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Authors, please fill out the brief questionnaire below.   
A.  Will you require JoVE to record video microscopy, such as filming a complex dissection or microinjection technique? (Y/N) 
N
B.   Does your protocol include detailed, step-by-step, descriptions of software usage? (Y/N)
Y 
C.  Which steps of your protocol will viewers benefit most from having filmed? Please list 4-6 steps:

 3.1, 4.1, 4.4, 4.5, 4.7 in this video protocol
D.  What is the single most difficult aspect of this procedure and what do you do to ensure success?  
Once, single volume neuroimaging data is obtained for representative groups of patients and normal subjects and appropriate processing software is instituted, the most difficult part of this procedure is the selection of the relevant principal components or combination of components that optimally characterize the disease parameters of the data as a single covariance pattern. The validation of a pattern is ensured by its prospective evaluation in an independent group of patients and controls. Individual subject scores of pattern expression are easily obtained and discriminant characteristics of healthy subject versus disease subject scores are tested for sensitivity, specificity and the p value of two sample t-test comparison. In addition, the correlation of subject scores with clinical measures of disease severity or physiological parameters is assessed.
1. Introduction (Schematic Overview and Interview)
Procedural Narrative:
The overall goal of this procedure is to determine signature covariance pattern imaging biomarkers of neurofunctional brain disorders. (Intro)
This is accomplished by first obtaining single volume brain scans of a set of clinically prediagnosed patients and an age and preferably gender matched set of normal controls using modalities such as PET, SPECT, ASL fMRI or VBM MRI. (P1:Begin showing the image of the scanner from P1, then adding the Diseased patient image followed by the control image when they are mentioned.)
The second step is to spatially normalize the images to a common stereotaxic template. (P2:Underneath the “control” patients add the brain scan images from P2 for the controls, then add the brain scan images from the ”patient” group under the “disease” patient image..)
Next, a multivariate technique, the Scaled Subprofile Model of principal component analysis, or ” SSM/PCA”, is performed and the output principal components, or “PCs”, and their corresponding subject scores are examined. (P3: Merge the brain images from P2 into both of the brain images shown in P3.  The P2 Brain scans then disappear. Then show the PC1 and PC4 charts.)
The final step is to determine the best PC or combination of PCs that define a covariance pattern that discriminates patients from controls. (P4: Clear the screen and show the P4 image along with the words “Imaging Biomarker” on the left half of the screen and the graph of PC1 from (P3) along with the PC1 label on the right.)
Ultimately, the covariance pattern may be used to score individual prospective subjects on their expression of the disease. (P5: Show image from P5 along with the labels.)
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B.  Interview: (Said by you on camera. Don’t forget to smile!)
1.1. Dr. Eidelberg: The main advantage of this technique over existing methods, like univariate cluster based analysis and functional connectivity analysis  is that it can identify a common disease specific spatially distributed network of covarying regions whose expression in individual patients can be quantified by a single score.
1.2. Dr. Tang: This method can help answer key questions in the field of neuroscience, such as identifying the metabolic network differences between diseases that present similar symptoms in early stages of progression.
1.3. Dr. Dhawan: The implications of this technique extend toward therapy and diagnosis of diseases such as Parkinson’s disease because subject scores can be used in differential diagnosis and to monitor treatment efficacy.  

1.4. Dr. Ma: Though this method can provide insight into parkinsonian syndromes, it can also be applied to other neurodegenerative disorders such as Huntington’s disease and Alzheimer’s disease.

1.5. Dr. Ko: Generally, individuals new to this method will struggle with preconceived univariate concepts that consider the effects of disease to be localized in isolated regional clusters.
1.6. Dr. Peng: Dr. James Moeller first had the idea for this method, when he applied this concept to study dementia in AIDS patients.
1.7. Dr. Spetsieris: Visual demonstration of this method is important for comprehending the processes involved in network analysis. However, the actual steps involved using our programs are not difficult to learn, because they are highly automated.   
Protocol (read by voice talent at JoVE): 
2. Data collection and preprocessing

2.1. To study brain metabolism using positron emission tomography, or “PET”, first administer a radionuclide tracer such as [18F]-fluorodeoxyglucose to each patient in the disease group following a fast of at least 12 hours, off medications and to each normal control. 

2.1.1. LABMEDIA: Figure 1(Video Editor: Show the groups of people and add text to the screen to read “Control” and “Disease” over each respective group.)

2.2. Allow 45 minutes for the tracer to reach equilibrium in the tissue, then scan each individual while they are at rest with eyes open. For pattern derivation, scan an equal number of gender- and age-matched patients and controls. 
2.2.1. LABMEDIA:  Figure 1(Video Editor: Have the scanner appear in the middle of the screen and show the two groups going into the scanner.)
2.3. Once the scan is complete, transfer image data to a workstation and convert it to an appropriate format for analysis. The windows-based MATLAB analysis software used here requires conversion from GE Advance formats to ANALYZE or nifti format images.  
2.3.1. MED: Talent works at the workstation.

2.3.2. MED Over the Shoulder: Talent . Talent points to conversion option GE(PET) ( ANA on the ScanVP menu.
2.4. Next, normalize each subject’s image to a common stereotaxic space using a standard neuroimaging software package such as SPM so that there is a one-to-one correspondence of voxel values between subjects. 
2.4.1. MED: Over the Shoulder: Talent points to the SPM option on the menu

2.4.2. LABMEDIA: Figure 2 (Video Editor: Begin showing the RAW images of all 3 subjects then draw an arrow and add the normalized/smoothed images.  Include the labels for each image.)

2.5. Then, apply a grey matter mask to the normalized image in order to limit the analysis to grey matter areas. 
2.5.1. LABMEDIA: Figure 2 (Video Editor: Show the image from the previous step containing the Raw and Normalized Smoothed images, then add the grey mask and masked images with the beginning of 2.5. Include the labels for each addition.)

2.6. If an external mask is not available, create individual subject masks by excluding values lower than a specified threshold percent of each subject’s maximum value and multiply the masks to define a composite gray brain matter voxel space for the analysis. 
2.6.1.  LABMEDIA: (Video Editor: Show Figure 2.6.1 in Figures for VideoScript 50319. If possible animate the 3 masks on the left to fuse into the common mask on the right.)
3. Perform multivariate SSM/PCA 
Voice Talent: Read the subscripts as separate letters: “means” as mean S”
3.1. In order to perform multivariate scaled subprofile model principal component analysis, or “SSM/PCA”, use the in-house routines ScanVP available on the Feinstein neuroscience website also available as a statistical parametric mapping toolbox, ssm_pca.
3.1.1. MED Over the Shoulder: Talent shows the location of the link to the routines on the website. (TEXT: www.feinsteinneuroscience.org)
3.2. On the “ScanVP” menu select Statistics then SSM then VOXEL BASED and then PCA. Next, check SELECT CONTROLS on the menu and pick the previously normalized control images.  Then, select IMAGE FILES to enter the normalized patient images.

3.2.1. SCREEN: Talent performs the above for 10 patients and 10 controls.

3.3. Select an appropriate mask or threshold and check the other options on the menu. Next, press PROCESS and enter a name for the experimental output. Wait for the display to view principal component images of interest and their corresponding score files.

3.3.1. SCREEN: Talent performs the above. Show output for up to 4 consecutive PCs.
3.4. For other software, emulate the algorithm executed by the automated process described just described.  In order to accomplish this, first mask data using an available 0/1 image mask to remove unwanted areas of the voxel space such as white matter and ventricles as described in the preprocessing step. 
3.4.1. LABMEDIA : Show Figure 3.4.1 (in Figures for VideoScript 50319) depicting masked normalized images for 10 patients and10 controls for plane Z=0.
3.5. Next, convert each subject’s 3D masked image voxel data to one continuous row vector by appending sequential scan lines from consecutive planes. 

3.5.1. LABMEDIA: Figure 4a (Video Editor: Begin showing the Subject 1 data (from the top ¼ of the image) then add the arrow and show the line scan for subject one with the words  “one continuous”.)

3.6. Form a group data matrix so that each subject’s data corresponds to a specific row of the matrix. Each column then represents a particular voxel across subjects. 
3.6.1. LABMEDIA: Figure 4a (Video Editor: Start with the visual from 3.5.1 and add Sub. 2 – Sub. 5 line scans to begin this statement.)
3.7. Once each subject has been loaded into the matrix, transform each data entry to logarithmic form.
3.7.1. LABMEDIA: Figure 4a (Video Editor: Start with the visual from 3.6.1 and add the arrow to the next section with the “Group Data Matrix”. With the word “transform” add the text “Log Transformed data” in the box.) 
3.8. Then, center the data matrix by subtracting each row average or subject mean from the row elements. The average of all centered rows represents a characteristic group mean log image termed a group mean profile or GMP.  

3.8.1. LABMEDIA: Figure 4a (Video Editor: Start with the visual from 3.7.1 and add the rest of the figure so it is all visible.) (Author NOTE: I have added details to the original figures. LABMEDIA could display consecutive rows and focus on the mean subtraction in each row indicated by –s1, -s2, for the first row or two and finally add the rest of the figure).
3.9. Next, subtract the column means from the corresponding matrix column elements. Each row of the double centered matrix represents a residual image termed a subject residual profile, or SRP, whose elements represent deviations from both the subject s and voxel v group means.
3.9.1. LABMEDIA: Figure 4b (Video Editor: Start with the visual from 3.8.1 add another arrow below it and shift the image up so only the Group Data Matrix and GMP are still visible.  Then, add the SRP portion of Figure 4b below the GMP part of Figure 4a.)
3.10. This occurs according to the equation shown here where SRPsv is an element of the SRP matrix corresponding to subject s and voxel v, Dsv is the original data value, means is the subject mean value and GMPv is the group mean value of voxel v.
3.10.1. LABMEDIA: Show the equation here: ( SRPsv = log Dsv – means – GMPv ) (Video Editor: When SRPsv is mentioned in the text, add the words “Element of the SRP matrix” below it, then shrink the words into the term SRPsv.  Do the same with Dsv and “Voxel” as well as GMPv and “Group Mean Value of Voxel v”)
3.11. Next, construct the subject-by-subject covariance matrix C of the composite double centered SRP data matrix by computing the non-normalized covariance between each pair of rows of the subject residual profile matrix…
3.11.1. LABMEDIA: Figure 4b (Video Editor: Start with the visual from 3.9.1 add another arrow below it and shift the image up so only the Subject Residual Profiles are still visible.  Then, add the subject by subject covariance matrix portion of Figure 4b below the SRP part.  Do not include the bubble with the text “PCA of C”)
3.12. …using this equation shown here where Cij is an element of the symmetric covariance matrix C and SRPiv and SRPjv are corresponding voxel elements of the SRP matrix rows i and j that are multiplied and summed over all voxels.

3.12.1. LABMEDIA: Show the Equation( Cij =v (SRPiv x SRPjv)) (Video Editor: Do the same for this equation as was done in 3.10.1)
3.13. Then, apply principal component analysis to the subject-by-subject covariance matrix C. The results will be a set of subject score eigenvectors with associated eigenvalues as shown here. 
3.13.1. LABMEDIA: Figure 4b (Video Editor: Start with the visual from 3.11.1 and add the bubble with the text “PCA of C”)

3.13.2. LABMEDIA: Figure 4c ((Video Editor: Move the bubble with “PCA of C” to the top left corner and fade in the first matrix (S) shown in Figure 4c.)

3.14. Next, weight each vector by multiplying by the square root of its corresponding eigenvalue. The set of score eigenvectors is represented by the columns of the matrix.

3.14.1. LABMEDIA: Figure 4c (Show the box with the words “Group scores for PC vectors”.)
3.15. Next, determine voxel eigenvectors for the same set of eigenvalues by multiplying the score vector matrix by the transpose of the subject residual profile matrix.  
3.15.1. LABMEDIA: Figure 4c (Video Editor: Add in the remaining vector map from Figure 4c)
3.16. This creates an array, P, of voxel pattern eigenvectors in a descending order of eigenvalues according to the equation shown here where P is the matrix of principal component voxel eigenvectors, SRPT is the transpose of the SRP matrix and S is the Score vector matrix.
3.16.1. LABMEDIA: Figure 4c (Video Editor: Show the Voxel Vector PCA Pattern Matrix and corresponding matrix box at the beginning of the statement up to the word “Equation”

3.16.2.  LABMEDIA: Show the Equation ( P =  SRPT x S) and add (TEXT: P = Principal Component Voxel Eigenvectors, SRPT= Transpose of the SRP Matrix, S = Score Vector Matrix)
3.17. Then, transform each vector to a principal component image.  Each principal component image is attributed to a percent of the total variance accounted for corresponding to the relative size of its eigenvalue.
3.17.1. LABMEDIA: Figure 4c (Video Editor: Add in the remaining parts of Figure 4c, the PC1-PC4 images, at the beginning of the statement, one at a time.)
4. Pattern biomarker derivation 

4.1. Examine the results of the principal component analysis to determine patterns that are associated with high variance accounted for values. Voxel pattern vectors are Z-transformed so that their values represent positive and negative standard deviations from their mean value.
4.1.1. SCREEN:  Capture some of the output of the demo processing. Show output directory and contents. Point to screen output that indicates PC images,  subject scores and corresponding vaf values in descending order for up to 4 PCs. May also click on Scree Plot. 
4.2. Next, attempt to identify regional deviations associated with the disease that is being studied.

4.2.1. LABMEDIA: Figure 7a (Video Editor: Show the three orthogonal views over an MRI structural background as depicted on the bottom left of Fig. 7a for PC1. Use an arrow to point to the intensely colored regions (red and blue))
4.3. Then, examine scatter plots of the scores corresponding to each principal component pattern.  An optional receiver operating characteristic plot can also be generated. 

4.3.1. SCREEN: Talent clicks on the PC1 scatter plot from the screen output. Then selects menu option to create ROC curve from the PC1 score file in the output directory. Show AUC curve output image.
4.4. To identify a disease-specific pattern, evaluate the differentiation of subject scores between patients and controls by examining the p-values of the corresponding two-sample t-tests and area under the curve values.
4.4.1. MED Over the Shoulder: Talent accesses the data described in 4.4 displayed on their screen. 
4.4.2. SCREEN: Talent Clicks on scatter plots for PC1, PC2, PC3, PC4 and point to the p value on the figure bar.
4.5. Next, vector normalize and linearly combine the selected principal components to yield a single disease-related pattern. To accomplish this, the MATLAB function glmfit is used to determine coefficients based on logistic or other regression models applied to subject scores. 
4.5.1. SCREEN: Talent shows data input on the menu as well as some output. Talent selects option Linear GIS Addition on the Menu. Selects PC1 and PC4 score files, selects Logistic Regression, and waits for outputof Linear Coefficients and Combined Vaf. Then presses PROCESS and show combined image pattern next to the input patterns.
4.6. Once a biomarker pattern has been identified, you can evaluate its score expression in a prospective subject from that individual’s scan.  To accomplish this, use a simple computation of the internal dot vector product of the subject’s SRP vector and the GIS pattern vector. This operation is performed by TPR on the menu.
4.6.1. MED: Point to TPR on the menu.)
4.6.2. LABMEDIA:Show the Equation (Score = SRPs ● Pattern ) and add (TEXT, Score = the subject’s scalar score, SRPs= the subject’s residual profile vector, Pattern = PC pattern biomarker. (note, If possible show the right side terms first and then merge the dot into the score value)).
4.7. Finally, further validate the resulting potential pattern biomarker by bootstrap resampling using external software and by forward validation of independent subject groups. Forward validation is facilitated by using TPR to determine scores for a prospective cohort.

4.7.1. SCREEN: Talent performs the above. Show a corresponding data input/output demo of menu option TPR. Talent selects Automated TPR on the menu. Selects PC1 and selects 22  patient files (screen capture a) and 22 controls (screen capture b) from a Validation Directory. Then examines output Scores for each case.
5. Results: Identification of Disease-Related Spatial Covariance Patterns 
5.1. Shown here are the axial displays of the first four principal component images comparing ten clinically diagnosed Parkinson’s disease patients with 10 age and sex matched controls. 
5.1.1. LABMEDIA: Figure 7a (Video Editor: Show the PC1-PC4 images without their corresponding Vaf and p-values)

5.2. The hot colors indicate relative increases in metabolic activity within that principal component’s contribution to the overall subject residual profile, whereas cold colors indicate relative metabolic decreases.
5.2.1. LABMEDIA: Figure 7a (Video Editor: Show the same image from 5.1.1 and draw arrows to the cold and hot colors as they are mentioned.)

5.3. Principal component 1 had the largest variance accounted for, or vaf score, and the smallest p-value representing high significance and is the only one that could be considered a potential independent biomarker.  The significant regions of variation that contribute to the overall pattern are evident when displayed in orthogonal views over an MRI structural image background.

5.3.1. LABMEDIA: Figure 7a (Video Editor: Start with the image from 5.2.1.  At the start add the p-values and Vaf to the screen and highlight the 24% Vaf and p=0.0002 of PC1 when mentioned.  With the beginning of the second sentence add in the orthogonal views of PC1 (from the bottom half of Figure 7a) along with their corresponding Vaf and p-values.)

5.4. The combination of principal components can be used to try and increase significance, such as with the case of components 1 and 4, where when combined, lowers the p-value suggesting higher significance.
5.4.1. LABMEDIA: Figure 7a (Video Editor: Start with the image from 5.3.1 and add the lines from PC1 and PC4 and display the additional orthogonal images from this figure.) 

5.5. These graphs show the independent bar graphs and scatter plots of the derivation subject z-scores of principal component 1 and principal component 4. Only the first principal component significantly discriminates patients from controls while the fourth demonstrates a trend.

5.5.1. LABMEDIA: Figure 7b (Video Editor: Show the top half of figure 7b at the start.  Highlight PC1 and PC4 when mentioned.  Also highlight (Vaf=24% p=0.0002) with the word significantly.)

5.6. The linear logistic combination of principal component 1 and principal component 4 improves discrimination as previously indicated.  The combined pattern demonstrates perfect separation at a Z-score threshold of 0.9.
5.6.1. LABMEDIA: Figure 7b (Video Editor: Begin with the end of 5.5.1 and then transition to the bottom “combined graph” with the word “combination”.  Highlight the z=0.9 when mentioned along with the red dashed line.
5.7. Combining principal component 3 shows a slightly increased discrimination over the combination of 1 and 4… but all 4 principal components did not improve data discrimination due to the non-discriminant capacity of principal component 2.  

5.7.1. LABMEDIA: Figure 7c (Video Editor: Begin showing the left half of figure 7c, then add the right half after the pause. With the word discrimination highlight the p-values represented by the p=xxx.)

5.8. Prospective score evaluation of patterns for principal component1, and combined patterns of principal components1 and 4, principal components1, 3, and 4 and principal components1, 2, 3, and 4 for 22 normal controls and 22 PD patients are shown here. 
5.8.1. LABMEDIA: Figure 7d

5.9. The area under the curve values and sensitivity appear to decrease for more than two combined principal components while p-values tend to become less robust. An insignificant improvement was noted for PC1_4 in AUC and p values invalidating the significant difference predicted in the derivation sample.
5.9.1. LABMEDIA: Figure 7d (Video Editor: Highlight the AUC values and P-values when mentioned.)
INSTRUCTIONS FOR AUTHORS:

Please ensure that the representative results narration is appropriate and correctly describes your images, movies, or figures.  Our editors have ensured that the results are written in our format.   

We consider this section a critical aspect of the video, because here is where you provide validation for your experiments.  For example, if this is a cell culture preparation, this section is where the video will show your cells at various time points following culturing.  If this is an imaging prep, then this part is where you will show examples of your imaging experiments.  

Please limit the extent of narration to no more than 2-3 lines of text per image or movie file being described.   Figures with multiple panels submitted with the original protocol should be broken up so that each panel is a separate image.   Like the schematic, each image or movie file supplied in the results should be referenced by annotation in parenthesis, however for the results, the specific filename should be given in parenthesis.  

Below is an example of results text:

EXAMPLE REPRESENTATIVE RESULTS

5.  Evaluation of Morpholino Injection and Knockdown
5.1   Representative results of both morpholino injection and mRNA injection are shown here. The    

        uninjected control at 48 hours post fertilization looks normal, as expected 

        -LAB MEDIA: 0123_PIname_Figure1.tif  (Replace 0123 with your jove video #)

5.2   However, embryos injected with the morpholino heg_e3i3_egfr1, which knocks down Heg isoforms

                     containing the first of two EGF-like repeats, exhibit brain edema.


        -LAB MEDIA: 0123_PIname_Figure2.tif


5.3   Injection of heart of glass mRNA also produced an obvious phenotype. At 24 hours post fertilization, 

        the heads of the uninjected controls look normal 

        -LAB MEDIA: 0123_PIname_Figure3.tif

5.4   Conversely, some of the embryos injected with the mRNA exhibit cyclopia     

                     -LAB MEDIA: 0123_PIname_Figure4.jpg

Please visit the following URL to see an example of how the results will look when complete:

http://www.jove.com/video/1597/results-example-mably?access=ksw0bprj
6. Conclusion (said by authors on camera) 
Authors: Below are statements we would like you to complete that summarize and conclude the video. Only one statement should be chosen and completed per author who will be on camera demonstrating the protocol. In addition to choosing and filling out the appropriate statement, please enter the name of the individual who will say each line. You may revise the given prompts if necessary to better fit your protocol.
6.1. Dr Eidelberg: Once characteristic reference groups of disease subjects and their matched controls have been scanned using single volume modalities such as PET, SPECT or ASL fMRI, the determination of a signature spatial covariance pattern biomarker that can differentiate patients from controls for a specific neurofunctional brain disorder is a straightforward procedure using SSM/PCA.

6.2. Dr. Tang: Following the derivation and validation of the pattern, other methods like correlation analysis of patient scores with independent clinical measures of disease can be performed in order to answer additional questions such as whether the imaging biomarker reflects motor or cognitive manifestations of disease or whether its expressions using sets of biomarkers in hard to diagnose cases can differentiate between different conditions that exhibit similar symptoms.
6.3. Dr. Spetsieris: Don't forget that this procedure cannot be directly applied to time series functional MRI data because of the dynamic fluctuations in response and low signal-to-noise ratio associated with  fMRI signals.
Provided Media

Authors, Please list all images, movie files, or 3-D rendered animations that can be included in the video per editor’s request.  The step in the script/video where these images will be inserted should be specified.   For example:

6.2 –  0123_PIname_Figure1.tif -  dual color imaging of tumor angiogenesis at 40X 

6.2 –  0123_PIname_Figure2.tif -  dual color imaging of tumor angiogenesis at 100X

Formats:  For static images we prefer .tiff, 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 your media filenames here.
ProceduralGraphicOverview_50319.ppt

FiguresforManuscript_50319.ppt

Figures_forVideoScript_50319.ppt 
Screen3.2.1.avi
Screen3.3.1.avi
Screen4.1.1.avi
Screen4.3.1.avi

Screen4.4.2.avi
Screen4.5.1.avi
Screen4.7.1a.avi

Screen4.7.1b.avi
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, as well as an introduction to your videographer, closer to your filming date.
1

