these pedagogical contexts and others, the study seeks to bridge the gap
between LADs in general and educational theory in order to promote the use of this technology to enhance learning.

The study addresses the following research questions
1. Does the SensEnablr analytical dashboard result in more student engagement with the learning materials
within the institutional LMS?
2.  What are the students’ perceptions of the dashboard’s effect on their learning performance?

2. Background

This section lays out the current state of research in LADs with an investigation into the different levels of analytics used by
LADs in the literature. The literature review also considers the breadth of evaluations conducted on the effectiveness of
published LADs.

2.1 Learning analytics dashboards

In recent years, LADs have rapidly evolved and have augmented simplistic descriptive capabilities by incorporating predictive
analytics components. Hellings & Haelermans (2020) designed a dashboard aiming to provide study progress updates to
students along with their predicted probability of success in a course accompanied by the predicted grade. Linear models were
used to predict the grade mark, while AdaBoost predicted the course outcomes. A weekly email with the dashboard link was
sent to the participants with the intention of encouraging them to use the dashboard frequently. Dashboard usage was correlated
with a positive impact on student online engagement, but no impact on final exam grades and course completions was detected.
Similarly, Baneres et.al. (2019) focused on devising an early warning system for students and educators that identified at-risk
students. Their Graduate At-Risk (GAR) model used grades to predict course-level outcomes. GAR noted an improvement in
the performances of the at-risk students; however, the effects could not reliably be attributed to the tool itself as the primary
factor or the interventions.

In a separate study, a descriptive and predictive analytics dashboard was developed by Valle et al. (2021). The descriptive
dashboard displayed the students’ performance relative to the class average while the predictive dashboard displayed the
probability of students attaining specific grades. The authors reported that the predictive dashboard positively impacted only the
highly motivated students to sustain their motivation levels, although both dashboards failed to demonstrate their effectiveness
in affecting final outcomes. Recently, Duan et al., (2022) designed a LAD to provide students with actionable feedback on their
weekly learning progress to advance their self-regulated learning skills and improve their course performance. A detailed inquiry
using mixed methods was also conducted to study the dashboard’s impacts on students. It was found that students’ use of the
dashboard was positively correlated with their course performance, and those who viewed the dashboard had higher course
ranks. In addition, the positive correlation associated with the use of the dashboard also extended to more timely homework
submissions.

However, while such descriptive- and predictive-based dashboards provide interesting and potentially revealing information,
which is typical of most existing LADs, importantly they do not provide specific guidance and recommendations (such as
guiding students towards relevant learning materials or activities that are likely to increase course performances) nor do they
provide actual explanations of the predictions which may hold clues regarding possible remedial actions that students can take.

2.2 Predictive model explainability
Jayaprakash et al. (2014) argue that awareness of predictive models’ outputs alone does not influence course completion and
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retention rates unless these are combined with effective intervention strategies aimed at supporting at-risk students. However,
it is also widely appreciated that predictive models have the potential to provide timely intervention for at-risk students which
can result in corrective measures being undertaken by them (Namoun & Alshangiti, 2020). Extracting maximal value from
predictive models is the goal. Recent advances in machine learning technologies have shown how this can be achieved by not
only enabling explanations of models and their predictions but also by generating data-driven and automated counterfactuals
which can be converted into tailored prescriptive feedback. Ultimately, these outputs can articulate to the students what
behavioral adjustments would hypothetically result in positive predictive outcomes. Such explanations hold potential in helping
students regulate their online behavior in a data-driven manner (Afzaal et al., 2021). Thus, arguably the most beneficial and
insight-rich form of analytics is found in the prescriptive data-driven outputs which generate the greatest intelligence and value
(Lepenioti, 2020).

As it currently stands, the focus of existing LADs (Baneres et al., 2019; Hellings & Haelermans., 2020; Valle et al., 2021)
has been merely on conveying to students their at-risk status or probability of non-completion in a course. None of the existing
predictive LADs adequately explain to users how the models work, or how their predictions were generated; rather, they merely
provide the predicted outcomes as feedback to users. This compounds the challenges facing the acceptance and uptake of LAD
technology since it has been noted that students would use these types of tools more frequently if they understood the outputs
better and if they were provided with clear evidence that they are an effective tool (Kim et al., 2016).

Feedback is only effective if students can act on it (Ryan & Henderson, 2018). Several studies (Baneres et al., 2019; Kokog
& Altun, 2021; Li & Fan, 2019) have leveraged the dispatch of feedback in the form of manually generated messages and
recommendations directly from educators. However, these examples of feedback were not individually tailored and did not
specifically identify to the students the learning strategies they ought to employ as a remedial response. Algorithmic approaches
to automatically generate evidence-based and data-driven prescriptive feedback, which is personalized, therefore, hold great
promise for improving outcomes.

2.3 LAD impact

Examining the impact and perceived usefulness of LADs on student online behavior, achievement, and skills is considered
important (Bodily & Verbert, 2017) not least because these tools represent significant resource investments. But naturally also,
because there is a need to quantify the effect of these tools to mitigate general worldwide trends in decreasing rates of learning
performances and retention in tertiary education.

Few studies (Baneres et al., 2020; Fleur et al., 2020; Koko¢ & Altun, 2021) which focused on generating the student risk
status to identify the at-risk students have claimed that usage of the LAD showed a positive impact on students' outcomes to
those students who used the dashboards. Other studies (Bodily et al., 2018; Chatti et al., 2020; Han et al., 2021) have used
qualitative approaches to evaluate general usability aspects like assessing users' perceptions of the tool based on their
interactions. Bodily and Verbert conducted a review on a student-facing LAD and concluded that student use of LADs is
generally not well studied nor adequately understood, and not having enough student evaluations “is detrimental to the research
field of learning analytics because a lack of usability could be the reason why students do not like or use a system” (p. 417). The
lack of student evaluations restricts us from knowing whether current LAD systems are adequately meeting the goals for which
they have been designed. While recent studies like that of Duan et al. (2022) provided insights into the LAD's impact on course
performance and homework submission time, more comprehensive evaluations would help researchers understand the full extent
of the LAD's effect on self-regulation and learning strategies. Thorough student evaluations can therefore highlight end-users’
perceptions regarding LAD usability, its usefulness, and the impact of the LAD on self-regulating their learning strategies.
Moreover, evaluations can help educators understand whether LAD recommendations are being properly communicated to
students and whether those students feel motivated by the offered guidance.

3. Theoretical Framework

The design of the LAD in this study is supported and situated within various theoretical frameworks in education.
Schwendimann et al. (2016) stressed the importance of anchoring LAD design in established educational theoretical
frameworks. Their systematic literature review on LAD research identified key design features and explored the extent to which
they were linked within established educational theoretical frameworks. Their work found a very few LAD designs and
implementations had articulated how their work was grounded within existing theoretical frameworks. Overall, they identified
six broad types of indicators related to learners, actions, content, context, result and social, although how these indicators were
linked to theory was not evident in the reviewed studies. Guiding LAD designs with educational frameworks, such as Self-
regulated Learning (SRL), Social Comparison Theory (SCT), and what could be termed as Cognitive Load Theory (CLT), or
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Feedback Intervention Theory (FIT) can demonstrate the benefits of learning and teaching. The review in this study shows that
LADs grounded in SRL principles are more common, since these aim to provide learners with performance, progress, and
strategy information to facilitate self-reflection and learning behavior adjustments. A limited number of studies incorporated
elements from the Social Comparison Theory (SCT), displaying student data in relation to that of anonymized peer performance
data to trigger greater motivation. Others still were designed with CLT principles, focusing on clear visualizations and actionable
feedback to prevent information overload. Finally, a small number of studies referenced FIT, with dashboards providing real-
time, personalized feedback to support learners in identifying areas of improvement and enhancing their performance.

The design of SensEnablr draws heavily from the SCT and SRL theories, but is also grounded within Constructivism, SCT,
and Transformative Learning (TL), which is outlined below. These theories help us understand how some of the more novel
features of this study’s LADs can be more rigorously justified and used effectively to enhance students' self-awareness, self-
regulated learning, and raise academic achievement.

3.1 Social Comparison Theory

The intention of LADs is to enhance students’ self-awareness, leading to improved self-regulated learning, and ultimately,
enhanced academic achievement (Lim et al., 2019). From a theoretical standpoint, for LADs to be effective, students require
some form of "representative reference frame", for interpreting their data on a dashboard (Wise, 2014). The term “frame of
reference” is an internal/external frame of reference (also known as the I/E model) proposed initially by Marsh (1986). The
model proposes that academic self-conceptualization or students’ perception of their own academic abilities is shaped by internal
and external comparisons. Internal comparison relates to measuring a student’s achievements across dissimilar learning domains
(i.e., different courses), while external comparison measures a student’s achievement with that of their peers in the same learning
domain. By using reference frames, students can build a self-concept or self-perception of their academic competence, as they
gain awareness of their own strengths and weaknesses, which often leads them to refine their learning profiles (Skaalvik &
Skaalvik, 2004). Academic self-concept is found to be highly related to achievement, interest and aspirations, as increased
perceptions of competency lead to increased levels of intrinsic motivation and vice versa, therefore, serving both as cause and
effect (Marsh et al., 2005). Therefore, an effective communication strategy that mutually reinforces academic self-concept and
academic achievement among students is crucial.

Current LADs too aim at increasing students’ motivation by presenting them with dimensional achievement comparisons that
reflect both internal and external reference frames. Jivet et al. (2017) categorized student-facing LADs according to three types
of reference frames, namely (i) social (comparison with peers), (ii) achievement (distance towards goals), and (iii) progress
(comparison with an earlier self). The social comparison can be made with the whole class, top students, and peers with similar
goals. The achievement theory allows students to compare their performance level with desired goals from an internal
perspective (i.e., set by themselves) or external perspective (i.e., set by their teacher). This frame might suit both performance
goal-oriented students and mastery goal-oriented students because this frame makes it possible to focus on the learning outcomes
and how they are mastering the materials and tasks. Progress allows learners to compare historical data of their performances
with their current level of performance (Pintrich, P. R. (2000)).

The first is expressed as an external frame of reference, while the second and third can be interpreted as internal frames of
reference, but from a slightly different angle by using progression over time rather than as direct comparisons between various
learning domains or courses. Social comparison is the most widely used reference frame for LADs as this can reveal learning
behaviors among peers with similar goals and knowledge.

However, few studies have analyzed the effects of using external frames of reference in LADs on learning outcomes. Jivet et
al. (2018) note mixed results in using comparisons with peers between low and high- performing students. For low-performing
students, the social comparison frame was perceived as being stressful. In contrast, the high-performing students were motivated
by seeing their success in comparison to others. Differences in the way students respond to frames of reference may be related
to baseline motivation or self-perception of one’s competency. In another study, Roberts et al. (2017) noted that while students
favor the utilization of an external frame of reference which enables them to compare their progress with peers for self-
evaluation, the way this information is presented needs to be carefully considered by being cognizant of the fact that for some
students this could be detrimental.

3.2 Self-regulated Learning Framework

Self-regulated learning (SRL) is a theoretical framework that emphasizes the role of learners as active agents in managing and
monitoring their learning processes (Zimmerman, 2000). SRL involves setting goals, planning, organizing, monitoring progress,
and evaluating outcomes to optimize learning and performance (Pintrich, 2000). Within the context of LADs, the SRL
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framework can be a guiding principle in design and functionality to support learners in regulating their efforts. That is, LADs
informed by SRL principles can typically provide learners with automated feedback about their performance, progress, and
learning strategies, enabling them to reflect on their learning behaviors and adjust their approaches as needed (Howell et al.,
2018). By offering actionable insights and fostering self-awareness, LADs grounded in SRL theory can empower learners to
take greater control over their learning process, ultimately enhancing their motivation, engagement, and overall academic
performance (Winne & Hadwin, 1998).

3.3 Further theoretical frameworks

Besides SCT and SLR, which heavily influenced the design of SensEnablr, other theories are also relevant. Constructivism
posits that learners actively construct their own knowledge by building on their prior experiences and actively engaging with
new information (Piaget, 1952; Vygotsky, 1978). Incorporating constructivist principles into LAD design involves providing
students with meaningful and relevant information about their learning progress, which enables them to make sense of their
performance, identify gaps in their understanding, and adjust their learning strategies accordingly. To achieve this, LADs can
present data in a visually appealing and easy-to-understand manner, allowing learners to analyze their performance from
multiple perspectives and recognize patterns in their learning behaviors. This process fosters self-reflection, critical thinking,
and knowledge construction, which are essential elements of constructivist learning.

Moreover, LADs can be designed to promote social interaction and collaborative learning, aligning with Vygotsky's (1978)
emphasis on the importance of social processes in knowledge construction. For example, dashboards can provide features that
enable students to share their insights, experiences, and progress with their peers or engage in discussions about their learning.
This exchange of ideas and experiences fosters a constructive learning environment, where learners can benefit from one
another's perspectives and co-construct knowledge (Stahl et al., 2006).

In addition to individual and collaborative learning, LADs designed within the constructivist framework can also support the
role of educators in facilitating the learning process. By providing teachers with insights into students' performance, engagement,
and learning strategies, LADs can help educators identify areas where learners need additional support, enabling them to
intervene and provide guidance that is tailored to the specific needs of each student.

On the other hand, Social Cognitive Theory (SCT) emphasizes the reciprocal relationship between personal factors,
environmental influences, and behavior (Bandura, 1986). According to this theory, self-efficacy or one's belief in their ability
to achieve a goal plays a critical role in motivation, learning, and achievement (Zimmerman, 2000). Firstly, LADs can foster
self-efficacy by providing students with feedback on their performance, allowing them to monitor their progress, set realistic
goals, and develop effective learning strategies (Zimmerman & Schunk, 2001). By presenting data on their accomplishments
and areas for improvement, LADs can help learners gain a better understanding of their capabilities and adjust their efforts
accordingly. This targeted feedback can enhance motivation, as students recognize their potential for success and become more
confident in their ability to achieve their goals.

Moreover, LADs can incorporate social comparison features to promote vicarious learning, another key element of SCT.
Vicarious learning occurs when students observe and learn from the successes and challenges of their peers (Bandura, 1986).
LADs can display anonymized peer performance data, enabling learners to compare their progress and performance with that
of their classmates. This comparative information can motivate students to improve, as they strive to achieve similar levels of
success or avoid the pitfalls experienced by their peers.

Lastly, Transformative Learning Theory (TLF) posits that learners can experience a profound shift in their perspectives,
values, and beliefs through critical self-reflection and dialogue (Mezirow, 1997). LADs can facilitate transformative learning
by incorporating various features, including predictive and prescriptive analytics capabilities.

Predictive analytics within LADs enable learners to anticipate potential challenges and future performance based on their
historical data and patterns. By identifying trends and uncovering potential obstacles, students can engage in critical self-
reflection, reassess their learning strategies, and make proactive decisions to address potential issues. This process helps learners
challenge their existing assumptions about their learning capabilities, fostering transformative learning experiences
(Kitchenham, 2008).

Prescriptive analytics capabilities in LADs can provide students with personalized recommendations and actionable insights
based on their performance data. These insights might include suggestions for improving study habits, prioritizing specific
course content, or seeking additional support. By presenting these tailored recommendations, LADs with these capabilities
empower learners to reflect on their current approaches and consider alternative strategies, potentially leading to a shift in their
perspectives and beliefs about their learning (Cranton, 2006).
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4. Dashboard design

In light of the discussion of theoretical underpinnings connecting LADs with established theory, components of SensEnablr are
presented here and linked to the reviewed frameworks.

The layout of SensEnablr can be seen in Figure 1, reflecting a comprehensive integration of both internal and external
reference frames while the various components are anchored in the reviewed theoretical frameworks. The descriptive, predictive,
and prescriptive components are structured into three columns. The first column shows what is primarily a descriptive
component that leverages the external frame of reference, drawing heavily from SCT to enable a comparison with peers, which
prior works have found to be rarely used in LADs (Jivet et al. (2018)). Meanwhile, the visualizations in this column also enable
monitoring one’s progress over time thus drawing on SRL as well. In this panel of visualizations, a student’s engagement level
is compared against the backdrop of their class’s average. The engagement value is a combination of the number of login counts
into Moodle, the number of learning resources accessed, and the total forum posts created, measuring communication exchanges
with peers. By providing the learner with a reference point to their peers, the intention is to enhance students’ self-awareness
with the goal of leading to improved self-regulated learning, drawing also from the SCT.
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Figure 1. The SensEnablr LAD used for this study

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported
(CC BY-NC-ND 3.0)

128



JOURNAL OF LEARNING/ANABVFICSII e i SLAR

YTICS RESEARCH

To highlight more clearly aspects of the charts in the first column, Figure 2, presents the weekly engagement scores of a
specific student in comparison to the class average over the first seven weeks of the semester, illustrating the application of SCT
principles. The engagement scores are derived from various indicators, including LMS login counts, forum discussion activities,
and access to online learning materials, reflecting the student's level of interaction with the online learning environment. The
student's engagement score consistently falls below the class average throughout the seven-week period, representing an external
reference frame that the student can use for comparison. This trend suggests that the student may be less engaged with the course
materials and online discussions compared to their peers. By leveraging SRL principles, the student can use this external
reference frame to set re-adjusted goals, continue monitor their progress against the new goals, and continue to revise their
learning strategies accordingly. Simultaneously, the student can employ an internal reference frame, focusing on their personal
growth and improvement.

Weekly Engagement

® Your engagement ® Class average

40 = /
. /
\\’

20

week 1 week 2 week 3 week 4 week 5 week 6 week 7

Figure 2. The enlarged chart of a student’s engagement levels from the SensEnablr LAD

The second column features both descriptive and predictive components; similar to the first column the descriptive
components have followed the external frame of reference, while also considering the principles of Constructivism. It displays
a snapshot of the student’s assignment grades and test marks within the context of the whole class. Figure 3 for example
highlights one component from this section of SensEnablr where the student’s marks across two assessments are contrasted with
those of the class average showing a positive trend for the student.

The real-time feedback and information about their learning performance enables learners to actively construct their own
understanding of the knowledge and skills they have attained, and make adjustments to their learning strategies as needed. In
this manner, learners are empowered to use the dashboard to identify areas where they may need additional support or to track
their progress towards set learning goals.
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Assessment Marks
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Figure 3. The enlarged chart depicting a student’s assessment marks from the SensEnablr LAD

The dashboard’s predictive component begins in the bottom half of the second column. The students’ approximate upcoming
assessment scores are presented along with estimated scores for their final exam. These estimations are derived based on how
students with similar learning attributes and performances from the same course in the previous year had performed, akin to a
k-Nearest Neighbor approach.

The predictive component that begins here, draws from the principles of TLF where learners can critically reflect on their own
learning progress and identify areas where they may need to challenge their assumptions and beliefs when confronted with a
prognosticated outcome that they may not expect.

Finally, the key predictive and prescriptive components are seen in the third column which continues both the application of
the TLF as well as the internal reference frame (achievement theory). In this column, the student’s overall course outcome
prediction is displayed. In addition, the underlying model accuracy is communicated along with a simplified version of model
interpretability to the one described in a subsequent section in Figure 5, highlighting only the top features and their relative
strengths when formulating predictions.

Furthermore, in the last column, the dashboard contains model explainability that attempts to describe to students how the
model had arrived at a given prediction for their case. The internal reference frame (distance towards goals) is reflected in the
lower half of the third column where the above model transparency capability is further extended with the use of counterfactuals
that provide the dashboard’s prescriptive components. In this section, the dashboard offers recommendations to students on
what modifications can be made to their learning behaviors for maximizing their learning outcomes. The automated feedback
generated by counterfactuals offers personalized suggestions that are data-driven and can easily be configured to generate
human-understandable text.

4.1 Dashboard architectural layers

In building the dashboard, the software artefact comprises three technological components, namely the Data Layer, the Data
Analytics Layer, and the Presentation Layer. The high-level architecture with a description of the main tasks of each layer can
be seen in Figure 4. Meanwhile, there are two separate datasets (detailed in Sections 5 and 6) that were processed by this
architecture and served different purposes. The first dataset (modelling dataset) comprised past students whose data was used
to develop the predictive and prescriptive models. The second dataset (dashboard dataset) comprised students participating in
the LAD trial, which also included data from their class peers in an anonymized form.
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Figure 4. LAD implementation architecture

In the first component, the Data Layer, the raw data comprising both the modelling and the dashboard datasets are extracted
from several databases, LMS (Moodle), Student Management System (SMS), and the Enrolment Management System (EMS),
and filtered based on target years and courses. The extracted modelling dataset is anonymized in its entirety, while the dashboard
dataset is anonymized only to shield the identities of students who have not opted-in to participate in this trial. The data is then
cleaned and new features describing each student are engineered yielding a single dataset that is able to support the subsequent
analytics tasks. The data extraction and processing step is conducted only once for the modelling dataset, while it is repeated on
a weekly basis for the dashboard dataset in order to maintain an updated version of the LAD.

The Data Analytics Layer consists of three tasks that support the accountability and transparency goals of predictive modelling
as well as those of prescriptive analytics. First, the Data mining step employs machine learning to build predictive models that
identify at-risk students of course non-completion by using the modelling dataset. This represents a one-off task which does not
need to be repeated. The resulting models in this step are applied to the dashboard data for participating students in order to
generate their predictions as well as the explainability outputs that described how and why the model has produced given outputs.
Lastly, techniques that enable the automated construction of prescriptive feedback to the participating students are used.

The third component is the visual aspect of the dashboard where the aim was to integrate all the descriptive, predictive and
prescriptive components into a graphical representation. From a technical point of view, the visual aspect of SensEnablr was
implemented following a client-server architecture using the Power Bl web application tool (Knight et al., 2018) on the client
side. The web application was populated with the data for each student and protected through authentication via logins. The
dashboard was built on Power Bl Desktop and subsequently deployed using the Power Bl service that is built on Microsoft's
Azure cloud computing infrastructure. Meanwhile, Python’s scikit-learn, and other libraries were used for building all the data
layer processing and analytics tasks. More detailed explanations of these processes are discussed in the next section.

4.2 Dashboard access
Only participating students who provided informed consent to opt into the study were given access to the dashboard which was
advertised to a large body of students. The consenting students received the dashboard link via email, which allowed them to
view their weekly performance. A manual guide explaining the login process and the usage of SensEnablr was also provided.
Students who did not consent to participate in the study did not have access to any parts of the LAD. To maintain privacy and
confidentiality in compliance with the institutional Ethics Committee instructions, teachers and administrators were not granted
access to the dashboard either. Only the research team which processed the data and developed SensEnablr, and the opted-in
students could view the dashboard, while those students could only see information specific to themselves. SensEnablr was
made available to the participants four weeks into the semester and remained accessible until the end of the semester.
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4.3 Dashboard analytics

The nature of the predictive model used in the dashboard is outlined here. The focus is on describing the features (or variables)
used for communicating the accuracy of the models achieved across several machine learning algorithms. The internal
mechanics of the chosen model are exposed with respect to the impacts that the selected features have on the predictions and
thus model interpretability is introduced. This section shows how this type of analysis is translated to the dashboard and it also
discusses the technologies used to extract the explainability of the models to make the reasoning of the predictions transparent
to the students. Finally, methods used to embed prescriptive analytics aspects into the dashboard and the approach to automate
this functionality are described.

4.3.1 Predictive analytics

The training of the predictive models was conducted on anonymized data from the 4,000 historic students. New features were
engineered to build the classification models. The aim was to engineer course-agnostic and thus generic features describing
each student which were not tightly coupled to the particulars of different courses. Therefore, where possible the engineered
features captured the relative values of a student compared to the mean values of their class. To achieve this, z-score (or standard
score) was calculated on LMS data which relativized a student’s score on a given feature with respect to those of their peers,
capturing the degree of deviation from the class mean. In general, feature values for each student were calculated on a rolling
mean basis where actions performed by students over multiple weeks were used as a single column, hence reducing the number
of feature columns. This facilitated a reduction in the total number of features which helped mitigate the model overfitting
problem. All the used features are outlined and represented in Table 1.

Table 1. Feature description

Feature name Description

Average score of prior courses The mean score achieved by a student across all previous courses, reflecting their
academic performance history

Maximum score achieved in prior course  The highest score achieved by a student in any of their previous courses, indicating
their peak academic performance

Prior course deviation score The z-score of a student's prior course scores, representing how much their
performance deviates from the class mean

Assignment score The accumulated assignment scores received by a student in the current course

Assignment deviation score The z-score of the student's mean assignment score, indicating how much their
assignment performance deviates from the class mean

Prior role description Student's primary activity during the previous year with respect to their current

academic year (e.g., not employed, beneficiary, self-employed, wage or salaried
worker, secondary school student, polytechnic student)

LMS deviation score The z-score of a student's engagement score, expressing how much their
engagement deviates from the class mean where engagement is calculated based
on login counts, forum discussion activities, access of online learning materials

LMS engagement score The total count of activities performed by a student on the Moodle platform,
reflecting their level of interaction with the LMS based on login counts, forum
discussion activities, access of online learning materials as a rolling 4-week

average

Citizenship Student's nationality, which may influence their cultural and educational
background

Age Age of a student, potentially impacting their life experiences and learning habits

High school qualification The highest school qualification a student obtained at admission, providing a
baseline of their prior academic achievement

Study mode Whether a student studies through distance/online learning or on-campus, which
may affect their learning experience and engagement

Gender Gender of the student, as it may play a role in their learning preferences and
experiences

English proficiency test Student's English language proficiency level, as determined by standardized tests

(e.g., IELTS, PTE, NZCEL Level 4, TOEFL), which may influence their ability
to engage with course materials and communicate effectively
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The predictive problem for the primary model was formulated to predict a given student as being either "High™ or "Low" risk
category with respect to successfully completing their course. To achieve this, all the historic students in the dataset who gained
60% or less in their total course marks were labelled as high risk and the remainder as low risk. The models were then trained
to map the features to the two outcome categories. Experiments were performed with a wide range of algorithms, namely
CatBoost (Dorogush et al.,2018), Random Forest (Breiman., 2001), Naive Bayes (Domingos & Pazzani, 1997), Logistic
Regression (Hosmer & Lemeshow, 2000) and k-Nearest Neighbours (Hechenbichler & Schliep), from which the best
performing algorithm was chosen for use in the dashboard.

A modified k-fold cross-validation approach was used to evaluate the models. The study’s dataset comprised seven different
courses with a total of 10 separate deliveries across them. It was determined to train a model using nine course deliveries and to
test each model against the remaining hold-out course offering. This process was repeated 10 times with different combinations
of training and hold-out courses to arrive at final, aggregated evaluation scores. Measures used were total accuracy, the F-
measure, and the Area Under the Curve (AUC) for comparisons. Table 2 lists the accuracies of all the models from best
performing to the least accurate according to the F-measure scores which are more reliable on datasets with imbalanced class
labels since this approach balances the precision and recall values. Given that CatBoost achieved the highest scores, the models
from this algorithm were selected to identify the at-risk students and to display its outputs on the dashboard. While comparing
the accuracies of models across different studies is not always strictly valid, a recent systematic review (Namoun & Alshanqiti,
2020) has found that average accuracies currently range between 75% and 95%, thus validating that the generated models are
within expected norms of reliability. The proposed prediction model developed using CatBoost was used to predict the future
potential at-risk students.

Table 2. Performance scores of various classifiers together with the standard deviations.

Classifiers F-measure Accuracy % AUC
CatBoost J07+.02 78+2.1 .87+.02
k-Nearest Neighbors ~ .71+.02 71+2.4 72+.02
Naive Bayes .68+.02 68+2.3 .71+.03
Logistic Regression .67+.03 68+3 .73+.03
Random Forest .67+.03 67+2.4 74+.02

4.3.2 Model interpretability

The behavior of the model was validated by examining which features are most impactful and how their changing values
influence the final prediction. For this purpose, the Shapely Additive Explanations (SHAP) method (Lundberg, 2019) is used,
with its output depicted in Figure 5. A simplified version of this kind of output is presented to the students on the dashboard. In
Figure 5, features are ranked and listed from the most impactful downward. The top four features are dominated by aspects of
students’ performance in previous courses and their assignment scores in their current course which testifies to the
reasonableness of the model.

Within Figure 5, there is a secondary dimension that yields further insights regarding the model’s mechanics corresponding
to changing feature values. The y-axis color gradient depicted on the right-hand side represents feature values, with green
indicating high and red low values. The vertical line centering on zero on the x-axis represents the neutral effects of each feature
on the final prediction. As the points for each feature extend to the right of the vertical line, the stronger the effects of that feature
on predicting low risk for a given student becomes, and conversely in the left direction. Combining this with the color gradient,
it can be observed that as the average score of a student in their prior course increases, the higher the propensity for the model
to predict a student as low risk becomes, and likewise for the opposite scenario.
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4.3.3 Model explainability

While the high-level view of the behavior of predictive models shown in Figure 5 is important, it does not have the ability to
translate a prediction for a given student into a precise and clear explanation which is needed for the dashboard in this study.
Though SHAP has the ability to explain individual predictions together with other technologies like LIME (Ribeiro et al., 2016),
in this study it was decided to instead use Anchors (Ribeiro et al., 2021) which reduce a black-box prediction into a simplified
rule-based description consisting of simple IF-ELSE statements. An example of this type of output is shown in Figure 1 with
the presentation of the dashboard.

4.3.4 Prescriptive analytics

Prescriptive analytics was implemented via the use of counterfactual modelling. This means that for a student identified as high
risk, an alternative outcome was modelled for their scenario. Using their current input values and the trained predictive model,
a minimal set of changes to the student’s input values were modelled that would need to change in order for the predictive model
to toggle its forecast to low risk. For this, counterfactual modelling was constrained to only the features which are actionable,
thus ignoring immutable features like citizenship, etc. The outputs of the counterfactual modelling were then converted into
textual output that takes the form of understandable feedback.

5. Methods

This section describes the dataset for training the models as well as the methods used for the recruitment of the study participants
and subsequent evaluation of the SensEnablr dashboard.

5.1 Dataset

The dataset used for training both the predictive and prescriptive models in this study consisted of undergraduate and
postgraduate students from an Australasian education provider between 2016 and 2019. As such, the data used for creating the
models consisted of historic learners whose data was anonymized. The total size of the training dataset included 4,000 students
across four years.

The student population in the dataset was diverse, covering three different disciplines: Business, Health, and Sciences. The
gender distribution among the students was as follows: 65% female, 34% male, and 1% gender diverse. Additionally, the dataset
included both full-time and part-time students, with approximately 54% of the students enrolled part-time and the remaining
46% as full-time students.
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This comprehensive dataset provided a robust foundation for training the predictive and prescriptive models employed in
SensEnablr. The diverse nature of the dataset allowed the models to capture a wide range of student behaviors and characteristics,
ultimately contributing to the effectiveness and accuracy of SensEnablr's predictions and prescriptions.

5.2 Participants

Educational datasets used for building SensEnablr predictions followed institutional codes of conduct; hence an institutional-
level research ethics protocol sets out boundaries on students’ data usage and limits authorized access to the available datasets.
It further puts forth measures on maintaining learner privacy and preventing disclosure of past and current student data using
de-identification methods (Mathrani et al., 2021). Accordingly, ethics approval was sought from the Human Research Ethics
Committee at the host HE institution, and subsequently, approval to proceed was obtained both for building the prediction model
using anonymized and aggregated student data and to further conduct research with those students who had consented to
participate. Current students were informed about the nature and purpose of the proposed dashboard and invited to participate.
Study participants comprised only those students who had voluntarily opted for access to the dashboard over the course of their
study at the tertiary institution.

Approximately ~500 students across five different courses (2 from Business, and 3 Sciences) were initially invited to
participate in this study. The majority of the participants were male (74%) and the remaining 26% were female. The study was
advertised to students in-person during the deliveries of lectures as well as through LMS forum posts. Students were invited to
email the research team if they wished to participate. In total, 30 student participants who had given their informed consent were
given access to the dashboard, while other students could not access the dashboard. Moreover, to maintain students’ privacy
and confidentiality, teachers too were not given access to the dashboard. Only the research team and the opted-in students could
view the dashboard. Each participant was provided with the dashboard link through email to view their weekly performances.
The participants were provided with a manual guide explaining the login process to access the dashboard. Nearly 59% of the
participants were classified as “High-risk" in week 4 i.e. before giving access to the dashboard. Meanwhile, by week 6 of the
semester this fell to 39%.

All participants were familiar with the institutional LMS since they had earlier enrolled in courses that utilized the LMS. The
said institution makes extensive use of Moodle (an open-source LMS) over which course resources (including digital book
chapters, videos, and lecture recordings) are made available weekly to the students. In addition, discussion forum activities and
learning tasks are designed for enabling students to jointly reflect upon the course content. Some courses made use of weekly
quizzes that served as assessment activities. Students' interactions with the LMS, such as their click-events as they access course
resources were recorded automatically in the system's database, as were the number of logins to the learning dashboard.

Course duration typically lasts 16 weeks in a given semester. Four weeks following the commencement of the semester,
dashboard access was enabled for participants and continued until the end of the semester. Over the semester, students were
tasked with quizzes and assignments that were then graded and the marks allotted. Each student’s final course marks are
calculated from weighted averages of marks obtained in various quizzes and assignments as well as those from the final
examination. While SensEnablr accessed and processed data from all students in a given course, only the opt-in students had
access to SensEnablr, and they could only see information specific to them. Instructors also did not have access to SensEnablr.

5.3 Dashboard

Assessing the impact and usefulness of SensEnablr was a target for evaluation. Statistical approaches were used to evaluate the
impact of the dashboard on student engagement with LMS to answer the first research question. A paired sample t-test also
known as a dependent sample t-test was performed to find whether significant differences existed between the two related
variables (Zimmerman, 1997). In this study’s case, the test compared the online behavior of the participants with Moodle before
and after using the dashboard. The purpose was to determine whether displaying the e-learning activities of the participants on
the LAD had encouraged students to engage more with Moodle. Three different time frames of 15-day intervals were chosen
for evaluation, each one designating the before and after conditions of using the dashboard. This analysis enabled us to make
some inferences about the effects of the dashboard on short-term learning behavioral patterns.

5.4 Survey
In addition to an objective evaluation, a subjective evaluation of SensEnablr was also conducted. This involved assessing the
students’ perception of the dashboard’s effect on their learning performance. 30 survey responses were collected. The system
ability scale (SUS) has been used for evaluating the dashboard’s overall usability (Brooke, (1996)) which is known to give a
reliable measure of the perceived usability of a system even with a small sample (e.g., 8-12 users) (Tulis & Stetson, 2004;
Brooke, 2013). The participants were asked to provide responses to the following questions:

1. 1 would like to continue to be able to use this dashboard for improving my performance
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The dashboard presents relevant information that users can easily understand at a glance.
The dashboard is user-friendly and intuitive to use
Insights about my learning activities from the dashboard motivated me to continue learning
The dashboard made me aware of my current online engagement behavior and helped me improve
The prediction of my risk-profile had a positive impact on my attitude toward my studies
I understood the key drivers behind the predictions of my risk-profile
The prediction reasoning on the dashboard was clear about how the prediction of my risk-profile was made
The prediction reasoning was a useful insight
. In future, 1 would like to see suggestions about what | can modify in my learning patterns which might result in better
learning outcomes.

Responses to these questions were formulated on a five-point Likert scale (1: strongly disagree to 5: strongly agree). The
total score is 100 and the maximum point for each question is 10. For each odd-numbered question, 1 was subtracted from their
score while for each even-numbered question, 5 was subtracted from their value. These were added up; finally, this total score
was multiplied by 2.5 to ensure that the maximum is 10 for each of the questions (Tulis & Stetson, 2004; Brooke, 2013).

©oNo kWD

[ERN
o

6. Study Analysis and Findings

This section presents results from the statistical and survey analyses that measure the effects that SensEnablr had on students.
The analyses seek to investigate both the impact of its usage on participants’ behaviors after accessing the dashboard and its
perceived effectiveness based on reported survey responses.

6.1 Dashboard analysis

The purpose of this analysis was to determine whether any significant changes in student engagement levels with the LMS had
occurred in a period immediately following interactions with the dashboard (which was defined as 15 days). The paired sample
t-test was conducted on data covering three 15-day before-and-after sequences covering the full range of the teaching semester
in order to compare the online behavior effects of the participants after interacting with the dashboard.

The null hypothesis (HO): pud = 0, states that the difference in means between sample 1 (before using the dashboard) and
sample 2 (after using the dashboard) is equal to 0. The alternate hypothesis (HA): pd # 0, states otherwise. The mean frequency
of the participants engaging with Moodle was on average 115 times in the lead-up to the use of SensEnablr. This increased to
an average of 213 times following the SensEnablr interactions. The t-test shows produced a statistical value of -2.14 with a p-
value of .033. The p-value thus confirms that this constituted a significant difference of means at a .05 significance level allowing
us to conclude that the online engagement with Moodle was different before and after interacting with the dashboard. However,
this effect was not long-lasting. When the t-test was conducted to determine if the increased engagement with the LMS continued
for students for a further 15-day period after the initial interaction with SensEnablr, the results confirmed that the differences in
the means were not of a significant level.

6.2 Survey Analysis

The participants were asked to respond to a survey questionnaire for evaluating the dashboard’s usability and its perceived
effectiveness when they were halfway through the course. The purpose of this evaluation was to investigate whether students
consider the dashboard useful in guiding them in making adjustments to their learning behaviors and if it motivated them to
improve their learning outcomes. The outcome of the survey results is shown in Figure 6. The overall evaluation of the SUS
questionnaire resulted in an average score of 70.5 points. In general, a score above 68 is considered to be positive (Brooke,
(1996); therefore, it can be interpreted that from the standpoint of the students, the dashboard as a whole was perceived as
helpful.

The survey responses corroborate the previous statistical results where a significant increase in engagement with the LMS
was noted in response to interactions with the dashboard. The strongest and most positive response was registered on the question
of whether or not SensEnablr motivated the students to continue learning. 67% responded as strongly agreeing with this assertion
while a further 13% agreed with it. Therefore, an increase in engagement levels with the learning materials offered through the
LMS can be assumed as a plausible effect arising from reported increases in motivation levels by the students’ post-interaction
with the LAD.

With respect to the predictive analytics features of the dashboard, 87% of the respondents either agreed or strongly agreed
that displaying their risk profile positively affected their attitude toward their studies, with the remainder disagreeing. However,
while the same percentage of respondents thought positively of the explanatory aspects of the model’s reasoning, some further
work in refining the dashboard is needed since two-thirds of the respondents did not agree that the dashboard was sufficiently
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clear enough about what the exact drivers behind the predictions of their stated risk-profile were. Concerning the presentation
of the prescriptive analytics features, 80% of the respondents were positive and indicated that they would like to see suggestions
on which learning behaviors they should modify to improve learning outcomes. In considering the general issue of whether the
SensEnablr satisfied the requirement of being both comprehensive and informative without inducing cognitive overload, two-
thirds of the respondents responded as either agreeing or strongly agreeing that the users can easily understand the information
at a glance.

Survey Results

I would like to continue be able to use this dashboard for improving my performance [f%al 13% [ 7% 33%
The dashboard presents relevant information that users can easily understand at a glance. 13% 13% 27% 47%
The dashboard is user friendly and intuitive to use [y 13% 7% 47% 27%
Insights about my leamning activities from the dashboard motivated me to continue leaming SN 13% 13% 67%
The dashboard made me aware of my current online engagement behaviour and helped me improve %% 20% 7% 40% 27%
The prediction of my risk-profile had a positive impact on my attitude towards my studies SN 7% 40%
I understood the key drivers behind the predictions of my risk-profile 20% 33% 13% 20% 13%
The prediction reasoning on the dashboard \\:as clear about how the prediction of my risk-profile o 79, 1% 0% 40%
was made
The prediction reasoning was a useful insight SN 7% 40%
In future, I would like to see suggestions about what I can modify in my learning patterns which B 7 40% 40%

might result in better learning outcomes
Strongly disagree Disagree Neither Disagree nor agree Agree W Strongly agree

Figure 6. Survey results

7. Findings

Despite the increased use of LADSs by higher education institutions, this study finds that existing studies have not fully leveraged
and integrated all available analytics capabilities. As such, no dashboard to date has brought together descriptive, predictive and
prescriptive components; therefore, highlighting a gap that exists in current studies with regard to maximally extracting value
from analytics technologies. Beyond pure academic interest, this research grounds the novel machine learning features
implemented in SensEnablr within the existing theoretical frameworks and justifies their inclusion and value for supporting and
enhancing learners and their outcomes. The descriptive analytics components, while unsophisticated, motivate learners to
evaluate themselves by comparing their LMS levels of engagement with that of their peers thus drawing on the Social
Comparison Theory. Meanwhile, the embedded ability for the learners to monitor their progress over time both with LMS
engagement and assignment scores enables a greater degree of self-regulated learning to take place. The constructivist principles
also come into play within SensEnablr, since learners are able to make sense of their performance through the assessment scores
visualizations, from which they can identify gaps in their understanding, and be motivated to adjust their learning strategies
accordingly. The decision to display to the students where their assessment score performance is situated within the context of
their peers and what their next assessment score is likely to be (all things being equal), the learners are empowered to set better
and more realistic goals which support the development of greater self-efficacy as outlined by the Social Cognitive Theory.
Meanwhile, the predictive components which prognosticate a learner’s possible course outcome have the potential to initiate
within learners a profound shift in their perspectives and beliefs through a confronting and critical self-reflection that challenges
their existing assumptions about their learning capabilities as outlined by Transformative Learning. But, in assisting the learners
to subsequently formulate new strategies as needed, the prescriptive features in SensEnablr then also enable the learners to
develop new strategies with the additional insights that are offered.

Finally, while there is theoretical support for developing and using LADs in real settings, there is limited research
investigating the overall effects of LAD usage on students. It is the purpose of this study to contribute towards addressing these
gaps by investigating the effects it has had on students. Thus, in response to the first research question, this study explored
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SensEnablr’s effects on students through the prism of changes to the engagement levels with the LMS. Our statistical analyses
confirmed that there was a significant improvement in the participants' level of engagement with Moodle before and after using
the student dashboard. The effect was observed over the short-term engagement where the levels increased during the first 15
days following the usage of SensEnablr.

The second research question measured students' perceptions of the dashboard's effect on their learning. Generally,
SensEnablr scored positively on its overall perception of effectiveness while scoring well on the usability component.
Importantly, the survey results showed that two-thirds of the respondents felt that the insights about the learning activities from
the dashboard motivated them to continue learning, which aligned with the statistical analysis showing that the students engaged
with the LMS more after interacting with the dashboard. The survey responses showed that at least from this sample, the students
were highly in favor of being shown predictive outputs of their risk profiles and were equally desirous of being offered clear
prescriptive feedback through the LADs. However, further work needs to be conducted on making the transparency and
understandability of the models and their outputs more comprehensible.

Overall, the integration of multiple frames of reference as defined by Jivet et al. (2017), and the attempt to utilize more fully
all types of available analytics capabilities, have demonstrated promise and grounds for further refinement of future LADs. By
anchoring SensEnablr within the reviewed theoretical frameworks, this work provides a comprehensive approach that ensures
students' learning experiences are well-supported by established educational theories. Within the context of this experiment, it
may be said that empowering the students with their own student-centered LAD plays a role in enhancing their awareness of
their performance in comparison with that of their classmates; it can turn them into more responsible and competitive students
who want to positively strive with their peers. Consequently, a student-centered analytical dashboard as presented in this study
represents a possible blueprint and a step towards enhancing the state-of-the-art in learning analytics research.

In future work, the plan is to conduct a much larger rollout of the dashboard and to conduct analyses involving a significantly
larger participant cohort. A particular emphasis in the subsequent work will be on quantifying the effects of the dashboard on
learning outcomes in the form of course completion rates and grades, with a focus on the effects on at-risk students in particular.
The aim is to also re-design aspects of the dashboard in order to make some explanatory components surrounding predictive
and prescriptive capabilities more understandable admitting that there is room for improvement.

Furthermore, as a student observed their progress and engagement levels relative to other students, this may bring about
psychological distress in the form of anxiety or discouragement if their expectations are not met. The dashboard may also bring
some distress to high-risk students, who are considered to be on the path to non-completion or failure to meet learning outcomes.
These questions need further research. The intention is to make a dashboard extension for instructors. Instructors could be
provided detailed visuals on student performance to assist them in evaluating the online learning behavior of their students. By
monitoring the online learning of the students through a dashboard, the instructors can support their students to perform better,
especially those students considered at some risk of not accomplishing their learning objectives.

8. Study Limitation

Several limitations exist within this research. The sample size in this study is relatively low despite best efforts to recruit higher
numbers. This naturally affects the confidence with which definitive conclusions can be made. Due to this, the differences in
impact between high-performing and low-performing students which have been shown to exist in prior works could not
effectively be investigated. Since causality is difficult to establish, it is not possible to claim with certainty that the increase in
engagement levels of students who interacted with SensEnablr is due to this factor alone. There could be other factors at play
that are connected with the courses and assessments or required LMS activities that might occur at different points in time
during a semester which could be confounding factors. However, a mitigating factor to this is the fact that the study included
participants from a number of different courses, each with its unique rhythm and schedule and the fact that the opt-in students
tended to commence their usage of SensEnablr at different points in time. It is therefore the case that these factors helped
attenuate any potential bias arising from the specific rhythms of individual courses. In future studies though, ideally, the
participants would be drawn from a single large class and the changes in engagement levels of opt-in students could then be
compared with opt-out students. Additionally, a further limitation of this study due to the small sample size was that the opt-in
students were not large enough to randomly split into a control and treatment group which would mitigate some aspects
surrounding the selection bias.

9. Conclusion

In this paper, a student-facing, learning analytics dashboard (SensEnablr) was presented together with an evaluation of its
effectiveness to impact on learning for a group of students. The dashboard was developed for the purpose of prompting self-
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reflection within students so as to trigger positive behavioral adjustments when necessary. A rich set of novel analytics insights
were used and grounded within several educational theoretical frameworks. With this alignment, the dashboard’s design enabled
the students to self-evaluate their progress across the external frame (comparison with peers) and internal (comparison with
their earlier performance and their goals) frames of reference. The dashboard incorporated into its capabilities a mixture of
descriptive analytics displays, through to more sophisticated predictive outputs, as well as prescriptive analytics which offered
students automated data-driven suggestions.

An evaluation analysis of the effectiveness of the dashboard was performed to investigate if interactions with the dashboard
were associated with increased engagement levels with the institutional LMS together with an accompanying student survey.
The result showed that the students did indeed exhibit higher engagement levels with the institutional learning platform and
course resources immediately following interactions with the dashboard. Additionally, the survey respondents overwhelmingly
indicated that the dashboard increased their learning motivation levels and that the sophisticated analytics insights were
beneficial to their learning. Future work aims to expand both the size of the evaluation group as well as the length of the
investigation in order to conduct a longitudinal study that can shed more light on the effects of this tool on academic attainment
performance, course completion, and qualification retention rates.
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Research Directions



9.1 Conclusions

To date, the major focus in LAD has been on descriptive, and predictive analytics. Existing
studies in the educational domain mainly target the delivery of model’s predicted results to
students and do not exhibit which aspects of learners' behaviors are driving these predictions
towards prognosticated outcomes. Also, they do not provide any recommendations to students
on what learning adjustments could result in more positive predictions for them based on their
observed behavioral learning patterns. Taking these gaps into account, this research study has
demonstrated a LAD design and its implementation, that not only leverages descriptive
analytics, but which further integrates different types of machine learning algorithms in a way
that enables both predictive and prescriptive analytics.

After a thorough observation of background information on the current state-of-the art and gaps
in LADs six research questions have been posed. The main objectives were set based on the
proposed research questions to develop a sophisticated LAD which integrates all forms of
analytics: descriptive, predictive, and prescriptive.

This study was initiated by conducting a systematic literature review to identify gaps and
challenges in the current research into the utilization of predictive analytics tools among
existing LADs. The systematic literature review provided an in-depth view of the types of data
being used, which machine learning/data mining methods have been used for making
predictions and how these were being presented to different stakeholders (student advisors,
instructors and students). Moreover, the literature review revealed that the predictive analytics
tools among existing LADs were not being leveraged fully. Prior studies that have utilized
predictive analytics only go as far as identifying the at-risk students and have not employed
model interpretation or explainability capabilities. This limits the ability of LADs to offer data-
driven prescriptive advice to students that can guide them on appropriate learning adjustments

for more favorable outcomes. This limitation in integrating all three analytics (i.e., descriptive,



predictive, and prescriptive) to provide a more meaningful representation of user interactions
on LADs provided the direction for moving this study forward.

The first research question that was posed was to determine how a generic, course-agnostic
predictive model can be developed to predict students' outcomes across disparate courses.
Accordingly, many experiments were conducted to generate a generic and course-agnostic
predictive model for identifying the at-risk students across a wide variety of courses. The
purpose was to overcome the limitations of building multiple models, where each model is
tightly coupled with the specific attributes of different courses. Students' data from LMS
(Moodle) log along with demographic information and assignment scores from various
semesters were used to predict the outcome after every week into two classes, namely at-risk
and not-at-risk of failing the course. These experiments were carried out using the commonly
used Random Forest, Naive Bayes, Logistic Regression, and k-Nearest Neighbors algorithms,
as well as the recently developed CatBoost algorithm. Across several performance metrics
gathered from the experiments, a course-agnostic model built using CatBoost was considered
most viable for the identifying the at-risk students. This model provided the best results and
had the potential to reduce academic failure rates through early predictions and interventions.
However, after developing any predictive model, it is important to provide data-driven
suggestions to students who are at risk of non-completions or other sub-optimal outcomes. This
will help to build more trust and accountability of the model among the users. Our review
revealed that while prior LAD studies have predicted students' performance, they have not
explained the reasoning behind the predictive decisions. This brings the focus to the second
and third research questions, that is, how can explainable ML approaches be leveraged to
provide effective and human-understandable reasoning behind their conclusions about a
student’s academic performance, and further, how can automatic data-driven feedback and

actionable recommendations be derived? Henceforth, ML methods based on real-world data



that not only identified trends and predicted learning outcomes, but they also provided feedback
of customized actionable suggestions to students and other stakeholders. By providing students
with feedback not only alerted them to a potential problem but also explained to them why the
alert was raised and what remedial steps can be taken by the user to avert the problem. Many
experimentations were conducted using anchors to identify the influencing factors in the
predictive models and then to explain to students how the model works and how the predictions
have been generated in an easily understandable way. This in turn helps students understand
their role and make good learning behavioral decisions. In addition, counterfactuals too were
generated to provide us with alternate suggestions for overcoming unfavorable predictions.
Next, the counterfactual explanations have been induced and translated into a human-readable
format to provide students with clear, precise, and actionable suggestions on what adjustments
to their learning behavior and performance are most likely to assist them in realizing positive
outcomes.

After developing various analytics technologies, the next step involved building a dashboard
plug-in by integrating the technologies and deploying them as a dashboard extension for some
ongoing courses. This helped in answering the fourth research question (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). This research question was posed as a consequence of gaps identified in existing
dashboards from the systematic literature review. That is, the review revealed that most of the
existing dashboards merely employed surface-level descriptive analytics, while only a few had
gone beyond and used predictive analytics. In response to the identified gaps in the prior
literature, this dashboard design was proposed and is the first of its kind in terms of breadth of
analytics it integrates comprising all three analytics, namely, descriptive, predictive, and

prescriptive analytics.



Finally, participants were recruited from various disciplines, and they were informed about the
nature and purpose of this study. Only those students who opted-in by signing the participant
consent form were considered as participants. This dashboard access was given to all
participants four weeks into the start of the semester and access was enabled until the end of
the semester. The last two research questions (i.e., Does the student-facing analytical dashboard
result in more student engagement with the institutional LMS? and What are the students’
perceptions of the dashboard’s effect on their learning performance?) were aimed to gauge the
effectiveness of the proposed LAD among student users. Participants were surveyed to gain
insight on their perspectives, such as whether the LAD supported them in their learning journey
over the semester. Using statistical analysis, the effectiveness of the LAD and the association
between its use and level of course performance were studied. A mixed-methods approach that
looked at online student behavior after accessing the dashboard and survey questionnaire that
gauged students' perceptions of the dashboard was undertaken. Our results showed that a
change in online behavior of students after accessing the dashboard and overall, the usability

was also perceived as good.

9.2 Limitations and Future Research Directions

This section briefly lists the study limitations and future research directions in the field of

learning analytics dashboards.

First, this study was conducted during the pandemic period, which was a period of some
uncertainty as institutions were forced to adopt online course delivery modes. Thus, the results
obtained from this study are influenced to some extent by the pandemic restrictions and
therefore may not be very precise. Secondly, the sample size was relatively small, since the
sample comprised solely of student participants who had opted in voluntarily. Moreover, the

impact of the dashboard usage could not be conducted by dividing the participants into



treatment and control groups, where the students in the treatment group would have been given
access to the dashboard. This would have helped attribute any differences observed in the
results between the two groups more precisely and would have given more insight on the
effectiveness of the dashboard. Many existing studies [29-31] have tested the effectiveness of
their dashboards on student final outcomes, to ascertain whether the dashboard helped the
students in achieving their desired result or not. Unfortunately, in this study, the final
performance score of the participants were not made available to us, hence, the impact of the
dashboard on the students' outcomes could not be studied. Though the accuracy obtained for
the predictive model was more than 73%, this could have been improved further by adding
more features, or by enhancing the training dataset with use of resampling methods for

imbalanced classes.

To make the LAD more useful for the students, and to perform better in a course, additional
features such as library visits to understand more learning patterns, such as how often a
student is accessing the library resources or is using the institutional WiFi for attending
courses could be used. These would center around the insights of effective learning and guide

students in their development as life-long learners

It is important to understand the impact of the LAD on different student populations. Literature
has highlighted some gaps regarding student responses to dashboards. While some studies
show dashboards can have an overall positive impact, there is not much information about
which students are more positively impacted or whether there are students that are negatively
motivated by dashboards, or why are students influenced in any manner. As the student sees
their progress and engagement levels relative to other students, this may bring about
psychological harm in the form of anxiety or discouragement if the student's expectations are

not met. Or, the dashboard may bring some distress to a high-risk student, who is considered



to be on the path to non-completion or failure to meet learning outcomes. These questions

remain unanswered and need future research.

Another research direction would be to make a dashboard extension for teachers. Teachers
could be provided detailed visuals on student performance to assist them in evaluating online
learning behavior of their students. By monitoring the online learning of the students through
a dashboard, the teachers can support their students to perform better, especially those students
considered at some risk of not accomplishing their learning objectives.

On a concluding note, this thesis affirms the utility of having a robust analytic environment
that supports all three kinds of analytics (descriptive, predictive, and prescriptive). Learning
Analytics Dashboards are being seen as the next learning and teaching tool to enhance student
learning by supporting them in understanding their learning behaviors. This thesis is a step
forward in showcasing the design, implementation and evaluation of a student-facing

dashboard that was set up in a real-world setting.
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Abstract— With ongoing advancements in technology enabled
learning, an opportunity has risen for educators to enhance
student learning with use of Learning Analytics. Educational
institutions are using Learning Analytics Dashboards (LAD) to
provide students with timely and personalized feedback in
visual format. LAD use advanced analytical capabilities that
capitalize on online learner activities that are extracted from
log files. They provide data-driven insights on current learning
contexts and inform management on any learning intervention
strategies that may be needed to support students in achieving
their learning outcomes. Besides students, the perspective of
instructors too is considered. Using easy-to-read graphical
reporting formats (e.g. line graphs, scatter plot, bar charts,
etc.), the LAD reveals a consolidated view of how online
learning is taking place. In this manner, a snapshot depicting
details of student learning patterns can enable instructors to
monitor their students’ learning strategies. At the same time,
the LAD assists students too by providing them with a
personalized environment to help them engage better with the
learning outcomes. Therefore, LAD is increasingly used as a
pedagogical approach to motivate students and help build their
self-learning capacity. In this study, we propose to develop a
real-time dashboard that pulls online student data from
various sources including a learning management system
(Moodle), University’s library and from the student
management system (SMS) that is used by the staff.

Keywords—Ilearning dashboard, feedback, student
feedback system, visualization tool, dashboard

1. INTRODUCTION

Recent trends in learning analytics have been to use
mined learning data for developing automated interventions
that can be directly fed to reports and displayed in graphical
formats [1]; thereby enabling students and educators to
apply data driven insights in their decision making. This
move has led to the development of dashboards for making
visualizations on key performance indicators that can inform
educators and learners on any issues that may have been
identified by the data analysis techniques [2]. Visualization
tools can summarize large quantities of data from basic
charts to graphical indicators. Therefore, visualization plays
an essential role in empowering users with relevant
information about the overall learning process. The main
aim is to provide different end-users (students, teachers,
study advisers, administrators etc.) with a Learning
Analytics dashboard (LAD) that highlights informative
learning patterns [3]. Malik [15] notes that dashboards are

user specific, implying that every user has specific
requirements which a dashboard needs to satisfy.

An educational dashboard has various roles and values
that have to be considered. To begin with, LAD enables
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educators to know students’ learning status in real time and
in a scalable way. Student activity patterns reported in the
dashboard are specifically purposed in online learning
environments. First, the students and educators are
physically isolated. Thus, a LAD can be used to provide a
personalized learner centered view to students and an
overview of student performances to educators. Second,
students’ self-knowledge can be improved by reviewing
their personal learning status and history through the
dashboard [4]. Most importantly, information displayed in
the dashboard can lead to more intelligent decision making.
For instance, dashboard can aid in identifying the at-risk
students or in predicting the high performers, as well as
communicating suggestions, giving personalized feedback
and showcasing guidelines to support students.

An extensive range of dashboards have been designed,
developed and evaluated that can track student activities in
web-based learning environments [5]. These dashboards
vary depending upon the type of data used for analysis, the
visuals portrayals used for displaying information and the
evaluation techniques used. While many data variables can
be rendered on dashboards, the visualizations should be
intended to focus on features that are most likely to
positively impact on student behavior.

Though visualizing data is a vital consideration
externally, a sequence of datamining processes is at the core
of the framework. Data mining enables discovery of hidden
information from many patterns of relationships that exist
within these large, often noisy and messy datasets [19].
Eventually, these outer visualization and inner mechanisms
of data mining aid human understanding and support
learner’s performance improvements [20].

The main research objective of this study is to build a
dashboard plug-in that will focus on predicting the student’s
final academic performance. Various datamining approaches
will be used along with visualization techniques to project
online behavioral patterns. The LAD will provide students
and educators a platform to evaluate the student’s online
behavior which will influence the students to perform better
especially for those students who are at-risk of failing a
course.

The remainder of this study is structured as follows. In
section II, the previous studies have been reviewed. Section
IIT explains the classification techniques that will be used to
build the early warning model and the evaluation metric.
Section IV defines the experimental design and the
description concerning the graphs that are to be used in this
study, and the future evaluation study, followed by Section
V with the conclusion.
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II. EXISTING DASHBOARD REVIEWS

This section provides an overview of some
dashboards being used by learners/students and
educators/teachers. We examine the purpose of the

dashboards, their limitations and challenges in their design.

LISSA (Learning dashboard for Insights and Support
during Study Advice) focused on first-year students. The
goal of this dashboard was to assist Study Advisers (SA) in
helping their students to plan a more attainable program and
not waste years on incorrect choices. Student grades and
historical data were used for the LISSA analysis to create a
prediction bar which covered the duration of the bachelor
program in which the students were enrolled. Three
different coding colors, namely green, orange and red, were
used to represent potential course outcomes of success,
mediocre pass and fail. The proposed dashboard focused on
visualizing only the academic performance of the students
along with that of their peers [3]. Further, this tool was
useful to students only with proper guidance from their SA.
An overview of their study progress was provided by SAs to
students near the end of the semester which was not helpful
to those students who were about to fail a course. The
retrospective nature of LISSA meant that it lacked currency
in giving student feedback and also required assistance from
the SA to make meaningful use of it. The tool was merely
used to support the advising session and predictive
algorithm was not used for predicting the students results.
Moreover, the tool did not provide the students with
actionable insights due to unchangeable data.

Arnold and Pistilli [11] from Purdue University created
Course Signals, a dashboard for both students and faculty
staff to track student progress. The data comprised student
performance in the course, student engagement in terms of
interaction with the LMS, academic history such as GPA,
and demographics. The output is presented using a traffic
light that shows three risk levels, high (red), medium
(yellow) and low (green) and is sent to students via email,
text, or the LMS. The tool determines whether a student is at
risk of failing or withdrawing from a course as early as the
second week of the semester. Use of the tool for different
courses had shown great promise for first- and second-year
students and in terms of the overall student retention at the
university. The signals are updated only when the instructor
runs the application. Moreover, the tool did not provide any
direct insight into the specific causes behind a student being
at risk or failure, rather it generates a prediction that
identifies the level of risk, thus making it difficult to
recommend a specific remediation.

Kuzilek et al. [12] from Open University, UK, proposed
to predict at-risk students as early as possible. Therefore, a
series of students who may be at risk of not submitting their
next assignment is sent weekly to the course coordinators. A
dashboard with two views was implemented to present (1)
the predictions and a course overview and, (2) a view of
individual students. Demographic (static) data and student
interactions with the Virtual Learning Environment (VLE)
system were used for the analysis. The tool again did not
provide any direct insight to the students. Also, the
prediction results are not available on the dashboard, rather
they are sent to the course team via email. An evaluation of
the efficacy of the tool was not done.

A tool for accessing and analyzing students’ behavior
data in learning systems, called AAT (Academic Analytics
Tool), [13] was developed for course designers to get
feedback about how students use a course and their learning
processes. AAT allows users to specify the data they are
interested in analyzing for selected courses. The learning
objects that AAT used for the analysis are course materials,
forum postings, quizzes, and video and audio files, but the
data must be stored in a database accessible via SQL. The
data are analyzed for the course revision process. However,
this tool did not provide any graphical visualization of the
students’ behavior and no usability testing of the tool was
performed.

Designed by Lonn and Teasley [22], Student Explorer is
an early warning system (EWS) for academic advisers to
support them in providing academic advice to at-risk
students who are underperforming in their classes.
Information from the LMS gradebook and assignments tool
is used to measure students’ formative performance. Three
E3 categorizations are applied with labels to denote the most
appropriate action by the academic adviser. The results
indicated that the advisors mostly used the EWS during their
meetings with students, despite it being designed as a tool to
identify students who may be struggling and provide them
information to prepare for such meetings.

The NTU student dashboard was implemented by
Nottingham Trent University (NTU) to help students engage
more effectively with their courses and found engagement to
be a stronger predictor of success than the student
background characteristics. Data collected by the system
include student information, student access logs to
university facilities, library loans, student interactions with
online learning systems, electronic submissions of
coursework and assignments, class attendance and tutor
comments. The dashboard had helped to build better
relations between students and the tutors, and some learners
reported that seeing details of their own engagement
encouraged them to continue to engage in their studies [14].
However, no information was provided regarding the effect
of the dashboard on student learning behavior, skill levels or
learning outcomes.

Gutiérrez et al. [16] discussed the development of the
Learning Analytics Dashboard for Advisers (LADA) that
supports academic advisers in gathering a semester plan for
students based on their compiled history. Data from student
grades, course credits, list of courses, and courses booked by
a student were used in the analysis. The dashboard also
includes a prediction of the chance of success for students
and information regarding the quality of the predictions
along with the graphs. An evaluation of the dashboard was
undertaken via a pilot study in which the study advisers
provided recommendations of courses for the students in the
forthcoming semester. The results showed that the tool was
found to be useful for laymen as compared to experts.

Among the reviewed papers, the main resources that
have been used to gather data is students log data from
Learning Management System (LMS) which includes
student grades, demographic information, attendance and
GPA.

Visualization of data plays a significant role in
dashboard. The most widely used representations among the
reviewed papers were bar graph where rich information
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regarding students’ activities are effectively delivered and
line graph for delivering weekly login trends. Hence, these
two graphs were widely used. This was followed by scatter
plot for comparing individual students with other students
and sociogram for presenting online communication and
networking. Traffic signal was used to augment grades.

Most of the developed tools either concentrated on
visualizing the students’ predicted results or their online
behavior but predicting the students’ final academic
performance along with visualization helps to identify the
at-risk students thus making a recommendation for
remediation easy. This paper concentrates on both data
mining techniques along with visualizations to assist
particularly at-risk students to improve their performances
in their courses.

1. METHODOLOGY

There are two technological components to the proposed
dashboard. The first is a visualization tool which provides
students with a snapshot of how they are tracking with their
levels of engagement and, where their engagement levels
are situated in respect to the rest of the class. The second
component makes use of machine learning algorithms which
extract patterns from historic learning and engagement
patterns of previous student cohorts in order to generate
models that can predict outcomes early on in a course “Fig.
1.

The process will start with data gathering step where
data will be collected from different learners’ activities
when they interact with various sources such as Moodle,
Library and SMS. After gathering the data from various
sources, the subsequent step is to clean the data of
inconsistencies, errors and noise before, the data is mined.
Data cleaning tries to fill in missing values and correct
irregularities in the data. Data transformation will be done
next to change the raw data into a specified format

according to the need of the model. Hence after cleaning the
data, it becomes possible to do prediction using the selected
features. The objective of the prediction is to evaluate the
unknown value of a variable that defines the student final
academic performance.

A.  Prediction Algorithm

Predicting the numerical value in data mining is difficult
to carry out accurately hence, the students will be next
categorized into three groups [23]. Students in the lower
bound of “55” (<=55) will be considered high risk of failing
the final exam, while those in the higher bound of
“75”(>=75) will be a low risk. Students in the medium band
of “55-75” (>55 and <75) will be considered as medium risk
of failing the exam. The prediction of final academic
performance will be performed using -classification
technique, a procedure which classifies a given instance into
a set of discrete categories [17]. The value of a (categorical)
attribute (the class) depends on the values of other attributes
(the predicting attributes). A model can be built by using a
training dataset where all the attributes are known including
the class attribute and verified via a test dataset where the
class attribute is unknown.

Classification techniques is chosen because it has been
widely used in educational data mining. For instance, it will
be used to classify students into different categories by their
final marks depending on the outcome of activities they
performed in a learning system [21]. There are a vast variety
of classifiers in the literature but choosing the best classifier
is not a simple task because they differ in numerous aspects
such as learning rate, robustness, and amount of data
required for training. Such a classification method can be
remarkably important in supporting education and learning.
To classify the students into three different categories,
following machine learning algorithms will be used;
Random Forest classifier (RF), Naive Bayes (NB), Logistic
regression (LR), and k-Nearest Neighbours (kNN).
Performance of various algorithms will be compared using
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Fig. 1. System architecture
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the hold-out and K-fold cross-validation methods and thus,
the best performing algorithm will be selected. In an earlier
study the authors have used the similar data mining
technique to help an educator identify at-risk students, and
found RF outperformed all the other classifiers [24]. Hence,
in this study similar approaches will be used.

To evaluate a classifier’s performance, the accuracy alone
can be misleading if the dataset is highly imbalanced
because a model can predict the value of the majority class
for all predictions and attain a high overall classification
accuracy [18]. Thus, correctly predicting the positive
outcomes is not sufficient, and a predictive model should
comprise a blend of both successful positive predictions and
successful negative predictions. In such circumstances, it is
more reliable to use F-measures which consider both the
precision and recall and is defined as the harmonic mean of
both the precision and recall.
PrecisionsRecall

F-measures = 2* — )]
Precision +Recall

Precision is the fraction of relevant instances among the
retrieved instances [6]

TR
TP+FP

Precision =

2

Recall is the fraction of relevant instances retrieved over the
total number of retrieved instances [6]

TP
TP+FN

Recall = 3)

where true positive (TP) and true negatives (TN) occurs
when an object of a class ’yes’ is predicted correctly as
‘yes’, and if the object of a class ‘no’ is wrongly predicted
as ‘yes’ then it is called false positive (FP) and false
negative (FN).

After predicting a student’s final exam score the next
step is to project these results along with user interactions
alongside the institutional learning platform to the target
users. This can be performed by developing a custom
dashboard.

IV. DASHBOARD DESIGN

The dashboard will be implemented following a client-
server architecture. On the client-side the Power BI tool will
be used to develop the web application. Power BI combines
connectivity to numerous data sources with a simple
interface that makes dashboard creation fast and easily to
distribute to numerous users. The dashboard has been first
built on Power BI Desktop “(Fig. 2)”. The deployment of the

developed dashboard is simplified by using Power BI
service, which is built on Azure, a Microsoft’s cloud
computing infrastructure. Meanwhile, on the server-side,
Python library scikit-learn [7] will be used to predict the
academic risk of a student.

A. Dashboard prototype

Data privacy protections are one of the general
requirements that need to be considered for LAD tools
which manipulate and store personal data, as well as present
it to different stakeholders [9] at varying degrees of
aggregation. Study approval was obtained from the research
ethics committee at the university to use students’ data. A
preliminary dashboard has been developed primarily using
the student grades and library engagement data.

Library engagement data represents student actions such
as the number of digital resources accessed by the students,
number of physical visits to the library by students, and the
number of physical contents borrowed from the library by
the students. All these data were provided on weekly basis,
followed by assessment scores of the students, which are
derived from the institution’s SMS.

The dashboard design was driven by the four phases of
the LA process model defined by Verbert et al., [4].
According to the model, the dashboard should provide
awareness to students of how their activity compares to that
of their cohorts (phase one). This depends on visualization.
Based on this information, students may reflect on their
behavior (phase two). The third phase defined by is
“sensemaking” where users gain new insights about what
the data means. Finally, changes in performance and
outcomes (phase four) of the students might occur.

The indicators on the dashboard have been depicted as
simple line, bar, histogram and box plots. These types of
indicators were used by other researchers in their
educational dashboards due to the high interpretability they
extend to the stake holders. Few [9] have recommended to
use simple visuals to convey information to the users.

An individual student’s activity or performance is
compared with the average of the class, rather than showing
every student individually on the visualization, thus
preserving privacy. Comparing the students’ performance
with the class average has been one of the most extensively
used approaches in learning analytics dashboards and
visualizations [10]. This hierarchical layout will help
students to get a better overview about their current learning
pattern and status.

To efficiently communicate the prediction of the
predictive models to the users, a traffic lights (signified as E
in Fig 2) that corresponds to values of the prediction results
along with descriptive words that shows three risk levels,
“high risk” (red), “medium risk” (orange) and “low risk”
(green) are presented to display the predicted final academic
performance of students.
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Fig. 2. A learning analytics dashboard designed for students

The histogram on the dashboard (signified as A in Fig 2)
represents the student’s position (highlighted by red color)
in relation to grades of their peers for every assignment.

The line and the bar graph (signified as D in Fig 2) show
weekly library online access patterns of the students and
their physical visits to the library. The week-by-week
engagement graph of library data helps a student to gain an
overall picture of their engagement compared with the rest
of the class. The total percentage of credits achieved by the
students in the assignments is also presented on the
dashboard. Finally, table (signified as B in Fig 2) represents
the “Activity behavior” of the students with the library
resources and is categorized as “active” (orange), “very
active” (green) and “minimal active” (red) and shows their
weekly distribution over an entire term. A student is defined
to be “active” if the engagement with the library resources is
more than three per week. A student is defined to be “very
active” if the average engagement with the library resources
is more than four a week. The box and the whisker plot
(signified as C in Fig 2) further enable a detailed view of the
grades of the students for various assignments. The section
inside the rectangle shows the median and “whiskers” above
and below the box demonstrates the positions of the
minimum and maximum recorded scores.

On the top of the dashboard is the filtering menu that
displays the general data about the course, semester and year
that helps the user to choose which information the
indicator should present. The grades and the weightage will
change based on the “Assessment id” and the “Paper code”
chosen by the students. But not all filters can be used for
each context because the usage of the library resources will
not change irrespective of the filter chosen by the students.
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A.  Evaluation Study

It is noteworthy that most of the evaluations in the
reviewed papers have addressed usability, usefulness, or
user satisfaction rates with the intention of gathering
feedback to improve the dashboards them self. Only very
few studies actually looked at the impact of the dashboard
on student performance. Most of the studies were either in
the prototype state or the dashboard had not been
implemented in an authentic educational situation.

We intend to study the impact of the dashboard on
student learning outcomes. This will be conducted next as a
pilot study by implementing the dashboard to courses in a
real-world setting. Furthermore, to validate the effectiveness
of the dashboard, it is intended to conduct experiment
between two groups of students by dividing the students into
treatment and control groups. The participants will be
assigned randomly to the groups. This will help to attribute
the difference in results between the two groups and thus it
will ensure the validity of the dashboard. The students in the
treatment group will be invited to use the dashboard by
providing a link to it through Moodle. Since the
visualizations will be displaying students online learning
patterns on the dashboard, which will be drawn after a
sufficient number of log files have been accumulated,
students will be allowed to access and use the dashboard a
few weeks after the semester begins. The students in the
control group will not be invited to use the dashboard. The
statistical t-test will be conducted to verify the presence of a
statistically significant difference between the dashboard
treatment group and control group. The final performance
score of the students will be used as the post test score. The
mean score of both the treatment group and control group
will be compared to find out the difference. This will be
conducted as a future study.
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V.  CONCLUSION AND FUTURE SCOPE

The extensive blending of digital technology into higher
education (HE) impacts both teaching and learning practices
and enables the tracking of most of the user interactions.
These digital footprints can then be used to determine the
academic progress of the students, predict students that are
at-risk, and identify potential problems at an early stage with
the purpose of tailoring educational delivery to each
student’s level of need. The present study focuses on
developing a dashboard that capitalizes on online user
activities alongside their educational data (from log files) to
provide data-driven insights in student learning contexts, in
order to maximize student learning outcomes. As an initial
analysis the dashboard was developed using SMS and
library data. The context of our future work will be
broadened through integration of additional data from
Moodle, a communication platform for visualizing the
student’s online behavior which can provide additional
insights. Publishing materials and communication with
students are the most frequent amongst used data for
analysis in Moodle. The manner in which students interact
with the dashboard is important because this will determine
the effect it has on positively modifying their behavior.
Hence, the impact of the dashboard on the student’s
outcome will be conducted as a pilot study by deploying the
dashboard to the classes in a live setting. The evaluation will
be done to find out whether students consider the dashboard
useful in modifying their learning behavior and motivating
them to maximize their learning outcomes.
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