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Abstract This paper proposes the design of a personalized learning support system for students with
learning disabilities, utilizing biometric signals. The system leverages EEG (electroencephalography) and
eye-tracking data to monitor the learner's state in real-time, identifying signs of decreased
concentration, boredom, or diminished interest. By providing customized feedback and an adaptive
learning environment, the system aims to enhance the learning experience and effectiveness. Key
components of the system include data collection using Emotiv Epoc X and eye-tracking devices, data
preprocessing, and the application of Al models such as Convolutional Neural Networks (CNNs) and
Long Short-Term Memory (LSTM) networks. Additionally, Random Forest and Gradient Boosting
techniques are employed to predict learner characteristics and optimize feedback, while Decision Trees
are used to analyze learning outcomes and deliver individualized recommendations. The proposed
system aims to provide an optimal learning environment for students with learning disabilities, with the

ultimate goal of improving educational performance and motivation.
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2.1 Convolutional Neural Networks(CNN)
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[Fig. 1] General structure of 1D CNN for signal
pattern recognition

2.2 Long Short-Term Memory(LSTM)
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[Fig. 2] Long Short-Term Memory(LSTM) Network
Architecture
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2.4 Decision Trees
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[Fig. 3] Simulated EEG Data Power Spectral Density
(1-50 Hz) After Preprocessing
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[Fig. 4] Workflow for EEG and Eye-Tracking Data
Acquisition, Analysis, and AI-Based
Classification

4.1.1 Al-Based EEG Pattern Classification
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[Fig. 5] CNN-LSTM based pattern classification
architecture using EEG brain signals

4.1.2 User Biometric Signal Analysis and
Prediction
ALgAR] A A1E HolElS AT 53] 915
EEG A9 Al 57 dlol] £48 A8t} AH &
% dolel A8 WFEY FUES wersl o]
J

9] ol AZe} FA| AZEE 7|Est] gt 3"
AA F4 dlolEe AAY IS B3l 2 AA, Hlo]
B A3t E4 2 55 $yste] E40] A3t JH
2 HSHETH13].

7FS-AIQE "EfQ} Wt IEE ARSS] 23t 2
wsto] JFS Hasleta, =] YA A&t
sloto] dlolE 9] d|AS AAR F&H F8 29
E9t 9] 239 52 Al 4 ndEe] gYo ALg
Hoh A4 37 glolE|e} EEG tlolHE 2] ARgAt
o] JBE, JEE, I1% 55 dSoks RES 150t
I, 22 FFE B9l HH9| slo|nuietu|ElE 2=t}
HFTH o=, ARG AHE HAIRICR HUEF5}o]
AE9 Aot gre 4 52 AAskL A-g f=

we AFSHe A2de Pt

4.2 Learner Feedback
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[Fig. 6] Data Processing and Machine Learning
Pipeline for Predicting and Analyzing Student
Performance

4.2.1 Al-Based Learner Characteristic
Prediction
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4.2.2 Learner Performance Analysis
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[Fig. 71 Workflow of Concentration Monitoring and
Feedback in Study Sessions
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[Fig. 8] Test Accuracy and Errors in Tasks Over Time
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