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Abstract

In our study we will be discussing a detailed analysis of the application of learning analytics in
higher education from (2017-2023). As it Addresses the various methodologies that’s being used
in learning analytics while highlighting its strengths and weaknesses. By collecting data from a
wide range of academic papers and reports the study focuses on the role of how learning analytics
enhances to student’s achievement, progress and overall, the quality of their education. It also
provides a guideline for an effective execution of learning analytics, reaffirming the importance of
data-driven, customized educational approaches. Eventually the study explores ethical
implications and potential challenges related to learning analytics presenting an overview of their
impact in the educational sector.
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Introduction

In recent years, there has been a significant increase in the use of learning analytics in higher
education, with the technology being used to generate data-driven insights regarding student
performance, behavior, and engagement. This paper will provide a systematic review of the
methodologies, benefits, and challenges of learning analytics in higher education from 2017 to
2023, as well as insights into the possible benefits and drawbacks of using such technology. This
paper will examine the implications for the deployment of learning analytics in higher education,
as well as recommended practices for future implementation. And this will happen by answering
three main questions: the first one is: What are the primary methods used for learning analytics in
higher education during this time period? And the second one is: What are the benefits associated
with these methods? Finally, what are the challenges associated with these methods? To answer
these questions, we will analyze existing literature on this topic including journal articles, reports
from educational institutions/organizations related to learning analytics initiatives during this time
(e.g., case studies). We anticipate that our findings will provide valuable insight into how best
practices can be implemented when utilizing various forms of data analysis within academic
settings such as universities or colleges.
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Learning analytics

Learning analytics is an important emerging field in higher education and is proving
beneficial to both students and instructors. Avella et al. (2018) state that “learning analytics is an
important tool for improving student learning outcomes within university institutions. This
technology utilizes data that can inform teaching and decision making in ways that provide
improved student and institutional performance." By leveraging the data provided by learning
analytics, instructors can make data-driven decisions to form targeted interventions, provide and
tailor information to individual student behavior, facilitate co-learning, and analyze overall student
learning. This can help to optimize strategies, allocate resources, and guide teaching interventions
appropriately and efficiently. As a result, both instructors and students can benefit from the use of
learning analytics to inform teaching and learning.

Learning analytics, defined as the “measurement, collection, analysis and reporting of data
about learners and their contexts for purposes of understanding and optimizing learning and the
environments in which it occurs” (Crompton et al., 2020,1). Learning analytics is a strong tool that
educational institutions are increasingly using to measure and improve student learning. Learning
analytics data has a positive impact on higher education by assisting in the identification of
learning trends, delivering individualized educational experiences, linking students with resources,
and decreasing administrative costs. (Wong, 2017).

By collecting and analyzing student data, educators can better understand how students
interact with the materials, track the progress of the learning process, identify areas of
improvement, and anticipate potential challenges faced by learners. Furthermore, the data
collected can be used to tailor learning activities to individual needs or to implement interventions
that maximize learning outcomes (Clark, 2008). To summarize, learning analytics enables
educational institutions to actively engage with obtained data to encourage more effective
pedagogical practice and maximize the educational experience for students.

Learning analytics defines itself with a focus on data from learners and learning
environments, with corresponding goals of understanding and optimizing student learning Motz et
al. (2023) express concern about the lack of alignment of learning analytics research with its stated
goals, noting that many studies do not adequately analyze learner data, measure student learning,
or intervene in learning environments.

Learning analytics is in the middle between learning theory and data analytics. Van
Haastrecht et al. (2023) emphasizes the need for holistic validation strategies in learning analytics,
integrating both positivistic and interpretivist validity criteria. He suggests an argument-based
validation approach for more meaningful-insights in the educational experiences.

Learning analytics has been opening new opportunities to support learning in higher
education. Divjak et al. (2023) study students' preferences for learning analytics dashboard
features, finding a preference for features related to short-term planning and organization of
learning, with cautious attitudes towards features that encourage comparison and competition.
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Learning analytic and higher education

Learning analytics can offer tremendous benefits in higher education by empowering faculty,
administrators, and students with detailed information and data insights from student behavior.
Learning analytics is the collection, measuring, and analysis of data to improve student success in
higher education institutions (Hantoobi et al., 2021).

Educators can identify student behaviors using learning analytics insights to better
understand how their students engage with content, how long they engage, and how effectively
they master the subject. (Muljana & Placencia, 2018).

Administrators can better identify at-risk students and give targeted interventions to help
these students acquire the skills and knowledge they need to succeed. Furthermore, by using
student feedback generated by learning analytics, instructors can adapt lessons to improve student
success, track progress more effectively, and educate more effectively. Learning analytics also
helps to improve and expand higher education efficiency by providing comparison analyses,
supporting students in better tracking their own progress, and allowing institutions to recognize
and reward high levels of engagement. By unlocking the promise of learning analytics, higher
education may begin to adopt revolutionary changes to redress historical inequities and improve
outcomes for all students (Martin & Thawabieh, 2017).

A recent review of Learning Analytics in Higher Education from 2017 to 2023 reveals a
variety of methods by which institutions can develop and measure educational outcomes.
Challenges and barriers to implementing learning analytics in higher education remain, but
research has identified potential areas of inefficiency that can be leveraged to make improvement.
Adoption of learning analytics has the potential to improve not only the accuracy of predicting
skill-acquisition assessment, but also to develop strategies that help personalize and individualize
learning experiences. As more research is conducted on this topic, institutions will have access to
a greater understanding of how to use Learning Analytics to effectively improve educational
outcomes (Ifenthaler et al., 2021).

The systematic review uncovered several beneficial applications and positive implications
for learners, institutions, and educators. However, the review also highlighted some of the
challenges and ethical considerations associated with continued growth and usage of Learning
Analytics. It is essential for Higher Education providers to stay informed, consider the various
benefits and challenges, and use insights from Learning Analytics to implement sound strategies
to benefit not only their students and institutions, but also the wider Higher Education landscape
(Larrabee, Hughes & Smith, 2019)

Even though learning analytics benefit learning but its uptake by higher educational
organizations stays low. Knobbout et al. (2023) discuss the challenges in adopting learning
analytics at higher educational institutions. They evaluated a capability model for learning
analytics, which showed that it aids participants in planning for the adoption of learning analytics
at their organizations.
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When higher education institutions have the potential to collect a decent amount of learner
data, it is important to consider the most of stakeholders involved with and impacted using learning
analytics. Heiser et al. (2023) explore the concerns about bias and equity in the use of learner data
as perceived by different stakeholders in higher education institutions.

Methods

To address the research problem, researchers conducted a literature review using the
systematic procedure which helped to:
1. Formulate the problem
Collect data
Evaluate the data
Analyze the data
Organize and write the results.

Al A

Formulating the problem

The problem is that incorporating Learning analytics into data evaluation in higher education
diverts educators' focus away from openly detailing methodology, benefits, and limitations of
using Learning analytics in higher education. These three important components require greater
explanation for higher education stakeholders to effectively use learning analytics in higher
education. Educators must navigate through a mound of literature to become acquainted with
Learning analytics methods, benefits, and challenges. To help solve the problem, the following
questions drove this review:
1. What are the primary methods used for learning analytics in higher education during this time?
2. What are the benefits associated with these methods?
3. What are the challenges associated with these methods?

Collect Data

The researcher undertook a systematic review of literature from the last 5 years to identify and
describe methods used by universities to apply learning analytics to improve student outcomes.
The researcher reviewed papers published between 2017 and 2023 in the following databases:
EBSCOhost, ProQuest Education Journals, SpringerLink, ScienceDirect, ISTOR, Web of Science,
Educational Resources Information Center (ERIC) and Google Scholar using keywords such as
“learning analytics”, “student success”, “Learning analytics and approaches”, “learning analytics
and advantages”, “learning analytics and problems” and “‘higher education.” A total of 150 articles
were found, of which 61 were included in the final review.

Evaluate the data.

In this paper 61 articles were used. 43 of these were about learning analytics methodologies, 9
about benefits, and 9 about challenges. This review included only articles that were directly
connected to LA methods, benefits, and challenge, and helped address the three research questions.
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Cooper's (1988) technique was appropriate for guiding a systematic review of literature. The
researcher used the above-described approach, keywords, and databases to search the literature.
Furthermore, researchers limited their literature search to the chosen keywords and databases. This

literature may not include sources not available via the searched criteria and databases. Table 1
provides the source found corresponding to the research questions.

Table 1: Source found corresponding to the research questions.

Learning analytic methods
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Focus Sources

Bodily & Verbert, 2017
Gibson et al. (2017)
Perikos et al. (2017)
Charleer et al., 2018
Dalla Valle et al. (2018)
Tempelaar et al. (2018)
Van Horne et al., 2018
Yu et al. (2018)

Azcona et al. (2019)
Baneres et al. (2019)
Chaudy et al. (2019)
Leitner & Ebner, 2019
Matcha et al. (2019)
Smith (2019)

Broos et al. (2020)
Choi et al. (2020)
Conijn et al. (2020)
Cornide-Reyes et al. (2020)
Hilliger et al., 2020
Knight et al. (2020)
Lim et al. (2020)
Matcha, Gasevi¢, & Pardo, 2020
Shibani et al. (2020)
Yilmaz (2020)

Yilmaz, 2020

Afzaal et al. (2021)
Hunt et al. (2021)

Iraj et al. (2021)
Karaoglan et al. (2021)
Lewis et al. (2021)
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e Lim, Dawson, et al. (2021)
e Lim, Gasevic, et al. (2021)
e Lim, Gentili, et al. (2021)

e Misiejuk et al. (2021)

e Tsaietal (2021)

e Wangetal. (2021)

e Yilmazetal. (2021)

e Yousefetal. (2021)

e Karaoglan Yilmaz (2022)

e Kohnke et al. (2022)

e Luetal (2022),

e Ustun et al. (2022)

e Zheng, Niu, and Zhong (2022).
e Ohetal. (2023)

e Oreski (2023)

e Quick et al. (2023)

e Khan etal. (2023)

e Van Campenhout et al. (2023)
e Jam- on & Boongoen, 2017
e Joetal., 2017

e Martin, & Nock, 2018

e Prietoetal., 2018

Learning analytic benefits e Kaya, 2019

e Coussement et al., 2020

e Ndukwe & Daniel, 2020

e Vijayalakshmi, Panimalar & Janarthanan, 2020
e Yaseen et al., 2021

e Knobbout et al. (2023)

e Divjak et al. (2023)

e Aghaei et al. (2023)

e Heiser et al. (2023)

e Enodien et al. (2023)

e Leitner, 2017

e [undie, 2017

e Sergis and Sampson, 2017
e Tsai and Gasevic, 2017
Learning analytic challenges e Wilson etal., 2017

e Wintrup, 2017
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e Vibergetal., 2018

e Jones, 2019

e Selwyn, 2019

e Gadekar and Hiwarkar (2023)
e Grimm et al. (2023)

e Islam et al. (2023)

e Poellhuber et al. (2023)

e Nittas et al. (2023)

e Kitto et al. (2023)

e Gedrimiene et al. (2023)

Fig (1) the numbers of studies per year Fig (2) the percentage of

H2017 m2018 m2019 m2020 m2021 m2022

2017 2018 2019 2020 2021 2022

«=@==number of studies

the studies per year

Analyze the data
This section contains the results of the literature review that were used to address the three research
questions.

Learning analytic methods and tools

Several methods and tools are used in the field of Learning Analytics in Higher Education from
2017-2020, including visual data analysis, educational data mining, text analysis and social
network analysis. Additionally, many educational institutions have begun to use Learning

Analytics dashboards to visualize the data, allowing for easier analysis and decision-making. There
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are also several tools available for Learning Analytics, such as Learning analytics-based feedback
approaches, and predictive analytics tools.
Table (2): Methods used by LA.

Category

Methods

Studies

Information visualization

Dashboard visualizations, influence
graph, graph-based  methods,
knowledge graph, line chart, scatter
plot, map, bar chart, map, pie chart,
surface chart, histogram plot, flow
chart

Gibson et al. (2017), Perikos et al.
(2017), Dalla Valle et al. (2018),
Tempelaar et al. (2018), Yu et al.
(2018), Azcona et al. (2019),
Baneres et al. (2019), Chaudy et al.
(2019), Matcha et al. (2019),
Smith (2019), Broos et al. (2020),
Choi et al. (2020), Cornide-Reyes
et al. (2020), Lim et al. (2020),
Yilmaz (2020), Afzaal et al.
(2021), Hunt et al. (2021),
Karaoglan et al. (2021), Lewis et
al. (2021), Lim, Dawson, et al.
(2021), Lim, Gasevic, et al.
(2021), Lim, Gentili, et al. (2021),
Misiejuk et al. (2021), Tsai et al.
(2021), Wang et al. (2021), Yilmaz
et al. (2021), Yousef et al. (2021),
Karaoglan Yilmaz (2022), Ustun
et al. (2022), Zheng, Niu, and
Zhong (2022).

Data mining

Predictive modelling, classification,

clustering,  Bayesian  network
analysis, process mining, behavior
modelling,

relationship mining, support vector
machine, discovery model, neural
network, machine learning

Perikos et al. (2017), Tempelaar et
al. (2018), Yu et al. (2018),
Azcona et al. (2019), Baneres et al.
(2019), Matcha et al. (2019), Choi
and Cho (2020), Afzaal et al.
(2021), Iraj et al. (2021), Lim,
Gasevic, et al. (2021), Tempelaar
et al. (2021), Tsai et al. (2021),
Yousef and Khatiry (2021),
Zheng, Zhong, and Niu (2021),
Karaoglan Yilmaz (2022), Kohnke
et al. (2022), Lu et al. (2022),
Ustun et al. (2022).

Text analysis

Thematic analysis, writing analytics,
text mining, deductive analysis,

Gibson et al. (2017), Perikos et al.
(2017), Yu et al. (2018), Conijn et
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natural language processing, | al. (2020), Knight et al. (2020),
sentiment analysis, content analysis, | Lim et al. (2020), Shibani et al.
natural language processing (2020), Yilmaz (2020), Hunt et al.
(2021), Lewis et al. (2021), Lim,
Gasevic, et al. (2021), Misiejuk et
al. (2021), Niu, and Zhong (2021),
Zhong (2021), Ustun et al. (2022).
Social network analysis Social network analysis, epistemic | Choi and Cho (2020), Lim et al.
network analysis, network diagrams | (2020), Misiejuk et al. (2021).

Fig (3) the numbers of studies for each method Fig (4) the percentage of each
Method

i
0

INFORMATION DATA MINING TEXT ANALYSIS SOCIAL
VISUALIZATION NETWORK
ANALYSIS

M Information visualization B Data mining

M Text analysis Social network analysis

8,27%

® Numbers of study

The most used LA methods were information visualization and data mining methods. The
information visualization approach was used is used in 30 studies and the methods used are
dashboard visualizations, influence graph, graph-based methods, knowledge graph, line chart,
scatter plot, map, bar chart, map, pie chart, surface chart, histogram plot, and flow chart.

Data mining was used is used in 18 studies, and its methods according to the studies used are
predictive modelling, classification, clustering, Bayesian network analysis, process mining,
behavior modelling, relationship mining, support vector machine, discovery model, neural
network, and machine learning.

Text analysis was used in 15 studies and its methods according to the studies used are thematic
analysis, writing analytics, text mining, deductive analysis, natural language processing, sentiment
analysis, content analysis, and natural language processing.

and finally social network analysis was used in 3 studies and its methods according to the studies
used are social network analysis, epistemic network analysis, and network diagrams.

The tools described below enlighten teachers, educators, and administrators in higher education
who are not LA experts about the various methods and tools published in the literature. Such an
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overview offers educators an integrative report and saves them from the overwhelming process of
conducting a literature search to become acquainted with various LA approaches.

Learning analytic dashboard

LADs encourage students to set realistic objectives and track their progress in learning (Bodily
and Verbert, 2017; Russell, Smith, and Larsen, 2020). The section that follows provides an
overview of the dashboards that have been implemented to assist students, instructors, and student
advisers.

LISSA (Learning Dashboard for Insights and Support During Study Advice) was developed by
Charleer et al. (2018) to aid study advisers in assisting their first-year students in planning a more
realistic curriculum. The visuals were created by analyzing historical data and student grades.
However, the LISSA dashboard only displays the student's academic success when compared to
their peers. As a result, this dashboard is only useful to students with sufficient advice from their
study consultant. Furthermore, the LISSA dashboard does not offer students actionable insights.
Although some studies have indicated positive associations between the usage of LADs and
academic success (Van Horne et al., 2018), little is known regarding the impact of LADs on the
academic accomplishment of at-risk students (Russell, Smith and Larsen, 2020). Despite some
positive findings, many flaws in existing LAD research have been identified (Matcha et al., 2020).
Several research studies, for example, show that learners struggle to evaluate data visualized on
dashboards and use dashboard feedback to guide their learning practices (Matcha, Gasevi¢, &
Pardo, 2020). To increase learning results, students require quality feedback and timely assistance
(Hilliger et al. 2020). One problem that Learning Analytics has is determining the best
visualization style to offer learning analytics feedback to students (Leitner and Ebner, 2019).
With the growth of educational data, increasing attention was given to student learning supported
by learning analytics dashboards. Divjak et al. (2023) conducted a longitudinal study to understand
what features students find most useful in learning analytics dashboards. They found a preference
for features related to short-term planning and organization, with reservations about features that
promote comparison with other students.

Learning analytics-based feedback approaches

LA-based feedback approaches appear to contribute to the community of inquiry of university
students, namely their perceptions of cognitive, social, and instructional presence, as well as their
reflective thinking skills (Y1maz, 2020).

Research in learning analytics has long held a strong interest in improving student self-regulated
learning and measuring the impact of feedback on student outcomes. Dawson et al. (2023) discuss
an integrated model that combines feedback and assessment in learning analytics. They emphasize
the need for capturing feedback and learning outcomes over a complete program of study,
highlighting the importance of contextual factors in feedback diversity.
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Predictive Learning Models

Predictive modelling has become a common research approach in LA. It provides future foresight
and vision, which can aid improve learning efficacy and inspire remedial, timely, and suitable
actions. Predictions are made by studying previous data and projecting it onto a model designed
to foretell expected outcomes with a particular level of accuracy. Brooks and Thompson (2017)
outlined the main steps to creating a predictive model, beginning with identifying the problem,
collecting the data needed for analysis, and defining the predicted outcome, then selecting the
predictor variables that perfectly correlate with the chosen output, and finally building the
predictive model using one or more algorithms. To create predictive models, several algorithms
are utilized, decision Tree, Bayesian Classifier, Neural Networks, Support Vector Machine, K-
Nearest Neighbor, and Logistic and Linear Regression are the most common. (Kumar et al., 2018).

Learning analytics benefits

Based on the number of papers chosen for this review, it can be concluded that higher education
institutions can benefit from using learning analytics in a variety of ways, including curriculum
development and improvement, improved student learning outcomes, improved instructor
performance, and monitoring of student dropout and retention. The following graph represent the
numbers of studies for each benefit:

Fig (5) the numbers of studies for each benefit: Fig (6) the percentage of each
benefit:

M Students outcomes B Curriculum Development

I I M Instructor Performance Students Dropout and retention

STUDENTS CURRICULUM  INSTRUCTOR STUDENTS
OUTCOMES  DEVELOPMENT PERFORMANCE DROPOUT AND
RETENTION

|

m Numbers of study

Table (3) The name of studies for each benefit:

The benefits The study names

Students’ outcomes e Joetal, 2017

Curriculum developments e Martin & Nock, 2018
e Kaya, 2019
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e Ndukwe & Daniel, 2020
Instructor performances e Prietoetal., 2018

e Vijayalakshmi, Panimalar & Janarthanan, 2020

Students’ dropout and retention e Iam-On & Boongoen, 2017
e Coussement et al., 2020
e Yaseen et al., 2021

One of the most significant advantages of learning analytics is that it enables schools and
instructors to identify student learning outcomes and how to improve student performance
throughout the educational process. According to the study, the usage of data from learning
analytics contributed to positive learning outcomes (Jo et al., 2017).
Learning analytics also gives a framework for predicting the performance quality level of teachers
to improve students' learning outcomes in order to obtain improved instructor performance. The
performance evaluation system aids universities in accomplishing their educational goals. The goal
is to help teaching staff grow and develop by analyzing, monitoring, and utilizing pertinent
information provided inside a model to improve their progress and efficiency (Prieto et al., 2018;
Vijayalakshmi, Panimalar & Janarthanan, 2020).
For curriculum development and enhancement, learning analytics can also be utilized to provide
further solutions on educational difficulties connected to curriculum design, primarily at the course
level, with the purpose of improving learning and teaching processes and giving aid for program-
level curriculum creation. It is critical to identify the relationships between courses within a
program to organize them and ensure curriculum success. (Kaya, 2019). Using learning analytics
in the curriculum development also assists teachers in better integrating content and responding to
expressed dissatisfaction with extensive lists of standards that are frequently provided as
collections of unrelated topics in prescribed courses of study (Martin & Nock, 2018). Learning
analytics also improves instructors' diagnostic pedagogical abilities, allowing them to use data and
evidence to improve teaching quality and uncover the best ways for increasing teaching
performance. Learning analytics also allows teachers to use data to reflect on their teaching
outcomes, which can subsequently be used to engage colleagues in meaningful dialogues to
improve teaching quality. Instructors must also increase their data literacy and data inquiry skills
to improve their teaching issues. As a result, providing teachers with analytics on their teaching
practices and learning outcomes can assist them in improving the quality of their education.
(Ndukwe & Daniel, 2020). Learning analytics also promotes accurate monitoring of student
dropout and retention. Despite the numerous benefits of online courses, such as continuous
access, high flexibility, extensive content, and low cost, significant dropout rates continue to hinder
pedagogical and economic aims. Other research has discovered a considerable increase in dropouts
and low attendance in online classes (Yaseen et al., 2021). Dropout detection tools for students,
on the other hand, would allow educational institutions to identify students who are on the verge
of dropping out and highlight areas that may be addressed to assist them in finishing their studies
(Coussement et al., 2020). Learning Analytics technologies have been created to address the issue
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of dropout in some universities' online distance education courses. Auxiliary features in such LA
systems include, among other things, data visualization, dropout prediction, instructional action
support, and textual analysis (Iam-On & Boongoen, 2017).

Learning analytics challenges

Fig (7) the numbers of studies for each concern Fig (8) the percentage of each
concern

M The first concern W The second concern

M The third concern The Fourth concern

I I I 7 .

THE FIRST THE SECOND THE THIRD THE FOURTH

CONCERN CONCERN CONCERN | CONCERN
Table (4) The name of studies for each concern

The concerns The study names

The first concern e Leitneretal., 2017

e Tsai and Gasevic, 2017
Sergis and Sampson, 2017
Selwyn, 2019

The second concern e [Lundie, 2017
e  Wintrup 2017
The third concern e Lundie, 2017

e Leitneretal., 2017
e Vibergetal., 2018
The fourth concern e Lundie, 2017

e  Wintrup 2017

e Vibergetal 2018
e Jones 2019

Some researchers have critiqued LA for a variety of reasons. The first concern is that LA was
created without the active participation of students and instructors (Sergis and Sampson 2017;
Selwyn 2019). Typically, central institutional organizations oversee the processes of data
collection and analysis, with students and teachers restricted to an observer position (Leitner et al.
2017; Tsai and Gasevic 2017) with limited awareness of the LA techniques used (Selwyn 2019).
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The second concern is the students and their learning. Students appear to be underrepresented in
the creation of LA systems in universities (Lundie 2017). Furthermore, identifying kids at risk is
a core premise of LA methodologies, and there are worries in the research that doing so may
promote labelling (Wintrup 2017) and operate as self-fulfilling prophecies, increasing the exact
problems that LA is intended to alleviate. Academic personnel may become stuck in these
processes as well, developing unrealistic expectations regarding students' academic achievement.
The third concern is that the institutions' interests in grades, persistence, and non-completion
indicators tend to trump students' motivation, engagement, and pleasure, as well as more formative
assessments of learning (Lundie 2017). As a result, it is unclear whether LA has a good impact on
learning (Viberg et al. 2018). In this regard, Viberg et al. (2018) discovered, through a systematic
literature review on LA in higher education, that only a small proportion of research papers (9%)
show evidence that LA improves higher education students' learning outcomes, defined as
knowledge acquisition, skill development, or cognitive gains. Furthermore, Leitner et al. (2017)
discovered in their literature study that most of the publications were about academics and
administrators making decisions rather than teachers and students.

Furthermore, some scholars believe that LA minimizes the complexities of teaching-learning
processes (Lundie 2017; Selwyn 2019; Wilson et al. 2017). LA collects and measures what is
readily available and easily examined and analyzed (Selwyn, 2019). Selwyn (2019) also mentions
an incorrect use of LA.

The fourth concern is related to privacy and vulnerability (Jones 2019; Viberg et al. 2018). LA
could be viewed as a monitoring instrument via which students are constantly monitored (Wintrup
2017). Additionally, this can be interpreted as a restriction on students' liberty (Wintrup 2017).
Governments and institutions may use machine-learning algorithms to influence students'
decisions throughout their lives (Lundie 2017).

Discussions

The review's findings indicate that learning analytics can be utilized to promote teaching staff
productivity and efficiency, facilitate collaboration, and improve student happiness and
engagement. However, the adoption of learning analytics is hampered by a lack of effective tools
and analytical methodologies that enable educators to examine and comprehend complicated data
sets and uncover important trends. As a result, the entire potential of learning analytics has yet to
be realized, as has the full potential of these technologies, which has yet to be unlocked. There has
been an upsurge in the usage of online technology for the delivery of teaching and learning
activities in higher education over the last several years.
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