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Author Questionnaire

1. 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 Yes, can you record movies/images using your own microscope camera?
Enter Yes or No.  
If your protocol involves microscopy but you are not able to record movies/images with your microscope camera, JoVE will need to use our scope kit. 
If your microscope does not have a camera port, the scope kit will be attached to one of the eyepieces and you will have to perform the procedure using one eye.
Enter make and model of microscope.
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.

2. 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.

3. Filming location: Will the filming need to take place in multiple locations?   Enter Yes or No.
If Yes, how far apart are the locations? Click to enter distance between locations.


4. Testimonials (optional): Would you be open to filming two short testimonial statements live during your JoVE shoot? These will not appear in your JoVE video but may be used in JoVE’s promotional materials. Enter Yes or No.  
If Yes, please provide the full name and position (e.g., Director of [Institute Name], Senior Researcher [University Name], etc.) of the author willing to participate.
Enter full author name, Enter author position


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: 31
Number of Shots: 55

Introduction
Videographer: Obtain headshots for all authors available at the filming location. 

Answers to these questions will become interview statements that you will deliver on camera.
· Answer up to 2 introduction and up to 3 conclusion 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.
· Answer in full sentences, the questions will not be displayed in the video. 
· Limit the length of each statement to 20 words or fewer.
· Answers will be edited for length, clarity, and consistency with journal style guidelines.

INTRODUCTION:

What is the scope of your research? What questions are you trying to answer? 
1.1. Enter 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.

What are the most recent developments in your field of research?
1.2. Enter 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.
What technologies are currently used to advance research in your field?
1.3. Enter 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.
What are the current experimental challenges?
1.4. Enter 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 significant findings have you established in your field?
1.5. Enter 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.

What research gap are you addressing with your protocol?
1.6. Enter 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.

What advantage does your protocol offer compared to other techniques?
1.7. Enter 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 will your findings advance research in your field?
1.8. Enter 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.
What new scientific questions have your results paved the way for?
1.9. Enter 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.
What questions will future research focus on?
1.10. Enter 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.


Videographer: Obtain headshots for all authors available at the filming location.


Ethics Title Card
This research has been approved by the University Committee for Animal Resources at the University of Rochester Medical Center



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.) with purple font 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 the videographer will capture. 

2. Joint Space Segmentation Algorithm with Deep Learning Facilitation
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 develop the deep learning model for bone joint prediction, use an architecture based on a 3D U-Net with a ResNet-18 (Res-Net-Eighteen) backbone [1]. Configure the training loss function as Dice and set the validation metric to Intersection over Union [2]. Use the Adam optimizer with an initial learning rate of 0.0001 and initialize model weights randomly [3].
2.1.1. WIDE: Talent in front of the computer showing the selection of 3D U-Net with ResNet-18.
2.1.2. SCREEN: Highlight model configuration parameters showing Dice loss and Intersection over Union as metrics.
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/files_upload.php?src=21121908
2.1.3. SCREEN: Highlight optimizer settings showing Adam, initial learning rate of 0.0001, and random weight initialization.

2.2. Use 20 wild-type datasets with equal sex and age distribution ranging from 2 to 6 months for training [1-TXT]. Randomly assign 25 percent of these subvolumes to validation to prevent overfitting, totaling 30 validation subvolumes from a total of 120 [2].
2.2.1. SCREEN: Display a dataset overview with sex and age distribution parameters. TXT: Split each dataset into 6 subvolumes (3 per hindpaw), each 200×200×200 voxels
2.2.2. SCREEN: Interface showing 25 percent randomized validation selection with totals of 30 validation and 120 total subvolumes.

2.3. Position the 3D tiles evenly across the tarsals, distal phalanges, and background regions [1]. Set the training patch size to 96 by 96 by 96 voxels and train the model over 500 epochs [2-TXT]. 
2.3.1. SCREEN: 3D rendering showing distribution of tiles over the tarsals, distal phalanges, and background.
2.3.2. SCREEN: Model configuration interface showing training patch size set to 96 x 96 x 96 voxels. Display of training loop set to 500 epochs. TXT: Training duration: 6 h 

2.4. Generate ground truth joint regions using an automatic recipe from labeled datasets [1]. Then, expand label interfaces using a 3D dilation operation with a size of 5 voxels for both thickness and extent [2].
2.4.1. SCREEN: Generate ground truth joint labels from existing annotations.
2.4.2. SCREEN: Cursor applying 3D dilation with a voxel size of 5 for label thickening and expansion.

2.5. For the DL facilitated segmentation, open the Amira software [1].
2.5.1. SCREEN: Opening the Amira software.

2.6. Open the Python tab. Select Create New Python Environment and enter the environment name as deep-learning-environment-2022_2 (Twenty-twenty-Two-Underscore-Two) [1]. Check the box for Install Deep Learning Packages to enable deep learning features [2].
2.6.1. SCREEN: The Python tab is being opened in the Amira interface. Cursor selecting Create New Python Environment, typing deep-learning-environment-2022_2 in the field.
2.6.2. SCREEN: Checking the Install Deep Learning Packages option before confirming creation.

2.7. After restarting the Amira software, open the Python tab and select the user environment deep-learning-environment-2022_2 to activate it [1].
2.7.1. SCREEN: Cursor reopening the Python tab. Cursor selecting deep-learning-environment-2022_2 from the list of environments.

2.8. To open the imaging data, load the DICOM stacks by selecting all individual DICOM files or by opening .am (A-M) files that contain embedded DICOM stacks [1].
2.8.1. SCREEN: Selecting multiple DICOM files or choosing a .am file from the file explorer to open.

2.9. Now, apply the Deep Learning Prediction module to the imported data object. Set the architecture using the .json (J-Son) file and load the model weights from the .hdf5 (H-D-F-Five) file [1].
2.9.1. SCREEN: Applying the Deep Learning Prediction module to the data object. Selecting the .json architecture file and loading the model weight.

2.10. Under Tiling, set the mode to manual. Adjust the parameters by entering a tiling width, height, and depth of 352 pixels, and a tiling overlap of 0 pixels [1]. To prevent processing failure, go to Edit, click Preferences, followed by Large data, and maximize memory allocation for the software [2].
2.10.1. SCREEN: Setting Tiling mode to manual. Entering 352 for width, height, and depth, and 0 for overlap.
2.10.2. SCREEN: Cursor opening Edit > Preferences > Large data, and dragging the memory allocation slider to maximum.

2.11. Now, right-click in the Project Area without selecting a specific data object to apply the Image Recipe Player [1]. Open the recipe by selecting the .hxisp (H-X-I-S-P) file [2]. Set the data input to the imported data object and assign the input joints to the result of the Deep Learning Prediction [3]. Enter the Step3 intensity range as 2500 to 20000 [4].
2.11.1. SCREEN: Right-clicking in an empty area of the Project Area.
2.11.2. SCREEN: Selecting and opening the .hxisp recipe file.
2.11.3. SCREEN: Selecting the imported data object as the inputLinking the output from Deep Learning Prediction to the input joints field.
2.11.4. SCREEN: Cursor entering 2500 and 20000 in the Step3 intensity range field.

2.12. Evaluate the processed data object that contains the final segmentation [1]. Change the Colormap setting to Labels256 (Label-Two-Fifty-Six) to visualize all individual segmentations, as the default only displays 8 colors [2]. For two-dimensional views, apply Ortho Slice [3]. For three-dimensional visualization, apply Volume Rendering [4].
2.12.1. SCREEN: Selecting the final processed data object in the Project Area.
2.12.2. SCREEN: Opening the Colormap dropdown menu and selecting Labels256.
2.12.3. SCREEN: Applying Ortho Slice for 2D viewing.
2.12.4. SCREEN: Applying Volume Rendering for 3D visualization.

2.13. In the Image Recipe Designer, review the embedded recipe file used in the Image Recipe Player to visualize and export individual processing steps for dataset-specific optimization [1]. Identify and prepare to adjust the highlighted steps that vary based on imaging density or object size [2].
2.13.1. SCREEN: Opening the Image Recipe Designer and loading the file.
2.13.2. SCREEN: Scrolling through and identifying steps that require adjustment, such as thresholding or closing operations.

2.14. Now, apply a Median Filter to the imported data object. Set the interpretation to 3D, neighborhood to 26, iterations to 3, and type to Iterative [1].
2.14.1. SCREEN: Cursor applying Median Filter with data source set to the imported data object and setting parameters: Interpretation = 3D, Neighborhood = 26, Iterations = 3, Type = Iterative.

2.15. Then, apply Thresholding to the result of the median filter [1]. Set the intensity range from 2500 to 20000, optimizing the values based on dataset characteristics and the target bone structures [2].
2.15.1. SCREEN: Selecting the result of the Median Filter and applying Thresholding.
2.15.2. SCREEN:  Entering intensity range values from 2500 to 20000.

2.16. Apply a Closing operation to the result of the Median Filter. Choose type as Cube, interpretation as 3D, neighborhood as 26, and pixel size as 3 [1].
2.16.1. SCREEN: Cursor applying Closing with data input from the Median Filter.
Cursor configuring settings: Type = Cube, Interpretation = 3D, Neighborhood = 26, Pixel size = 3.

2.17. Next, apply Image Arithmetic with the result of the Closing as Input A and the result of the Median Filter as Input B [1]. Set result channels to match input A and expression as A minus B [2].
2.17.1. SCREEN: Cursor applying the Image Arithmetic module to results of closing and median filter 
2.17.2. SCREEN: Setting result channels to match A, and entering expression A-B.

2.18. Then, apply Thresholding to the result of the Image Arithmetic step. Set the intensity range from 750 to 20000 [1].
2.18.1. SCREEN: Selecting the result of Image Arithmetic. Applying Thresholding and entering intensity values from 750 to 20000.

2.19. Apply Image Arithmetic using the result of the first Thresholding as Input A and the result of the second Thresholding as Input B as [1]. Set the result channels to match Input A and use the expression A-(B>0) (A-minus-B-greater-than-zero) [2].
2.19.1. SCREEN: Selecting Image Arithmetic, setting Input A as the first thresholded output and Input B as the second thresholded output.
2.19.2. SCREEN: Entering the expression A-(B>0) and selecting result channels.

2.20. Next, apply a Structure Enhancement Filter to the imported data object [1]. Set interpretation to 3D, tensor type to Hessian, contrast to Dark, and structure type to Plane [2]. Configure the standard deviation minimum and maximum to 1 and 3 pixels, respectively, and set the step size to 1 pixel [3].
2.20.1. SCREEN: Opening the Structure Enhancement Filter module and loading the imported data object.
2.20.2. SCREEN: Setting tensor type to Hessian, contrast to Dark, and structure type to Plane.
2.20.3. SCREEN: Entering standard deviation minimum as 1, maximum as 3 pixels, and step size as 1 pixel.

2.21. Then, apply Auto Thresholding to the result of the structure enhancement filter. Set type to Auto Threshold High, interpretation to 3D, mode to Min-max, and criterion to Factorisation [1].
2.21.1. SCREEN: Selecting the output of the Structure Enhancement Filter. Applying Auto Thresholding, then configuring type as Auto Threshold High, interpretation as 3D, mode as Min-max, and criterion as Factorisation.

2.22. Apply the Membrane Enhancement Filter to the imported data object. Set the output selection to Planeness Tensor Voting and the tensor voting scale to 3 pixels [1]. Enter the densification scale as 3 pixels, type as Ridge, contrast as Dark, and scale as 1 pixel [2].
2.22.1. SCREEN: Applying Membrane Enhancement Filter to the imported data object. Cursor selecting output as Planeness Tensor Voting and entering tensor voting scale of 3 pixels.
2.22.2. SCREEN: Entering densification scale of 3 pixels, selecting Ridge type, setting contrast to Dark, and entering scale as 1 pixel.

2.23. Apply Auto Thresholding to the result of the Membrane Enhancement Filter [1]. Set the type to Auto Threshold High, interpretation to 3D, mode to Min-max, and criterion to Factorisation [2].
2.23.1. SCREEN: Cursor selecting the output from the Membrane Enhancement Filter.
2.23.2. SCREEN: Applying Auto Thresholding with settings: Type = Auto Threshold High, Interpretation = 3D, Mode = Min-max, Criterion = Factorisation.

2.24. Apply Dilation to the result of the auto thresholding step. Select type as Ball, interpretation as 3D, size as 1 pixel, and precision as Faster [1].
2.24.1. SCREEN: Opening the Dilation module and selecting the result of the previous thresholding.   Setting parameters: Type = Ball, Interpretation = 3D, Size = 1 pixel, Precision = Faster

2.25. Next, apply Image Arithmetic with the result of the Dilation as Input A, the result of the Auto Thresholding from the Structure Enhancement Filter as Input B, and Deep Learning Prediction result as Input C [1]. Set result channels to match Input A [2-TXT].
2.25.1. SCREEN: Cursor selecting inputs A, B, and C.
2.25.2. SCREEN: Entering the expression A||B||C and selecting result channels as like Input A. TXT: Use the expression A||B||C 

2.26. Apply Remove Small Spots to the result of the image arithmetic step. Set interpretation to 3D and minimum size to 500 pixels [1].
2.26.1. SCREEN: selecting the output from the previous arithmetic operation. Setting parameters: Interpretation = 3D, Size = 500 pixels.

2.27. Apply Image Arithmetic with the result of Remove Small Spots as Input A, and the result of the earlier Image Arithmetic step using A-(B>0) as Input B [1]. Set result channels to match Input A [2-TXT].
2.27.1. SCREEN: Cursor selecting Inputs A and B as specified.
2.27.2. SCREEN: Cursor entering the expression !AB* and setting result channels like Input A. TXT: Use the expression !AB* 

2.28. Apply Remove Small Spots again to the result of the latest image arithmetic step. Set interpretation to 3D and minimum size to 500 pixels [1].
2.28.1. SCREEN: Selecting the output of the previous image arithmetic step. Setting parameters: Interpretation = 3D, Size = 500 pixels.

2.29. Apply Labeling to the result of the second Remove Small Spots step. Set interpretation to 3D and neighborhood to 26 [1].
2.29.1. SCREEN: Selecting the output of the last Remove Small Spots step. Applying Labeling and setting Interpretation = 3D and Neighborhood = 26.

2.30. Apply Convert Image Type to the result of the Median Filter step. Set the output type to 16-bit unsigned, normalization mode to Scaling, with scale set to 3 and offset to 2000 [1].
2.30.1. SCREEN: Selecting the output of the Median Filter. Cursor setting Output type = 16-bit unsigned, Normalization mode = Scaling, Scale = 3, Offset = 2000.

2.31. Apply Marker-Based Watershed Inside Mask using the converted image from the previous step as the Data input [1]. Use the result of the Labeling step as Markers, and the result of the Image Arithmetic step A-(B>0) as the Binary Mask. Set the split type to Low Intensity [2].
2.31.1. SCREEN: Opening Marker Based Watershed Inside Mask and selecting the converted image as the data input.
2.31.2. SCREEN: Cursor assigning Markers as the labeled output and Binary Mask as the image arithmetic result, then setting Split Type = Low Intensity.

2.31.3. 

Results
Please review this section to make sure that it accurately reflects your findings.
· This section will not be recorded by the videographer. 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: 169.
· Please note that the video cannot include voiceover without an accompanying visual.

3. Results 

3.1. Deep learning-based joint space identification in micro-computed tomography datasets enabled clear separation and segmentation of individual hindpaw bones [1]. The wild-type training and validation datasets consisted of equal numbers of hindpaws across sexes and ages from 2 to 6 months [2].
3.1.1. LAB MEDIA: Figure 1C. Video editor: Highlight the segmented bones shown in distinct colors in the hindpaw image.
3.1.2. LAB MEDIA: Figure 1D. Video editor: Highlight the pie charts showing equal numbers of male and female hindpaws, and equal representation of all five age groups.

3.2. The automated segmentation algorithm detected joint spaces and successfully separated individual bones across both wild-type and TNF-Tg (T-N-F-T-G) mice, including males and females [1].
3.2.1. LAB MEDIA: Figure 2A-D. Video editor: Highlight the blue overlays indicating joint space detection and the colored segmentation of bones in all four panels.

3.3. Segmentation accuracy was significantly higher in wild-type mice than in TNF-Tg mice for both males [1] and females [2].
3.3.1. LAB MEDIA: Figure 2E. Video editor: Highlight the blue WT data points that are higher than the brown TNF data points for males.
3.3.2. LAB MEDIA: Figure 2F. Video editor: Highlight the blue WT data points that are higher than the brown TNF data points for females.

3.4. Compared to semi-automated methods, the deep learning approach significantly improved segmentation accuracy in wild-type male and female hindpaws [1].
3.4.1. LAB MEDIA: Figure 2E and F. Video editor: Highlight the Deep learning curves.

3.5. In TNF-Tg hindpaws, segmentation accuracy decreased with age, particularly in the tarsal bones [1].
3.5.1. LAB MEDIA: Figure 2G-H. Video editor: Highlight the green and blue colored tiles in the TNF columns especially in “T”.

3.6. In TNF-Tg female forepaws, severe erosive disease was observed in both carpal and sesamoid bones [1].
3.6.1. LAB MEDIA: Figure 4 A-D. Video editor: Highlight the yellow and blue dashed circles in the TNF female panel showing damaged bones.

3.7. Segmentation accuracy in forepaws was significantly lower than in hindpaws across both genotypes, with the largest reduction in TNF-Tg male forepaws [1]. The most pronounced reduction in segmentation accuracy in TNF-Tg forepaws occurred in the carpals and sesamoids [1].
3.7.1. LAB MEDIA: Figure 4E and F. Video editor: Highlight the red line for TNF male forepaws, showing the steepest decline across age compared to the blue hindpaw line.
3.7.2. LAB MEDIA: Figure 4G-H. Video editor: Highlight the dark blue and purple tiles in the TNF columns for “C”and “S”.
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