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Abstract

The rapid digitalization of education has led to an
explosive growth of multi-source and multi-modal
learning data, providing new opportunities for
advancing Educational Data Mining (EDM). By
learning diverse data such as learning behaviors,
assessment records, and interaction logs, EDM
enables deeper insights into student learning
processes and supports the development of
personalized and intelligent education. However,
several critical challenges remain, including the
heterogeneity and fragmentation of multi-source
data, the difficulty of extracting meaningful
knowledge through effective data fusion, and
the limited interpretability of high-performance
predictive models. To address these challenges, this
paper emphasizes the importance of integrating
multi-source data fusion with explainable
knowledge modeling. Multi-modal data fusion
provides the basis for constructing comprehensive
and coherent learner representations. The
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explainable approaches are essential for ensuring
transparency, trust, and practical usability in
educational settings. In particular, fuzzy knowledge
representation, characterized by interpretable rules
and membership functions, is important for
bridging data-driven analytics and pedagogical
reasoning. Fuzzy systems are the ideal candidates
for explainable knowledge modeling as they
combine human-like linguistic reasoning with
mathematically precise computation by allowing
symbolic rules and numerical data in a transparent
and interpretable way. By analyzing the key
challenges and emerging directions in multi-source
educational data mining, this editorial highlights
the necessity of combining data integration,
personalized learning, and interpretability. Such an
approach enables more precise learning path design,
targeted intervention, and trustworthy decision
support, ultimately advancing the development
of intelligent, explainable, and learner-centered
educational systems.
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1 Introduction

The rapid advancement of information technology
is driving a profound digital transformation in
educational data mining [1]. Traditional pedagogical
models are confronted with several challenges,
including limited instructional diversity and inability
to accurately capture individual learner differences.
These limitations hinder their ability to accommodate
increasingly heterogeneous student populations and
align with the complex demands of modern education.
To address these issues, the emergence of Educational
Data Mining (EDM) provides new opportunities
[2]. By analyzing large-scale educational data,
EDM enables in-depth analysis of students’ learning
processes, behavioral patterns, and performance
outcomes, thereby supporting the development
of personalized learning and intelligent education
systems.

In modern education, the volume of data has grown
explosively [3], driven largely by the widespread
adoption of online learning platforms and digital
learning systems. Learning management systems,
intelligent tutoring platforms, and other online
educational environments continuously generate
diverse forms of data, ranging from learning behaviors
and assignment records to assessment results,
interaction logs, and knowledge mastery indicators.
Such data is inherently heterogeneous, encompassing
both structured formats such as final exam scores and
test results, and unstructured formats like discussion
texts.

Consequently, the key challenge has shifted from data
collection to the effective integration and utilization
of multi-source, multi-modal data [4]. In particular,
extracting meaningful and actionable knowledge
through cross-modal data fusion has emerged as a
critical bottleneck in advancing intelligent education.

2 Challenges in Multi-Source Educational Data
Mining
2.1 Heterogeneity and Data Fusion Challenge

Educational data is inherently —multi-source,
multi-modal, and heterogeneous [5]. While different
data types capture complementary aspects of student
learning, they are often stored and processed in
isolation. Such fragmentation hinders the ability
to uncover deeper semantic relationships across
modalities.

Existing research on data fusion in education is still
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in early stages and often rely on simple feature
concatenation or shallow integration strategies. In
this case, they often fail to fully exploit the intrinsic
relationships among heterogeneous data sources.
Therefore, developing effective multi-source data
fusion mechanisms remains a fundamental challenge
in EDM.

Intervention

2.2 Personalized Learning and

Challenge

Every learner is unique, they vary widely in learning
styles, cognitive abilities, and educational needs,
making traditional “one-size-fits-all” instructional
approaches inadequate for addressing such diversity
[6]. In this case, EDM provides the potential to
design personalized learning pathways through the
analysis of student behavior and performance data
[7]. However, achieving fine-grained and precise
personalized intervention remains challenging.

In the context of multi-source data, achieving
accuracy, adaptivity, and real-time responsiveness
in personalized recommendations demands deeper
integration of heterogeneous information and more
sophisticated modeling techniques. Bridging the gap
between coarse-grained personalization and precise,
dynamic intervention remains an open challenge.

2.3 Interpretability Challenge in EDM Models

Beyond personalization, model interpretability poses
another critical challenge in EDM [8]. While machine
learning and deep learning methods have achieved
strong predictive performance, their “black-box”
nature limits their applicability in educational settings.

In practice, to make informed instructional decisions,
educators need to understand the reasoning behind
model predictions. While for students, they require
transparency to build trust in intelligent learning
systems. The lack of interpretability not only reduces
model usability but also hinders the adoption of model
prediction-driven educational technologies.

3 Explainable Knowledge Modeling

To address the challenge of interpretability, explainable
knowledge modeling has emerged as a promising
direction [9]. Fuzzy systems stand out because
they combine human-like linguistic reasoning with
mathematically precise handling of uncertainty, giving
them a natural advantage in transparency and
interpretability. Other explainable approaches such
as decision trees, expert systems, and probabilistic
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models each offer strengths, but they either struggle
with ambiguity, lose clarity as complexity grows,
or rely on explanations that are less intuitive for
non-experts. Compared with these methods, fuzzy
systems provide a more flexible, human-aligned way
to represent knowledge while still maintaining a fully
traceable decision process [12].

Based on fuzzy rules and membership functions, fuzzy
knowledge representation provides a natural and
interpretable approach [10]. Fuzzy systems represent
knowledge in a linguistic and human-understandable
form, enabling transparent reasoning processes [11].
This characteristic makes them particularly suitable for
educational scenarios, where interpretability and trust
are essential.

Fuzzy knowledge has been successfully applied in
various domains, such as the Internet of Things,
healthcare, transportation, energy, economics,
multi-criteria decision-making [13], clinical diagnosis,
and special needs education [14]. However, its
application in multi-source educational data mining
remains relatively underexplored.

Given its ability to handle uncertainty and model
gradual learning states, fuzzy knowledge offers a
promising solution for integrating heterogeneous
educational data while maintaining interpretability.
It provides a bridge between data-driven analytics and
pedagogical understanding, enabling both accurate
and explainable decision-making.

4 Towards Intelligent and
Educational Data Mining

Explainable

In summary, advancing EDM requires addressing
three key challenges, namely, (1) Efficient multi-source
and multi-modal data fusion; (2) Fine-grained and
adaptive personalized learning; and (3) Interpretable
and trustworthy modeling frameworks.

By integrating multi-source educational data and
leveraging explainable knowledge representations
such as fuzzy systems, it becomes possible to:

Construct personalized learning pathways Enable
precise tutoring and intervention Provide transparent
decision support for educators and learners

By integrating multi-source educational data and
leveraging explainable knowledge representations
(e.g., fuzzy systems), it becomes possible to construct
personalized learning pathways, enable precise
tutoring and intervention, and provide transparent
decision support for both educators and learners.

5 Conclusion

Educational data mining plays a vital role in advancing
personalized, intelligent, and data-driven education.
Effectively fusing multi-source,  multi-modal
educational data with explainable knowledge

modeling is essential to overcoming the limitations in
the field of EDM.

This editorial highlights the importance of integrating
data fusion and interpretability to build intelligent and
trustworthy educational systems. Such integration
not only improves the effectiveness of personalized
learning and teaching interventions but also
strengthen user trust and practical applicability.

Ultimately, advancing EDM through multi-source data
fusion and explainable knowledge contributes to the
broader goal of education: enabling every learner to
achieve their full potential through intelligent and
reliable support.
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