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Abstract - Blended learning has been widely used in the field of
higher education, and learning analysis technology can quantify
students’ digital learning behaviour through learning
management systems. However, there is still a lack of a
comprehensive and systematic review of the correlation between
such quantitative behaviour and academic performance. This
systematic review was conducted following the PRISMA 2020
statement to : 1) identify and sort out the most commonly studied
digital learning behaviours in the hybrid learning environment
of higher education that can be reliably quantified through
learning analysis technology; 2) integrate these quantitative
digital behaviours with the results of students' academic
performance. Empirical evidence of the relevant; 3) Classify and
evaluate the learning analysis techniques used in existing
research, including its reporting advantages, practical limitations
and typical application scenarios; 4) Critically evaluate the
methodological limitations in the current literature, and put
forward the priority direction of future research based on
evidence. Studies were retrieved from Scopus and Web of
Science. A total of 383 records were initially identified, and 33
studies were finally included after screening. This review
synthesizes high-quality evidence to clarify the relationships
between digital learning behaviour s and academic performance.
The findings will provide evidence-based insights for optimizing
blended instructional design, implementing targeted academic

interventions, and guiding future rigorous learning analytics

research in higher education.
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L INTRODUCTION

The digital transformation of higher education is in
progress, and blended learning is already a mainstream
instructional model that combines online and offline
teaching components (Miller & Mildenberger, 2021).
Blended learning generates a variety of digital learning
behaviour s reflecting students’ engagement and self-
regulatory skills, which greatly influence their academic
performance, and is supported by learning management
systems (LMS) and adaptive learning platforms (Ali &
Hanna, 2021). Learning analytics allows practitioners to
quantify, analyze, and predict this behaviour al patterns to
support the delivery of personalized learning interventions
(Gonzélez-Nucamendi et al., 2022). While numerous
empirical studies have explored digital learning behaviour s
and academic performance via learning analytics, the
literature remains fragmented, with inconsistent indicators,
methods, and findings. This systematic review fills these

gaps by synthesizing a decade of research from a learning

analytics perspective, to clarifycore behaviour al
dimensions, behaviour —performance relationships,
applicable analytics techniques, and future research

directions.

This study addresses four research questions:

RQI. What are the most frequently examined learning
analytics—quantifiable digital learning behaviour s in higher

education blended learning contexts?
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RQ2. How are digital learning behaviour s associated
with academic performance in higher education blended
learning environments?

RQ3. What learning analytics techniques are employed
to examine digital learning behaviour s, and what are their
reported strengths and limitations?

RQ4. What methodological limitations and priority
directions for future research are identified in the existing

literature?

II. MATERIALS AND METHODS

This systematic review followed the PRISMA 2020
statement to ensure rigor and reproducibility (Page et al.,
2021).

Search Strategy

Literature searches were performed in Web of Science
(SSCI/ESCI) and Scopus. The search string was:("digital
learning behaviour *" OR "online learning behaviour *" OR
"learning log*" OR "log data" OR "LMS data" OR "learning
analytics" OR "educational data mining" OR "clickstream
data" OR "trace data" OR "learning management system*"
OR Moodle OR Blackboard) AND
performance” OR '"student performance" OR "academic
OR grade* OR GPA OR ‘"learning
outcome*") AND ("blended OR  "hybrid
learning") AND ("higher education" OR universit* OR
college OR "tertiary education"). The publication period was
limited to 2017-2026.

("academic

achievement*"

learning"

Inclusion Criteria

Studies were included if they focused on digital learning
behaviour s, learning analytics, and their links with
academic performance in higher education blended learning;
were empirical quantitative, qualitative, or mixed-methods
studies; were peer-reviewed journal articles indexed in Web
of Science or Scopus; were written in English; had full-text
available; and were published between 2017 and 2026.

Exclusion Criteria
Studies were excluded if they were book chapters,
conference papers, dissertations, or gray literature; were

review articles such as systematic reviews, meta-analyses,
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or scoping reviews; did not focus on digital learning
behaviour s, learning analytics, or academic performance;
were conducted in non-blended learning environments;
focused on K-12 or non-higher education populations; were
not written in English; were duplicated across databases;
were preprints or published outside the 2017-2026 time

frame; and did not apply learning analytics techniques.

Study Selection

The initial search retrieved 383 records. After removing
duplicates, three researchers independently screened titles,
abstracts, and full texts. Discrepancies were resolved via
discussion. Finally, 33 studies were included. The screening
process is shown in the PRISMA 2020 flow diagram (Figure

1.
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Figure 1. PRISMA 2020 flow diagram

Data Extraction

A standardized form was used to extract study details,
quantifiable digital learning behaviour s, behaviour —
performance associations, learning analytics techniques,

limitations, and future directions.
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IIL. RESULTS AND DISCUSSION

Frequently quantified digital learning behaviour s (RQ1)

Across the 33 included studies, four categories of
learning analytics—quantifiable digital learning behaviour s
emerged as the most frequently examined constructs in
blended higher education. Task completion behaviour s
were reported in 28 out of 33 studies, with common
indicators including assignment submission rate, timely
submission, quiz completion, task completion ratio, and
learning objective attainment. Interactive engagement
behaviour s were documented in 22 studies, covering forum
participation, peer collaboration, instructor—student
feedback exchange, resource access, and active tool
interaction. In 19 studies, temporal usage behaviour s were
studied, which were measured by login frequency, access
duration, time distribution, learning pace, and time of
procrastination. In 15 studies, self-regulated or problematic
learning behaviour s were studied, with indicators such as
academic procrastination, self-monitoring via dashboard,
cramming, and long-term inactivity as a proxy for dropout
risk
Associations Between Behaviour s and Academic

Performance (RQ2)

All 33 studies found significant associations between
digital learning behaviour s and academic outcomes. The
direction of the associations was consistent, but the effect
size differed for different types of behaviour s. Task
completion was the strongest and most stable positive
correlate. Higher and more timely task completion was
correlated with better grades and lower likelihood of failure
or dropout. Interactive use demonstrated moderate positive
associations, especially for meaningful interactions such as
forum discussions and feedback seeking. Passive browsing
of resources showed weak or non-significant associations.
Temporal wuse indicators demonstrated weak and
inconsistent correlations. The total number of logins or total
access time rarely predicted performance. Only consistent
timing added small explanatory value. Procrastination and
low engagement were strong predictors of lower grades.
Irregular engagement also predicted higher risk of dropping

out. Across studies, quality of engagement (e.g. task
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completion, purposeful interaction) was more consistently
predictive of performance than quantity of engagement (e.g.
time on task, click counts). Most studies were cross-
sectional designs, so causal conclusions cannot be drawn. It
is unclear whether positive behaviour s lead to better
performance or whether higher-ability students simply
engage in more effective behaviour s. Most analyses also did
not control for confounding factors such as prior grades,
self-efficacy and course difficulty. This may have led to
overestimates of the independent effects of digital learning
behaviour s.
Strengths and Limitations
Techniques (RQ3)

of Learning Analytics

These 33 studies widely adopted four major learning
analytics techniques. 19 studies have used the supervised
machine learning for predicting the student grades and
identifying the learners at risk of underperforming. This
technique has high prediction accuracy but is not
interpretable and requires a large amount of labeled data. 11
studies have used clustering and other unsupervised
techniques for analyzing the student behaviour al patterns.
These techniques enable researchers to discover hidden
learning trends without labeled data, but the results may be
inconsistent across different courses. 9 studies have

employed traditional statistical approaches including
correlation, regression and structural equation modeling.
These methods are easy to interpret and align well with
educational theories, but they have limited ability to model
non-linear learning relationships. Only six papers in this
review integrated multiple sources of data. Merging
different datasets involves complicated processing steps.
This complexity stops the method from being widely used in
real teaching settings. Still, past research supports that
combining LMS activity logs with exam marks or survey
responses can make study findings more valid.

Most research in this field prioritises predictive accuracy
at the cost of model interpretability. Only a small portion of
these models fit the daily demands of classroom teachers.
Many projects do not run validation tests across separate
courses or schools, so it is uncertain if these models work
reliably in varied educational contexts. The most prominent

issue is the large disconnect between academic research and
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classroom practice. Data-driven findings hardly lead to

tangible adjustments in routine teaching.

Methodological Limitations and Future Directions (RQ4)

This review examined all thirty-three included papers
and found flaws in research methods. Twenty-seven of these
studies only used log data from learning management
systems and left out offline learning activities, students’
personal traits and different learning conditions, which
weakens the explanatory power of their research results.
Another 24 studies only collected data from a single course
or a single school, so it was found that it was difficult to be
widely used in disciplines and institutions with different
cultural backgrounds. The analytical models constructed by
21 studies are only applicable to students with learning
difficulties. These models cannot generate reliable
predictions for intermediate and superior learners. The lack
of real classroom intervention tests in 30 studies means that
all predictive data have not been converted into actual
teaching plans or student support solutions. At the same
time, each paper does not use unified rules to define and
measure students' learning behaviour, which makes it
difficult to compare different research results horizontally,
and the credibility of the overall comprehensive research
conclusions is reduced.

What this points to is a clear research agenda. Future
work must combine multi-modal, multi-source data to
improve measurement validity and completeness. There is
an urgent need for interpretable learning analytics tools that
teachers can genuinely use in real classrooms, not just in
controlled studies. Generalizability will only improve if
validation is carried out across diverse courses and
institutions. And without intervention-focused studies,
learning analytics will remain disconnected from teaching
practice.

The deeper problem is one of orientation: the field is still
more interested in describing and predicting outcomes than
in developing theoretical understanding. Very few studies
explore the causal or theoretical mechanisms through which
digital learning  behaviours influence  academic
achievement. Moving forward, blended learning research
must go beyond cataloguing behavioural patterns to build
frameworks that are both theoretically grounded and

practically deployable.
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IV.CONCLUSION

To unpack digital learning behaviours quantifiable
through learning analytics and their correlations with
academic performance in blended postsecondary education,
we synthesised data drawn from 33 relevant empirical
studies in this systematic review. Our collective results
yielded four primary classifications of these online learning
behaviours. This study first found steady connections
between students’ repeated online actions and their grades.
It sorted out common learning analytics tools used in past
papers. The work also listed each tool’s advantages and real-
world drawbacks. Lastly, it pointed out repeated method
problems seen in most published research.

This review organises a complete set of empirical
evidence. The organised results help education researchers
measure students’ digital learning participation and figure
out how such participation affects learners’ academic
performance.

This work also has two primary limitations. It only
selects English journal articles published from 2017 to 2026.
High-quality studies written in other languages are not
included in the analysis. Besides, the paper fails to conduct
full comparisons of contextual factors across different
studies. These factors can alter the connection between
students’ learning behaviours and their academic
performance.

When researchers carry out their work, they can first
integrate multiple data sources. The analytical framework
constructed by this method is clearer and easier to
understand. Cross-situational tests should also be conducted
for the same research direction, which can ensure stable
tracking of behavioural trends in different learning
environments. Future research needs to transform abstract
data indicators into actionable classroom teaching practises.
Such continuous improvement can gradually provide
stronger learning support for students and improve academic

performance in a hybrid learning environment.
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