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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 

 2. Microscopy: Does your protocol require the use of a dissecting or stereomicroscope for performing a complex dissection, microinjection technique, or something similar?  NO  

3. Software: Does the part of your protocol being filmed include step-by-step descriptions of software usage?  YES
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

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: 


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

Current Protocol Length

Number of Steps:  13
Number of Shots:  23

Introduction 


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. Madhumita Pal: The research focuses on improving breast cancer classification accuracy using advanced deep learning models and ensembled techniques, along with a systematic comparative performance analysis.
1.1.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera Suggested B roll: 2.6.1


Describe the research gap or limitation in existing methods and how this protocol addresses them.
1.2. Madhumita Pal: This study addresses limitations of existing breast cancer classification methods by implementing multiple deep learning models and an ensemble strategy for improved performance.
1.2.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera

CONCLUSION:
What does this protocol allow researchers to study or measure?
1. 
1.1. 
1.2. 
1.3. Madhumita Pal: This protocol allows the researchers to evaluate and compare the performance of multiple deep learning models for breast cancer classification. 
1.3.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera Suggested B roll: 2.13.2


Describe the most important consideration or challenge when performing this protocol.
1.4. Madhumita Pal: The most important challenges when performing this protocol were to process the images at the patch level and implement a deep learning model on the patch level images.
1.4.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera Suggested B roll: 2.5.1


Are there any additional methods or analyses that can be performed following this procedure?
1.5. Madhumita Pal: The future work may focus on validating the proposed ensembled framework on external multidimensional datasets, integrating explainable AI techniques.
1.5.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera

























Protocol  
2. Deep Learning Classification of Mammograms 
Demonstrator: Click here to enter name of demonstrator(s)	Comment by Pallavi  Sharma: Authors: Please add the name of the person performing the experiment
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].
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. 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
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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