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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:  13
Number of Shots:  23

Introduction 

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. Deep Learning Classification of Mammograms 
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, obtain the input data from the Digital Database for Screening Mammography accessed via the public repository site 13 [1]. Identify mammographic images representing benign, malignant, and normal cases with verified pathological information [2].	Comment by Pallavi  Sharma: Authors: Please check the workflow of the protocol thoroughly and make changes while tracking the changes wherever required
2.1.1. WIDE: Talent accessing the Digital Database for Screening Mammography from a public repository on a computer.
2.1.2. SCREEN: Display dataset containing mammographic images categorized as benign, malignant, and normal.
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=21431788
2.2. Confirm that the dataset contains 33531 image samples [1].
2.2.1. SCREEN: Display dataset summary showing total number of image samples.
2.3. Reshape each image to 299 by 299 pixels [1]. Then, resize each image to 100 by 100 pixels [2] and normalize the image data [3].
2.3.1. SCREEN: Show reshaping of images to 299 by 299 pixels.
2.3.2. SCREEN: Display resizing of images to 100 by 100 pixels.
2.3.3. SCREEN: Show normalization process applied to image data.
2.4. Now, apply data augmentation by performing horizontal flipping on the images [1]. Apply random rotation with a factor of 0.02 [2] and random zoom with height and width factors of 0.2 [3].
2.4.1. SCREEN: Display horizontal flipping of images.
2.4.2. SCREEN: Show random rotation applied to images.
2.4.3. SCREEN: Display random zoom applied to images.
2.5. Split the dataset at the image level into training and testing sets using an 80 percent to 20 percent ratio [1].
2.5.1. SCREEN: Show dataset split into training and testing sets with 80 percent and 20 percent proportions.
2.6. Now, configure the deep learning models using a learning rate of 0.001, batch size of 16, and weight decay of 0.0001 [1]. Select the Adam optimizer and apply sparse categorical binary cross-entropy as the loss function [2].
2.6.1. SCREEN: Display model configuration with learning rate set to 0.001. Show batch size set to 16. Display weight decay parameter set to 0.0001.
2.6.2. SCREEN: Show selection of the Adam optimizer. Display selection of sparse categorical binary cross-entropy as the loss function.
2.7. Then, train each deep learning model for 50 epochs [1].
2.7.1. SCREEN: Display training process showing epoch progression up to 50 epochs.
2.8. Implement three deep learning models, Vision Transformer, ConvMixer (Conv-Mixer), and VGG-19 (V-G-G-Nineteen), and one ensemble model for the simulation study [1].
2.8.1. SCREEN: Display setup of three deep learning models and one ensemble model.
2.9. Next, assign 26824 image samples for training [1] and reserve 6707 image samples for testing the models [2].
2.9.1. WIDE: SCREEN: Display dataset split showing 26824 training samples and 6707 testing samples.
2.9.2. SCREEN: Highlight testing dataset partition.
2.10. Identify that 14 percent of the total samples are positive [1] and 86 percent are negative samples [2].
2.10.1. SCREEN: Display class distribution showing 14 percent positive samples.
2.10.2. SCREEN: Display class distribution showing 86 percent negative samples.
2.11. Confirm that the total dataset size of 33531 samples corresponds to patch-level data generated from the Digital Database for Screening Mammography [1].
2.11.1. SCREEN: Display dataset description indicating patch-level data derived from the Digital Database for Screening Mammography.
2.12. Execute the entire simulation process using Python open-source software [1]. Incorporate libraries including NumPy, Pandas, Seaborn, Tqdm, OS, and Scikit-image [2].
2.12.1. SCREEN: Show Python development environment running the simulation.
2.12.2. SCREEN: Display import statements for NumPy, Pandas, Seaborn, Tqdm, OS, and Scikit-image libraries.
2.13. Compare the performance of the deep learning models using accuracy, precision, recall, F1-score, and area under the curve metrics using the presented equations [1]. Classify the final predictions into benign or malignant categories [2].
2.13.1. TEXT ON A PLAIN BACKGROUND
				
						
Recall (TPR) = 				
F1-score = 			
2.13.2. SCREEN: Show final classification output labeling cases as benign or malignant.


















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: 200.
· Please note that the video cannot include voiceover without an accompanying visual.

3. Results 

3.1. The Vision Transformer model correctly classified 5753 benign samples and 365 malignant samples [1], while misclassifying 71 benign cases as malignant and 518 malignant cases as benign [2].
3.1.1. LAB MEDIA: Figure 4A. Video editor: Highlight the diagonal cells showing 5753 under Benign–Benign and 365 under Malignant–Malignant
3.1.2. LAB MEDIA: Figure 4A. Video editor: Highlight the cells showing 71 under Benign predicted as Malignant and 518 under Malignant predicted as Benign
3.2. The ConVmixer model correctly identified 5680 benign cases and 653 malignant cases [1], while 87 benign cases were classified as malignant and 435 malignant cases were classified as benign [2].
3.2.1. LAB MEDIA: Figure 4B. Video editor: Highlight the diagonal cells showing 5680 under Benign–Benign and 653 under Malignant–Malignant
3.2.2. LAB MEDIA: Figure 4B. Video editor: Highlight the cells showing 87 under Benign predicted as Malignant and 435 under Malignant predicted as Benign
3.3. The VGG-19 model correctly predicted 1500 benign samples and 4207 malignant samples [1], while 300 benign cases were misclassified as malignant and 700 malignant cases were misclassified as benign [2].
3.3.1. LAB MEDIA: Figure 4C. Video editor: Highlight the diagonal cells showing 1500 under Benign–Benign and 4207 under Malignant–Malignant
3.3.2. LAB MEDIA: Figure 4C. Video editor: Highlight the cells showing 300 under Benign predicted as Malignant and 700 under Malignant predicted as Benign
3.4. The Ensemble model correctly classified 5737 benign cases and 448 malignant cases [1], while 87 benign cases were misclassified as malignant and 435 malignant cases were misclassified as benign [2].
3.4.1. LAB MEDIA: Figure 4D. Video editor: Highlight the diagonal cells showing 5737 under Benign–Benign and 448 under Malignant–Malignant
3.4.2. LAB MEDIA: Figure 4D. Video editor: Highlight the cells showing 87 under Benign predicted as Malignant and 435 under Malignant predicted as Benign
3.5. The Receiver Operating Characteristic curve for the Ensemble model showed an Area Under the Curve value of 0.80, indicating better performance than the random guess baseline [1].
3.5.1. LAB MEDIA: Figure 5A. Video editor: Highlight the text showing AUC = 0.80 and the blue curve above the dashed diagonal line
3.6. The Receiver Operating Characteristic curve for Vision transformer model showed an Area Under the Curve value of 0.75, indicating good diagnostic accuracy [1].
3.6.1. LAB MEDIA: Figure 5B. Video editor: Highlight the text showing AUC = 0.75 and the blue curve above the dashed diagonal line
3.7. The Receiver Operating Characteristic curves for the ConVmixer model showed Area Under the Curve values of 0.74 and 0.73 for the two models [1].
3.7.1. LAB MEDIA: Figure 5C,D. Video editor: Highlight the text showing AUC = 0.74 in one plot and AUC = 0.73 in the other plot
3.8. The average performance metrics showed that the ensemble model had higher accuracy, precision, recall, and F1-score compared to the other models [1].
3.8.1. LAB MEDIA: Table 2. Video editor: Highlight the row for Ensemble showing ACR 92.89%, PR 91.74%, RE 92.22%, and F1-SCORE 91.37%
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