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ABSTRACT

Learning analytics has caught numerous researchers'
attention in the last decade due to its ability to analyze, report,
and process information produced by learners. Several
research studies have examined learning analytics in terms of
learner behavior to provide quality and efficient reporting for
educators and higher learning institutions. In particular, the
click pattern of the learner has been examined in terms of its
significant impact on determining learner performance. Yet,
the clickstream data schema that has been addressed in the
literature was limited to click patterns focusing on
event-based click patterns and time in the logging history.
However, learner interaction logging history available in
clickstream data schema for major online learning
management systems holds great potential to reveal diverse
and complex learner behavior patterns based on various
significant learner behavior elements that are waiting to be
discovered. The literature has shown that great interest has
been given in understanding specific behavior produced by
the learner through an online learning management system.
Thus, this study aims to review previous related studies that
could reveal possible learner click patterns, which could be
considered as an indicator to predict the learner's
performance and behavior. Potential learner interaction data
that could be applied to produce a clickstream data stream has
been outlined. As an implication, the contribution of the study
could open up new frontiers that trigger the development of a
learning analytics dashboard for various online learning
platforms.

Key words: Clickstream Data Schema; Learning Analytics;
Learner Interaction Data; Online Learning Platforms.

1. INTRODUCTION

Learning analytics is an accurate investigation of data about
the process of learning. The purpose of the analysis is to
determine behavioral patterns among learners and the
educational interpretation of the resulting information after

7223

the analysis. Learning analytics presents certain issues that
are worthy of further investigation, such as technology and
data management issues based on relevancy and requirement.

Second, there is a lack of data quality because of the need to
filter useful data from a large amount of available data, and
combining them in a way that users can benefit from them.
Thirdly, the educational challenges need to be met to ensure a
valid method for analysis, and this process involves the
participation of educators in online learning [1]. Even though
stakeholders can be guided on decisions to make through
perceptions, accurate perceptions can only be created through
the analysis of data. Thus, applying learning analytics for
online learning could develop a learner-focused strategy and
provide tools that enable continuous improvement for online
teaching and learning strategy in higher learning institutions

2.

The analysis of visual learning often focuses on many issues,
including issues related to performance level and activity
completion, while other activities focus solely on learner
behavior [3]. The visual nature and diagrams of mental
models provide a detailed presentation of the learner's
thinking [4]. The literature has shown significant interest in
specific learner behavior patterns through the click patterns
produced by the learner during online learning sessions.
Within such studies, the click patterns have been examined in
terms of video streaming [5], [6], or position of clicks [7] [8].
However, numerous patterns could be exploited from the
clicks. These patterns would aid the identification of useful
information, such as learner's progress and performance.
Hence, there is an imperative demand to combine multiple
learner behavior patterns to provide a proper assessment for
the learner's progress and performance.

Nevertheless, due to its dynamic and numerous
interpretation, data schema that contains meaningful learner
interaction data based on click and time centered server log
needs to be further investigated in terms of novel methods of
extraction, triangulation, and visualization [8]. According to



the study of [9], clicks are not enough to evaluate the learner's
behavior through any online learning system. Besides,
clickstream data schema that has been addressed in the
literature section was limited to click patterns focusing on
event-based click patterns and time in the logging history.
Indirectly, common clickstream data schema are focused on
Click Sequence Model and Time-Based Model. However, a
hybrid model that combines click types and click interarrival
times [10] is worthy of being explored in the proposed study.
Itisalso inclined with [11] that exploit various interactions in
the clickstream data schema. This proves that clickstream
data schema holds a huge potential for future investigation in
terms of understanding specific learner behavior.

Therefore, in this study, it is proposed to explore clickstream
data schema so that specific learner behavior pattern that can
be articulated, and then visualize. Various related previous
studies related to learning analytics that particularly focus on
learner behavior pattern has been reviewed. The findings
reveal those crucial methods and clickstream learner
interaction data that can be utilized to visualize learner
behavior patterns. Such fundamental understanding forms
the foundation that differentiates the proposed study from
others.

2. ReviEw OF LEARNER BEHAVIOUR PATTERN

In this section, the critical review was conducted on related
studies: (a) Learning Analytics, (b) Learner Behaviour
Pattern that leads to the discovery of the (c) research gap. For
section (a) Learning Analytics, ten (10) studies, meanwhile
section (b) Learner Behaviour Pattern, six (6) studies were
examined. These studies are selected based on their relevancy
and between the years of 2015-2020.

2.1 Learning Analytics

In the first study, a framework was proposed for learning
analytics, particularly for computer science courses [12]. The
proposed framework is aimed at determining the poor
performance of the learners regarding their progress in terms
of programming courses. The proposed framework has been
adopted in a visual analytics system that includes information
about the learners' progress. Besides, the system can predict
the performance of learners based on their historical data and
interactions with the courses.

In the second study, a learning analytics model was proposed
[13]. The proposed model is aimed at analyzing the social
forums and blogs in which the discussions conducted by
learners are being captured. The proposed model was
intended to examine the role of these discussions in terms of
improving learning among the participants.
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In the third study, the role of learning analytics was examined
in terms of fulfilling higher education institutional strategic
goals [14]. In fact, learning analytics, we're vastly engaged
with the performance of learners by analyzing their progress.
In this study, the researchers have addressed to what extent
learning analytics would contribute toward satisfying the
strategic goals of higher educational institutions. Therefore, a
framework that engaged both learner performance following
the strategic institutional goals has been proposed. The
finding of such a study has revealed the essential importance
of learning analytics toward accomplishing the institutional
goals.

In the fourth study, the role of combining big data and
learning analytics was addressed in terms of improving
higher education in South Africa [15]. The researchers have
analyzed the factors of big data and learning analytics in
higher education. As a result, a framework has been proposed
to describe the proper adoption of big data and learning
analytics for South African higher education institutions.
Similarly, the same researchers have proposed a conceptual
framework (Matsebula, & Mnkandla 2017a) for adopting big
data analytics in improving the quality of higher education.
The researchers have acquired and analyzed educational data
such as forums, social media, learning management portals,
and other electronic data.

In the fifth study, the role of machine learning was studied in
terms of learning analytics [16]. The researchers have
proposed a model that describes the contribution of machine
learning algorithms toward improving learning analytics.
Such a model contains aspects that could be optimized by
machine learning, such as data gathering, whereby learning
analytics could depend mainly on historical data. Besides
that, for the reporting aspect whereby machine learning
would facilitate in determining the exact information that
could be reported. Finally, the prediction aspect whereby
machine learning would help in predicting outliers or
interesting patterns related to learners' progress.

In the sixth study, a decision-making model was proposed
based on learning analytics to help higher education
institutions in terms of academic decision making [17]. The
researchers have presented an architecture for their model,
whereby learning analytics would be implemented. The
proposed model has been tested in a public university and
demonstrated its efficacy.

In the seventh study, the relation was studied between
learning analytics of learners' behavior following the learner's
success [18]. The researchers have analyzed several online
activities such as learner access and their interactions.
Although the finding of such a study has revealed that there is
a minor correlation of learning analytics and learner's



success, yet it implies the importance of employing learning
analytics in various aspects of higher education topology.

In the eighth study, a framework was proposed for workplace
learning analytics in the engineering field [19]. The proposed
framework has been depicted in a visual dashboard that
analyzes the learner activities without exposing their private
information. Such activities would be visualized and reported
to the program managers who can take proper actions toward
evaluating the learners' progress.

In the ninth study, a visualization model was proposed for
learning analytics to enrich the interactions between
educators and learners [20]. The proposed model has been
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communications, discussions, and dialogue between the
learners and their educators. Besides, the proposed model
contains visual progress and comparisons between previous
and current interactions, which facilitate personalization and
continuous dialogue.

Finally, in the tenth study, a visualization model was
proposed for learning analytics to improve the
communications and interactions between the learners and
their educators [21]. The proposed model has concentrated on
the extent of how the educators would understand the flow of
interactions performed by the learners. The proposed model
has included significant indicators such as the ease of use,
intention to use, and utility.

depicted in a visualized dashboard that enables the
Table 1: Summary of learning analytics studies
Previous Learning analytics Method Uses of Data Issues
Study task
[12] Detecting the poor A framework for learning Learner progress, - The use of data has not been
performance of analytics learner behavior, and evaluated in terms of its
learners historical data significance
- This study has not examined
the visualization in terms of
learning analytics
[13] Discussionsin social A model to examine the  Educational dialogue - No visualization has been
forums role of discussion examined
following improving
learning - Other information should be
included, such as learner
progress.
[14] Relationship A framework to combine  Learner progress and - Visualization has not been
between learning both learner performance grades included
analytics and and institutional strategic
accomplishing goals - Educator perspective has not
institutional .
- been included
strategic goals
[22][15] Relationship A conceptual framework A vast amount of - Learner performance has not
between big data for the proper adoption of educational been examined
and learning big data in learning information
analytics in analytics including forums - Educator information has not
improving higher discussion, social .
. - been included
education media content and
learning
management
[16] The role of machine A model combines Learner information,  Although this study has presented a

learning in learning
analytics

machine learning and
learning analytics

interactions, and
reports

prediction model for the poor
performance of learners, yet, it did
not have educator involvement in
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[17] Learning analytics
in decision making  factors of learning

analytics in academic

decision making

[18] Relationship A model combines
between learning learning analytics and
analyticsand learner  learner's

success accomplishments

A framework for
workplace learning
analytics

[19] The gap of learning
in education and
practice for
engineering courses

[20] Improper
communication and  facilitate the
interactions between communications
instructors and
learners

[21] Improper
communication and  the factors of the
interactions between instructor's
instructors and

learners visualization

A model that depicts the

A visualized model that

A model that addresses

understanding through

terms of notifying the poor
performance.

Visualization has not been addressed
in terms of decision making

Learner progress,
program managers'
actions

Learner's behavior
including learner's
access and

interactions, grade

Educator aspect has not been
addressed

Learner activities and  Visualization has not been addressed
program managers

actions
Interactions between - This model did not focus on
learners and the learner progress
instructors
- This model did not consider
an important factor
regarding what kind of
information to be
visualized.
Interactions between - This model did not focus on
learners and the learner's progress
instructors
- This model did not consider
an important factor
regarding what kind of
information to be
visualized.

Based on the summary of learning analytics studies in table 1,
it can be concluded that various types of learner interaction
data have been utilized to predict and determine learner
performance and behavior. Secondly, emphasis on
visualization based on these learner interaction data has not
been fully addressed, especially from the educator
perspective, to assess learner performance and behavior.
Thus, no uniform learning analytic approach exists that
utilizes a standard set of learner interaction data and
visualization techniques.

2.2 Learner Behaviour Pattern

Recently, more attention has been caught by researchers
toward utilizing learner behavior in the context of learning
analytics. According to the study of [23], the role of learning
analytics was examined in the context of providing in-time
and quality feedback for educators based on their learners'
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progress. Such feedback is completely relying on learner
behavior through the online learning environment. In
particular, this has been conducted using a technique called
clickstream, which is a web-based approach and intended to
observe the behavior of online visitors. The researchers have
used such a technique to observe the learner's click patternsin
an online programming learning environment. The finding of
this study has demonstrated a significant relationship
between the click patterns of learners and their performance.

The same researchers have also proposed an extension of the
previous study [8]. The researchers have added a tool to
visualize the clicks patterns in which the educators would
take advantage of the big data analytics to improve their
feedback.

Learner's click patterns have revealed several factors that
might have impacted the learner's performance through



blended or online learning environments [6]. The researchers
have focused on the clicks that learners might accommodate
while they were watching tutorial videos through the online
learning system. Such clicks included 'Play' click, 'Forward
seek’ click, 'Backward seek' click, 'Pause’ and 'Stop' clicks.
Using the principle of component analysis, the researchers
have concluded that the click patterns would contribute
toward predicting learner performance.

Similarly, [5] have examined the role of click patterns of the
learners in terms of the grades through the online learning
systems. The researchers have focused on the click pattern
categories such as the number of clicks related to reading per
week, and the number of clicks related to video streaming per
week. Using a case study, the researchers have identified a
direct relationship between the click patterns and learner's
grades.
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Apart from the click patterns, different studies have focused
on other learner behavior. For example, logging history has
been addressed by [24], where a conceptual framework has
been provided for analyzing learner behavior through online
assessment systems. This study has focused on logging
history and its impact on determining at-risk learner
performance. Another online behavior has also been
addressed by [25], whereby the researchers have examined
the role of timely completion of training and assignments and
their relationship toward learner success or failure through
the online learning environment. The researchers have
proposed an intervention model that enables the educator to
alert and award learners based on the completion of their
learning. As a result of this study, a significant relationship
has been identified between the timely completion of
assignments and learner success.

Table 2: Summary of learner behavior pattern

Previous Learning analytics task Method Uses of Data Issues
Studies
[7] In-time and quality A Clickstream model to Positions of clicks and Click patterns have
feedback of learner analyze the positions of number of times for such  been limited to the
performance learner clicks clicks positions
[8] Visualize click pattern A model to visualize big Positions of clicks and Click patterns have
feedback data of click patterns number of times for such  been limited to the
clicks positions
[6] Feedback of learner Clickstream model to Video related clicks Click patterns have
performance observe the patterns of including Play, Forward been limited to the
video clicks seek, Backward seek, video related clicks
Pause and Stop
[5] Relationship between click A visualized model based ~ Two main click patterns  Click patterns can be
patterns and learner grade  on Clickstream including reading clicks  extended to include
and video streaming new behavior
clicks
[24] Validating learner A visualized model based  Logging history Although logging
performance on learner behavior history is a good
indicator, other
behaviors can be
combined
[25] Relationship between A model to observe the Time spent to complete Other factors of learner

timely completion of
assignments and learner
success

learners behavior
regarding assignment
completion

assignments

behavior can be related
to the learner's success

2, it can be concluded that clickstream data schema has been
utilized to visualize learner behavior patterns. However, the

Based on the summary of the learner behavior pattern in table clickstream data schema is limited to learner interaction data,
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which are derived from event-based click patterns and time.
Thus, the clickstream data schema can be further exploited to
extract the various type of learner interaction data that could
be used to articulate specific learner behavior patterns.

3. CONCLUSION

As described in section (a) and (b), it has been proven that
learner's click patterns can be considered as an indicator to
predict the learner's performance and behavior. However,
according to the study of [9], clicks are not enough to evaluate
specific learner behavior through any online learning system.
Besides that, other studies have also examined various factors
of learner behavior, such as logging history and timely
completion of assignments. Hence, there is an imperative
demand to combine multiple learner interaction data to create
clickstream data schema that could provide proper
assessment for the learner's progress and behavior.

Therefore, in this study, it is proposed to examine clickstream
data schema so that specific learner behavior pattern that can
be articulated, and then visualize. Indirectly, it can reveal
learner behavior elements which can be articulated to learner
behavior pattern during online learning that eventually could
benefit the learners, educators, and higher learning
institutions. Such a concept forms the foundation for the
formulation learning analytics model, as proposed in this
study. It may also trigger the integration of learning analytic
in other studies related the online learning [26] [27] [28] that
could eventually benefit the educators and learners [29] [30],
especially in the COVID-19 pandemic era [31] [32].
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