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Abstract:

Educational Institutions and their stakeholders can derive multiple benefits from the changing
landscape of Learning Analytics. Learning Analytics as a blended field in the area of research
and education combines the power of learning, analytics, and user-centered design to enhance
learning and teaching. In the current work, we presented the type of learner’s data that can be
collected from the various learning environment, techniques used to analyze these data, and the
educational interventions from data collected. We further discussed the technical and educational
challenges faced during the implementation of Learning Analytics. We believe the results of this
review will give the head start to the researchers and academicians to instigate Learning
Analytics projects.

1 INTRODUCTION

Learning Analytics provides educators and researchers the platform to develop
and use existing pedagogical tools to contemplate the teaching-learning
process. The data captured can be visualized, analyzed for personalized
feedback, and recommendation. Learning Analytics (LA) is defined as a
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 in the first LAK conference held in the year
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2011. Educators have been researching, teaching, learning, tracking the
progress of students, and analyze student’s data to transform the teaching-
learning process.

Emerging technologies and new pedagogical approaches are making it possible
to capture and analyze learner’s data in the various learning environment and
one of the best approaches to gather this data and analyze is through learning
analytics [1]. The broad utilization of new advances such as the learning
management system, intelligent tutoring system, and e-learning gives
admittance to a lot of students' data. Audit trails, log files, and event traces are
captured while students interact with these systems. By implementing learning
analytics we can analyze the gathered information and deepen our
understanding of how students.

The three major components of LA [2] are a) Data: The entity which is the
basis for providing analytical insights. b) Analysis: Process of adding
intelligence by using tools and techniques. ¢) Action: Applying the insights
gained out of analysis and improving learner's performance. In this paper, we
tried to explore the types of data which can be collected from Learning
environments, various analytics techniques that can be applied to the data, and
the challenges that need attention while implementing LA projects.

This paper is organized into four sections. The first section introduced the
study; the second section is concerned with reporting the type of data, the most
used analysis technique applied to learner data, and their interventions. The
penultimate section addresses the challenges that need attention while
implementing LA in higher education. Discussions and conclusions are
presented in the last section.

2 DATA, ANALYTICS AND INTERVENTIONS

In this section, we present the type of data, statistical and machine learning
techniques used to analyze the data by examining the existing research studies
carried in the Learning analytics domain. Further, we discuss the interventions
from the data analysis concerning the Learning environment in which it occurs.
The type of data collected, analysis method, and educational interventions are
represented in Table 1.

2.1 DATA

Nistor et al. [3] distinguish data as primary data, artifacts, repurposed data and
transformed data. Primary data are collected from the learning environment
through eye-tracking devices, 10T devices, simulators, and intelligent chatbots.
Artifacts have resulted from the data collected in the process of
communications initiated in social media or blogs in LMS. Repurposed data
initially collected for different purposes and reanalyzed for understanding the
learner's behavior or interaction. These data would be available in the form of a
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survey, archived data, competitive exam scores, CGPA or percentage, final
course grades, etc. Transformed data are entries from LMS logs or Student
demographics data. Similarly Wu C J et al. [4] grouped data into three broad
categories reflecting progress, behavior, and learning and further listed them as
high level, mid-level, and fine grain data. In this work, the nomenclature of
data suggested by Nistor et al. was adopted and presented in Fig. 1.

Eye- tracking data,
loT sensor Data,

i User input
Primary data  §--------1 ’
i l Physiological data

Transformed data I """""" LMS log records

Learner’s Data

Re-purposeddataf | Survey data,
Archive data

Artifacts I --------- Blog discussion,
Social network data

Fig. 1 Types of Learners data
2.2 ANALYTICS AND INTERVENTIONS

Clara, N et al. [5] by a thorough analysis of existing research concluded that
learning analytics techniques applicable to the education domain comprise
classification, clustering, association, and predictive analytics. The study by
Lonn, S et al. [6] focuses on understanding the impact of data on student’s
motivation in a Summer Bridge Program by collecting online surveys and by
conducting paired sample t-tests, and building a regression model. The research
carried out by Bos, N et al. [7] indicated the insights of how students learning
regulations and learning resource usage contributed to course performance in a
blended learning environment by performing a two-step cluster analysis on
data collected from LMS and classroom attendance. The analytical method
adopted by Jovanovi, J et al.[8] identified patterns in learner's behavior and
detected the learning strategies and association between them in a flip class
setting by performing exploratory analysis and clustering on trace data
collected from the Learning Management System. Zhao, Y et al. [9]
investigated the passing score achieved is highly influenced by learner's
behaviors in the MOOC environment by performing observation and clustering
analysis on log traces of data.

Table 1: Data type, analysis method, and educational interventions
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Authors & Data Type Method of Educational Learning
Year Analysis Interventions Environment
Lonn, Set Repurposed T-Test and Academic Summer
al. (2015) Data regression motivation Bridge
Program
Bos, N et Transformed Two-step Regulation Blended
al (2016) and Cluster and use of the Learning
Repurposed Analysis resource
data
Jovanovic, Transformed Exploratory Effective Flip
Jetal. Data learning Learning Environment
(2017) sequence Strategies
analysis,
Clustering
Zhao, Y et Transformed Observation Behavior MOOoC
al. (2017) Data and
Clustering
analysis
Oliveiar, L Artifacts SNA, Degree of Social Media
etal. sentiment controversy.
(2017) analysis,
topic
classification
Silva, J. C. Transformed Descriptive Learning Flip
Setal. Data Statistics and Strategies Environment
(2018) feature
selection
technique
Charleer, Repurposed Visualization Peer LA
Setal. data tool Comparison Dashboard
(2018)
Choi, S. P. Transformed Regression Identify user Traditional
Metal. Data at risk
(2018)
Lu, 0. H. Repurposed Regression Predict Blended
Tetal. and academic Learning
(2018) transformed performance
data
Alonso- Primary Regression Measure Game-based
Fernéndez, Data and decision knowledge Learning
C (2019) trees environment
Gasevic, D Artifacts Social Participant’s MOOC
etal. Network enactment
(2019) Analysis,
Content
Analysis,

Oliveiar, L et al. [10] presented a methodology that combines topic
categorization, social network analysis, and sentiment analysis to provide
insights by characterizing the learner’s interaction from a Facebook post. Silva,
J et al. [11] attempted to determine the effects of measuring learner's self-
regulation in a flipped environment by collecting data from LMS, reporting
system, academic management system, and applying features selection
techniques in addition to descriptive analysis. Charleer, S et al. [12] reported
the dashboard presented supports dialogue, motivates, triggers conversation,
and adds personalization by effective visualization on historical and grade data
collected. The study reported by Choi, S et al. [13] showcased the identification
of at-risk students in a course by collecting clicker data, demographic data, and
summative assessments and applying hierarchical regression models to predict
students at risk in traditional classroom models. Lu, O. H. T et al. [14] reported
the experimental results to predict the academic performance of students in a
blended learning environment and identified the factors that affect the
performance combing data from online and traditional learning mode by
incorporating Linear regression residual analysis. Alonso Fernandez, C et al.
[15] collected trace data from serious games and developed and tested a
prediction model to measure previous and predicts postgame knowledge by
using decision trees, Naive Bayes classifiers, and regressions.
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Gasevic D et al. [16] proposed an approach that explains the collaborative
process and group learners and predicts their performance by collecting data
from discussion forums and applying social network analysis and epistemic
network analysis. Ahmad Uzir N. et al. [17] emphasized a methodology to
analyze time management in a blended learning environment by combining
cluster analysis and process mining on digital traces. In their study, Virvou et
al. [18] believed a multi-module model will support learners and enhance their
learning experience. In this study survey data, log information, personal
information, and learning styles of the students were recorded, and by using K-
Mean clustering the learners were grouped to find the cognitive style. Niemela,
M et al. [19] proposed a novel method for analyzing learners in a game-based
learning environment by collecting game log data and perform clustering-based
profiling to identify a reading disability. In their research work Moreno
Marcos, P. M et al. [20] analyzed factors that influence the performance of a
student and believed concept-oriented assignments had best-predicting powers
than click stream data and applied predictive algorithms.

3 CHALLENGES

We sourced and analyzed existing studies and stated the challenges in Fig.2.
Tsai, Y. S, and Gasevic, D [21] identified six strategic planning and policy
challenges to be monitored during LA implementation and stated the shortage
in leadership capabilities, pedagogy based approaches, stakeholder
engagement, training opportunities, and issues related to ethics and privacy.
Jivet | et al. [22] expressed that the biggest hurdle of implementing LA can be
tackled by training and facilitating the metacognitive competencies of critical
stakeholders like students and teachers. They also believed this will help in
improving the competencies to understand the information and use of
interventions. Wilson, et al. [23] point out that the assumptions about humans
and society are coded into algorithms and may produce biases in Learning
Analytics systems hence a new level of data literacy and interpretation
competencies need to be developed and essential for best results. Galen A et al.
[24] states only part of the leaner’s data is collected in a learning context in
much online learning and judging the quantitative data on learning
Management System is like a single puzzle piece and students might be misled
from the visualization tools that reduce the complexity of learning process by
just showing the number of login into LMS or other resources.
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Fig. 2 Challenges in implementing LA

Tsai, Y. S et al. [26] in their work expressed the cognitive and skill gaps would
be a worrying factor when scaling LA-based innovation since the perceptions,
knowledge, and skills of LA vary significantly among different stakeholders.
Shibani A et al. [27] highlighted that in addition to the normal teaching load the
set-up of the intervention and related work consumes extra time and effort.
Involving all stakeholders in the implementation of LA in the classroom is one
of the biggest challenges but involving the tutor would be a key part of success.
Working with the limitations of the tool and train the students to use it
effectively are the other challenges. Mah D K, et al. [28] presented the serious
challenges and concerns to embrace Learning analytics and pointed out all
educational data are not always relevant, ethical and privacy strategies are to be
considered and professional learning among key stakeholders is required. They
also emphasized the quality analysis of learner's data is required to enable a
better understanding of the learning process and interpretation.

Quality data

Lietner P et al. [29] mentioned the ethics differs strongly around the world and
needs different levels of moderation for use of data they also classified the
challenges as three parts a) The location and interpretation of data b) Informed
consent c) Classification and storage of data. Wong J. et al. observed regression
and clustering techniques were widely used in several studies from rich data
sources available from log files, discussion forums, and interactions with
systems. They also point out the behavior of a student depends on interest, self-
learning capability, cognitive skill, and experience in using the tool so data
sources from multiple sources such as prior knowledge and self-report should
complement the analysis of student data[30].

4 DISCUSSIONS AND CONCLUSION

This study demonstrates the learning analytics from a technical perspective and
sets out to identify the type of data collected from the learning environments,
how the learner’s data collected are analyzed, and what interventions are made
by researchers. The authors analyzed 25 peer-reviewed articles selected
between 2015-2020. From the existing literature, it has been identified that
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learner’s data collected from any learning environment can be categorized as
per progress made by students, their learning, behavior, and data can be further
defined as primary, transformed, artifacts, or repurposed data. This study
identified researchers and educationalist performs learning analytics to predict
academic performance, identify students at risk, measure knowledge, and
factors affecting grades.

Learning Analytics includes the design and development of algorithms in
mathematics and computer science. Classification, Clustering, and Regression
are the techniques used widely by researchers in LA. The researchers broadly
used decision trees, support vector machines, and random forest methods for
classification and regression tasks. Clustering techniques were used to group
learners based on similarity and dissimilarity. Implementing Learning
Analytics in higher education can be risky if we don’t understand the barriers
and challenges likely to be faced. From this study, we highlight various
challenges that need attention while implementing LA at educational
institutions are Leadership capabilities, Stakeholder engagement, Pedagogical
approaches, Metacognitive competencies, Complexity of learning context,
Ethics & Privacy, Quality data, and Lack of rich data source.

We conclude the paper by discussing some aspects of implementing LA
projects. To successfully implement Learning Analytics projects in higher
education the educational institution or its stakeholders should understand the
valid purpose of applying analytics to learner’s data. The type of data to be
collected from the different learning environments and the technique to analyze
these data will need resources, skills, or personnel to involve, support, and
train. The personnel capable of building tools and developing scripts to gather
data from learning environments would play a key role in the data collection
process and resources with expertise in data science and business intelligence
can add value to LA projects by heading in the right direction to meet the
purpose. We believe the study presented here will give a head start to budding
researchers and academicians in planning LA projects.
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