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This study investigated the correlation between online learning behavior
and academic achievement among students enrolled in animation major
courses at higher vocational colleges. The researchers conducted a
qualitative secondary study based on a systematic review of 30 selected

studies. Academic databases were searched to identify relevant articles
published within the past ten years, which were subsequently analyzed to
identify common findings related to online learning, learning analytics,
student engagement, and academic achievement. Four major themes
emerged from the review: online learning behavior and student
engagement, predictive learning analytics, personalized learning and
student support, and intelligent learning management systems (LMSs) and
technology-supported learning. The findings indicated that regular
participation, learning discipline, and active engagement were generally
associated with better academic achievement. LMS data could also be
used to identify learning patterns, while learning analytics could facilitate
performance prediction and identify students who might require early
intervention. Personalized learning could assist educators in providing
appropriate learning activities and feedback based on students’ diverse
needs. Academic development and learning could be further supported
through intelligent LMSs and emerging digital technologies. Overall, the
findings indicate that learning analytics can help educators better
understand students’ online learning behavior and provide appropriate
support to enhance their academic achievement.

D0

This is an open access article under the CC
BY-SA license.

Copyright © 2026 by Author. Published by
Publikasiku Publisher

INTRODUCTION

Online learning has become a significant component of higher education. Students can
access learning materials and activities, submit assignments, and communicate with instructors
through online platforms. This is particularly relevant in higher vocational colleges offering
animation courses, as these courses involve digital tools, creative assignments, and regular
practice. Online learning platforms also generate digital records of students’ learning activities
(Lam & Dongol, 2022). These records can provide information about the frequency of students’
participation, their study patterns, and their engagement with course activities. Such learning
patterns can be examined through learning analytics to determine their relationship with
academic achievement. Previous studies have demonstrated that learning records can provide
valuable information about students’ self-regulated learning, engagement, and academic
performance.

This study aims to investigate the relationship between online learning behavior and the
academic performance of students majoring in animation at higher vocational colleges,
particularly through the application of learning analytics. It focuses on examining the
relationship between online learning behavior and student engagement, as well as how learning
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analytics can be used to predict academic performance. The study also explores the
contribution of personalized learning and student support to improving students’ academic
achievement.

In addition, the study examines the role of intelligent learning management systems
(LMSs) and technology-supported learning in improving student performance. It also
investigates how artificial intelligence (AI) and feedback can support students’ learning
processes and academic success. Overall, the study seeks to understand how learning analytics,
personalized support, intelligent LMSs, Al, and feedback can be integrated to enhance learning
outcomes among animation students in higher vocational education.

Although online learning has become common in higher education institutions,
providing students with online learning materials does not automatically result in improved
academic performance. Students differ in their learning habits, levels of participation, and
engagement. Some students may consistently engage with online learning platforms, whereas
others may participate less frequently or experience difficulties maintaining regular learning
routines. These differences may not be easily identified through conventional classroom
observation alone. Existing literature indicates that learning analytics can be used to identify
learning behaviors, predict academic performance, and provide targeted student support
(Chung et al., 2022). However, numerous studies have focused on higher education in general
or on specific disciplines and learning environments, with limited attention given to the online
learning behaviors of animation students in higher vocational colleges. Therefore, this study
examines the relationship between online learning behavior and academic achievement through
the application of learning analytics. Student engagement, performance prediction,
personalized support, and intelligent learning systems are also considered to provide a broader
understanding of online learning among animation students. Previous studies have examined
online learning behavior and academic achievement in general higher education contexts, but
relatively few have focused specifically on animation major courses in higher vocational
colleges. This gap highlights the need for a more comprehensive investigation of the correlation
between online learning behavior and academic achievement within this specific educational
context, particularly through the application of learning analytics.

This study aims to investigate the relationship between online learning behavior and the
academic performance of students majoring in animation at higher vocational colleges,
particularly through the application of learning analytics. Specifically, the study examines the
relationship between online learning behavior and student engagement, the use of learning
analytics to predict academic performance, the contribution of personalized learning and
student support to improving academic achievement, and the role of intelligent LMSs and
technology-supported learning in enhancing student performance. It also investigates how Al
and feedback can support students’ learning processes and academic success. The theoretical
contribution of this research is to extend the literature on learning analytics in vocational
education, particularly within the context of animation major courses. Its practical contribution
is to provide recommendations for educators and institutions regarding the development of
more effective online learning strategies and student support systems to enhance academic
achievement. The contribution of this research further lies in integrating learning analytics,
personalized learning, and intelligent LMSs within a single analytical framework, an approach

Available online a https://adshr.org/index.php/vo/index 1398



Hao Qiqi* Gede Rasben Dantes, I Wayan Sukrawarpala

that has received limited attention in previous studies, particularly in the context of animation
major courses in higher vocational colleges.

METHOD
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Figure 1: PRISMA Framework
(Source: Self-Created)

This study adopted a secondary qualitative research approach to examine the correlation
between online learning behavior and academic achievement. Rather than collecting primary
data, the study used previously published research on online learning, learning analytics,
student engagement, and academic performance. Relevant studies were identified and analyzed
through a systematic literature review (Slack & Priestley, 2023). Scopus, Web of Science,
ScienceDirect, and Google Scholar were searched for relevant research articles using terms
related to online learning behavior, learning management systems (LMSs), learning analytics,
student engagement, academic achievement, and predictive learning techniques. The identified
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studies were screened systematically. Duplicate records were removed, after which the
remaining studies were screened based on their titles, keywords, and abstracts (Yildirim &
Usluel, 2022). Studies that were not relevant to the research topic were excluded. The
remaining full-text articles were assessed for relevance and methodological quality, resulting
in 30 articles being included in the final review.

The selected articles were analyzed qualitatively and organized into five major themes:
learning behavior and engagement, predictive learning analytics, adaptive and personalized

learning, intelligent LMSs and behavioral analytics, and Al, feedback, and student success
(Christou, 2022). The findings of the selected studies were compared to identify common
patterns, differences, and research gaps. This thematic analysis provided a structured basis for
examining the relationship between online learning behavior and academic achievement and
for evaluating the role of learning analytics in understanding learning patterns and supporting
student academic performance.

RESULTS AND DISCUSSION

Results Review

Literature Review Matrix

Table 1: Literature Review Matrix

Author and Study design  Population/ Methods Findings Key strengths and
date of setting sample size limitations
publication

Ye & Pennisi Higher NA Learning Trace data can Strength: uses real

(2022) education; trace-data support students’  learning data.
online analysis self-regulation. Limitation:
learning context-specific.

Perez Sanchez Higher NA Predictive LMS data helped  Strength: practical

et al. (2022) education; learning predict student predictive model.
collaborative analytics performance. Limitation:
learning platform-specific.
platform

Krishnan ef al. Higher NA Learning Analytics Strength:

(2022) education analytics supported progression focus.

case study academic Limitation: case-
progression study setting.
monitoring.

Hadisoebroto &  Vocational NA Moodle data  LMS activity Strength: uses

Subandoro higher and helped predict actual LMS data.

(2022) education; prediction final scores. Limitation: limited
Moodle institutional

context.

Hellings & Higher NA Randomised Learning Strength:

Haelermans education; controlled analytics experimental

(2022) programming experiment influenced design. Limitation:

student behaviour  programming-
and performance.  specific.

Le et al (2022) STEM STEM Self-report Digital literacy Strength: focuses
blended survey perceptions on digital literacy.
learning varied among Limitation: self-

students. reported data.
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Author and Study design  Population/ Methods Findings Key strengths and
date of setting sample size limitations
publication

Sahni (2023) Online higher NA Learning Analytics was Strength: online-
education analytics associated with learning focus.

analysis engagement and Limitation: limited
performance. generalisability.

Han & Ellis Blended CS students;  Self-report Digital traces Strength: compares

(2023) computer and digital- provided useful measures.
science trace evidence of self-  Limitation:
education comparison  regulated discipline-specific.

learning.

Le et al (2026) LMS-based NA Early- Leakage-excluded Strength: addresses
higher warning models improve prediction leakage.
education prediction trust in early Limitation:

predictions. preprint.

Santos & Higher NA Course- LMS logs enabled  Strength: portable

Henriques education; agnostic accurate and approach.

(2023) LMS prediction timely Limitation:
performance dependent on LMS
prediction. data quality.

Shilpa & Higher Academic Data mining  Real-time Strength: real-time

Suresha (2026)  education learners; analytics focus. Limitation:
supported limited reported
proactive context.
academic
decisions.

Amiri (2026) Online Online Predictive Analytics can Strength: current

learning students; learning predict student focus. Limitation:
analytics performance. preprint evidence.

Hernandez- Higher NA LMS LMS interactions  Strength: examines

Garcia et al. education; interaction were related to learning cycles.

(2024) LMS analysis academic Limitation:
performance. observational

design.

Liu et al. (2025) Higher Empirical Meta- Learning Strength: broad
education studies analysis analytics evidence base.

interventions Limitation: study
generally heterogeneity.
improved

learning

outcomes.

Alalawi ef al. Higher NA Intervention  Learning Strength: evaluates

(2025) education study analytics action after
interventions prediction.
supported Limitation:
performance intervention
improvement. context may limit

generalisation.

Deng et al. Higher NA CRNN and Identified and Strength: advanced

(2025) education; sequential- optimised student  modelling.
online data analysis  learning paths. Limitation: model
learning complexity.

Yang et al. Chinese Primary Longitudinal ~ Anxiety and Strength:

(2026) primary students analysis engagement longitudinal
schools showed design. Limitation:

asymmetric links;
peer relationships
mattered.

primary-school
context.
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Author and Study design  Population/ Methods Findings Key strengths and
date of setting sample size limitations
publication
Luefal (2025) Technology- NA Engagement Engagement was  Strength:
enhanced and outcome linked with technology focus.
learning analysis academic Limitation:
outcomes. contextual factors
may differ.
Duch et al. Higher LMS Attribute Key LMS Strength:
(2024) education; students; identification attributes predictive
LMS and supported approach.
predictive performance Limitation:
algorithms prediction. conference study.
Rebelo Higher NA Machine- Moodle logs Strength: practical
Marcolino et al.  education; learning successfully ML application.
(2025) Moodle optimisation  supported dropout Limitation:
prediction. Moodle-specific
data.
Cakiroglu et al.  Online higher  Online Profiling LMS interactions  Strength: learner
(2024) education; learners; analysis revealed different  profiling.
LMS self-regulated Limitation: profile
learning profiles.  generalisation.
Goh (2026) Higher NA Log-data Persistent and Strength: examines
education; analytics consistent engagement
LMS engagement patterns.
supported Limitation: LMS
academic success. dependence.
Wahyudi ef al. Online NA LMS-use LMS usage was Strength: direct
(2026) courses and associated with relationship
performance academic focusses.
analysis performance. Limitation: limited
context.
Darbyshire & Higher NA GAI and GAI and analytics ~ Strength: current
Beitsayadeh education predictive can support technology focus.
(2025) analytics student success. Limitation:
emerging evidence.
Angeioplastis et Higher NA Educational =~ Data mining Strength: data-
al. (2025) education data mining  improved driven approach.
prediction of Limitation: model-
student dependent.
performance.
Peach ef al. Online Online Bayesian Learner Strength: temporal
(2021) courses learners modelling behaviour analysis.
and time- changed over Limitation: older
series time and followed study.
analysis identifiable
patterns.
Lipnickas et al. ~ Higher NA Behavioural ~ Student behaviour Strength: lifecycle
(2025) education; analysis changed across perspective.
online the degree Limitation:
courses lifecycle. longitudinal
complexity.
Yin et al. (2025) CSCL; Student Visual- Analytics Strength:
computer groups; GenAl feedback was innovative
science feedback associated with feedback.
analysis student Limitation: CSCL-
engagement. specific.
Acar & Online higher Online Video-log Video-learning Strength: specific
Cumaoglu, education students; and behaviour was behavioural data.
(2026) related to
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Author and Study design  Population/ Methods Findings Key strengths and
date of setting sample size limitations
publication
achievement academic Limitation: video
analysis achievement. context.
Huang & Yue Learning NA Learning Learning Strength: integrates
(2026) analytics; behaviour behaviour and key variables.
higher and engagement were  Limitation:
education engagement  associated with contextual
analysis performance. generalisation.

(Source: Created by the author)

Literature Coding and theme development

Table 2: Coding and theme development

Source Categories or Frequ Codes Emergent Sub-  Main theme
Key Phrases ency themes
Ye & Pennisi (2022)  Self-regulation 6 Trace data Learning
behaviour
Perez Sanchez et al. Performance 6 Prediction, Academic
(2022) collaboration outcomes
Krishnan et al. Academic 6 Analytics, Student progress
(2022) progression monitoring
Hadisoebroto & LMS 6 Moodle, Performance
Subandoro (2022) performance prediction monitoring
Hellings & Student 6 Analytics, Behaviour Theme 1:
Haelermans (2022) behaviour experiment change Learning
Le et al. (2022) Digital literacy 6 STEM, self- Digital skills behaviour
perception and
Sahni (2023) Engagement 6 Online learning Student engagement
engagement
Han & Ellis (2023) Self-regulation 6 Digital traces Learning
behaviour
Le et al. (2026) Early warning 6 LMS logs, Early prediction
prediction
Santos & Henriques  Performance 6 LMS logs Early prediction
(2023) prediction
Shilpa & Suresha Academic 6 Data mining Proactive
(2026) insights decisions
Amiri (2026) Student 6 Online analytics  Prediction
performance
Hernandez-Garcia ez LMS interaction 6 Learning cycles  Performance Theme 2:
al. (2024) links Predictive
Liu et al. (2025) Analytics 6 Meta-analysis Learning learning
intervention outcomes analytics
Alalawi et al. (2025)  Student 6 Intervention Performance
performance improvement
Deng et al. (2025) Learning paths 5 CRNN, Personalised
sequential data learning
Yang et al. (2026) Learning anxiety 5 Engagement, Engagement
peers factors
Lu ef al. (2025) Engagement 5 Technology, Academic Theme 3:
outcomes engagement Adaptive and
Duch et al. (2024) LMS attributes 5 Predictive Performance personalised
algorithm prediction learning
Rebelo Marcolino e Dropout 5 Moodle, ML Dropout
al. (2025) prediction
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Source Categories or Frequ Codes Emergent Sub-  Main theme
Key Phrases ency themes
Cakiroglu et al. Self-regulation 5 LMS profiles Learner
(2024) profiling
Goh (2026) Engagement 5 Persistence, Academic
behaviour consistency success
Wahyudi ef al. LMS usage 5 Usage, Digital
(2026) performance behaviour
Darbyshire & GAI 5 Predictive Al-supported Theme 4:
Beitsayadeh (2025) analytics learning Intelligent
Angeioplastis et al. Data mining 5 Prediction Learning LMS and
(2025) outcomes behavioural
Peach et al. (2021) Learner 5 Bayesian, time Behaviour analytics
behaviour series patterns
Lipnickas et al. Behaviour 5 Course lifecycle  Adaptive design
(2025) change
Yin et al. (2025) Analytics 5 Visual-GenAl, Interactive
feedback CSCL feedback Theme 5: Al,
Acar & Cumaoglu Video logs 5 Video, Learning feedback and
(2026) achievement behaviour student
Huang & Yue (2026) Learning 5 Engagement, Academic success
behaviour performance success

(Source: Created by the author)

Thematic Analysis
Theme 1: Learning behaviour and engagement

In the first theme, students' learning behaviours and engagement are learnt aspects of
online learning. Ye &Pennisi (2022) identified that learning records could give an insight into
students' own learning management. There are several studies which reported that students’
activity, participation, self-regulation and engagement could be related to the students' learning
results. Additionally, Han & Ellis (2023) demonstrated that Digital Learning Records can
provide valuable insights into student learning behaviour.

Better learning outcomes also used to be correlated to increased student engagement.
Sahni (2023) discovered a correlation between participation with the platform and academic
success. Similarly, Lu et al. (2025) found that engagement has an impact on academic
outcomes. In a subsequent study. This means that students who take part more actively in
learning activities are more likely to achieve better academic results. Yang et al. (2026)
demonstrated how anxiety and peer relationships could impact student engagement. So,
learning behaviour is not simply how frequently students use an online system, but also the
frequency and level of engagement achieved in students' learning activities.
Theme 2: Predictive learning analytics

The second theme is prediction of future academic outcomes, with a focus on student
data. A lot of the studies relied on LMS data to identify the students who may be facing issues
in the study. Perez Sanchez et al., (2022) predicted student performance by using Data learning.
On the other hand, Hadisoebroto and Subandoro (2022) predicted the final score based on data
in Moodle. Commonly, there have been studies also looking at early prediction, more recently.
Santos and Henriques (2023) demonstrated LMS records in order to make predictions about
early performance. This can help teachers identify students who may need extra support at an
early stage.
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Le et al. (2026) addressed the issue of avoiding data leakage and improving the
reliability of predictions for early warning systems. This helps ensure that the results are
accurate and useful for identifying students who may need support early. According to Rebelo
Marcolino et al. (2025), records of events in Moodle are used for prediction of student dropouts.
This means that teachers are alerted earlier to these problems by prediction that allows them to
serve students before they fail or drop out, by offering interventions for help. This indicates
that predicting problems allows teachers to intervene before student failures or drop-off by
offering interventions for assistance.

Theme 3: Adaptive and personalised learning

The equality theme is the third theme that deals with adapting learning tasks to meet
student needs. Deng et al. (2025) analyzed students' learning trajectories and presented ways
to enhance these trajectories using learning data. This can help teachers understand how
students’ progress and provide support when needed. Similarly, Cakiroglu et al. (2024) have
largely attributed student characteristics to their learning environments. Lipnickas et al. (2025)
also determined that attitudes of students may vary in their academic levels. This implies that
the kind of learning support may be different for a student at various stages of their studies.
Personalised strategies can then help to offer more appropriate learning activities and
assistance.

Theme 4: Intelligent LMS and behavioural analytics

The fourth theme is related to the broader use of technology to develop an
understanding of students' behaviour. A study by Goh (2026) indicates persistence and regular
engagement as key elements to academic success. This shows that students who stay active and
consistent in their learning are more likely to achieve better academic results. Hernandez
Garcia et al. (2024) also related LMS interactions to academic performance. Other studies
ventured forward to more in-depth tools. Shilpa & Suresha (2026) discussed Real-time
Academic Information through Data Mining. Angioplasty et al. (2025) demonstrated support
for predicting performance through the use of educational data mining. The findings of these
studies indicate that LMS information can be helpful as evidence of student progress.

Theme 5: Al, feedback and student success

In the final theme, learners explore how students are being supported using feedback
and Al tools, which are becoming more common with the use of technology. Darbyshire &
Beitsayadeh (2025) investigated how generative Al and predictive analytics predict student
achievement. In the era of education 4.0, the integration of artificial intelligence into learning
processes has left no doubt about its impact. Education 4.0 has seen the addition of artificial
intelligence in learning processes without a shadow of doubt.

Liu et al. (2025) found that the learning analytics interventions have the potential to
enhance learning outcomes. This means that using student data can help teachers understand
learning needs and provide better support. Alalawi et al. (2025) reviewed how analytics can be
coupled with interventions to move in terms of engaging students to achieve student
performance. Overall, the five themes presented above, are that the focus of learning analytics
is progressing from data collection for students to an understanding of behaviour, student
problem prediction and appropriate support to promote student achievement.
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Interpretation of results

The outcomes indicate that learning analytics has great potential for enhancing students'
learning. Among 30 studies, the majority demonstrate how information gathered from online
learning systems can support the teacher in understanding what is happening on the ground and
the level of learning taking place. There are two key findings: first, student behaviour and
engagement are important. Those students who participate consistently, engage in learning, and
control their learning are more likely to show improvement (Tedeschi et al., 2023). This will
allow students' activity to provide useful information regarding their progress. The second type
is extensive prediction as shown. A lot of studies predicted marks, performance and drop-out
based on the learning records. This is helpful because it is possible that teachers can detect that
pupils are experiencing difficulties at an early stage (Rahmah & Lubis, 2024). Support given
can be constructive ahead of problems getting in the way.

There is the third one that emphasises on Personalised learning. There are different
ways for students to learn. The studies indicate that learning records can reveal a variety of
learner differences and learning styles. This can assist teachers to engage in more appropriate
activity and support. An additional key finding is the increasing adoption of sophisticated
digital tools. A better understanding of student behaviour through LMS data, data mining,
machine learning and newer tools based on Al techniques (Koshiry et al., 2022). These tools
can cut through the crap comparing vast quantities of information faster than human
manipulation. The upshot of all this is that feedback and action must be considered very
significant. Just taking data of students doesn't suffice. The information must be used to provide
feedback, to change learning activities or to provide support. Research into learning analytics
interventions such as these can yield better learning outcomes.

Overall, the findings illustrate that learning analytics is not just about gathering student
data; it is essentially a method for carrying out analytics. It can guide understanding of pupils'
behaviours, proactively detect issues, offer appropriate support and enhance pupil learning.
The results also indicate, however, that the system for learning can affect the results as well as
the grouping in the classroom and the type of learning environment. Thus, learning analytics
must be used in a careful manner and in line with the students' learning needs.

Findings from the Literature Review

The literature review of 30 studies shows that learning analytics is a tool that can be
utilised in studying and understanding student learning. From the results of the literature
review, it is found that learning analytics can be used to study and improve student learning
(Johar et al., 2023). The studies mainly focused on information collected from learning
management systems (LMS), such as student logins, learning activities, video use, task
completion and other online behaviour. It ran that the engagement of students is important to
academic success was the first major finding. Better results were seen in those pupils who
demonstrated regular participation in lessons, perseverance and continued to learn well across
all areas (DiNapoli, 2023). There also were some studies suggesting a correlation between self-
regulation and student's achievement.

The second finding was that there is an ability to predict student performance based on
LMS data. The student activity records were used to predict marks and to classify students at
risk and to predict possible drop-out. This indicates that responsive information about learning
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is available to teachers as insight into early warning of issues (Nolan & Roberts, 2024). Another
finding was that students have different learning behaviours. There are some students who are
more active and independent, whilst others require more support. However, the one size-fits-
all strategy might not work with all learners.

The review also identified that behaviour may change across the course of learning.
Continuous monitoring can provide greater insight than having a single point in time look at
students' activity (Das, Chakraborty & Mitra, 2022). Last, it was found that the studies had
more and more reported usage of machine learning, data mining, feedback done by Artificial
Intelligence (Al) and Learning Analytics. These products can capture patterns from lots of
student data, helping with improved decisions. Overall, the literature reveals learning analytics
as a potential tool to enable early identification and effective support with better academic
performance.

Findings from the thematic analysis

The results of the thematic analysis of 30 selected studies reveal that learning analytics
can be used to enhance students' learning and academic performance. Five major themes were
identified: Learning behaviour and engagement, Prediction of performance, Personalised
learning, Behavioural analysis and Use of new digital tools and feedback.

The first that can be said is that there is a high correlation between student engagement
and learning success. The regular use of learning systems, the completion of activities and
students' involvement in their studying positively affects the learning results (Furqon et al.,
2023). This implies the teacher will have enough insight into a student's activity to see if they
are working on their assignments. The number of students' logins, however, is not sufficient to
assess engagement. The second one is that learning records can anticipate students'
performance. Several studies have leveraged the LMS data to look for patterns associated with
successful or unsuccessful outcomes (Arizmendi et al., 2023). This may be advantageous for
early warning systems. For instance, students who have a low level of activity or minimal
participation might require assistance. Early intervention can minimise the risk of poor
outcomes or attrition.

Personalised learning is also key, as per the third finding. It is illustrated in the studies
that pupils have varying learning styles and needs. Learning records may aid identification of
these differences (Heikkinen et al., 2023). Then, teachers can offer various activities and
support or feedback to students as needed. This can offer more value for the individual learner
through the online learning experience. The fourth finding is that students' behavior may differ
from one time to another. The concept of persistence, consistency, self-regulation and uniform
participation was found important in the various studies. That is, a single observation taken at
one moment may not provide a full picture of a student. The temporal dimension of learning
behaviour can help in the insight of progress.

Finally, it can be stated that the increasing use of sophisticated digital tools and
feedback. With big information from students, the data mining technology or machine learning,
as well as newer Al-based technologies, can locate patterns (Lopez-Meneses et al., 2025).
Technology, however, is insufficient to enhance learning. The information should be utilized
by teachers to provide effective feedback and appropriate assistance. As a whole, the results
confirm that learning analytics can drive education from the responses to poor performance to
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taking early action. Concurrently, any result needs to be interpreted with caution as it can vary
among different courses, students and learning systems.

The results revealed a significant relationship between students' participation and
progress. Students are likely to make greater progress if they frequently participate in learning
activities. Student activity data can therefore be applied for the understanding of learning
problems. One key aspect found in the literature is that LMS data can be utilized prior to
obtaining outcomes. Not every teacher necessarily has to suspect that a pupil is suffering if she
is having difficulties, unless it is during the actual examination (Nash-Luckenbach & Friedman,
2024). In this matter, when someone's activity, participation, or task completion changes, this
could be an early indicator that support is required. The results also suggest that early help is
more effective than just forecasting outcomes. Prediction can be of benefit when teaching and
learning activities are changed or feedback is provided by teachers based on the information
(Sailer et al., 2023). The thematic analysis found five main areas including student engagement,
performance prediction, personalised learning, learning behaviour, and digital tools. Overall,
the studies show that student learning data can help identify problems early, understand
learning needs, provide better support and improve academic performance.

However, when learning is translated into numbers, learning analytics can help rather
than just be a by-product. Another area that is becoming more prevalent, as seen in the review,
is on the increasing importance of personalised learning. Students' needs and behaviours vary
and therefore learning support should not be the same for all students. However, there are some
restrictions. The studies were conducted in various courses, with different students, LMS
systems, and methods. Thus, the results may not apply to all educational contexts. Other
questions include data quality and privacy issues. Overall, the literature and the themes indicate
that LA can support education to be more student-centred, timely, and supportive. This is not
just looking to gather student data but to understand students and offer support when it is
needed.

CONCLUSION

This study explored the relationship between online learning behavior and academic
achievement, particularly in animation major courses at higher vocational colleges. The study
was based on the premise that students’ activities within online learning environments could
provide valuable information about their learning progress and academic achievement. As the
use of digital learning platforms has increased, these platforms have generated various forms
of learning records, including students’ access to learning materials, participation in learning
activities, completion of assignments, and engagement with online course content. Learning
analytics can be applied to these records to understand how students learn and how their online
learning behaviors are associated with academic outcomes. Overall, the findings of the
reviewed studies indicate that online learning behavior and student engagement are
significantly associated with academic achievement. Students who regularly participate in
online learning activities and demonstrate consistent learning behaviors tend to achieve more
favorable academic outcomes. However, the amount of time students spend online should not
be considered the sole indicator of learning behavior.
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The quality and consistency of students’ engagement are also important. The reviewed
literature indicates that digital learning records can provide valuable evidence regarding self-
regulated learning, student engagement, and learning progress. Another important finding is
that learning analytics can be useful for identifying students who may be at risk of experiencing
academic difficulties. Previous studies have used data from learning management systems
(LMSs) to predict student performance, monitor learning progress, and identify students at
academic risk at an early stage. Such early identification can enable educators to provide timely
interventions and appropriate academic support before students experience more substantial
academic difficulties

FUNDING
No external funding, grants, or sponsorship of any kind were received for this study; it

was carried out entirely at the author(s)' own initiative and expense.

CONFLICT OF INTEREST
The author(s) confirm that no personal, commercial, or financial interests exist that
could have compromised the impartiality of this study's findings.

AUTHOR CONTRIBUTIONS

Each author played an equal role throughout the research, participating jointly in
developing the idea and concept, gathering and analyzing data, and writing and revising the
final manuscript.

GENERATIVE ARTIFICIAL INTELLIGENCE USAGE STATEMENT

Artificial Intelligence (Al) tools were employed on a limited basis during manuscript
preparation, used only to check grammar and improve language quality. No Al involvement
occurred in collecting data, conducting substantive analysis, or formulating the study's
conclusions.

REFERENCES

Acar, M., & Cumaoglu, G. K. (2026). Learning Analytics in Practice: Exploring the
Relationship between Video Logs and Academic Achievement in Online Courses.
Journal of Computer and Education Research, 14.

Alalawi, K., Athauda, R., Chiong, R., & Renner, I. (2025). Evaluating the student performance
prediction and action framework through a learning analytics intervention study.
Education and Information Technologies, 30(3), 2887-2916.
https://link.springer.com/article/10.1007/s10639-024-12923-5

Amiri, S. M. H. (2026). Learning Analytics for Predicting Student Performance in Online
Learning Environments. https://www.preprints.org/manuscript/202603.1312

Angeioplastis, A., Aliprantis, J., Konstantakis, M., & Tsimpiris, A. (2025). Predicting student
performance and enhancing learning outcomes: a data-driven approach using educational
data mining techniques. Computers, 14(3), 83. https://www.mdpi.com/2073-
431X/14/3/83

Arizmendi, C. J., Bernacki, M. L., Rakovi¢, M., Plumley, R. D., Urban, C. J., Panter, A. T., ...
& Gates, K. M. (2023). Predicting student outcomes using digital logs of learning
behaviors: Review, current standards, and suggestions for future work. Behavior research

Available online a https://adshr.org/index.php/vo/index 1409



Hao Qiqi* Gede Rasben Dantes, I Wayan Sukrawarpala

methods, 55(6), 3026-3054. https://link.springer.com/article/10.3758/s13428-022-
01939-9

Cakiroglu, U., Kokog, M., & Atabay, M. (2024). Online learners’ self-regulated learning skills
regarding LMS interactions: A profiling study. Journal of Computing in Higher
Education, 36(1), 220-241. https://link.springer.com/article/10.1007/s12528-024-09397-

2
Christou, P. A. (2022). How to use thematic analysis in qualitative research. Journal of
Qualitative Research in Tourism, 3(2), 79-95.

https://www.researchgate.net/profile/Prokopis-A-

Christou/publication/369146265 How to use thematic analysis in_qualitative resear
ch/links/646¢cb5aad0ad0d1094d58c0a/How-to-use-thematic-analysis-in-qualitative-
research.pdf

Chung, J., McKenzie, S., Schweinsberg, A., & Mundy, M. E. (2022, February). Correlates of
academic performance in online higher education: A systematic review. In Frontiers in
Education (Vol. 7, p. 820567). Frontiers Media SA.
https://www.frontiersin.org/journals/education/articles/10.3389/feduc.2022.820567/pdf

Darbyshire, P., & Beitsayadeh, C. (2025). Enhancing Student Success through GAI and
Predictive Analytics. International Journal for Educational Media and Technology,
19(2). https://www.ijemt.org/index.php/journal/article/view/392

Das, S., Chakraborty, S., & Mitra, B. (2022, July). I cannot see students focusing on my
presentation; are they following me? continuous monitoring of student engagement
through “stungage”. In Proceedings of the 30th ACM Conference on User Modeling,
Adaptation and Personalization (pp. 243-253).
https://dl.acm.org/doi/abs/10.1145/3503252.3531307

Deng, M., Lu, L., & Wen, S. (2025). Analysis and optimization of student learning paths based
on CRNN and sequential data.  Plos one, 20(9), ¢0331491.
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0331491

DiNapoli, J. (2023). Distinguishing between grit, persistence, and perseverance for learning
mathematics with understanding. Education Sciences, 13(4), 402.
https://www.mdpi.com/2227-7102/13/4/402

Duch, D., May, M., & George, S. (2024, July). Students’ Performance in Learning
Management System: An Approach to Key Attributes Identification and Predictive
Algorithm Design. In 13th International Conference on Data Science, Technology and
Applications (pp. 285-292). SCITEPRESS-Science and Technology Publications.
https://hal.science/hal-04776088/

Fahd, K., Miah, S. J., & Ahmed, K. (2025). Predicting student performance in a blended
learning environment using learning management system interaction data. Applied
Computing and Informatics, 21(3-4), 220-231. https://www.emerald.com/aci/article-
pdf/21/3-4/220/10395131/aci-06-2021-0150en.pdf

Furqon, M., Sinaga, P., Liliasari, L., & Riza, L. S. (2023). The Impact of Learning Management
System  (LMS) Usage on  Students. Tem  Journal, 12(2), 1082.
https://www.ceeol.com/search/article-detail71d=1123847

Goh, T. T. (2026). Learning management system log analytics: the role of persistence and
consistency of engagement behaviour on academic success. Journal of Computers in
Education, 13(1), 283-306. https://link.springer.com/article/10.1007/s40692-025-00358-
X

Hadisoebroto, A. E., & Subandoro, P. S. (2022). The Use of The Learning Analytics Method
in Moodle LMS Data to Predict the Final Score of Students in The Vocational Faculty.
The Use of The Learning Analytics Method in Moodle LMS Data to Predict The Final

Available online a https://adshr.org/index.php/vo/index 1410



Hao Qiqi* Gede Rasben Dantes, I Wayan Sukrawarpala

Score of Students in  The  Vocational  Faculty, 11(1),  22-26.
https://repositori.ukwms.ac.id/id/eprint/35090

Han, F., & Ellis, R. A. (2023). Self-reported and digital-trace measures of computer science
students’ self-regulated learning in blended course designs. Education and Information
Technologies, 28(10), 13253-13268. https://link.springer.com/article/10.1007/s10639-
023-11698-5

Heikkinen, S., Saqr, M., Malmberg, J., & Tedre, M. (2023). Supporting self-regulated learning
with learning analytics interventions—a systematic literature review. Education and
Information Technologies, 28(3), 3059-3088.
https://link.springer.com/article/10.1007/s10639-022-11281-4

Hellings, J., & Haelermans, C. (2022). The effect of providing learning analytics on student
behaviour and performance in programming: a randomised controlled experiment.
Higher Education, 83(1), 1-18. https://link.springer.com/article/10.1007/s10734-020-
00560-z

Hernandez-Garcia, A., Cuenca-Enrique, C., Del-Rio-Carazo, L., & Iglesias-Pradas, S. (2024).
Exploring the relationship between LMS interactions and academic performance: a
learning cycle approach. Computers in Human Behavior, 155, 108183.
https://www.sciencedirect.com/science/article/pii/S0747563224000517

Huang, W., & Yue, C. Learning Behavior, Student Engagement, and Academic Performance
in  Learning  Analytics. Frontiers n Psychology, 17, 1908197.
https://www.frontiersin.org/journals/psychology/articles/10.3389/fpsyg.2026.1908197/f
ull

Johar, N. A., Kew, S. N., Tasir, Z., & Koh, E. (2023). Learning analytics on student engagement
to enhance students’ learning performance: A systematic review. Sustainability, 15(10),
7849. https://www.mdpi.com/2071-1050/15/10/7849

Koshiry, A. M. E., Abd El-Hafeez, T., Omar, A., & Eliwa, E. H. 1. (2022). A prediction system
using ai techniques to predict students’ learning difficulties using LMS for sustainable
development at KFU. In Proceedings of the computational methods in systems and
software (pp- 22-36). Cham: Springer International Publishing.
https://link.springer.com/chapter/10.1007/978-3-031-21438-7 2

Krishnan, R., Nair, S., Saamuel, B. S., Justin, S., Iwendi, C., Biamba, C., & Ibeke, E. (2022).
Smart analysis of learner’s performance using learning analytics for improving academic
progression: a case study model. Sustainability, 14(6), 3378.
https://www.mdpi.com/2071-1050/14/6/3378

Lam, T. Y., & Dongol, B. (2022). A blockchain-enabled e-learning platform. Interactive
learning environments, 30(7), 1229-1251. https://www.researchgate.net/profile/Brijesh-
Dongol/publication/339019765 A _blockchain-enabled e-
learning_platform/links/5e407e¢8692851c7f7f2bbef9/A-blockchain-enabled-e-learning-
platform.pdf

Le, B., Lawrie, G. A., & Wang, J. T. (2022). Student self-perception on digital literacy in
STEM blended learning environments. Journal of Science Education and Technology,
31(3), 303-321. https://link.springer.com/article/10.1007/s10956-022-09956-1

Le, N. L., Abel, M. H., & Laforge, B. (2026). When Can We Trust Early Warnings? Leakage-
Excluded Early Outcome Prediction from LMS Interaction Logs. arXiv preprint
arXiv:2605.25794. https://arxiv.org/abs/2605.25794

Lipnickas, G., Harris, J., Qesja, B., & De Vos, S. (2025). Adaptive online course design:
Analysis of changes in student behaviour throughout the degree lifecycle. The Internet
and Higher Education, 60, 101017.
https://www.sciencedirect.com/science/article/pii/S1096751625000260

Available online a https://adshr.org/index.php/vo/index 1411



Hao Qiqi* Gede Rasben Dantes, I Wayan Sukrawarpala

Liu, Y., Wang, W., & Xu, E. (2025). The effectiveness of learning analytics-based
interventions in enhancing students’ learning effect: A meta-analysis of empirical
studies. Sage Open, 15(2), 21582440251336707.
https://journals.sagepub.com/doi/abs/10.1177/21582440251336707

Lopez-Meneses, E., Lopez-Catalan, L., Pelicano-Piris, N., & Mellado-Moreno, P. C. (2025).
Artificial intelligence in educational data mining and human-in-the-loop machine
learning and machine teaching: Analysis of scientific knowledge. Applied Sciences,
15(2), 772. https://www.mdpi.com/2076-3417/15/2/772

Lu, C., Bulut, O., Demmans Epp, C., & Gierl, M. (2025). Impacts of engagement on academic
outcomes in technology-enhanced learning. Distance Education, 46(2), 318-337.
https://www.tandfonline.com/doi/abs/10.1080/01587919.2024.2373297

Nash-Luckenbach, D. M., & Friedman, Z. L. (2024). The neurodivergent college learner:
Faculty perceptions of supporting individuals with ADHD in higher education. Quality
Assurance in Education, 32(4), 597-610.
https://www.emerald.com/qae/article/32/4/597/1212486

Nolan, H. A., & Roberts, L. (2024). Trigger warnings as tools for learning—theorising an
evolving cultural concept. Medical Education, 58(2), 185-195.
https://asmepublications.onlinelibrary.wiley.com/doi/abs/10.1111/medu.15172

Pan, Z., Biegley, L., Taylor, A., & Zheng, H. (2024). A systematic review of learning analytics:
Incorporated instructional interventions on learning management systems. Journal of
Learning Analytics, 11(2), 52-72. https://learning-
analytics.info/index.php/JLA/article/download/8093/7791

Peach, R. L., Greenbury, S. F., Johnston, I. G., Yaliraki, S. N., Lefevre, D. J., & Barahona, M.
(2021). Understanding learner behaviour in online courses with Bayesian modelling and
time series characterisation. Scientific reports, 11(1), 2823.
https://www.nature.com/articles/s41598-021-81709-3

Perez Sanchez, C. J., Calle-Alonso, F., & Vega-Rodriguez, M. A. (2022). Learning analytics
to predict students’ performance: A case study of a neurodidactics-based collaborative
learning platform. Education and Information Technologies, 27(9), 12913-12938.
https://link.springer.com/article/10.1007/s10639-022-11128-y

Rahmah, S., & Lubis, A. H. (2024). Problem posing as a learning model to improve primary
school students' mathematics learning outcomes in gayo lues. Journal of Indonesian
Primary School, 1(4), 93-104.
https://journal.mgedukasia.or.id/index.php/jips/article/view/409

Rebelo Marcolino, M., Reis Porto, T., Thompsen Primo, T., Targino, R., Ramos, V., Marques
Queiroga, E., ... & Cechinel, C. (2025). Student dropout prediction through machine
learning optimization: insights from moodle log data. Scientific Reports, 15(1), 9840.
https://www.nature.com/articles/s41598-025-93918-1

Sahni, J. (2023). Is learning analytics the future of online education? assessing student
engagement and academic performance in the online learning environment. International
Journal of Emerging Technologies in Learning (@(JET), 18(2), 33-49.
https://www.learntechlib.org/p/223182/

Sailer, M., Bauer, E., Hofmann, R., Kiesewetter, J., Glas, J., Gurevych, 1., & Fischer, F. (2023).
Adaptive feedback from artificial neural networks facilitates pre-service teachers’
diagnostic reasoning in simulation-based learning. Learning and Instructi
https://www.sciencedirect.com/science/article/pi1i/S095947522200041X on, 83, 101620

Santos, R. M., & Henriques, R. (2023). Accurate, timely, and portable: Course-agnostic early
prediction of student performance from LMS logs. Computers and Education: Artificial
Intelligence, 5, 100175.
https://www.sciencedirect.com/science/article/pii/S2666920X23000541

Available online a https://adshr.org/index.php/vo/index 1412



Hao Qiqi* Gede Rasben Dantes, I Wayan Sukrawarpala

Shilpa, K., & Suresha, D. (2026). Intelligent data mining for real-time academic insights to
drive proactive decision-making in higher education innovation. International Journal of
Management in Education, 20(4), 407-440.
https://www.inderscienceonline.com/doi/abs/10.1504/IJMIE.2026.154569

Slack, H. R., & Priestley, M. (2023). Online learning and assessment during the Covid-19
pandemic: exploring the impact on undergraduate student well-being. Assessment &
Evaluation in Higher Education, 48(3), 333-349.
https://www.tandfonline.com/doi/pdf/10.1080/02602938.2022.2076804

Tapalova, O., & Zhiyenbayeva, N. (2022). Artificial intelligence in education: AIEd for
personalised learning pathways. Electronic Journal of e-learning, 20(5), 639-653.
https://files.eric.ed.gov/fulltext/EJ1373006.pdf

Tedeschi, M. N., Hose, T. M., Mehlman, E. K., Franklin, S., & Wong, T. E. (2023). Improving
models for student retention and graduation using Markov chains. Plos one, 18(6),
€0287775. https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0287775

Tinajero, C., Mayo, M. E., Villar, E., & Martinez-Lopez, Z. (2024). Classic and modern models
of self-regulated learning: Integrative and componential analysis. Frontiers in

Psychology, 15, 1307574.
https://www.frontiersin.org/journals/psychology/articles/10.3389/fpsyg.2024.1307574/
pdf

Wahyudi, D., Maulana, A., & Husna, A. (2026). Exploring the Relationship Between Learning
Management System Usage and Student Academic Performance in Online Courses.
Trends Research of Online Learning, 1(1), 54-68.
https://journal.glocenti.com/index.php/trol/article/view/4

Wong, Z. Y., & Liem, G. A. D. (2022). Student engagement: Current state of the construct,
conceptual refinement, and future research directions. Educational Psychology Review,
34(1), 107-138. https://repository.nie.edu.sg/bitstreams/13¢c194e4-76dd-4588-b112-
lefOb74d4f4a/download

Yang, X., Zhang, Y., Q1, Y., Li, W., & Yu, X. (2026). Asymmetric longitudinal links between
learning anxiety and engagement in Chinese primary school students: The role of peer
relationship. British Journal of Educational Psychology.
https://bpspsychub.onlinelibrary.wiley.com/doi/abs/10.1111/bjep.70089

Ye, D., & Pennisi, S. (2022). Using trace data to enhance Students' self-regulation: A learning
analytics perspective. The Internet and Higher Education, 54, 100855.
https://www.sciencedirect.com/science/article/p1i/S1096751622000112

Yildirim, D., & Usluel, Y. (2022). Interrelated analysis of interaction, sequential patterns and
academic achievement in online learning. Australasian Journal of Educational
Technology, 38(2), 181-200.
https://ajet.org.au/index.php/AJET/article/download/7360/1883

Yin, X., Ye, J.,, Yu, S., Li, H,, Liu, Q., & Zhao, G. (2025). The association between groups'
interactions with the Visual-GenAlI learning analytics feedback and student engagement
in CSCL. Computers & education, 105434.
https://www.sciencedirect.com/science/article/pii/S0360131525002027

Available online a https://adshr.org/index.php/vo/index 1413



