1. Dataset Acquisition and Description

1.1. Obtain the dataset

1.1.1. [bookmark: _GoBack]Download the NDB-UFES multimodal dataset35 developed by the Federal University of Espírito Santo, Brazil.

1.1.2. Verify that the dataset contains 237 samples of histopathological images corresponding to OSCC and leukoplakia.

1.2. Inspect dataset contents

1.2.1. Verify that the dataset includes tabular attributes such as patient_id, image_path, localization, larger_size, tobacco_use, alcohol_consumption, sun_exposure, gender, skin_color, and age_group.

1.2.2. Confirm that image and clinical data are available for each sample.

1.2.3. Refer to Figure 2A and Figure 2B for sample images of OSCC and leukoplakia, respectively.

[Place Figure 2 here]

2. Clinical Data Pre-Processing

2.1 Handle missing values

2.1.1 Identify missing values in the clinical dataset.

2.1.2 Replace missing numerical values with the mean of the respective column.

2.1.3 Replace missing categorical values with a new category labeled “Unknown.”

2.2. Normalize clinical data

2.2.1. Fit StandardScaler on numerical features of training data only using StandardScaler from Scikit-learn to standardize feature distributions, avoid data leakage, and facilitate fast convergence during model training. Apply the same transformation to validation and test sets.

2.2.2. Encode categorical features using LabelEncoder from Scikit-learn to assign a unique integer value to each category.

3. Histopathological Image Pre-Processing

3.1. Load the histopathological images dynamically by matching filenames from the CSV file. 

3.2. Read each image using the Python imaging library within a custom PyTorch dataset class.

3.3. Resize all histopathological images to a fixed resolution of 224 × 224 pixels.

3.4. Normalize pixel intensity values to the range [0, 1] to ensure consistency across inputs and stabilize model training.

4. Dataset Splitting

4.1. Split the dataset using five-fold group-wise stratified cross-validation implemented via StratifiedGroupKFold from sklearn.model_selection, with shuffle=True and random_state=42. 

5. Data Augmentation

5.1. Apply augmentation to the training dataset only.

5.2. Apply random rotation within ±15°to histopathological images using Torchvision transforms.

5.3. Apply horizontal flipping with probability 0.5 using Torchvision transforms.

5.4. Apply color jitter transformations with brightness = 0.2, contrast = 0.2, saturation = 0.1, and hue = 0.05 using Torchvision transforms.

5.5. Introduce small perturbations to numerical clinical features.

5.6. Preserve categorical feature values without any modification.

6. Data Balancing

6.1. Calculate the number of samples in each class (e.g., OSCC and leukoplakia) to identify imbalance.

6.2. Compute class weights as inverse class frequency to ensure that minority classes receive higher importance during training.

6.3. Perform weighted sampling using the WeightedRandomSampler function in PyTorch to address class imbalance issue in training.

6.4. Integrate WeightedRandomSampler with DataLoader (with shuffle=False) to generate balanced mini-batches during training. 

6.5. Do not apply sampling strategy to validation or test datasets.

NOTE: This approach enables the model to learn effectively from underrepresented classes without altering the original dataset distribution.

7. Model Architecture

7.1. Feature encoding

7.1.1. Image feature extraction

7.1.1.1. Load histopathological images with a resolution of 224 × 224 pixels.

7.1.1.2. Initialize EfficientNetB0 as a pre-trained CNN model using torchvision. Freeze the earlier convolutional layers during training and fine-tune the last two blocks to adapt to oral lesion features.

7.1.1.3. Remove the final classification layer from the CNN.

7.1.1.4. Pass the input image through the CNN backbone to extract high-level feature representations.

7.1.1.5. Apply global average pooling to obtain a fixed-length feature vector.

7.1.1.6. Compute image embedding () using Equation 1:



7.1.2. Clinical feature extraction

7.1.2.1. Input processed clinical features into a clinical encoder.

7.1.2.2. Construct the clinical encoder using a two-layer multilayer perceptron, consisting of a fully connected layer with 256 neurons and ReLU activation, followed by a second fully connected layer that maps to a 128-dimensional embedding space with ReLU activation.

7.1.2.3. Generate a compact feature embedding representing the clinical modality.

7.1.2.4. Compute the tabular embedding () using Equation 2:



7.2. Projection of extracted features into common latent space

7.3. Cross-attention-based multimodal fusion

7.3.1. Implement attention using PyTorch nn.MultiheadAttention with one attention head.

7.3.2. Compute attention scores using scaled dot-product between Q and K.

7.3.3. Normalize the attention scores using the softmax function.

7.3.4. Multiply the normalized attention weights with V to obtain the context-aware representation .

7.3.5. Compute the attention output using Equation 6:



7.4. Feature fusion and refinement

7.4.1. Concatenate  and  to obtain the fused representation  (Equation 7).



7.4.2. Pass the fused features through a fully connected layer with 128 neurons followed by ReLU activation.

7.4.3. Apply dropout regularization to reduce overfitting.

7.5. Final classification layer

7.5.1. Input the fused feature representation () into a fully connected classification layer to obtain a new feature representation  (Equation 8).



7.5.2. Apply a  activation function to obtain class probabilities (Equation 9):



7.5.3. Assign the final class label based on the maximum probability score.
