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aim of both LA and EDM is to turn raw data into actionable
insights making education-related decisions better. Based on
the nature of the analysis of big data in the learning
environment, both LA and EDM aimed at improving quality
education by improving interventions [141], [186].

ABSTRACT
With digital revolution expansion and a rapid change in the
technologies, educational data is increasing at a swift pace.
Learning analytics (LA) turns out to be a powerful tool for
improving learning and teaching practices. Learning
analytics uncover hidden patterns, correlation, and other
insights about learners and educators in educational big data
that leads them to stay agile, better outcomes, and
employability. This literature review aims to categorize such
measures of data-driven improvement. A comprehensive
review of Learning Analytics (LA) and Educational Data
Mining (EDM) and significant techniques in higher
education was conducted. Analysis of the research questions,
methodology, techniques, learning environment, associated
projects, and findings of various published papers is done
and is accordingly categorized. Analysis of various reviews
on the development and growth of LA in higher education in
various countries is also done. The results provide a
comprehensive background for understanding current
knowledge on LA and EDM and its impact on both learner
and instructor in the various learning environment. The
results showed that in HEIs, where LA has been
implemented aimed at better assessing and predicting
learner’s performance. It has also helped in monitoring and
motivating them, discovering undesirable learning behaviors
and their emotional states, help educators and administrators
to unlock big data potentials, and making quicker datadriven decisions.

Data-driven decision making has been continuously one of
the essential jobs in the field of higher education.
Traditionally the decisions made by the higher educational
institutions faculty and administrators is based on the
presumptions and certain hypothesis. This process is very
time consuming and limited to the quality of higher
education. From administrators to teachers and learners,
education insight through LA can improve higher education
institutes' performance and help them to face challenges in
academia. Higher Educational Institutes see Learning
Analytics as a powerful resource that worked as a mirror for
them. It creates new schemes and technologies which help
HEIs and researchers to gain access and genuinely recognize
what is happening, how an institution is performing as a
whole [143].
With the increase in the online and distance education
courses, higher education needs to rotate its focus on
providing ‘accesses’ to these courses and improve its
‘quality.’ In online courses, instructors missed critical visual
clues that enable them to spot which students were not
sufficiently challenged, bored, puzzled, or who were unable
to attend the course [43]. For this, HEIs are implementing
and utilizing Learning Analytics (LA) technologies to
effectively recognize and support both students andteachers
in the learning process [134].
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Recently, the most focused key areas of researchers are the
adoption of “Massive Open Online Courses (MOOCs)” and
“Learning Management Systems (LMS)” platforms in the
educational environment and using Learning Analytics (LA)
methods for enhancing performance and student’s behaviors,
retention, and their recruitment. Prediction, Gamification,
Social Network Analysis (SNA), Statistic, Distillation of
data for Human Judgment, and Outlier Detection are the
most common learning analytics used in the higher
education domain [85], [188]. More importantly, the
applications of learning analytics give a boost to HEIs to
improve the educational experience. This applicability helps
to know how the LA field is maturing in the higher
education domain [30].

1.INTRODUCTION
The integration of digital and mobile technologies with the
higher education sector affects both the learning and
teaching environment. Learning analytics help Higher
Educational Institutes (HEIs) in many aspects of learning
and teaching by utilizing the data generated about students
and their learning background. There is a close relation
between Academic Analytics, Learning Analytics (LA),
Educational Data Mining (EDM) research fields
[23].Academic analytics uses analytics methods to meet up
the wants of institutional, functional, administration, and
accounting decision-making practices[82].While the main
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Although the utilization of learning analytics is growing at a
breakneck pace in HEIs to magnify the excellence of the
teaching and learning process, there occur frequent
obstructions that avoid the data sets from being used
analytically and efficiently. Data quality, ownership, access,
organizational culture, and expert knowledge available to
employ learning analytics are common questions that needed
concentration [11]. Unfortunately, HEIs face various issues
and challenges while implementing learning analytics
applications like ethics, data privacy, protection, and quality,
etc.[43] [84].

techniques, classification, and challenges in the higher
education context was conducted to improve the learning
and teaching process.
In this paper, we have discussed the concepts of Learning
Analytics (LA) and its evolution, especially in the
educational field. In Section 3, Learning analytics (LA) is
defined and enlightened. Section 3.1 presents the status of
Learning Analytics (LA) in various countries in the higher
education domain, and section 4 reviewed the utilization of
LA/EDM techniques in higher education. Section 5 presents
the classification of LA and consequently reviews the work
related to each classification scheme.Section 6 presents the
results.Section 7 discusses the challenges faced by learning
analytics.The last sectionsconclude how this study is giving
future directions for research and practices in the learning
analytics field. We are hopeful that this literature review will
shape the future of learning by using EDM and LA, as a
powerful tool, for solving precise learning and teaching
problems in the higher education domain. Also, this review
crystallizes more precise problems that previous findings
were incapable of concentrating upon. Additionally, this
review provides a current and recent development to view
the expansion of LA/EDM in higher education.

2.RESEARCH METHODOLOGY
The search period for literature review on LA/EDM is set in
such a way that it covered publications from 2008 to 2020,
exploring the status, techniques, applications, and challenges
of LA/EDM in the higher education domain. The keywords
and mixture of keywords that are used included “learning
analytics” AND “higher education” AND “status” AND
“adoption”, “learning analytics” AND “issues”,“data
mining” AND “higher education”, “data analytics” OR
“learning analytics”, “educational data mining” OR “data
mining techniques” OR “visual data mining” OR
“classification” OR “regression” OR “clustering” OR “text
mining” OR “association rule” OR “gamification” OR
“social network analysis” AND “their applications” AND
“higher education” OR “higher education institutes” OR
“LMS' OR 'MOOCs” OR “online learning” OR “blended
learning”. Other keywords included “learning analytics”
AND “applications” OR “higher education”,“assessment OR
“feedback” OR “prediction” OR “pedagogy” OR
“curriculum” OR “social learning analytics” OR “online
learning environment”.
The databases searched for this systematic literature review
included Association for Computing Machinery (ACM),
(ERIC), IEEE Computer Society Digital Library
(CDSL),SoLAR, Computers in HumanBehavior, the Internet
and Higher Education, Computers & Education, EDUCASE,
Google Scholar, Science Direct, Scopus and Springer as well
as the conference proceedings of the International Learning
Analytics and Knowledge (LAK), Educational Data Mining.

3.LEARNING ANALYTICS
In the last couple of years, Learning Analytics (LA) has been
rising progressively and emerged as a separate field of
research discipline. Analytics is a new tool in a new time
and considered to be a practice of mining higher education
institutional data sets to generate “actionable intelligence”
via statistical and predictive modelling techniques with the
mean of improving decision making power, student
outcomes, and their success [17].
Initially, the definition of LA is given as “the use of
intelligent data, learner-produced data and analysis models
to discover information and social connections and to predict
and advice on learning” [140]. Learning analytics is defined
as “the measurement, collection, analysis, and reporting of
data about learners and their contexts, for purposes of
understanding and optimizing learning and the environment
in which it occurs” [142].A recent definition of LA is stated
as: “LA is the capability to discover patterns and
associations across modalities (synchronizing talk), over
time (during revisiting of studied matter), or at a micro
genetic stage (showing how an educator uses analytics to
examine learner activity)” [164]. An additional definition of
LA is given as: “LA is the area of analytics investment and
interest that is directly related to the student experience and
learning outcomes with the aim at improving learner’s
success and student services” [15].

Following research questions guided this systematic
literature review:
RQ1. What is the status of learning analytics and how the
field of learning analytics is growing in various countries in
the higher education domain?
RQ2. How various LA/EDM techniques can be used to
solve practical challenges and issues in higher education?
RQ3. What are the LA/EDM techniques best suited to these
challenges?
RQ4. What are the purposes for which HEIs have applied
LA/EDM techniques?
RQ5. What are the challenges and issues of deploying
learning analytics in higher education domain?
For answering these research questions, a systematic
literature review on the current status of LA/EDM, their

A systematic literature review of learning analytics by
[8],shows that LA uses various methods like Visual Data
Analysis techniques, Social Network Analysis (SNA),
Semantic, and Educational Data Mining (EDM) to analyze
the big educational data. The objectives of this literature
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review are to improve student’s learning outcomes, teacher
performance, personalized learning, high-quality curriculum
development, and better employability. Virtual Learning
Environments (VLEs), Learning Management System
(LMS), Cognitive Tutors (CTs), Massive Open Online
Courses (MOOCs), Web-based environments are the
different learning settings used by educational research
community with the objectives to improve students
behavior, self-reflection, self-awareness, assessment and
feedback services via LA/EDM methods. These objectives
can be attained through pedagogical interventions.
Interventions are an essential measurement of the learning
analytics and educational data mining process, as in this
step, raw data is turned into actionable intelligence [105].
For systems handling the massive amounts of data, efficient
software systems are required. Testing plays a vital role in
ensuring the quality and reliability of the software system
[178-185].

popularity and adoption of learning analytics are limited
when compared against Anglo Saxon countries. Also, due to
many factors, one of them is lacking awareness of LA; the
required responses are not observed from Russia, China, and
India [37]. In the Third Conference on “Learning Analytics
and Knowledge,” almost all the authors who submitted
papers are from Europe and North American countries
[101].Survey findings showed that in China, most of the LA
papers from 2012 to 2014 were simple literature review and
general commentary rather than practical implementation
and case studies [49]. Various case studies and projects in
the UK, Canada, Uruguay, and Korea show the adoption and
implementation of learning analytics techniques in higher
education institutes. Except for the UK and Canada, several
case studies showed that there is a scarceness of projects and
studies expressing the state of LA [121].
European higher education institutes focus on a learning
analytics-based project, the SHEILA project, to encourage
formative assessment and personalized learning during the
online and distributed learning process [156]. Big data and
learning analytics start taking roots in American HEIs as
learning and teaching methods changing with the changing
technologies. Data-driven decision approaches are not silver
bullets but provide solutions to higher education institutions
to some extent [113]. Also, there is a need for advanced
technologies and analytical tools to harness the complexity
of Big data[187].

LA will bring HEIs onto the next advanced level by making
educational data patterns visible. Pedagogic behavior of the
instructor and learner should also be considered to improve
the learning outcomes. Other various dimensions of LA
should be taken into account to promote self-reflection,
curriculum development, enhance learner’s performance,
and increases teacher effectiveness and efficiency [56]. As
the educational field is moving towards digitization, online
and distance learning is becoming popular among
stakeholders. The students leave digital footprints while
engaging with their digital learning environment. LA
intervenes in these footprints to take better decisions aimed
at improving learning, teaching, and institutional
effectiveness [40].

Purdue University, Indiana, aimed to boost student success
and support them during their course learning and so final
graduation grades by employing the power of learning
analytics [6]. Introduction of learning analytics in Japanese
universities lifted learning and teaching practices using
features of educational big data [47]. Learning analytics has
the power to make Korean higher education curricular better
by providing customized learning and teaching methods
[76]. Open University (OU) puts the power of LA
technology to informed teachers on time. It provides
flourishing interventions that will help the students to attain
better outcomes [123]. A lot of research work that outlines
the evolution and implementation of learning analytics in
Indian higher education is not seen yet. Only a few pieces of
literary works and the experimental study shows the
adoption of learning analytics for improving decision
making power and student learning experiences [116], [14].

3.1 Status of learning analytics in various countries in
the educational domain
The authors gathered the data about various projects and
case studies from different sources, including International
Conference on Learning Analytics & Knowledge,
International Conference on Learning Analytics in Asia,
Society for Learning Analytics Research, EDUCASE, JISC,
ERIC, and many more. The authors extensively and
iteratively searched intercontinental databases of reliable
academic resources, conferences, and issuers, including
Scopus, ERIC, Google Scholar, Science Direct, DBLP, and
ACM Digital Library.
After reviewing various case studies and projects in the
implementation and usage of LA methods, it is observed that
LA has a strong effect on changing educational practices and
upgrading teaching and learning practices. Although LA is
gaining attraction in the higher education domain, its
advancement in Asia was hardly studied. Most of the
research work in this field is done in the USA, UK, and
Australia. Many of these case studies implemented showed
that LA is still at its initial stage of development [137].
Countries like Romance, France, Latin America, the
Table 1 provides a summary of projects and case studies to
give a clear view of the status of LA around the world in a
higher education context.

Although the objective of this literature evaluation is to
provide the status (i.e., adoption and implementation) of LA
in various countries, significant influence and coverage of
LA have been seen from USA (due to continuous research
contribution
from
the
non-profit
organization,
“EDUCAUSE”), UK (as “JISC’, a non-profit organization
which provides digital solutions for UK education and
skills), Australia, and Canada. However, they can influence
a deficient proportion in China, Korea, Russia, Japan, India,
the Philippines, and Malaysia.
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Table 1: Summary of projects and case studies

Country
USA

Institution
Purdue University

Case study/ Project
Traffic
Signals
interventions

University
of Maryland

LCMS (Blackboard)

New York Institute
of Technology

Identifying at-risk students
using the STAR model

California
University

State

LMSS

University
Michigan

of

and

E2Coach

Traces student's activities and predict
their success rate; focus on early
intervention to improve student's
trajectory.
The aim was to enhance the retention
rate of students by deploying a Student
At-Risk model
Better predict student success via
multiple demographic variables than
using traditional methods
Leveraging analytics to support
students with course decisions; acts as
an intervention engine
Track improvement of students in
courses; early intervention to predict
at-risk students
Student alerts for resolving their
educational
issues and enhance their success
Focuses on providing formative and
summative feedback to students in the
transition;
scalability
and
transferability solutions

Rio
Salado
Community College

PACE
(Progress
Course Engagement)

Northern
University

Arizona

GPS (Grade Performance
System)

NETHERLANDS

Erasmus University
Rotterdam

STELA
(Successful
Transition from secondary
to higher Education using
Learning Analytics)

AUSTRALIA

Edith
Cowan
University
University of New
England

C4S (Connect for Success)

Open
University
Australia
University
of
Wollongong

PASS
(Personalised
Adaptive Study Success)
SNAPP (Social Networks
Adapting
Pedagogical
Practice)
Student
performance,
retention, and progression

Improved retention and success rates of
students
Aimed at early identification of
students who were struggling with their
study programs
Track students’ performance to
enhance study success
Support teacher to evaluate student
behavioral patterns during the course;
timely intervention
Track student progress in
course; intervention

University of East
London

Student
engagement,
retention and progression
Student
lifecycle
and
performance benchmarking

Track student progress in
course; intervention
Track student progress in
course; intervention

University
Sheffield
University
Manchester
University
Bedfordshire

Student admission and
progression
Facilities
and
utility
optimization
Student engagement,
retention and progression

Student support and intervention

UK

University of Central
Lancashire
Open University

of
of
of

and

Summary
Improve student’s success at the course
level;enhance student’s retention rate.

AWE (Automated Wellness
Engine)
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“SHIELA (Supporting Higher Education to Integrate
Learning Analytics)” project helps the European higher
education institutions to overcome the challenges students
face during the learning process in an online environment.
Moreover, SHIELA project helps in building a framework
that
supports
formative
assessment
and
adaptive/personalized learning in the field of learning
analytics. LALA project in Latin America helps to improve
the quality, efficiency of HEIs and also provides the
potential to employ and implement Learning Analytics to
enhance data-driven decision-making processes. Another
project, LACE (Learning Analytics Community Exchange),
intended to assimilate different communities that provides
recent and future views about learning analytics and
educational data mining. According to a report of
Reportlinker.com “Education and Learning Analytics
Market by Application, Component, Deployment, End-User
And Region - Global Forecast to 2024”, the global higher
education and learning analytics status is estimated to grow
from USD 3.1 billion in 2019 to USD 8.2 billion by 2024, at
a Compound Annual Growth Rate (CAGR) of 21.5% [177].

i.

ii.
iii.
iv.

4.1.2

Detecting dropout susceptible students as early as
possible from offline, online and e-learning courses
[115],
Evaluating students’ interactions with different
types of educational resources [25] [103],
Predicting which learner will not complete their
assignment task [38], [29],
Identifying students' behavior and their motivation
level during the learning process [133],[119].
Clustering

The clustering technique is used to identify data that are
similar to each other. This technique helps to understand the
differences and similarities between the large data sets for an
easy decision. In higher education clustering technique
aimed at examiningi.
Student’s interaction and engagement in the
learning process in LMS [21], [34],
ii.
How a student interacts in diverse learning
circumstances [143],
iii.
Recommended learning resources to learners based
on the digital footprints they leave behind during a
course [75].

4.LEARNING ANALYTICS BASELINE
Despite the fact, learning analytics is a beginning research
line, andmuch work has been done in this field that holds up
research, advancement, utilization, and application of
diverse kinds of methodologies. Therefore, some of the
LA/EDM theoretical background (e.g., techniques,
approaches) has been traced, and the related work is outlined
in this section.

Additionally, the clustering technique allows the teachers to
predict students learning by analyzing the log files in LMS
to predict students drop out at early stages and boost their
retention rate [67] to enhance learner's skill acquisition rate
[128].

4.1 LA/EDM techniques

It is used to establish the relationship between variables in
the big sets of data items. The main motive of this technique
is to discover strong learning rules (hidden patterns) using
some measures (e.g., student’s characteristics and their
learning patterns). The discovered association rule helps ini.
Curriculum design, knowing student’s area of
interest, monitoring, and analysis of their academic
performance [81],
ii.
Predicting student’s performance using learning
analytics algorithm [71], [13],
iii.
Providing employment opportunity for a student
by matching their profile with the organization’s
needs [4],
iv.
Enhancing the learning process (predict student
outcomes and identify which student needed extra
concentration from teachers to enhance the overall
success of course) based on student’s
characteristics extracted from logged datasets [9],
v.
Association rule technique is also used for
designing curriculum, for extracting the useful
student’s patterns to evaluate and predict their
outcomes and performance and make better datadriven decisions to improve the quality of
education [64], [160].

4.1.3

The literature reviewed regarding the use of LA/EDM
techniques (i.e., classification, clustering, association rules,
correlation, statistics, text mining, gamification, social
network analysis, and visualization) to predict, grouping,
representation, and monitor diverse learning activities to
enhance learners and instructors quality in the higher
education environment is illustrated. The summary of this
literary work is summarized in table 2.
4.1.1

Classification

It is the most frequently used LA/EDM technique that helps
to classify datasets into different classes. This technique has
been used generally in the higher education domain for
predicting
student
performance,
behavior,
and
predicting/preventing students at risk of dropping out,
retention in online courses/e-learning environment. The
classification technique helps instructors to improve
student’s learning quality by allowing them to build an
effective course curriculum and support learners not
performing well in the course [118]. Classification technique
helps in
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4.1.4

Visual data mining

4.1.7

Sequential pattern

Visual data mining is a mixture of conventional data mining
techniques and visualization tools for the visual
representation of patterns of data. Visual data mining
technique represents the high dimensional data of the
educational domain graphically, so it became easy to
identify patterns and derive valuable insights. In higher
education, visual data mining helpsi.
The teachers to understand how the learner’s pilot
in an LMS environment and monitors the students
easily within a single screen [145],
ii.
In supporting students’ engagement during the
course and also helps the tutors to monitors their
behavior, contribution and performance [112],
[50],
iii.
The instructors get timely feedback about student’s
performance to evaluate the course resources and
materials provided to students during their learning
[87],[92].

It is a useful LA/EDM technique for discovering sequential
patterns by analyzing sets of sequential events. In higher
education, a sequential pattern is used toi.
Represents students’ interactions with the MOOC
courses activities to support self-regulated learning
[166],
ii.
Discover learner’s navigational patterns [114],
iii.
Acquire adequate early warning for students that
helps teachers with their teaching plan
understanding [174],
iv.
In collaborative learning, sequential patterns are
used to improve learner’s cognitive understanding
[83], [176],and predict student’s academic
performance by using the following information
[93], [99] [110]. It is also used for evaluating
students by utilizing their academic performance
and grades, which eventually leads to better
student outcomes.

This review also showed that using visual data mining
techniques instructors be able to control the graphical
representation of student’s behavior or activities in order to
increase a better understanding of what is happening in the
learning process [100], [172], [57].

4.1.8

4.1.5

It is used for extracting interesting patterns, relationships,
and knowledge from unstructured textual data. In higher
education, the text mining technique is employed for mining
and analyzing big unstructured text datasets to discover
exciting patterns, extract useful facts, and support decision
making for learners, instructors, and administrators. Text
mining can be applied toi.
Support collaborative learning by extracting
cognitive information from the text to support both
tutor and learner [41],
ii.
Predict student’s engagement based on their
involvement in discussion forums in eenvironment [63], [89],
iii.
Provide automatic formative assessment in elearning environment [65],
iv.
Course improvement suggestions from student’s
feedback comments [54].
v.
It is also used in enhancing understanding of
online engagement and the success of students
from a massive amount of digital learning data sets
[46], [58].

Statistics

Statistics is the traditional mathematical technique that deals
with
the quantification,
collection,
investigation,
understanding, presentation, and concluding data. Several
reviewed studies showed that statistics data mining
technique helps in the higher education domain ini.
Predicting student’s achievement and success [22],
[154],
ii.
Self-regulated learning [173],
iii.
Motivating students during their learning tasks
[88],
iv.
Student retention and success rates [32].
4.1.6

Text mining

Regression

It is used for determining relationships between variables
and also estimates how these relationships can be helpful to
individuals learning outcomes. It is used in higher education
toi.
Predict student’s performance [120],[153],
ii.
Predict learners cognitive behavior in MOOC
[161],
iii.
Improve learners grade points [109], [148],
iv.
Identify student’s characteristics to improve the
quality of HEIs to decrease students' dropout rate
from the course in LMS [2], [77],
v.
The regression technique can also assist in
predicting student’s success and behavioral
engagement in higher education by building linear
and multi regression models [122], [125]to
improve teaching and course quality.

After exploring, it is seen that higher education
policymakers can apply text mining techniques to find
valuable relationships and patterns by gaining insights into
online discussion forums, emails, or chats to support higher
education.
4.1.9

Correlation

The correlation technique refers to the degree of linear
relationship and association between two variables. In higher
education correlation technique is employed toi.
Assess student’s engagement and their academic
learning outcomes in online learning [7],
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ii.

Characterized patterns to analyze student’s
interaction with the MOOCs discussion forums
[27],
iii.
Help the instructor to prepare course activities or
for receiving feedbacks regarding the most
accessed course materials [5],
iv.
Identify and analyze students behavior in online
courses using their clicking patterns [150],[158],
[175],
v.
Investigated studies showed that the correlation
technique has the power to inspect the
psychometric characteristics of the students and
also assess students, which helps the teachers to
monitors student’s progress in an ongoing course
[48].
It is concluded that correlation can be efficiently used to
correlate and find patterns between student’s knowledge and
their outcomes so that they can learn according to their
learning skills and mould strategies accordingly.
4.1.10

4.1.11

Social network analysis

Social network analysis has emerged as a key technique of
qualitative and quantitative analysis of a social network. It
maps and evaluates the relationship between various
information entities (e.g., humans, groups, organizations,
etc.). In higher education, SNA helps toi.
Improve and enhance career success vision of
learners [73],
ii.
Import and support high-quality teaching [90],
iii.
Uncover the role of teachers and learners and
predict their performance in the online learning
environment [72],[130],
iv.
Monitor the collaborative learning process and by
intervening to discover improvement areas and
their degree of participation in the course [104],
[129].
Based on these, it can be said that SNA is a robust
framework for the analyses of learner’s social behavior,
enhancing learners learning outcomes in online courses, and
the relationship between the learners and their teachers.

Outlier detection

The outlier detection technique helps detect rare learning
actions or useful observations from large datasets. By
reviewing various studies, it is observed that in the field of
higher education, outlier detection has very little
applicability. Only a few studies had reflected on this
technique, which helps in analyzing students learning
difficulty, solve students learning problems by identifying
irregular learning patterns, identify deviations in the
teacher's and student’s behavior or activities during the
course [111], [126], [146].

4.1.12

Gamification

Gamification is a technique which is a set of activities and
methods that uses games technicalities or games design
process to solve problems. Research findings showed that
gamification is used toi.
Improve cognitive, motivational and behavioral
learning outcomes [86], [127],
ii.
Motivate students to increase the course success
rate by decreasing dropout rates [16], [51],
iii.
Enhance student’s engagement in MOOCs[163],
iv.
Smooth the formative and summative assessment
process to promote better student learning [68].

Table 2: The application of LA/EDM techniques in higher education

S.no
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Techniques/Approaches
Classification
Clustering
Association rule
Visual data mining
Statistics
Regression
Sequential pattern
Text mining
Correlation
Outlier detection
Social network analysis
Gamification
Distillation of data for human
Judgment
Discovery with models

Examples
[25], [29], [38], [103], [115], [118], [119], [133]
[21], [34], [67], [75], [128], [143]
[4], [9], [13], [64], [71], [81], [160]
[50], [57], [87], [92], [100], [112], [145], [172]
[22], [32], [88], [154], [173]
[2], [77], [109], [120], [122], [125], [148], [153], [161]
[83], [93], [99], [110], [114], [166], [174], [176]
[41], [46], [54], [58], [63], [65], [89]
[5], [7], [27], [48], [150], [158], [175]
[111], [126], [146]
[72], [73], [90], [104], [129], [130]
[16], [51], [68], [86], [127], [163]
[1], [55], [149]
[52], [80]
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By reviewing various studies related to LA/EDM
techniques, it is concluded that classification is the most
frequently used technique followed by clustering, whereas, a
distillation of data for human Judgment, a discovery with
models are the techniques which are applied rarely. The
choice of techniques entirely relies on the problem type of
problem.

According to the authors in [169], the current assessment in
CSCL (Computer-Supported Collaborative Learning) is
time-consuming and does not support reliability, validity,
and individual accountability issues. They proposed a
clustering algorithm through the lens of learning analytics
that automatically assesses student’s performance in an
online learning environment to support both learners and
teachers. The proposed algorithm assesses strengths and
weaknesses in individual student’s involvement in
collaborative activities, thus accelerate the assessment
method.
Furthermore, the authors in [171]proposed a learning
analytics framework to forecast student’s success by
assessing the learning activities in the Moodle LMS
environment. The proposed framework can be applied in
both offline and online environments. The authors in [36]
implemented a mathematical model in Moodle LMS
(Learning Management System) for peer assessment using
learning analytics. They use scoring rubrics for quality
assessment, which overcomes the problem of past
researches, i.e., validity and reliability issues. Reference [10]
proposed a new method for performing a scalable qualitative
assessment of wiki assignments, based on qualitative selfand peer-assessment of wiki contributions. Positive results
are observed on the scalability issue.
Furthermore, many indicators have been polished relative to
the skill to work collaboratively. The authors in [135]
derived a framework based on the assessment theory and
related feedback concepts to support self-regulated learning
processes through the lens of LA.Relevant concepts of
assessment, assessment design, and timely feedback have
been derived coupled with current perspectives on LA and
have also introduced in the results. In work by [152]
implemented LA in a digital learning environment to support
less adaptive learners. The proposed framework adds a
‘student’s learning dispositions’ source to make feedback
more actionable in order to improve the learning of
underperforming students.

5.CLASSIFICATION OF LEARNING ANALYTICS
The implementation of Learning Analytics (LA) in higher
education is to practice diverse goals related to various
stakeholders (learners, teachers, researchers, administrators)
and their learning and teaching framework, to improve and
enhance learning outcomes. This section summarizes the
literature to classify learning analytics according to its
applicability in educational settings. The categorization is
done into six larger scopes, which are outlined in this section
as follows.
4.2 Assessment
Assessment plays a very fundamental role in higher
education for measuring the effectiveness and quality of
education offered by institutions. The authors in [170]
discuss various assessment approaches that fit in the context
of Massive Open Online Courses (MOOCs) from both
formative and summative assessment perception. The
authors in[94] highlight the conventional assessment
techniques (e.g., comprehensive type, discussion board,
reflective focused, and project-based) in online courses.
They quantitatively and qualitatively visualize the data by
using learning analytics tools like tableau, Many eyes, etc.
The aim of visualizing the data is to detect useful patterns of
information that help the instructor in a data-driven decisionmaking process.
The authors proposed a SODAS framework in [33] that
recognizes that computer-based assessment fosters more
effective learning as compared to traditional paper-based
assessment. Learner engagement, enrollment, and metacognition have been enhanced in the canvas learning
management system by implementing formative assessment
and regular feedback. True/False, multiple-choice questions,
multiple dropdown questions, matching questions, multiple
answers, formula, and fill in multiple blanks are the formats
for assessing students. The authors in[35] proposed a
grading tool known as Learning Analytics Enriched Rubric
(LAe-R). In this approach, LAe-R can automatically assign
grade or score to each criterion related to collaborative
interactions and student’s study behavior in a Moodle
course. It helps the teacher to assess individual student’s
performance and the average performance of all the students
in the course. Also, the authors in [128] presented a Kmeans algorithm for analyzing student’s behavior and create
clusters according to the performance of students observed
during the formulation of scientific questions. The purpose
of the proposed algorithm is to determine strategies that
strengthen scientific competences for both students and
teachers.

4.3 Feedback
If the assessment is the “engine that drives learning,
feedback is the oil that lubricates the mechanism of
understanding” [117]. The authors in [102] provide a
feedback mechanism to avoid the dropout rate to some
extent in a blended learning course. Student’s online
learning activities have been analyzed by using learning
analytics in order to provide feedback to both the students
and the teachers to advance the quality of online learning
and teaching. In the study conducted by[106] deal with the
concept of personalized feedback by using a learning
analytics-based method. He studied the scalability issue of
quality feedback in the higher education system, thus
making it difficult to advance the learning process. He
presents a novel learning analytics approach in which
student’s activities are used as indicators for instructors to
provide feedback tolarge student groups through
personalized messages.
The authors in [107] also provided a focus on various
approaches to feedback in learning analytics. LA/EDM is
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still exploring how to address challenges in providing highquality feedback to big student groups in higher education
and propose innovative patterns in which feedback is equally
scalable and useful. The authors in [96] present four central
variables: Difficulty, Easy, Boring, and Engaging (DEBE), a
novel feedback approach to inform teachers about their
learning theories and advance old ones in order to reflect
whether the students found the lecture to be Difficult/Easy
and Boring/Engaging. This DEBE feedback approach
highlights the pedagogical potential of datasets through the
learning analytics tool. In the study conducted by authors
[132] explores the advantage of formative feedback
methodology using learning analytics to overcome the
missing elements like student retention and course success
rate.
Moreover, this methodology can adequately handle the
scalability and implementation cost issues well to support
student learning. The authors implemented a novel tool in
[70] for generating and promoting feedback for teachers
popularly known as LOCO-Analyst. Moreover, the proposed
approach also explains different tools and aids learners are
turning to and can offer different types of feedback to
teachers/tutors to improve the learning process. The authors
in [60] explore various challenges of feedback in the higher
education field. They noticed three categories of challenges:
1) feedback practices (connected with the communication of
feedback comments), 2) contextual constraints (related with
institutional constraints like time and scalability of feedback
practices) and 3) individual capacity (related with attitudes
and capabilities of students and staff) that students and staff
experienced.
The authors in [20] proposed a content analysis of feedback
text provided by instructors in the online course based on
different indicators of beneficial and reliable feedback. It is
found that good quality feedback helps to improve students'
self-regulated learning. The authors in [152] have
demonstrated that Dispositional Learning Analytics (DLA)
not only predict students at risk but also provide both
students and teachers with actionable feedback. Moreover,
the proposed approach also analyze the cognitive,
metacognitive, engagement, emotions, and motivation
factors of students, help in providing actionable feedback,
and designing effective interventions.

a model to predict students at risk of dropping out in
MOOCs based on their learning patterns and behavior. They
noted that in traditional educational institutions dropout rate
can be visible at the end of the courses; their model
overcomes this pitfall. In work by [165], the authors focused
on utilizing the concept of learning analytics in Virtual
learning Environment (VLE) for predicting student’s
dropout rates to improve student retention. Based on the
student’s current VLE activities and previous learning
behavior, they build their prediction model. Another
researcher in[18],presents an early warning system for poor
performers during the course by employing a learning
analytics concept.
Effective interventions should be provided by them in their
study to improve prediction accuracy. The authors in [61]
evaluated the use of Predictive Learning Analytics (PLA)
data by teachers to predict student’s performance and allow
them to predict students at risk of dropping out. Moreover,
in this approach, the impact of teacher interventions on
student's improvement and retention rates is also examined.
The authors in [98]analyzed the influence of diverse factors
in the prediction of student’s performance in MOOCs. Their
analysis results showed that MCQs are easier to predict than
coding questions, and the final exam grade is tougher to
predict than the final grade. Besides, there are some
limitations of their work related to students filtering concept
and analysis process. In the study conducted by authors[69]
presented a method of learning analytics to study student
agency (“illustrates important components of intended,
determined, and significant learning”) in higher education.
The purpose of this approach is to improve student’s selfassessed capabilities as learners and inform pedagogical
practices to teachers to manage and optimize learning.
4.5 Curriculum
The current status of employment of LA in the higher
education field shows whether the features of the curriculum
are performing as intended. The authors in[39] implemented
an approach that assists faculty in using learning analytics
for course/curriculum designing by using the necessary big
data sets. Based on their approach, they explore the data sets
appropriate to the course/curriculum design via analysis tool;
this analysis is not possible with current course/curricular
design methods. The authors in [53]propose an automated
general curriculum analytics framework that determines the
efficiency of the curriculum by evaluating the curriculum via
learning analytics. They also explore the advantages and
disadvantages of the framework that came up with new
oversight of research in curriculum evaluation and design,
improves student retention rates, understanding student’s
feedback, improve skills of students for better placement. In
the study conducted by authors [97] presents a scalable
approach for designing and evaluating the online K-12
curriculum and its fundamental pedagogical framework
using learning analytics. This approach offers exciting
opportunities to power the curriculum and the data available
to improve both the teaching and learning process. The
authors in [95] discuss various learning analytics techniques
that permit the teachers to assess the curriculum design and

4.4 Prediction
Learning analytics in higher education predicts difficulty
faced by the students during their learning process to offer
appropriate guidance or recommendations to precise needs
supported by actionable intelligence. The authors in [168]
present a model for predicting student’s performance by
blending LA/EDM and Genetic Programming (GP)
approach. The model performs better than conventional
models in terms of prediction pace and interoperability. The
model is somewhat detrimental to quality and is being
worked upon. The authors proposed a new prediction system
in [3] to identify at-risk students early in their courses.
Moreover, they designed timely interventions for students
with low academic performance to help students in
enhancing their performance. The authors in [26] developed
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provide insight on possible difficulties students facing
during the program. In this approach, they discuss
opportunities for improving the curriculum design or set of
analytics tools for curriculum (re)design. Reference The
authors proposes a RISE (Resource Inspection, Selection,
and Enhancement) framework in [12] for using LA to
facilitate the continuous improvement of the course
curriculum. This approach is inexpensive and efficient as it
may guarantee further evaluation schemes to recognize why
students ignore course resources or why the resource is not
contributing to successful student outcomes. The authors
proposed a risk management approach in [167], where they
empower teachers to make data-driven decisions in
curriculum and program quality improvement. Based on the
online feedback system, they build their system to address
risk. Their risk management framework approach and its
associated features are still evolving. The authors in [62]
developed a CA (Curriculum Analytics) tool: “The
Integrative Learning Design Framework” that helped staff to
collect information for curriculum decision making, and help
in continuous curriculum improvement. The authors in [155]
presented a multi-module model that helps in curriculum
improvement in the e-learning environment using a K-means
algorithm. Moreover, the presented model also helps to
improve cognitive states and behavior of learners in order to
support them and further enhance their learning experience.

to advance these course materials. According to authors in
[124], learning analytics algorithms aiming to monitors,
measure, unpack, and understand learner’s emotions. Their
study has a positive impact on different teaching, learning
styles, and strategies as emotions affect learner’s motivation,
behavior, cognition, and pedagogical issues. In work by
[147], the authors explore the effect of learning analytics in
motivating students by looking at their online reading
behavioral patterns.
Moreover, they provide recommendations to both tutors and
researchers for the future design of online learning courses
to develop better teaching strategies. In the study conducted
by authors [66] implemented a rubric for classifying
cognitive phases in MOOC discussions messages. The
authors in [42] designed a collaborative dashboard:
Emodash, for showing awareness of learners' emotions in an
online learning environment (video-conferencing language).
Moreover, visualization of learners' emotions enhances
instructors' self-awareness power and reflection.
4.7 Social learning analytics
Learning analytics can be implemented to explore a learner’s
footprints they leave on several digital social platforms (e.g.,
online discussions, Facebook, Twitter) to assess the
reimbursement of social learning. These consist of virtual
spaces or environments of both formal or informal types, the
different social media and assets, measurement tools, and
others, all of which include a student’s personal/adaptive
learning environment. Adaptive learning systems make an
effort to provide personalized learning content and activities
to fulfill the individual necessities of learners as they
proceed through their learning process. The authors in [19]
discuss HEIs have successfully implemented gamification
techniques using learning analytics to motivate, engage
learners, noticed behavioral outcomes of learners to advance
their adaptive/personalized experiences. According to the
authors in [139], social learning analytics focuses on five
extensive kinds of social learning analytics. It presents the
probability of recognizing interventions that can upgrade the
capability of the social network to support and promote the
learning process.

4.6 Pedagogy
Recently in the higher education sector, pedagogical changes
are seen in the teaching and learning process due to
population growth and inclusion of “Quality Education.”
Based on the review, it is seen in all the discussionsthat
pedagogical responses and strategies are emerging.
Reference [138] deals with the concept of cognition using
learning analytics methods in an entirely new way. They
attempt to study the cognitive features in YouTube’s
educational videos to determine the quality of these videos
by means the viewer’s rating way, thus help out students and
instructors recognize higher-quality videos before viewing
them. The authors in [79] present a pedagogical framework
for learning analytics on collaboration from the perspective
of inquiry-based tasks. They observed that the formulation
of a pedagogical framework is more practical through
learning designs. Their findings revealed that this framework
provides clarity in the learning procedure and helps teachers
to improve the learning practices further. The authors in [78]
depicted a relationship between learning analytics,
epistemology, pedagogy, and assessment.

The authors proposed a new approach in [74] that uses the
learning analytics fuzzy clustering approach to uncover
hidden patterns into online social networks of learners with
self-declared career willingness.
Additionally, their approach provides indicators and ways
for higher education institutions to intervene so positively
shape the career readiness of graduates. The authors in [31]
explore student’s learning styles and their collaboration in
online learning through the viewpoint of social learning
analytics to better understand student’s interaction, behavior,
and performance. The authors in[130] present the
implementation of social learning analytics indicators to
predict learner’s performance in an online problem-based
learning environment. Moreover, this approach helps in
enhancing student’s interactivity in the course and

Moreover, they provide learners the concept of framework,
reliability, validity, certainty, and connectedness of data to
support them during their learning process. The authors in
their work in [159] explore the relationship between learning
behavior and learning progress by gaining insights into
student’s activities in MOOCs. Furthermore, their approach
can support learning processes and improve the pedagogic
quality of MOOCs. LA can analyze patterns to offer
necessary improvements needed in course materials;
however, pedagogical awareness is essential to specify how
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encouraged their participation. The authors in [131]
implemented learning analytics techniques using SNA
(Social Network Analysis) to investigate both learners' and
instructors' variables (e.g., extent of interactions, uniform

participation, reciprocity, group cohesion, etc.) that could
help monitor and proactively assist PBL (Problem Based
Learning) groups. Furthermore, this approach helps in
achieving better learning outcomes in PBL.

Table 3: Classification of Learning Analytics according to its applicability in Educational Settings (2014-2020)

S.no
1

Category of LA
application
Assessment

References with year

Learning Environment

[94], 2016

Course taught at a south-eastern
university in the United States

[128], 2016

[36], 2016

System engineering program of
the University of Cordoba in
Colombia
MOOCs

[171], 2016

Moodle LMS

[10], 2018
[33], 2019

Wiki-based
Canvas Learning Management
System (LMS)
Blended learning environment
Digital learning environment

[152], 2019
[135], 2020
2

Feedback

132], 2017
[96], 2019
[60], 2019
[106], 2019

3

4

5

Prediction

Curriculum

Pedagogy

[20], 2020
[152], 2020
[26], 2016
[18], 2017

logs of Learning Management
Systems (LMS)
Laboratory environment with
pre-recorded lecture video
Students and educator’s data
from two Australian universities.
Learning Management System

[61], 2019
[69], 2020

Online learning
Blended learning (E-tutorials)
MOOC
SOCS (Shared Online CPU
Simulator)
Distance learning
Finnish University courses

[98], 2020

MOOC

[97], 2014
[95], 2014

Online K-12
Computer Science program at
ESPOL (University in Ecuador)

[167], 2016
[12], 2017
[62], 2020

Online feedback system
Open Educational Resources
(OER)
Latin American university course

[155], 2020
[147], 2018
[159], 2018
[66], 2020

E-learning
Online learning
MOOC
MOOC
1636

Techniques/Approaches/
Tools
Descriptive Statistics, Social Network
Analysis,
Content Analysis
K-means clustering algorithm

Scoring Rubrics
Course mapping and Social Network
Analysis (SNA) for visualization
Assess Media Wiki (AMW) tool
STEM-Optimal Digitized Assessment
Strategy (SODAS)
K-means cluster
Principle-based assessment designs
approach
Computer analytical methodology
represented as a directed graph
Mobile device with DEBE feedback
Inductively derived coding framework
and thematic analysis
Create quasi immediate personalized
feedback messages and comparison has
done using ANOVA
Random forest classifier
Correlation
linear regression
Classification
Logistic regression, visualization
Unsupervised robust clustering and
feedforward neural network
Regression, Support Vector Machines,
Decision Trees, Random Forest
Correlation, Visualisations (Heat Maps)
A statistical and computational
technique
Visualization
RISE (Resource Inspection, Selection,
and Enhancement) Framework
Curriculum Analytics tool: The
Integrative
Learning
Design
Framework
K-Means Algorithm
K-means clustering
Process mining, Clustering
Manual- classification Rubric
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6

Social Learning
Analytics

[42], 2020
[74], 2015
[31], 2017

[130], 2018
[131], 2020

Online learning
VLE
(Virtual
Learning
Environment)
Course in Primary Education at
the University of Murcia (Private
classroom group set up on
Facebook)
Online PBL (Problem Based
Learning)
Online PBL (Problem Based
Learning)

The above table shows the purpose and applicability of
LA/EDM techniques in the higher education domain. The
results of the table show that learning analytics and
educational data mining techniques can be used in
assessment, feedback, prediction, curriculum, pedagogy, and
social learning areas along with their learning environment
and techniques/tools used. It is observed that the LA/EDM
techniques can play a significant role in today’s digital
revolution to improve assessment services, feedback, and
recommendation facilities, predict learners performance,
their drop-out rate for the success of a course, help in
designing and improving curriculum for both learners and
instructors, support pedagogy related issues (e.g., cognitive
states, motivation, and emotions), and enhance learners
collaboration and self-regulation in a social learning
environment.

Visualization (Emodash dashboard)
Fuzzy Clustering
Statistics packages
analysis tools

and

Network

Regression
models,
Correlation,
Visualisation
Correlation and Multiple Regression
with SNA measures

learning analytics. Numerous challenges limit the scope and
adoption of LA. There are severe and repeated concerns over
privacy protection, transparency, data security, ethical
boundaries, data analysis issues like scalability, lack of
pedagogy-based strategies. According to [24], [44], [84],
there are different ethics and privacy concerns in the digital
context, as ethical and privacy issues are complicated by the
fact that the big data sets available for the function of
learning analytics are continually expanding. Researchers
began to show more interest related to privacy and ethical
issue in the field of LA [59], [108], [144], [157].
Many policies have been created to show awareness that
higher education institutions needed to improve the
applications of learning analytics within legal and ethical
frameworks. The Open University in the UK was one of the
first universities to establish a code of practice in 2014,
followed soon after by a code of practice developed by JISC
in 2015, an organization that provides advice on digital
technology for education and research in the UK. Later, The
DELICATE Checklist framework was designed in 2016 for
the ethical treatment of data in the learning analytics field
[28]. Transparency and consent are other issues that arise
around the implementation and use of learning analytics
[136]. Pedagogy based approaches are ignored as part of the
strategy for learning analytics and institutions focused only
on addressing technical challenges [91]. In the intervening
time, [162] presents the technical and analytical challenges
posed by big data sets when using a scalable approach to
better support student’s learning in the digital environment.

5. RESULTS
The previously conducted researches were not able to show
fresh and novice comprehensive overview of LA/EDM in
the higher education domain. This systematic literature
review provides an investment in LA/EDM by the higher
education domain around the world that will direct to
enhance performance and outcomes for students, teachers,
HEIs, and immense society. This study will show a good
sign of improving and empowering the higher education
system to take the necessary actions and proceedings on
time. The tables show an increased awareness of the topics
of the review. For research purposes, a non-statistical
method is used to evaluate and interpret the findings of the
collected studies.

7.LIMITATIONS OF THIS STUDY
This study has several limitations, which may be seen as the
potential for future research. First, this study does not
explore the actual utilization of theories and real-time
application of some technologies. In consequence, to
thoroughly understand what theories have been used and in
what ways concerning the development of the LA research
area and its impact on higher educational practice. Secondly,
it is challenging to find the papers related to pedagogybasedapproaches, and a shortage of studies empirically
justifying the effect of analytics triggered interventions.
Lastly, in this study, the papers presented at the International
conferences on Learning Analytics in Asia and some other
popular conferences which have also done work in the LA
field have been excluded from the review process, as those

The research strategy followed showed that most of the
published case studies are exploratory or experimental
studies. Some of them are evaluation studies, while others
are empirical studies or surveys. Based on the systematic
literature review, the above sections have answered all the
research questions of this study.
6. ISSUES AND CHALLENGES IN LEARNING
ANALYTICS
After going through the existing literature systematically,
this section concludes the challenges which higher education
domain faces in the application and implementation of
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are scheduled to take place after the review process.
However, it is decided to include recently published journal
articles (published from 2008 to Feb 2020) even with fewer
citations to indicate the current trends in this domain.

previous studies. Gamification and Social Learning Analysis
are emerging techniques that have been recognized for their
positive impact on both learners and instructors. The
conclusions from these processes can empower the HEIs to
take the required measures and actions in an appropriate and
timely manner.

8.CONCLUSION
This literature review aims to look over the concepts which
have been used in implementing learning analytics to
support and enhance study success. HEIs are employing
learning analytics to improve the services and resources they
provide, to improve visible and non-measurable targets of
learners such as grades, pedagogy, emotions, learning
behavior, and retention and help educators in improving
their teaching practices. The paper tries to enlighten the
roots, essence, application, and classification and key
challenges in the LA field.

RQ3. What LA/EDM techniques are best suited to these
challenges?
The discussion based on the application and implementation
of LA/EDM can present significant advantages to both
learners and educators, and therefore recommend HEIs to
adopt them where sufficient. The choice of which technique
to employ or apply generally depends on the nature/category
of the problem to be resolved. For example, various research
works have been practicing the employment of LA/EDM
techniques to assess, predict, and monitor student
performance and their engagement, providing necessary
timely feedback and recommendations in the course using
techniques such as classification, clustering, regression,
gamification, association rule mining, visual data mining,
correlation, and social learning analysis.

RQ1. What is the status of learning analytics and how the
field of learning analytics is growing in various countries in
the higher education domain?
Table 1 provides a clear answer to the first research question
about the status of LA around the world in a higher
education context. Based on the LA projects and case studies
reviewed for various countries, we disclose the evolution
and current status of LA in various countries, which are not
concentrated on in the previous studies. It is observed that
the higher education and learning analytics significance is
multiplying rapidly during the period 2008 to 2020 globally,
with the rising need for data-driven decisions for improving
the quality of education and the growing adoption of
advanced technologies across the higher education sector.

RQ4. What are the purposes for which HEIs have applied
LA/EDM techniques?
It is observed from the review (Table 3) that the purpose of
LA/EDM techniques for HEIs is to improve assessment
services, feedback, and recommendation facilities, predict
learners performance, their drop-out rate for the success of a
course, help in designing and improving curriculum for both
learners and instructors, support pedagogy related issues
(e.g., cognitive states, motivation, and emotions), and
enhance learners collaboration, and self-regulation in a
social learning environment, increase students engagement
in learning course, enhance their retention rates and grades.
From the review papers MOOCs, VLE (Virtual Learning
Environment), Wikis, LMS (Learning Management System),
Online learning, E-learning, Social learning (e.g.,Facebook,
Twitter), YouTube videos, classroom courses are the most
common learning environments.

RQ2. How various LA/EDM techniques can be used to solve
practical challenges and issues in higher education?
Table 2 in this study can support HEIs in determining the
exact technique for the right use. In contrast, previous
studies have mainly used limited techniques for solving
practical challenges and issues in higher education.
Techniques such as “Classification”, “Clustering”,
“Association Rule Mining”, “Correlation”, “Visualisation”,
and “Statistics” have been recurrently used to identify
students behavior and their motivation level during the
learning process, student’s interaction and engagement in the
learning process, course improvement suggestions from
students feedback comments, and empower teachers to make
data-driven decisions in curriculum and program quality
improvement.
Several of these techniques are frequently used to identify
and detect students' unusual behaviors in different learning
activities to improve their retention rate and self-regulation,
to extract the useful student’s patterns to evaluate and
predict their outcomes and performance and make better
data-driven decisions to improve the quality of education.
Moreover, learning in social dimensions and pedagogy
related issues (e.g., sentiment and emotion analytics) are also
explored in this study using “Gamification” and “Social
Learning Analysis” techniques, which are a black box in

RQ5. What are the challenges and issues of deploying
learning analytics in higher education domain?
Finally, we present the future directions, with a vision of
challenges that need attention, including scalability, privacy,
data ownership, and ethics of LA. Many policies have been
created to show awareness that higher education institutions
needed to improve the applications of learning analytics
within legal and ethical frameworks.
The Quality of work reviewed from individual researchers to
global joint efforts and well-known research organizations
(such as SoLAR, ERIC, EDUCAUSE, and LAK) can
collectively present an incredible influence to have a
significant impact on the type of researches to empower new
directions in the learning analytics field.
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9. FUTURE DIRECTIONS
Learning analytics is a fast-growing platform, and HEIs are
adapting to it to go beyond the conventional method of
analysis and respond to innovative improvements in the area
as they take place. Three techniques that are being applied in
learning contexts: discourse analytics, social network
analysis, and sentiment and emotion analytics has evolved
over numerous years; however, they have recently been
introduced into LA. This will assist educators in improving
their courses and furnishing learners with innovative ways to
understand and enhance their learning.
Furthermore, there are various challenges and issues
concerned with the field of learning analytics. Further
research should be undertaken in the following areas:
i.
Work in the area of ethics, data protection, and
privacy should be done in more detail by
identifying different examples to reap the benefits
of LA.
ii.
There is a need for new approaches to be revisited
and update policies and frameworks in learning
fast-moving analytics areas as technology systems
and approaches to data analytics evolve and change.
iii.
There is a requirement of better curricula and
pedagogical strategies to give the power to design
future e-learning courses to be developed.
iv.
The success of the online courses is influenced by
the assessment techniques and feedback services
provided. Useful metrics to asses these online
courses will enhance the efficiency of these
courses.
v.
It is observed that the low completion rate of
MOOCs (e.g., Coursera, EdX, Udacity, and
FutureLearn) is often a problem in the learning
analytics field. This is because there is a lack of
motivation, metacognition, self-regulated learning
techniques, vocational skills, and criterion-based
assessment, so attention should be required in this
area, which otherwise leads to the failure of
MOOCs.
vi.
Scalability is a crucial issue in the LA field as the
learner’s data is growing at a swift pace due to the
digital revolution.
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