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Introduction:

1. Understanding how students learn and process knowledge is essential for improving
educational outcomes. One important concept in this area is epistemic cognition, which
refers to how learners understand, evaluate, and apply knowledge during learning
activities. Traditional methods such as surveys and tests are often subjective and fail to
capture real-time cognitive states.

2. Electroencephalography (EEG) provides a non-invasive way to measure brain activity and
offers continuous insights into a student’s cognitive engagement, attention, and mental
workload. EEG signals consist of different frequency bands such as alpha, beta, and
gamma, which are associated with various cognitive processes like relaxation, focus, and
higher-order thinking.
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Figure 1: EEG Brainwave Frequency Bands
Frequency Band Range(Hz) Cognitive State
Delta () 0.5-4 Hz Deep sleep, unconsciousness.
Theta (6) 4-8 Hz Drowsiness,meditation,early learning,creativity.
Alpha (a) 8-13 Hz Relaxed wakefulness,calm but alert,eyes closed.
Beta (B) 13-30 Hz Active thinking, focus, problem-solving.
Gamma (y) 30-100 Hz High-level cognition,memory binding,consciousness

Table 1: EEG Frequency Ranges and Their Cognitive States
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Cognitive State EEG Characteristics Description
Naive Higher theta (4-8Hz), lower alpha(8- Passive learning or early-stage cognitive
10Hz) tasks.
Developing Mid alpha and beta(10-15Hz) Improving attention and more structured
thinking.
Sophisticated Higher beta and gamma activity(18- Shows expert cognition and strong
40Hz) working memory.

1.

Table 2: Distinguishing Cognitive States

With advancements in artificial intelligence, deep learning models can effectively analyse
complex EEG signals. In this project, a Transformer-based deep learning model is used
to classify students’ cognitive states into categories such as naive, developing, and
sophisticated. These categories represent different levels of understanding, ranging from
basic memorization to deeper analytical thinking.

Before classification, EEG signals undergo preprocessing steps such as filtering and
segmentation to improve data quality. The processed data is then used to train the model
and evaluate performance using metrics like accuracy and precision.

The proposed system aims to enable monitoring of students’ cognitive states and support
personalized learning. By identifying students who need assistance, this approach can
help educators provide timely interventions and improve overall learning effectiveness.

Objectives:

To preprocess EEG signals from students during various learning activities in order to
extract meaningful cognitive features linked to attention, engagement, confusion.

To apply deep learning model for accurate classification of different cognitive states based
on EEG signal patterns.

To evaluate the impact of different educational tasks and environments on student
cognition using EEG-based analytics.

To validate the effectiveness of EEG-based cognitive classification in improving
personalized learning experiences and overall academic outcomes.

Methodology:

Step 1: Data Acquisition

Multichannel EEG data is collected from students while they perform educational tasks.
Initial verification is carried out to remove missing values, detect abnormal signals, and
ensure proper distribution of cognitive states such as naive, developing, and sophisticated.
Step 2: Feature Extraction
EEG signals are divided into frequency bands including theta (4-8 Hz), alpha (8-13 Hz),
beta (13-30 Hz), and gamma (30-45 Hz). From these bands, cognitive features such as
attention, engagement, confusion, cognitive load, and arousal are computed to represent
brain activity patterns.
Step 3: Data Preprocessing and Normalization
Preprocessing techniques are applied to improve signal quality. Z-score normalization is
used to standardize the data, ensuring consistent scaling and better model performance.
To ensure consistent scaling across features, z-score normalization is applied:

zZ = e

o
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This standardization improves model convergence and prevents feature dominance.
Step 4: Dataset Balancing and Segmentation
To handle class imbalance among cognitive states, Mini-Batch K-Means clustering is used.
This ensures balanced representation of all classes during training.
EEG signals are inherently sequential; therefore, sliding windows are created:

e Sequence length: 64

e Stride: 32
Each window forms a temporal segment of 64 consecutive samples, converted into a
format suitable for Transformer input.
Step 5: Transformer-Based Model Training
A Transformer-based deep learning model is used to analyse EEG sequences. It uses self-
attention mechanisms to capture relationships across time and features, enabling effective
classification of cognitive states into naive, developing, and sophisticated categories
Classification Layer:
A Softmax output with three classes:

{0 = naive, 1 = developing, 2 = sophisticated}

Training uses:

e Cross-entropy loss

e Adam optimizer

e Class-weights to address residual imbalance

e Dropout regularization to avoid overfitting
Validation accuracy is monitored across epochs to ensure optimal model generalization.
Step 6: Model Evaluation and Performance Analysis
The trained model is evaluated using metrics such as accuracy, precision, recall, and F1-
score. A confusion matrix is also used to analyse classification performance across
different cognitive states.
Step 7: Cognitive State Prediction and Interpretation
The final model predicts students’ cognitive states based on EEG inputs. These predictions
can be used to support adaptive learning systems and provide personalized educational
feedback.
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Figure 2: Methodology for Classifying Students Cognitive States in Educational Context Using EEG Signals
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Results and Conclusion:

The proposed Transformer-based EEG cognition classification system was evaluated using
standard performance metrics such as accuracy, precision, recall, and F1-score. The model
achieved an overall classification accuracy of approximately 90%, indicating strong performance
in identifying students’ cognitive states as naive, developing, and sophisticated.
The training and validation curves show a steady increase in accuracy and a decrease in loss
across epochs, indicating stable learning and effective convergence of the model. The small gap

between training and validation performance suggests minimal

generalization capability.

Using device: cpu
A Stratify disabled: some videos appear only once
Scaler saved to ‘eeg_transformer_scaler.pkl®

Windows shapes -> train: (4340, 64, 5), val: (240, 64, 5),
Epoch ©1 | Train Acc: ©.5440, Val Acc: ©.5583 | Train Loss:
Epoch ©2 | Train Acc: ©.6654, Val Acc: ©.7125 | Train Loss:
Epoch @3 | Train Acc: ©.7378, Val Acc: ©.775@ | Train Loss:
Epoch @4 | Train Acc: ©.7783, Val Acc: ©.7167 | Train Loss:
Epoch @5 | Train Acc: ©.7816, Val Acc: ©.775@ | Train Loss:
Epoch @6 | Train Acc: ©.8035, Val Acc: ©.7042 | Train Loss:
Epoch @7 | Train Acc: ©.8145, Val Acc: ©.8500 | Train Loss:
Epoch @8 | Train Acc: ©.8320, Val Acc: ©.8417 | Train Loss:
Epoch ©9 | Train Acc: ©.8281, Val Acc: ©.8667 | Train Loss:
Epoch 1@ | Train Acc: ©.8495, Val Acc: ©.8625 | Train Loss:
Epoch 11 | Train Acc: ©.8622, Val Acc: ©.8500 | Train Loss:
Epoch 12 | Train Acc: ©.8719, Val Acc: ©.8167 | Train Loss:
Epoch 13 | Train Acc: ©.8733, Val Acc: ©.8083 Train Loss:
Epoch 14 | Train Acc: ©.8696, Val Acc: ©.8833 Train Loss:
Epoch 15 | Train Acc: ©.8742, Val Acc: ©.7875 Train Loss:
Epoch 16 | Train Acc: ©.8836, Val Acc: ©.8917 | Train Loss:
Epoch 17 | Train Acc: ©.8786, Val Acc: ©.8750 | Train Loss:
Epoch 18 | Train Acc: ©.8887, Val Acc: ©.8917 | Train Loss:
Epoch 19 | Train Acc: ©.8977, Val Acc: ©.8542 | Train Loss:
Epoch 20 | Train Acc: ©.8896, Val Acc: ©.9000 | Train Loss:
Saved model as ‘best_eeg_transformer.pt’
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Figure 3: Training and Validation Accuracy/Loss Curves

The training and validation curves show a steady increase in accuracy and a decrease in loss
across epochs, indicating stable learning and effective convergence of the model. The small
gap between training and validation performance suggests minimal overfitting and good

generalization capability.
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Figure 4: ROC Curve for Multi-Class EEG Classification
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The ROC curve analysis shows high AUC values (above 0.95) for all cognitive classes,
demonstrating strong discriminative ability of the model. The confusion matrix further
confirms that most predictions are correctly classified, with only minor confusion between
closely related cognitive states.

Using device: cpu
Accuracy: 90.9019271383315733
Precision: ©.9141114719991333
Recall: ©.9019271383315733
F1 Score: ©.9013708160581929
Confusion Matrix:

[[3979 63 1074]

[ 15 4921 82]

[ 2 250 4766]]
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Figure 5: Confusion Matrix for Cognition State Classification
In addition to model performance, a user-friendly EEG cognition dashboard was developed to
demonstrate practical implementation. The system allows users to input EEG data, analyse

cognitive states, and visualize results through an interactive interface.
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Figure 6: Cognitive State Comparison Interface
Overall, the results demonstrate that Transformer-based models are highly effective for
analysing EEG signals and classifying cognitive states. The proposed system can be used in
adaptive learning environments to monitor student engagement and provide personalized
feedback. This approach has strong potential to improve learning outcomes by enabling
understanding of students’ cognitive processes.
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Future Scope:
Although the current system successfully classifies students’ epistemic cognition states using
EEG signals and Transformer-based deep learning, there are several directions in which this
work can be extended and improved in the future.
¢ Implementation with Low-Cost EEG Hardware:
Although the proposed system is designed as a low-cost EEG-based solution, the
current work focuses on validating the model using publicly available EEG datasets.
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In future, the system can be integrated with affordable EEG devices such as Muse or
Emotiv headsets to enable real-time data acquisition and practical deployment in
classrooms.

¢ Real-Time Cognitive State Monitoring:
The system can be extended to support real-time EEG signal processing, allowing
continuous monitoring of students during live learning sessions. This will help in
identifying cognitive changes instantly and improve learning outcomes.

o Early Detection of Learning Difficulties:
Future enhancements can focus on identifying specific learning difficulties such as
lack of attention, cognitive overload, and slow comprehension. This will enable
educators to provide early intervention and personalized support to students.

¢ Integration with Educational Platforms:
The system can be integrated with Learning Management Systems (LMS) to create
adaptive learning environments. Based on detected cognitive states, the system can
recommend suitable learning materials and adjust content difficulty.

¢ Extension to Multiple Cognitive and Emotional States:
The model can be expanded to include additional cognitive and emotional states such
as stress, engagement, frustration, and motivation, providing a more comprehensive
understanding of student learning behaviour.
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