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RViTVariantl 7,527,612 1,842
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Pa eter Description
Image size 224 x 224
Patch Size 16
Patch embedding dimension 142
Depth 10
Number of heads 10
MLP size 480
Embedding integration Average
Batch size 32
Attention dropout 0.1
Optimizer Adam
Weight decay 0.01
Learning rate 0.001
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Parameter

Image size 224 x 224
Patch size 16
Patch embedding dimension 768
Depth 12
Number of heads 12
MLP size 1,024
Batch size 32
Attention dropout 0.1
Optimizer Adam
Weight decay 0.01
Learning rate 0.001
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*“Q (Query): Encodes the current token’s feature representation, K (Key): Represents the

feature encoding of all tokens, V: Contains contextual information corresponding to the
input tokens.dy: Scaling factor, equal to the dimension of the key vector, ensuring numerical

1 | Input: EEG signals (N samples, C channels, T time points)

2 | Output: Neurotherapeutic predictions

3 | Preprocessing

4 Remove — noise and artifacts using (ICA and band-pass filtering).

5 Normalize EEG signals channel-wise.

6 Segment signals into fixed-length windows (size T).

7 | Feature Representation

8 Represent each EEG channel as a time-series sequence.

9 Apply — embedding to transform input sequences into

high-dimensional vectors.

10 | Temporal Encoding

11 Add positional encodings to embed temporal dependencies.

12 | Transformer Architecture

13 Initialize multi-head self-attention

14 Compute Query (Q), Key (K), and Value (V) matrices.

15 Calculate attention scores — softmax(QK” i \/@).

16 Compute weighted outputs — Attention(Q, K, V) = softmax(QK Ty

V@) *V.

17 Apply — spatial attention to model inter-channel relationships.

18 Pass outputs through feedforward layers for nonlinear transformations.

19 Use layer normalization after each sublayer to stabilize training.

20 | Adaptive Attention Mechanism

21 Integrate an adaptive attention mask to prioritize significant temporal
and spatial features.

22 Dynamically adjust weights based on domain-specific variations in
EEG data

23 | Output Layer

24 Apply — dense layers for classification

25 Generate — neurotherapeutic predictions.

26 | Training and Evaluation:

27 Train model using cross-entropy loss (for classification) or MSE (for
regression).

28 Evaluate using metrics: “accuracy, precision, recall, specificity, F1-score,
and AUC”

29 | End.

stability in softmax”
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Model configuration Accuracy Sensitivity Specificity Precision

Hybrid CNN-GRU with attention 96.79 94.85 97.89 95.34
Hybrid CNN-GRU without attention 93.45 91.78 95.12 92.3
Standalone CNN 92.45 90.23 93.8 91

Standalone GRU 91.89 89.67 92.34 90.12
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References Method Dataset Accuracy Precision Recall Fl-score

Liu etal, 2015 Multimodal neuroimaging ADNI 93.2 91.5 92.4 91.9
feature learning

Luetal, 2018 Multimodal and multiscale DNN ADNI 95.6 94.3 93.8 94

Prabhu et al., 2022 Multi-modal DL using MRI and Private EHR and imaging 92.7 91.8 90.4 91.1
EHR dataset

Proposed framework CNN-GRU with attention HCP 96.79 95.34 94.85 95.09

mechanisms
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