[bookmark: _Hlk218601539]Transformer Core Fusion Module
The Transformer encoder is the core for realizing cross-modal feature fusion. It captures the dependencies between features of different modalities through the multi-head self-attention mechanism, achieving dynamic interaction and optimization of features. This study adopts a stacked Transformer encoder structure, with the specific design as follows:
Six Transformer encoder layers with the same structure are stacked (N=6). Each layer integrates a multi-head self-attention sublayer and a position-wise feed-forward network, further enhancing the cross-modal feature fusion effect through multi-layer iterative interaction;
Multi-head self-attention mechanism: The standard calculation paradigm is adopted, with the formula as follows:
MultiHead(Q, K, V) = Concat(head1, head2,…, headh)Wo, where each headi =Attention (QWiQ, KWiK, VWiV). In the formula, Q (query vector), K (key vector), and V (value vector) are all derived from the input sequence after embedding encoding. WiQ, WiK, and WiV are the query, key, and value linear transformation matrices of the i-th attention head, respectively, and Wₒ is the output linear transformation matrix after concatenation of attention heads;
Each encoder layer contains a position-wise feed-forward network, which performs non-linear transformation on the features output by the attention mechanism to enhance the feature representation ability of the model. To prevent gradient vanishing or training instability during model training, residual connections and layer normalization are implemented subsequent to each sublayer. The relevant sublayers include the multi-head self-attention sublayer and the position-wise feed-forward sublayer. This ensures stable model training.
[bookmark: _Hlk218277339]Based on a widely adopted configuration in Transformer-based clinical models to balance representational capacity and computational efficiency, we set the model dimension dmodel = 512 for the multi-head attention module. We selecting h=8 as it achieved the optimal trade-off between predictive performance and computational cost. The dimension of each attention head was determined by the constraint dhead = dmodel / h, ensuring uniform splitting of the model’s representational space across heads; thus, each head has a dimension of 512/8=64, which facilitates focused modeling of distinct temporal dependency patterns while maintaining computational feasibility. 
