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A. Microscopy: Does your protocol involve video microscopy? N
B. Does your protocol include software usage? Y
If yes, we will need you to record using screen recording software to capture the steps. If you use a Mac, QuickTime X also has the ability to record the steps.

C. Which steps of from the protocol section below will viewers benefit most from having filmed? n/a
D. What is the single most difficult aspect of this procedure and what do you do to ensure success? The most difficult aspect are the programming steps. Particularly, generating imaging features (Step 3.6.1-3.6.2), performing feature reduction (4.2.1-4.2.2), and training the model (Step 5). 

Of these, generating imaging features is probably the hardest, followed by feature reduction, and then model training. Image feature generation involves saving a segmentation mask of the liver, loading the mask and original image into code, and calculating the features by overlaying the mask on the original image. 
E. Will the filming need to take place in multiple locations? N
1. Introduction (Experimental Goal and Author Interviews) – As the beginning of your video, the introduction should clearly present the goal of your method to the viewer and its significance. Other information can be provided according to the various statements below, but the total introduction should not exceed 150 words. 
(Author Comment: We ad libbed several of these statements to make them sound more natural.)
A.  Required Interview Statements: (Said by you on camera. Don’t forget to smile!)  
1.1. Aaron Abajian: This method can help answer key questions in the interventional radiology field about predicting response to intra-arterial therapies. 

1.2. Nikitha Murali Julius Chapiro: The main advantage of this technique is that it is a general, extensible method for predicting response in interventional therapies.   

B.  Optional Interview Statements: (Said by you on camera. Don’t forget to smile!)  

1.1. MingDe Lin: Generally, individuals new to this method will struggle because of the need to generate the features and to perform machine learning in code.

1.2. Lynn Savic Fabian Max Laage-Gaupp: Though this method can provide insight into trans-arterial therapies, it can also be applied to any therapy involving pre- and post- imaging, such as percutaneous ablation.
1.3. Lynn Savic: *** Text changed to focus on utility of machine learning for making tumor board decisions. ***   (Editor: I’m not sure if there is still a statement here, or what the text was changed to)
(Author Comment: Additional speaking roles, recorded at end of footage, were performed by Nikitha Murali and Nariman Nezami.)
C. Introduction of Demonstrator: (Said by you on camera. Don’t forget to smile!)
D. Ethics title card: (for human subjects or animal work, does not count toward word length total)
1.4. Procedures involving human subjects have been approved by the Institutional Review Board (IRB) or at Yale University.
Protocol: (read by voice talent at JoVE)
2. Structured Clinical Data Feature Extraction, Aggregation, and Reduction
2.1. After deciding which clinical features to include in the model [1-WIDE], use an appropriate natural language toolkit to parse the plaintext clinic notes into sentences to allow searching for terms of interest [2-MED-over the shoulder].

2.1.1. Talent at desk, reviewing text/deciding which features to include 

2.1.2. Talent at computing, using software to split clinic notes into sentences
2.2. Then store each patient’s features in a file with one feature per line [1-SCREEN-TXT].
2.2.1. *To be provided by Authors: Feature(s) being stored in patient file (TEXT: See text for parent directory/patient folder creation details)
2.3. For non-binary features, obtain the median value of each feature across all of the patients and binarize each feature as a true or false value based on the median value [1-SCREEN].
2.3.1. *To be provided by Authors: Median value being obtained, then at least one feature being giving a true or false value
2.4. To calculate a mean liver enhancement feature from a medical image, after isolating the voxels containing the liver [1-MED-over the shoulder-TXT], enter the mean_liver_enhacement command [2-SCREEN].
2.4.1. Talent at computer, isolating voxels, with monitor visible in frame (TEXT: See text for full medical image feature extraction details)
2.4.2. *To be provided by Authors: mean_liver_enhancement being entered
2.5. To determine the liver volume feature, enter the commands as indicated [1-SCREEN].
2.5.1. *To be provided by Authors: “pixdim = cImage.header['pixdim']” being entered, then “units = pre.header['xyzt_units']”, then “dx, dy, dz = pre_pixdim[1:4]”, then “liver_volume = length(liver) * dx * dx * dz” (Author Comment: We recorded a simple screen capture of a command being entered that calculated the liver enhancement from a saved MRI and liver mask.) (Videographer Comment: This was filmed as a screen capture and as a stand alone shot)
2.6. Then calculate median values for each imaging feature and binarize the features as demonstrated [1-SCREEN].
2.6.1. *To be provided by Authors: Commands being entered/median value being calculated for at least one feature, then at least one feature being binarized
2.7. For aggregation and reduction of the features, first remove the low-variance features from consideration [1-WIDE] and read the features in the binary matrix [2-SCREEN].
2.7.1. Talent removing low-variance features/entering commands, with monitor visible in frame [Shots 2.7.1 – 2.10.2 combined] 

(Author Comment: It was difficult to record  2.8-2.11 as separate videos. These all entail reducing the number of features. We simply collapsed them into a single step that shows we are remove features that fail to meet a specified criteria.) (Editor: While the authors note specifically mentions 2.8 – 2.11, they left this note at 2.7 and 2.11 is an interview statement, so I believe they meant that 2.7 – 2.10 were merged. It looks like the numbering issue was an extra bullet that had no content that was removed. For now, please assume that 2.7 – 2.10 are the shots merges under the slating 2.8.1)
2.7.2. *To be provided by Authors: Feature(s) being read in binary matrix/commands being entered
2.8. Next, use the Variance Threshold model to compute the features appearing in at least 20% of both responders and non-responders [1-SCREEN] similar to that illustrated in the Table [2-LM].
2.8.1. *To be provided by Authors: Commands being entered/feature(s) being computed [Shots 2.8.1
2.8.2. Authors: please upload the table from line 303 from the manuscript through the submission link as its own .xlsx file: no animation
2.9. Remove any features with low a univariate-association with the outcome and filter only those features that passed the original low-variance screening, retaining N features, where N is the number patients [1-SCREEN].
2.9.1. *To be provided by Authors:  Commands being entered/features being removed, then features being filtered, then features being retained
2.10. Then read in the binary matrix for each feature [1-SCREEN] similar to as illustrated in the table [2-LM].
2.10.1.  *To be provided by Authors: Feature(s) being binarized
2.10.2. Authors: please upload the table from line 321 from the manuscript through the submission link as its own .xlsx file: no animation
2.11. Aaron Abajian: “After the features have been binarized and filtered, it’s time to train the model. Model training is a straightforward process that fits the features to the outcome under study and can be used to make predictions about new patients.”
3. Results: Machine Learning Algorithm Performance
3.1. In this representative analysis of 36 patients who underwent trans-arterial therapies for hepatocellular carcinoma, 25 features were identified and binarized as demonstrated with 5 features satisfying both the variance and univariate association filters [1-LM].

3.1.1. Authors: please upload the graphs from Figure 1 together in a new .ai or .psd file without the a, b, c, or d labels through the submission link: Video Editor: please emphasize x-axes of Feature Count graphs
3.2. Each patient was labeled as either a responder or non-responder under the Quantitative European Association for the Study of the Liver response criteria [1-LM].
3.2.1. Figure 1: Video Editor: please emphasize Responder and Non-Responder data points in figure key

3.3. As illustrated, both the logistic regression [1-LM] and random forest models predicted a trans-arterial chemoembolization treatment response with an overall accuracy of 78% [2-LM].
3.3.1. Figure 1: Video Editor: please emphasize black data line in Logistic regression graphs
3.3.2. Figure 1: Video Editor: please emphasize black data line in Regression graphs
4. Conclusion (said by authors on camera):
4.1. Aaron Abajian: Following this method, it is possible to make predictions on new patients by applying the trained model.
4.2. Nikitha Murali: The technique may be applied to any therapy that includes pre- and post- intervention imaging and it may be extended by adding clinical and imaging features as desired.
Provided Media

Authors, please list all images, movie files, or 3-D rendered animations that are to be included in the video per editor’s request. The step in the script/video where the files will be inserted should be indicated before the file name (please do not name files with step number, as step numbers may change with revisions). For example:

3.1.1. Figure1.tif - dual color imaging of tumor angiogenesis at 40X 

3.1.2. Figure2.tif - dual color imaging of tumor angiogenesis at 100X

Formats: For static images, we prefer .tiff, .eps, Illustrator, PowerPoint or Photoshop files at dimensions of at least 720X480 pixels and 300 dpi. The higher resolution, the better. Likewise, any exported movie files should have at minimum these dimensions and be rendered to .mov, .mp4, or .avi files. 
Insert the filenames of all the media to be included into the video here.
I have not recorded the coding steps yet.

Figure 1 is to be included in 3.3.1.

General Preparation

It’s critical for a smooth and organized shoot that all reagents are accounted for, in advance.  

Any overnight or long incubation steps should be recognized and specimens/samples be prepared in advance so that prior steps can be recorded and shooting can continue with pre-prepared specimens/samples. 
All tubes/flasks should be pre-labeled neatly before we arrive. 
Ex. Luciferase assay done in 96 well plates should be labeled with negative/positive control wells and experimental samples are labeled accordingly.

You will receive more detailed preparation instructions in the email accompanying the finalized script.
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