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Most cells have a unique crop of messenger RNAs within them, due to their history, interactions with the environment, and interactions with other cells.  Regulatory systems control the mRNA crop, impacting how fast the mRNAs are produced from their cognate genes, how fast they turnover (are degraded to nucleotides), and how fast they are translated.  Using microarray technology, molecular scientists have collected mRNA data from many cells and tissues, and the public-domain data allows us to ask new questions or re-examine old ones using data analysis alone.  New generation DNA sequencing of cDNAs copied from the mRNA crop may supplant microarrays for many uses, but the kinds of questions that can be asked starting with array data can also be addressed by the sequencing data later on.  In the meanwhile, a tremendous resource of expression data can be mined by students and faculty worldwide.  A few of the public domain sites where expression data can be downloaded are listed in the References.
Preparing to use MeV:

If not done before, install TIGR’s MeV program on your computer.  (Available for download free from http://www.tm4.org/mev.html ).  The following description of MeV is from that website:   “Normalized and filtered expression files can be analyzed using TIGR Multiexperiment Viewer (MeV). MeV is a versatile microarray data analysis tool, incorporating sophisticated algorithms for clustering, visualization, classification, statistical analysis and biological theme discovery. MeV can handle several input file formats. These include the “.mev” and “.tav” files generated by TIGR Spotfinder and TIGR MIDAS, and also Affymetrix® (“.txt”) and Genepix® (“.gpr”) files.”  This paper describes the software in more detail: Saeed AI, Sharov V, White J, Li J, Liang W, Bhagabati N, Braisted J, Klapa M, Currier T, Thiagarajan M, Sturn A, Snuffin M, Rezantsev A, Popov D, Ryltsov A, Kostukovich E, Borisovsky I, Liu Z, Vinsavich A, Trush V, Quackenbush J. TM4: a free, open-source system for microarray data management and analysis. Biotechniques. 2003 Feb;34(2):374-8. System and Hardware requirements: TM4 requires Java v1.4.1 or higher and Windows 2000/XP, MacOSX or Linux.  Hardware requirements (memory space) required depends on the size of data sets used.
The large MeV manual can be downloaded from the site above, and so can the Quickstart Guide which we will use (handout).  Have it handy as you begin to use MeV.  
Open the MultiExperiment Viewer (e.g. by double clicking on the TMEV.bat file in the MeV folder after you’ve installed it).

Loading data for the first analysis:

On the Multiple Array Viewer screen that appears, click on File and on Load Data. You’ll see a screen called Expression File Loader.  

For annotation, choose Human and affy_HG-U133A, the annotations for the particular Affymetrix chips used in this dataset.  Click download unless this dataset is already available on your computer. 
For the Expression File, we’ll use a set of data on B cell versus T cell Acute Lymphocytic Leukemia.  The MeV program has downloaded data along with the program itself.  In the “Select Expression data file” square, click on Browse.  Look in the MeV directory Data file and click on Affymetrix files.  Inside that file is a tab delimited text file of data called:  Leukemia_Ross_Small_HG-U133A.txt.  Choose this file.  
In red letters at the bottom, you’ll see “click upper-leftmost expression value. Click the load button to finish.”  The value you need to click is 7.557435 in the table we’ve selected. When you choose that value and click load, a ‘heatmap’ will appear on the Multiple Array Viewer screen.

The Table below shows the samples in this small dataset:

	Ross Leukemia Affy dataset for MEV  sample IDs
	HG-U133A Affy microarrays used

	Patient
	JD-ALD019-v5-U133A
	JD-ALD025-v5-U133A
	JD-ALD026-v5-U133A
	JD-ALD034-v5-U133A

	#cancersubtype
	B-ALL
	B-ALL
	B-ALL
	B-ALL

	#disease state
	B-ALL with E2A-PBX1
	B-ALL with E2A-PBX1
	B-ALL with TEL-AML1
	B-ALL with E2A-PBX1

	
	
	
	
	

	
	
	
	
	

	
	JD-ALD039-v5-U133A
	JD-ALD041-v5-U133A
	JD-ALD051-v5-U133A
	JD-ALD052-v5-U133A

	
	B-ALL
	B-ALL
	B-ALL
	B-ALL

	
	B-ALL with BCR-ABL
	B-ALL with E2A-PBX1
	B-ALL with MLL
	B-ALL with MLL

	
	
	
	
	

	
	
	
	
	

	
	JD-ALD057-v5-U133A
	JD-ALD066-v5-U133A
	JD-ALD071-v5-U133A
	JD-ALD078-v5-U133A

	
	B-ALL
	B-ALL
	B-ALL
	B-ALL

	
	B-ALL with MLL
	B-ALL with HprDP50
	B-ALL with E2A-PBX1
	B-ALL with MLL

	
	
	
	
	

	
	
	
	
	

	
	JD-ALD079-v5-U133A
	JD-ALD083-v5-U133A
	JD-ALD085-v5-U133A
	JD-ALD096-v5-U133A

	
	B-ALL
	B-ALL
	B-ALL
	B-ALL

	
	B-ALL with E2A-PBX1
	B-ALL with HprDP50
	B-ALL with HprDP50
	B-ALL with TEL-AML1

	
	
	
	
	

	
	JD-ALD407-v5-U133A
	JD-ALD491-v5-U133A
	JD0008-ALL-v5-U133A
	JD-ALD113-v5-U133A

	
	T-ALL
	T-ALL
	T-ALL
	T-ALL

	
	T-ALL
	T-ALL
	T-ALL
	T-ALL


Notice that the last four samples (407, 491, 00008-ALL, and 113) are T-cell Acute Lymphoblastic Leukemia (ALL) while all the others are B-cell ALL.  Samples appear in the same order in the table and on your screen.  Red is high expression and green is low expression relative to normal tissue.  Scroll down looking for genes that seem to be different in the T-Cell ALL from all of the B-Cell ALLs.  (Genes 266_s_at, 39318_at, 40016_at, for example).  This is the hard way to find such genes; we’ll find much easier ways.  From this point onwards, it will be useful to take notes for later preparation of a laboratory report on MeV application to Ross Leukemia dataset.
Clustering the genes.
I.  Hierarchical Clustering

A. Filtering out the genes that change expression

In order to cluster fast and not overburden the memory requirements by using all 20,000 genes, we will filter first.  Click the Adjust data button along the top left. Leave Enable Variance Filter checked.  The default (percentage of highest standard deviation genes (1-100) plus 50 in the box) will give us the genes with >=50% of the highest standard deviation seen among the genes or arrays we have.  Apply this filter. You’ll collect 11141 genes that pass.  Then click on Data Filter _Variance Filter on the left menu and then on Expression Image.  Notice how many of the genes look different on the left and right sides of the display. You can cluster just these filtered genes by right-clicking on this expression image and choosing ‘select for analysis’ or, on some computers, simply by leaving this dataset chosen in the left side menu.
B. Hierarchically clustering the filtered genes by gene and by sample

Now, with the Data Filer Expression Image chosen on the left, click the Clustering button at the top left.  On the menu that opens, choose Hierarchical Clustering.  Leave both the gene tree and the sample tree checked.  Leave Euclidean Distance and Average Linkage Clustering checked (refer to the MeV manual for the meaning of these choices for the analysis).  A box showing the creation of a difference matrix will appear. It will take about 5 minutes for the array to be created. It will then calculate the tree.  You’ll see HCL (hierarchical clustering) appear in the left menu.  Click on it and then double click on HCL Tree.  The data are now grouped (clustered) so that arrays that are similar are together and so that genes that have similar expression are together.  You can see the groups designated by the lines along the left side (for genes) and the top (for arrays). Notice that the four arrays with T ALL (still on the right, verify by checking the names in the Table above) are grouped separately from the B ALL.  Scroll down and see what happens when you click on one of the horizontal lines seen on the left side.  The set of genes bracketed by that category is highlighted and the lines connecting them turn pink.  You can remove the highlight by clicking in the white area to the left of the picture.  Beginning at the top, a large red area occurs and right below it there’s a patch with green on the left and red on the right.  The first gene in the patch is 201012_at (there’s a gene right above it that doesn’t break cleanly at the last four samples. It has been left out when the category line was chosen). The last one is 204777_at.  Click to highlight this cluster. Right click on the line and choose ‘store cluster’ then give it a name and a color for the storage process in the dialog box that appears. You can create and store a number of hand-picked clusters in this way; the program gives each one a different color.
 If you right click in the GeneTree and select Gene Tree Properties you can get much more detailed results. You can adjust the number of clusters created by the program, for example.  The shorter the distance between similar genes, the more clusters you’ll have. Push the sliding scale to the right, and you’ll see how many clusters you’ll get at each setting.  If you click on the box on the right Create Cluster Viewers, you’ll see different charts and graphs for each cluster created.   Click OK when ready for the values to be applied. If you created 10 clusters, for example, you could see them via the blue triangles over the lines at the left.  Notice that the clusters you created earlier are included as parts of other clusters.
II. KMeans Clustering

Now let’s look at KMeans Clustering with the same dataset.  Kmeans in this program will not cluster both samples and genes at the same time, so let’s begin with clustering the genes.
A. Gene clustering
Choose the filtered dataset.  (You can try applying the method to the whole dataset later if you wish; the memory requirements are less and it will be successful, but you’ll need to ask for more clusters to get something meaningful.)  You may use the defaults with the filtered data, i.e. filter on genes, use means rather than medians, and ask for 10 clusters and 50 iterations.   When you have the ten clusters, double click on the left menu at KMC-genes1 to show all the clusters, then click Expression Image and choose each cluster in turn to see the different heatmaps.  Notice that the genes in the cluster are expressed similarly to each other, and that some clusters seem to have differences between the B type and T type ALL while others do not.  
B. Sample Clustering

Let’s now ask for Kmeans clustering of the samples. Choose the filtered dataset by clicking it on the right menu at Data Filter-Variance and then Expression Image as you did to start the gene-based clustering. Choose Kmeans again from the Clustering Menu (top left of screen). Ask it to cluster Samples and ask for 2 clusters, because ideally we hope it might decide B cell and T cell samples cluster to two different groups. After it clusters, KMC-samples appears on the left menu. Double click that and choose expression image, then choose each cluster separately.  Check whether or not it grouped the B and T cells separately by comparing the samples in each set with the table above.
III.  QT Clustering of Genes
Let’s try a third clustering method called QT.  First we need to filter the genes more stringently.  Choose the original data on the left side and open the Data Adjustment menu at the top left.  Choose Filter and Variance again.  This time, put 20% into the box.  You should now have 4456 genes left after passing through the filter, which you can see by double clicking the new DataFilter-Variance Filter file on the left menu (it’s at the bottom of the list). This method is less arbitrary but it takes longer.  A running tab of second should show in the box on your screen.  It will take about 10-12 minutes to complete this clustering.  Click on the QTC-Genes in the left menu and on Expression Image.  Open the images of the first four Clusters and comment on the breakdown between B and T types (still in the original configuration with the four T type arrays on the right side).  How do you think these clusters compare with those of the KMeans clustering and the Hierarchical clustering?
Statistical Testing
I.  SAM

Click on Adjust data and filter the Ross Leukemia original data at the 50% level as in some of the exercises for Clustering.  Click on the Data Filter-Variance Filter to select the filtered data.  Then click on Statistics.  Select SAM  from the menu that opens.  SAM stands for significance analysis of microarrays. On the menu that opens for running SAM, first, you need to set up the two groups to compare.  From the menu of arrays that you see, put the B cell ALL samples into Group A and the T cell ALL samples into Group B (refer to table above if you’re not sure which samples are which type).  Save the file as BvsTcells.  Then click “load” to load that file.  You may leave all the other settings on the default.   If you limit the permutations to 100 (default value) you should find a small number of genes considered significantly different between  the B and T cell arrays—68. Under SAM, when you open it on the left menu, you’ll find the SAM graph which shows the up-regulated and down-regulated genes in relationship to the whole dataset.  

Click on Expression images to open.  You’ll find images of expression for genes with positive significance, negative significance, all significant genes, and nonsignificant genes.  Click on the positive and the negative and compare what you see.  Open the nonsignificant expression image and scroll down.  Do you see any genes that look like they differ between the B and T groups?  If so, why do you think they didn’t pass the statistical test?
Now click on Expression Graphs and examine the curves for each group, which is easiest by clicking on “All Genes.”  What do you find by comparing these graphs?

Now click on Table Views. You see a list of genes, some annotation information, and if you scroll all the way to the right, the expression data including the expected and observed values and the fold change.  In the section of the table called “gene name” you’ll actually find annotation information.  For the positive genes, do you notice any trends?  You might notice transcription factors and chromatin regulators (GATA for example), protein kinases and phosphatases, and T cell receptor genes among that group.  Under the Negative Significance category of Table View, what do you see as trends?  You’ll might notice a lot of major histocompatibility genes, plus some B-cell (antibody related) genes such as pre-B lymphocyte genes, B-cell RAG associated gene, some CD-specific genes, and immunoglobulin genes.  The Pax5 (paired box 5) is a transcription factor that acts early in B-cell differentiation.   

II. One Way ANOVA

A.  Run ANOVA and find significantly changed genes

Now choose the same filtered genes on the left and open the Statistics menu again.  This time choose One Way ANOVA (analysis of variance).  Specify that there are three groups.  Into group 1, sort samples 19,25,34,41,71, and 79 (ones with  B-ALL with E2A-PBX1 on the bottom line in the table), make Group 2 the other B-cell samples, and make Group 3 the T cell samples.  Save and load this grouping under a title of your choice.  Then run the ANOVA with the default setting (F value distribution not permutations).  Under one-way ANOVA on the left, find Cluster Information and click on it.  How many genes did it find significantly different between these three clusters?  It should find 2051 such genes.  Why do you think it found so many more than SAM?    Take a look under Table Views at the table of significant genes.   Do you see the same kinds of genes we noticed after SAM analysis? 
B. Cluster the significant genes you found.

A useful feature of the MeV program is that you can run clustering on the output sets from the statistical analysis, like the over 2000 genes that we just identified.  Under One-way ANOVA on the left, right-click on the category “significant genes” under the Expression Images on the left.  Your choices are then to delete this image or to set this group of genes as the subject of analysis.  Select the group, and then when you go to the clustering menu, you will have that group chosen to cluster.  Apply K-means clustering to the selected significant genes, and set the number of clusters to 6.  Examine the clusters you got in the expression image and table view settings.  Comment on how they compared with other ways of generating gene lists that might be important in the diagnosis of these cancer types.

Try different options.  You’ve been introduced to some of the useful options in the MeV program.  If time permits, try out some combinations of the things you have tried, or try out other interesting possibilities from the menus across the top. 
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Web Resources for Microarray Educators AMATA workshop, Laura Hoopes, Oct, 2009

Genome Consortium for Active Teaching
http://www.bio.davidson.edu/projects/GCAT/GCAT.html
Consortium prints and ships inexpensive arrays for a variety of organisms, for undergraduate teaching only, supported by HHMI. Also has student-tested protocols for spotted long-oligo arrays from their workshops posted, and runs a listserv for users to help each other.

MagicTool

http://www.bio.davidson.edu/projects/MAGIC/MAGIC.html
Free, open source software developed by undergraduate students at Davidson College collaborating with statistician Laurie Heyer.  Download software, manual, flash animations of how to use it (very student-friendly).  Software is outstanding in developing understanding of how scanning/software collects spot data, and has tools for statistical analysis of the array data.

Here are flash tutorials your students can use: http://www.bio.davidson.edu/projects/MAGIC/tutorials/MTUG.htm
Modules for teaching microarray data analysis:

Mathematically inclined introductions to concepts in gridding and data analysis, L Hoopes’ biochemistry class: 3 modules using MagicTool and BRB Arraytools and Johanna Hardin’s microarray statistics class: 3 modules using MagicTool, R, and BioConductor.

http://pages.pomona.edu/~jsh04747/courses/microarray/modules.htm
TIGR’s Multi Experiment Viewer software, MeV

http://www.tm4.org/mev.html  

Freeware, MeV 4.4 release, May 28, 2009, displays multiple arrays from an experiment.  Clustering and statistics performed and results displayed in heatmaps and other formats.

Gene Expression Omnibus  (GEO is a curated US Government repository of array data)

http://www.ncbi.nlm.nih.gov/geo/
Stanford Microarray Database

http://smd.stanford.edu/  Has a public-access portion with publications you can sort by organism and date.  For those of interest, data can be downloaded for student analysis.  In Sept, 2009, there were 221 papers with data on human microarrays that could be selected and downloaded either from SMD or GEO or both.  One of the yeast papers available is DeRisi JL, et al. (1997) Science 278(5338):680-6, basis for some GCAT wet and dry lab workshops.      

Pat Brown’s web page (Stanford) http://cmgm.stanford.edu/pbrown/Pat_Brown_Lab_Home_Page/Home.html
 Movies on printing of microarray slides:

http://media.pearsoncmg.com/bc/bc_campbell_genomics_2/medialib/method/robot/robot.html
ftp://genome.wustl.edu/private/998174968714924/ftp/
GenMAPP free software for examining pathway statistics from microarray data: http://www.genmapp.org/ 
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