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Abstract The proposed system demonstrates the feasibility of adaptive learning environments that
respond to learners cognitive and physiological changes in real time. This study proposes an
unsupervised learning approach using the Self-Organizing Map (SOM) to classify user states in Brain-
Computer Interface (BCI) systems and apply them to a personalized learning recommendation model.
EEG signals from alpha, beta, and theta frequency bands were analyzed to cluster user cognitive states
into high focus, moderate focus, and low focus levels. The SOM model enabled clustering without
labeled data, and the ontology-based recommendation algorithm dynamically adjusted learning content
according to user states. Future work will focus on real EEG experiments and the integration of
multimodal biosignals to enhance precision and expand the practical application of real-time

personalized learning systems.
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[Fig. 1] SOM Training Process

Error(QE)?} Topographic Error(TE)S #AAE S5
SOMY] =¥ EA4S g1 4= Ut

EEG Feature Vector

Input vector

SOM

Distance
computation
BMU selection

5]

Q
Q
O

Weight update
/ Iteration
Repeat ° High Focus
oo o| Moderate
® Focus

Low Focus

[Fig. 2] SOM-based EEG User State Classification
Process
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[Fig. 3] Ontology Mapping between SOM-based User
States and Learning Content Recommendation
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{Table 1> Clustering Quality Evaluation Results Recommended
Recommendation Content
Evaluation Metric Value Interpretation Rule Table K
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Davies—Bouldin (DB) 0.44 Good cluster separation User User State content
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dlojgo] A8t Ay}, Z+z Silhouette=0.48, 0.532
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(Table 2) State-Based Recommendation Rules
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) Higher—difficulty |Problem solving,
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. General content -
Focus activity concept review
Low Focus 0/8 t, Bla | Review-oriented Vidssﬁ::ﬁ;lﬂe&
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materials
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