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Abstract

Learning analytics and educational data mining are rapidly evolving fields that leverage
data-driven methods to enhance teaching, learning, and institutional decision-making.
This review provides a comprehensive overview of the key analytical techniques and tools
employed in learning analytics and educational data mining, including classification,
clustering, regression, association rule mining, and data visualization. It also highlights
the integration of advanced methods such as deep learning and adaptive systems for
personalized education. The paper examines various platforms and technologies,
including learning management systems, open-source tools, and Al/ML libraries, to
evaluate their capabilities, scalability, and practical adoption. Key application areas, such
as dropout prediction, engagement analysis, personalized learning, and curriculum
design, are examined through selected case studies spanning K-12 and higher education.
The review emphasizes the growing importance of ethical considerations, interpretability,
and usability in the application of educational analytics. By synthesizing current practices
and trends, this work aims to inform educators, researchers, and developers seeking to
harness educational data for improved learning outcomes and strategic planning.
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. Introduction

hand, emphasizes the development and application of
computational and statistical methods to explore data

Learning analytics and educational data mining are
interdisciplinary fields that focus on the collection,
measurement, analysis, and interpretation of data about
learners and their contexts [1-3]. Learning analytics is
primarily concerned with understanding and optimizing
learning and the environments in which it occurs, often
involving stakeholders like educators, administrators,
and students [4-6]. Educational Data Mining, on the other

DOI: 10.60084/jeml.v3i1.308

generated from educational settings [7-9]. Although they
share common goals, educational data mining tends to
focus more on algorithmic and methodological rigor,
while learning analytics often prioritizes actionable
insights for decision-making in educational practice.

In the current era of digital education, data-driven
approaches have become increasingly essential for
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Figure 1. Core techniques in learning analytics and educational data mining.

enhancing learning outcomes, personalizing instruction,
and informing policy decisions [10-12]. The proliferation
of learning management systems (LMS) [13], intelligent
tutoring systems [14], Massive Open Online Courses
(MOOCs) [15], and other digital platforms has led to an
unprecedented amount of educational data. This wealth
of information enables researchers and practitioners to
uncover patterns in student behavior, predict academic
performance, and design interventions tailored to
individual learning needs [16, 17]. Such approaches
contribute significantly to improving the quality,
accessibility, and efficiency of education.

As educational settings become more varied and
complex, it's increasingly important to find effective ways
to make sense of the data they generate. Techniques
such as machine learning [18, 19], natural language
processing [20, 21], and network analysis [22] provide
valuable tools for understanding how students learn. Still,
their success depends on addressing concerns such as
data privacy, ethical use, and the ease with which results
can be interpreted. With more institutions transitioning
to online and hybrid learning, there is a growing need for
flexible tools that can handle various types of data, such
as click logs, written responses, and video content, and
provide timely feedback. Choosing the right methods and
tools depends on matching them to the specific goals of
each learning environment.

The purpose of this review is to provide an overview of
the key techniques and tools used in learning analytics
and educational data mining, highlighting their
applications across different educational settings. By
examining the capabilities, limitations, and use cases of
these approaches, this review aims to offer insights for
educators, researchers, and developers seeking to
leverage data to enhance teaching and learning
processes.

2. Core Techniques in Learning Analytics and
Educational Data Mining

The core techniques used in learning analytics and
educational data mining encompass a broad range of

statistical, machine learning, and visualization methods
aimed at interpreting educational data and supporting
evidence-based  decision-making. These include
classification, clustering, regression, association rule
mining, and visualization, each serving a distinct purpose
in analyzing and enhancing learning environments. These
methods help uncover patterns in student behavior,
predict academic outcomes, and inform the design of
targeted interventions to support student success. Figure
1 illustrates these core techniques, providing a visual
overview of the analytical methods that underpin much
of the work in learning analytics and educational data
mining.

2.1. Classification Technigues

Classification involves predicting a discrete label or
category for a given input based on learned patterns
from labeled data. Common classification tasks in
education include predicting whether a student will pass
or fail a course, identifying students at risk of academic
difficulties, or detecting instances of cheating behavior.

e Decision Trees operate by recursively splitting the
dataset into subsets based on feature values that
maximize information gain (e.g., using entropy or
Gini impurity) [23]. They are easy to interpret
because they mimic human decision-making
processes. For example, a tree might split on
whether a student submitted more than 80% of
assignments before predicting their final grade
category.

e Support Vector Machines (SVMs) construct a
hyperplane in a high-dimensional space to separate
classes with the largest possible margin [24]. SVMs
are particularly effective when there are many
features and a limited number of instances, such as
predicting dropout based on hundreds of
behavioral metrics logged in an LMS.

e Logistic Regression, though technically a regression
model, is widely used for binary classification (e.g.,
pass/fail). It estimates the probability of a binary
outcome using a sigmoid function applied to a linear
combination of input features [25].
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2.2. Clustering Techniques

Clustering is an unsupervised learning method used to
group similar data points based on their features, without
predefined labels [26, 27]. This technique is particularly
useful in segmenting students into behavioral profiles or
identifying patterns in course engagement.

e K-Means Clustering partitions the data into k groups
by minimizing the sum of squared distances
between data points and their cluster centroid [26].
For example, students can be grouped based on
time spent on tasks, forum activity, and quiz
attempts to identify "highly engaged," "moderately
engaged," and "disengaged" learners.

e Hierarchical Clustering builds nested clusters either
bottom-up (agglomerative) or top-down (divisive),
and is often visualized with a dendrogram [28]. It's
useful when the number of clusters is unknown or
when the structure among groups is of interest.

These methods help educators uncover hidden
structures in student data, which can inform targeted
interventions or curriculum adjustments.

2.3. Regression Analysis

Regression techniques model the relationship between
one or more independent variables and a continuous or
categorical outcome. They are often used to predict
academic performance metrics, such as final exam
scores, GPA, or time-on-task [29].

e Linear Regression estimates the relationship
between input variables (e.g., attendance rate,
assignment scores) and a continuous target variable
(e.g., final grade) by fitting a line that minimizes the
squared error. It assumes a linear relationship and
is easy to interpret [30].

e Multivariate and Regularized Regressions (e.g.,
Lasso and Ridge regression) are employed when
datasets have many correlated features. These
methods help prevent overfitting by penalizing large
coefficients, making them useful for high-
dimensional student data [31].

In educational settings, regression analysis is often used
to quantify the contribution of specific factors, such as
participation, frequency of resource access, or time
management, to academic outcomes.

2.4. Association Rule Mining

Association rule mining is used to identify frequent
patterns, correlations, or associations among variables in
large datasets [32]. It is particularly effective for

understanding co-occurrence relationships in learning
behaviors.

e Apriori Algorithm identifies frequent itemsets by
iteratively expanding them and pruning those that
do not meet minimum support thresholds [33]. For
instance, it might reveal that students who
frequently access lecture slides and complete
quizzes early are also more likely to earn high
grades.

e  FP-Growth Algorithm improves on Apriori by using a
prefix-tree structure to reduce computational
complexity, making it suitable for larger educational
datasets [34].

The output of these algorithms is a set of rules in the form
if A, then B, typically evaluated by support (frequency),
confidence (reliability), and lift (interestingness). These
rules can inform curriculum design, recommend
resources, or detect common pathways to success or
failure.

2.5. Visualization Techniques

Visualization plays a crucial role in making complex data
understandable and actionable for educators and
learners [35]. Effective visual analytics enables users to
identify patterns, outliers, and trends that may not be
apparent in raw data.

e Dashboards aggregate student metrics such as
attendance, grades, and participation in visual
summaries [36]. These are commonly embedded in
LMS platforms to support real-time monitoring.

e Heatmaps and Time-Series Plots visualize
engagement over time, such as login frequencies or
resource access peaks [37]. These tools can help
identify periods of low activity that might warrant
instructional intervention.

e Network Graphs are used to Vvisualize social
interactions in collaborative learning environments,
such as discussion forums or peer feedback systems
[38, 39]. Nodes represent users and edges
represent interactions, helping to highlight isolated
learners or overly dominant participants.

Visualization techniques support quick interpretation
and are essential for feedback loops in learning
environments. However, their effectiveness depends on
thoughtful design and alignment with user needs.

2.6. Comparison of Traditional vs. Emerging Methods

Traditional data analysis methods, such as decision trees,
linear regression, and k-means clustering, are valued for
their interpretability, low computational cost, and ease of
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TOOLS AND PLATFORMS FOR LEARNING ANALYTICS
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Figure 2. Tools and platforms for learning analytics are categorized by usability, flexibility, analytics power, and scalability.

implementation. They are especially useful in educational
settings where transparency is essential for gaining
stakeholder trust.

However, emerging techniques such as:

e Deep Neural Networks (DNNs), which consist of
multiple layers of interconnected neurons, can
model highly non-linear relationships and handle
unstructured data like text and video, but are often
considered "black boxes" due to their low
interpretability [40].

e Ensemble Methods such as Random Forests and
Gradient Boosting (e.g., XGBoost, CATBoost)
combine multiple weak learners (like decision trees)
to improve accuracy and robustness [41]. These are
frequently used in predictive modeling tasks such as
dropout prediction due to their strong performance
on tabular data.

While emerging methods often outperform traditional
ones in terms of accuracy and flexibility, they also present
challenges, including interpretability, higher resource
demands, and ethical concerns (e.g., bias in training
data). Selecting the right approach requires balancing
technical capabilities with the needs and constraints of
the educational setting.

3. Tools and Platforms for Learning Analytics

The application of learning analytics and educational data
mining relies heavily on a variety of tools and platforms
designed to collect, process, analyze, and visualize
educational data. These tools vary in terms of
functionality, ease of use, scalability, and suitability for
different educational settings. This section provides an
overview of widely used tools and platforms in both
research and practice, highlighting their features and
implications for adoption.

As illustrated in Figure 2, tools for learning analytics can
be grouped into four main categories based on their
primary strengths: Learning Management Systems with
analytics features, open-source learning analytics tools,
educational data mining platforms, and integration with
AI/ML libraries. These categories reflect the trade-offs
between usability, flexibility, analytical power, and
scalability that institutions must consider when selecting
appropriate solutions.

3.1. Learning Management Systems with Analytics
Features

LMS platforms such as Moodle, Canvas, and Blackboard
have built-in analytics tools that offer real-time
dashboards, progress tracking, and performance
reporting [42]. For example, Canvas Analytics provides
instructors with visual insights into student participation,
grades, and submission timelines. These tools are widely
adopted due to their integration within existing
instructional environments, making them user-friendly
and accessible to educators with limited technical
expertise. However, analytical capabilities are often
limited to descriptive statistics and predefined reports,
which may not be sufficient for in-depth learning
analytics investigations.

3.2. Open-Source Learning Analytics Tools

Open-source solutions offer flexibility and customization,
making them popular among researchers and
institutions aiming to tailor analytics systems to specific
needs [43]. Tools built with R Shiny or Python Dash enable
the creation of interactive, web-based dashboards that
visualize trends in student data, such as attendance,
engagement, and outcomes. These tools require
programming skills but offer powerful capabilities for
exploratory and diagnostic analytics, especially in
research-intensive settings.
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3.3. Educational Data Mining Platforms

General-purpose data mining tools, such as RapidMiner,
WEKA, and Orange, are frequently used in educational
data mining research [44]. These platforms support a
wide range of machine learning algorithms and data
preprocessing techniques through intuitive graphical
user interfaces, enabling seamless integration and
efficient data analysis. RapidMiner is known for its user-
friendly workflow design and extensibility, while WEKA is
widely adopted in academia due to its simplicity and
robust algorithm library. Orange offers visual
programming for interactive data analysis and has been
increasingly used for educational data exploration. These
tools are ideal for prototyping and testing machine
learning models without requiring deep coding
knowledge.

3.4. Integration with Al/ML Libraries

For advanced and customized analytics, integration with
programming libraries such as Python, Scikit-learn,
TensorFlow, and PyTorch is essential [45]. These libraries
enable the development of sophisticated models for
prediction, classification, natural language processing,
and deep learning. Python, in particular, has become the
dominant language in learning analytics and educational
data mining due to its vast ecosystem and community
support [46]. This approach is highly scalable and
adaptable to diverse educational data types, but typically
requires more technical expertise and computational
resources.

3.5. Usability, Scalability, and Adoption Considerations

The choice of tool often depends on the user’s technical
background, institutional infrastructure, and the scope of
analysis. LMS-based tools offer ease of use and are
readily adopted in teaching-focused environments but
may lack advanced analytical power [47]. Open-source
and education-specific data mining platforms offer
greater depth and flexibility, but require technical
investment [48]. AI/ML library integration ensures high
scalability and sophistication, ideal for large-scale
learning or big data research [49].

4. Key Application Areas

Learning analytics and educational data mining are being
increasingly applied across various educational settings
to enhance learning outcomes, improve instructional
strategies, and supportinstitutional decision-making. The
following are some of the most impactful application
areas, supported by practical use cases in both K-12 and
higher education settings.

4.1. Dropout Prediction and Early Intervention

One of the most common applications of learning
analytics and educational data mining is predicting
student dropout or academic failure. Machine learning
models, such as decision trees, logistic regression, and
support vector machines, are trained on historical
student data, including grades, attendance records, and
engagement metrics, to identify students at risk [50].
These predictive models enable early interventions, such
as personalized academic support, counseling, or
tailored communication strategies, helping institutions
improve retention and student success.

4.2. Student Engagement and Behavior Analysis

Understanding how students interact with digital learning
environments is crucial for enhancing motivation and
achieving better outcomes. Engagement analysis uses
behavioral data (e.g., clickstream logs, discussion forum
activity, quiz attempts) to identify participation patterns
[51, 52]. Clustering and time-series analysis can segment
students based on behavior types, such as passive
viewers versus active participants. These insights support
the design of differentiated instruction and more
engaging learning environments.

4.3. Adaptive Learning and Personalization

Adaptive learning systems aim to provide personalized
pathways by adjusting content, difficulty, and pacing
based on individual learner performance [53].
Techniques such as reinforcement learning, Bayesian
modeling, and rule-based engines are employed to
optimize content sequencing. These systems are
particularly beneficial in large-scale online learning
platforms and intelligent tutoring systems, where
personalization improves both learner satisfaction and
achievement.

4.4. Curriculum Design and Resource Planning

Data analytics also play a key role in curriculum
refinement and institutional planning. By analyzing
assessment results, resource usage, and course
completion rates, educators can identify learning
bottlenecks and areas requiring redesign [54].
Visualization tools and item analysis help instructors
pinpoint ineffective materials or poorly performing test
items. At the administrative level, aggregated data
informs strategic decisions about course offerings,
faculty allocation, and infrastructure investments.

4.5. Summary of Selected Studies

Table 1 highlights selected studies that demonstrate the
practical application of learning analytics and educational
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Table 1. Selected studies demonstrating learning analytics and educational data mining applications.

No. Authors Educational Level Method(s) Tool(s) Key Findings
1 Yagci [25] Higher Education Random Forest, Academic ML models predicted final exam grades
SVM, Logistic Records with 70-75% accuracy, supporting the
Regression, Naive  (Midterm, early identification of at-risk students
Bayes, k-NN Department, with limited input data, which is
Faculty Data) valuable for learning analytics in higher
education.
2 Alruwais and Higher Education CATBoost, VLE Data CATBoost outperformed other models
Zakariah [51] XGBoost, in detecting student engagement with
Random Forest, ~92.23% accuracy, 100% recall, and an
MLP AUC of 0.9624; it surpassed the AISAR
model in all metrics.
3 Demartini et al. Primary & Secondary  Learning Adaptive Developed an Al-based dashboard to
[53] Education Analytics, Al- Learning Tools enhance adaptive learning and support
based Dashboard educators; aimed to reduce dropout,
improve collaboration, writing, and
computational thinking; highlighted
resistance in K-12 to analytics
adoption.
4 Goren et al. [55] Higher Education Neural Networks,  LMS & Developed a 'studentship' feature
XGBoost Administrative combining cognitive and social
Data elements, enhancing early dropout
prediction accuracy. Link
5 Johar et al. [56] Higher Education Systematic Learning Identified behavioral engagement as
Literature Review  Analytics the most analyzed dimension;
emphasized the need for multifaceted
engagement analysis. Link
6 Peng et al. [57] Higher Education Smart Learning Adaptive Proposed a framework for
Environments Learning Systems  personalized adaptive learning,
focusing on individual characteristics
and performance. Link
7 Park et al. [58] Higher Education Decision Tree, LMS (Cyber Using 7 years of LMS data, RF
Random Forest University) & demonstrated the highest prediction
(RF), SVM, Deep Learner Statistics  accuracy for early dropout; DNN was
Neural Networks also found to be suitable for
(DNN) integration into LMS systems.
8 Zhang et al. [59] Higher Education Data Mining University IMS Applied data mining to improve
(Classification, university information systems;
Association identified course enrollment patterns
Rules) and enhanced administrative data
analysis and decision-making
capabilities.
9 Koc and Akin [60] Secondary Education  Beta Regression, Socioeconomic &  Beta regression and random forest
Support Vector Educational models effectively predicted high
Regression, Statistics school entrance exam success rates;
Random Forest, key predictors included the divorce
Decision Tree rate, GDP, and illiteracy rates. Random
forest showed slightly better overall
performance.
10  Aldhafeeri and Secondary Education  Experimental Engagement The Digital Education Shifting (DES)

Alotaibi [61]

Study (DES
Model)

Checklist Survey

model improved both internal and
observable engagement in online
classes, demonstrating that digital
learning, when enhanced with teacher-
student interaction, can rival traditional
education in effectiveness.
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data mining techniques. These cases demonstrate how
institutions have leveraged data to predict dropout risks,
enhance student engagement, personalize instruction,
and refine curriculum design.

The studies summarized in Table 1 reflect the diverse and
impactful ways in which Learning Analytics and
Educational Data Mining are being applied across
educational levels. A common trend among these cases
is the use of machine learning models, such as Random
Forest, XGBoost, and Neural Networks, for tasks like
dropout prediction and engagement analysis,
demonstrating their effectiveness in  producing
actionable insights.

Several studies focus on higher education, where large-
scale data from LMS platforms support personalized
learning, early warning systems, and curriculum
optimization. Notably, adaptive learning frameworks and
Al dashboards show promising outcomes in improving
learner satisfaction and performance. At the same time,
applications in K-12 education highlight both the
potential and the challenges, such as resistance to
technology adoption and integrating analytics in more
structured and traditional environments.

5. Conclusion and Future Directions

The integration of advanced techniques and tools in
learning analytics and educational data mining has
significantly expanded the ability of educators,
researchers, and institutions to enhance educational
outcomes. By combining statistical models, machine
learning algorithms, and interactive visualization tools,
learning analytics and educational data mining provide
actionable insights into learner behaviors, instructional
effectiveness, and institutional processes. The synergy
between these analytical techniques and technological
platforms enables data-informed decisions that are more
targeted, timely, and scalable.

Despite the progress in the field, several challenges
remain. Data quality remains a significant concern, as
inconsistent, incomplete, or biased data can compromise
the accuracy and fairness of analytics outcomes. Tool
accessibility and scalability are also critical issues,
particularly in under-resourced educational settings
where institutions may lack the infrastructure or
technical expertise to adopt advanced analytics systems.
Furthermore, educator training is essential to ensure that
insights derived from learning analytics and educational
data mining are effectively interpreted and applied.
Without adequate professional development, the full
potential of these technologies may go unrealized.

Looking ahead, there are numerous opportunities to
advance the impact of learning analytics and educational
data mining. The development of real-time analytics
systems can provide learners and instructors with
immediate feedback, fostering more dynamic and
responsive educational environments. Additionally, the
incorporation of ethical Al principles, such as
transparency, privacy protection, and bias mitigation, will
be crucial to building trust and ensuring that analytics
systems support equitable learning experiences. As the
volume and complexity of educational data continue to
grow, so does the potential for intelligent, personalized,
and ethical learning systems.

Finally, realizing the full promise of learning analytics and
educational data mining requires interdisciplinary
collaboration. Expertise from computer science,
education, psychology, data ethics, and domain-specific
pedagogies must converge to design analytics systems
that are not only technically sound but also pedagogically
meaningful and socially responsible. As the field evolves,
continued collaboration among educators, researchers,
developers, and policymakers will be essential to shaping
the future of data-informed education.
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