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Author Questionnaire 
1. We have marked your project as author-provided footage, meaning you film the video yourself and provide JoVE with the footage to edit. JoVE will not send the videographer. Please confirm that this is correct. 
☐ Correct 
☐ Incorrect 

 2. Microscopy: Does your protocol require the use of a dissecting or stereomicroscope for performing a complex dissection, microinjection technique, or something similar?  Enter Yes or No.  
If a dissection or stereo microscope is required for your protocol, please list all shots from the script that will be visualized using the microscope (shots are indicated with the 3-digit numbers, like 2.1.1, 2.1.2, etc.).
Click here to list microscope shots, using the shot numbers from the protocol section of the video script.

3. Software: Does the part of your protocol being filmed include step-by-step descriptions of software usage?  Enter Yes or No.
If Yes, we will need you to record using screen recording software.
We recommend using the screen capture program OBS. JoVE’s tutorial for using OBS Studio is provided at this link: https://review.jove.com/v/5848/screen-capture-instructions-for-authors?status=a7854k

As these files are necessary for finalizing your script, please upload all screen captured video files to your project page as soon as possible.

[bookmark: Text5]4. Proposed filming date: To help JoVE process and publish your video in a timely manner, please indicate the proposed date that your group will film here: MM/DD/YYYY

DO NOT use this draft script for filming. Please wait until your script is finalized to begin the filming process. 

When you are ready to submit your video files, please contact our Content Manager, Utkarsh Khare. 

To ensure that your script can be filmed in one day, the protocol sections are cumulatively restricted to 55 shots (shots are the 3-digit numbers like 2.1.1, 2.1.2…etc)

Current Protocol Length

Number of Steps:  26
Number of Shots:  53 

Interviews 

Answers to these questions will become interview statements that you will deliver on camera.
· Introduction: Answer the 1st REQUIRED prompt and 1 additional question; Conclusion: Answer any 3 questions. No more than 5 interview statements will be included in the video.
· Enter the full name of the author who will deliver the statement.
· Speak naturally and avoid reading the lines.
· Limit the length of each statement to 20 words or fewer.
· Answers will be edited for length, clarity, and consistency with journal style guidelines.

Authors: Please note that the questions will not appear on screen. Please answer in stand-alone full sentence with sufficient context.

INTRODUCTION:
REQUIRED: Summarize your research focus and the main questions it aims to answer.
1.1. Enter full author name.: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Describe the research gap or limitation in existing methods and how this protocol addresses them.
1.2. Enter full author name: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.
Describe the research contexts or systems in which this protocol can be applied.
1.3. Enter full author name: Click here to answer question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

CONCLUSION:
What does this protocol allow researchers to study or measure?
1. 
1.1. 
1.2. 
1.3. 
1.4. Enter full author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Describe the most important consideration or challenge when performing this protocol.
1.5. Enter full author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

Are there any additional methods or analyses that can be performed following this procedure?
1.6. Enter full author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.

How can future studies build on this work? Describe the questions or research directions that can be investigated next.
1.7. Enter full author name: Click here if you choose this question. Please write in a style that you will be comfortable memorizing and speaking aloud. Limit length to 20 or fewer words.















Protocol  
[bookmark: _Hlk188263998]Please review this section to make sure that it accurately describes your protocol. Use Track Changes when making edits or revisions.
· The two-digit steps (e.g., 2.1., 2.2.) are the narration.  JoVE is responsible for the narration of the protocol and results.
· Red italics are pronunciation guides indicating how the word will be spoken. 
· Filming should take no more than 10 minutes per step. If a step takes more than 10 minutes, prepare the product for that step in advance.
· The three-digit shots (e.g., 2.1.1., 2.2.2.) are the actions that you/your videographer will capture. 

2. Dataset Acquisition and Preprocessing
Demonstrator: Click here to enter name of demonstrator(s)

If the same person is the demonstrator throughout, mention them once here and remove the "Demonstrator" field from the other sections; if the demonstrator changes, retain the field in the respective sections.

2.1. To begin, download the NDB-UFES (N-D-B-U-F-E-S) multimodal dataset developed by the Federal University of Espírito Santo, Brazil [1]. Verify that the dataset contains 237 samples of histopathological images corresponding to oral squamous cell carcinoma or OSCC (O-S-C-C) and leukoplakia [2].
2.1.1. WIDE: Talent seated at the computer and opening the dataset download page.
2.1.2. SCREEN: Show the downloaded NDB-UFES multimodal dataset folder that contains 237 histopathological image samples labeled for oral squamous cell carcinoma and leukoplakia.
Authors: Please create screen capture videos of the shots labeled as SCREEN,
create a screenshot summary, and upload the files to your project page as soon as possible: https://review.jove.com/account/file-uploader?src=21587033
Videographer: Please film the computer screen as a back up

2.2. Verify that the dataset contents include tabular attributes such as patient identification, image path, localization, larger size, tobacco use, alcohol consumption, sun exposure, gender, skin color, and age group [1]. Confirm that image and clinical data are available for each sample [2].
2.2.1. SCREEN: Show the dataset table with columns for patient_id, image_path, localization, larger_size, tobacco_use, alcohol_consumption, sun_exposure, gender, skin_color, and age_group.
2.2.2. SCREEN: Scroll through the dataset table and show that each sample has corresponding image data and clinical data.

2.3. Identify missing values in the clinical dataset and replace missing numerical values with the mean of the respective column [1]. Replace missing categorical values with a new category labeled Unknown [2].
2.3.1. SCREEN: Highlight missing values in multiple columns and show missing numerical values replaced with the mean value of the corresponding column.
2.3.2. SCREEN: Show categorical missing values replaced with the category label “Unknown”.

2.4. Using StandardScaler (Standard-scaler) from Scikit-learn, fit the scaler on numerical features of the training data to standardize feature distributions, avoid data leakage, and facilitate fast convergence during model training [1]. Apply the same transformation to the validation and test datasets [2].
2.4.1. SCREEN: Show the numerical training features loaded into the analysis environment and the StandardScaler function being fitted on the training dataset.
2.4.2. SCREEN: Show the fitted scaler being applied to the validation and test datasets.

2.5. Using LabelEncoder (Label-encoder) from Scikit-learn, encode categorical features to assign a unique integer value to each category [1].
2.5.1. SCREEN: Show categorical columns in the dataset and demonstrate the LabelEncoder function assigning integer values to each category.
Authors: Please check the order of the steps.

2.6. Load the histopathological images dynamically by matching filenames from the comma-separated values or CSV (C-S-V) file [1].
2.6.1. SCREEN: Show the CSV file and the image folder side by side, with matching filenames highlighted.

2.7. Using the Python Imaging Library within a custom PyTorch (Pie-torch) dataset class, read each image [1]. Resize all histopathological images to a fixed resolution of 224 × 224 pixels [2]. Normalize pixel intensity values to the range of 0 to 1 to ensure consistency across inputs and stabilize model training [3].
2.7.1. SCREEN: Show the custom PyTorch dataset class and highlight the Python Imaging Library function used to read each image.
2.7.2. SCREEN: Show the histopathological images being resized to the fixed resolution of 224 × 224 pixels.
2.7.3. SCREEN: Show the pixel intensity values being normalized to a range of 0 to 1.

3. Data Augmentation and Balancing
Demonstrator: Click here to enter name of demonstrator(s)

3.1. Split the dataset using five-fold group-wise stratified cross-validation implemented through StratifiedGroupKFold (Stratified-Group-K-Fold) from sklearn.model_selection (Scikit-learn-model-selection-stratified-group-k-fold), with shuffle set to True and random state set to 42 [1].
3.1.1. SCREEN: Show the dataset splitting code using StratifiedGroupKFold from sklearn.model_selection with n_splits = 5, shuffle = True, and random_state = 42 configured for five-fold group-wise stratified cross-validation.

3.2. Apply augmentation to the training dataset only [1].
3.2.1. SCREEN: Show the augmentation pipeline applied only to the training dataset.

3.3. Using Torchvision (Torch-vision) transforms, apply random rotation within plus or minus 15 degrees to the histopathological images [1]. Apply horizontal flipping with a probability of 0.5 [2]. Apply color jitter transformations with brightness set to 0.2, contrast set to 0.2, saturation set to 0.1, and hue set to 0.05 [3].
3.3.1. SCREEN: Show the Torchvision transforms code applying random rotation within plus or minus 15 degrees.
3.3.2. SCREEN: Show the Torchvision transforms code applying horizontal flipping with a probability of 0.5.
3.3.3. SCREEN: Show the Torchvision transforms code applying color jitter with brightness set to 0.2, contrast set to 0.2, saturation set to 0.1, and hue set to 0.05.

3.4. Introduce small perturbations to numerical clinical features [1]. Preserve categorical feature values without any modification [2].
3.4.1. SCREEN: Show numerical clinical features being modified with small perturbations.
3.4.2. SCREEN: Show categorical feature columns remaining unchanged after augmentation.

3.5. Calculate the number of samples in each class, such as OSCC and leukoplakia, to identify class imbalance [1]. Compute class weights as inverse class frequency to ensure that minority classes receive higher importance during training [2].
3.5.1. SCREEN: Show the class distribution calculation for OSCC and leukoplakia in the training dataset.
3.5.2. SCREEN: Show the computed inverse-frequency class weights, highlighting the higher weight assigned to the minority class.

3.6. Using the WeightedRandomSampler (Weighted-random-sampler) function in PyTorch, perform weighted sampling to address class imbalance in training [1]. Integrate WeightedRandomSampler with DataLoader (Data-loader), to generate balanced mini-batches during training [2].
3.6.1. SCREEN: Show the PyTorch WeightedRandomSampler function configured with the computed class weights for the training dataset.
3.6.2. SCREEN: Show WeightedRandomSampler integrated with DataLoader and display balanced mini-batches during training.

3.7. Do not apply the sampling strategy to the validation or test datasets [1]. 
3.7.1. SCREEN: Show validation and test dataset loaders configured without WeightedRandomSampler.

4. Model Architecture
Demonstrator: Click here to enter name of demonstrator(s)

4.1. Load histopathological images with a resolution of 224 × 224 pixels [1]. Initialize EfficientNetB0 (Efficient-Net-B-Zero) as a pre-trained convolutional neural network model using Torchvision [2]. Freeze the earlier convolutional layers during training [3].
4.1.1. SCREEN: Show histopathological images loaded at 224 × 224 pixels.
4.1.2. SCREEN: Show EfficientNetB0 initialized as a pre-trained convolutional neural network using Torchvision.
4.1.3. SCREEN: Show the earlier convolutional layers set to remain frozen during training.

4.2. Fine-tune the last two blocks of EfficientNetB0 to adapt the model to oral lesion features [1]. Remove the final classification layer from the convolutional neural network or CNN (C-N-N) [2]. Pass the input image through the CNN backbone to extract high-level feature representations [3].
4.2.1. SCREEN: Show the last two EfficientNetB0 blocks configured for fine-tuning.
4.2.2. SCREEN: Show the final classification layer being removed from the convolutional neural network.
4.2.3. SCREEN: Show an input image passing through the CNN backbone and producing high-level feature representations.

4.3. Apply global average pooling to obtain a fixed-length feature vector [1]. Compute the image embedding [2-TXT].
4.3.1. SCREEN: Show global average pooling applied to the extracted image features.
4.3.2. SCREEN: Show the feature map output from the CNN backbone being converted into a fixed-length vector. TXT: 

4.4. Input the processed clinical features into a clinical encoder [1]. Construct the clinical encoder using a two-layer multilayer perceptron [2].
4.4.1. SCREEN: Show the processed clinical features being passed into the clinical encoder.
4.4.2. SCREEN: Show the two-layer multilayer perceptron architecture for the clinical encoder.

4.5. Add a fully connected layer with 256 neurons and Rectified Linear Unit activation [1]. Add a second fully connected layer that maps the features to a 128-dimensional embedding space with Rectified Linear Unit activation [2].
4.5.1. SCREEN: Show the first fully connected layer with 256 neurons followed by Rectified Linear Unit activation.
4.5.2. SCREEN: Show the second fully connected layer mapping to a 128-dimensional embedding space with Rectified Linear Unit activation.

4.6. Generate a compact feature embedding representing the clinical modality [1]. Compute the tabular embedding [2-TXT].
4.6.1. SCREEN: Show the compact clinical feature embedding generated from the encoder.
4.6.2. SCREEN: Show the generation of a compact 128-dimensional feature vector. 
TXT: 

4.7. Project the extracted image and clinical features into a common latent space [1].
4.7.1. SCREEN: Show the image and clinical embeddings being projected into a shared latent feature space.

4.8. Implement cross-attention using PyTorch nn.MultiheadAttention (N-N-Multi-Head-Attention) with 1 attention head [1]. Compute attention scores using the scaled dot product between Q and K [2]. Normalize the attention scores using the softmax function [3].
4.8.1. SCREEN: Show nn.MultiheadAttention configured with 1 attention head.
4.8.2. SCREEN: Show the scaled dot-product attention score computation between Q and K.
4.8.3. SCREEN: Show the attention scores normalized using the softmax function.

4.9. Multiply the normalized attention weights with V to obtain the context-aware representation F-attention [1]. Compute the attention output [2-TXT].
4.9.1. SCREEN: Show the normalized attention weights multiplied with V to generate F attention.
4.9.2. SCREEN: Show the cross-attention module receiving F_img as the query input and F_tab as the key and value inputs. TXT: 

4.10. Concatenate F-image and F-attention to obtain the F-fusion [1-TXT]. Pass the fused features through a fully connected layer with 128 neurons followed by Rectified Linear Unit activation [2]. Apply dropout regularization to reduce overfitting [3].
4.10.1. SCREEN: Show F_img and F_att displayed as separate feature vectors entering the fusion module. TXT: 
4.10.2. SCREEN: Show F_fusion passed through a fully connected layer with 128 neurons and Rectified Linear Unit activation.
4.10.3. SCREEN: Show dropout regularization applied to the fused feature representation.

4.11. Input the fused feature representation into a fully connected classification layer to obtain a new feature representation Z [1-TXT]. Apply a sigmoid activation function to obtain class probabilities [2-TXT]. Assign the final class label based on the maximum probability score [3].
4.11.1. SCREEN: Show F_fusion passed into the fully connected classification layer to generate Z. TXT:
4.11.2. SCREEN: Show the sigmoid activation function producing class probabilities. TXT: 
4.11.3. SCREEN: Show the final class label selected based on the maximum probability score.

4.12. Train and evaluate the multimodal model using optimized hyperparameters and classification performance metrics [1]. Visualize clinically relevant image regions contributing to model predictions using Gradient-weighted Class Activation Mapping or Grad-CAM (Grad-Cam) [2].
4.12.1. SCREEN: Show the complete multimodal training and evaluation workflow including hyperparameter optimization, model training, confusion matrix generation, and performance metric plots.
4.12.2. SCREEN: Show Grad-CAM heatmaps overlaid on histopathological images highlighting clinically relevant regions influencing the model prediction.


Results
Please review this section to make sure that it accurately reflects your findings.
· You/Your videographer does not have to record this section. It only includes the figures/tables from your manuscript (called LAB MEDIA). 
· Use Track Changes when making edits or revisions. Ensure the voiceover length is below 200 words. Current word count: 132.
· Please note that the video cannot include voiceover without an accompanying visual.

5. Results 

5.1. The image-only model achieved an accuracy of 78.5 percent [1], which was higher than the clinical-only model at 71.3 percent [2].
5.1.1. LAB MEDIA: Table 2. Video editor: Emphasize the value 78.5 in the image-only row under accuracy.
5.1.2. LAB MEDIA: Table 2. Video editor: Emphasize the value 71.3 in the clinical only row under accuracy.

5.2. The fusion of both modalities improved performance to 81.2 percent [1].
5.2.1. LAB MEDIA: Table 2. Video editor: Emphasize the value 81.2 in the Multimodal fusion without attention row under accuracy.

5.3. The self-attention fusion model achieved an accuracy of 83.6 percent [1].
5.3.1. LAB MEDIA: Table 2. Video editor: Emphasize the value 83.6 in the Self-attention-based fusion model row under accuracy.

5.4. The proposed cross-attention pipeline achieved the highest accuracy of 88.4 percent [1] and an area under the receiver operating characteristic curve of 0.92 [2].
5.4.1. LAB MEDIA: Table 2. Video editor: Emphasize the value 88.4 in the Cross-attention-based multimodal fusion model (Proposed) row under accuracy.
5.4.2. LAB MEDIA: Table 2. Video editor: Emphasize the value 0.92 in the Cross-attention-based multimodal fusion model (Proposed) row under AUC.

5.5. The model occasionally misclassified early-stage oral squamous cell carcinoma as leukoplakia [1].
5.5.1. LAB MEDIA: Figure 3. Video editor: Emphasize the light green cell showing value 2. 

5.6. Low-grade leukoplakia with minimal structural deviation from normal tissue resulted in false negatives [1].
5.6.1. LAB MEDIA: Figure 3. Video editor: Emphasize the cell showing value 1. 

5.7. The confusion matrix provided additional insight into classification performance [1].
5.7.1. LAB MEDIA: Figure 3. Video editor: Show the full confusion matrix with the labels “Leukoplakia” and “OSCC” 

5.8. The training and validation loss curves demonstrated model convergence behavior [1].
5.8.1. LAB MEDIA: Figure 4B. Video editor: Emphasize the blue and orange lines.

5.9. The Grad-CAM visualization highlighted discriminative regions associated with OSCC classification [1].
5.9.1. LAB MEDIA: Figure 5. Video editor: Highlight the bright yellow and red hotspot in the panel labeled Grad-CAM (class 1) 

5.10. The fused Grad-CAM and attention maps demonstrated improved localization by emphasizing diagnostically relevant regions and suppressing irrelevant areas [1].
5.10.1. LAB MEDIA: Figure 5. Video editor: Highlight the concentrated blue-centered hotspot in the panel labeled Grad-CAM × Attention 
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