Putting it all together: expression data, text mining, and Gene Ontology.

Expression data is notoriously noisy.  Text mining methods have a notoriously high false positive rate.  Gene Ontology classifications can be broad or even contradictory, as one gene can participate in multiple processes, as represented by multiple (and sometimes contradictory) assignments for one gene.  But by combining expression, text mining, and GO data, we can overcome the shortcomings of each separate form of data, and generate clear, specific, testable hypotheses.  This section will illustrate this process, while following the analysis performed for the journal publication King et al., Pathway analysis of coronary atherosclerosis. Physiol Genomics. 2005 Sep 21;23(1):103-18.
1. For this section, you will need a genome-wide gene expression dataset.  In your sample data directory, there is a sample expression matrix file called aha_scores.mrna.  This dataset contains SAM results contrasting expression data in mild and severe atherosclerosis.  Genes with a high positive SAM score are differentially expressed in the severe stage of the disease, while those with a large negative SAM score are down-regulated in the severe disease and expressed more highly in the mild stages.  For your convenience, the expression results have been sorted into ascending order by your devoted instructor.

2. Open your expression matrix file with your favorite text editor.  Note some of the genes with the most dramatic contrast between normal and diseased tissues.  If your dataset contained p-values, the best bet would be to select genes with very small p-values.  In this case, select genes with very large negative and positive SAM scores.  For instance, your instructor chose the genes tgfb3, casq1, and fgf1 from the negative set, and np, cklf, , and rac2.  Your instructor is attentive, but definitely not all-knowing, so you should feel free to make your own selection.

3. Start Cytoscape.  Launch the Agilent Literature Search plugin.  In the Terms window, enter your list of genes, and click Use Aliases.  In the context window, enter the term “Atherosclerosis” and click Use Context.  See the illustration below.   Note that while the sliders shows 10, you have full permission to extend the number of articles here up to 20.[image: image1.wmf]
4. Execute the search.  This will generate a network, as shown below (using the yFiles Organic layout)
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5. Doublecheck your network (I know this isn’t fun, but if you’re going to be doing systems biology at the caliber of a journal paper, you simply have to doublecheck your network!).

a. Search for the nodes you listed as search terms under the Agilent literature search plugin.  

i. If you can’t find a node by name, check for aliases in the query editor in the plugin window.  For instance, in the literature search query illustrated above, the term np has aliases pnp, or terms generally similar to cardiotrophin-2.
ii. Note that your search term might not appear in the network at all, even under a different name.  The literature search plugins queries for articles based on the search terms, and then extracts putative interaction sentences from these articles.   Even if an article relates to one of the search terms, it might not have any putative interaction sentences that include the term.

b. Check the sentences relating to these nodes by right-clicking on the nodes for your search terms, and selecting Show Sentences from Agilent Literature Search.  Delete any sentences that do not seem to describe interactions. 

c. Let’s review what this network represents.  Each link in the network represents a putative association found in articles that relate to altherosclerosis and to one (or more) the genes listed as search terms.  Remember that we selected these genes because of their substantial change in expression.  Atherosclerosis is a complex disease, and will manifest itself differently depending on contextual factors such as age, diabetes risk, and assorted other risk factors.  By specifying the search terms in the context of atherosclerosis, we have refined our search to the aspects of the disease manifested in our experiments.  

6. To get a better sense of the response of these genes in the experiment, color them according to expression data.

a. Load the expression matrix file aha_scores.mrna.

b. Set a visual style to color nodes based on a RedGreen color map, using d-scoreexp and the Map Attribute
c. To make things less confusing, set the default node color to grey.  This will help us differentiate slight down-regulation from genes absent in the dataset.  See below.
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d. Look at your network.  If most genes that made it into your network either have no expression value or have only a mild change, rerun your literature search with another set.  Below, for instance, is a good network to rerun.   You might have to retry a few times until you get a network with good experimental response.  Try not to be frustrated.  You are working at the forefront of science.  There is little known about atherosclerosis at the molecular level, which makes it both a great and a frustrating research topic.  
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e. When you get a network with at least three nodes showing strong experimental results, you have enough to continue.  Here is the network I ended up with, after adding more search terms. [image: image5.wmf]
f. Why are there grey nodes?  Isn’t the expression dataset comprehensive?  Actually, it’s an extensive expression dataset, with almost 13,000 data points.  But, remember about gene aliases.  Often, a node ends up with one name in the expression dataset, and another name in the Cytoscape network, and nothing to indicate that the two names refer to the same thing.  Alias support is a popular request for Cytoscape, so we hope to add it for future releases.

7. Notice that your network is assembled of subnetworks with no connection to each other.  You can use the BiNGO plugin to get a quick assessment of the overall function or process of a portion of your network, as follows:

a. Select a small subnetwork, such as the one shown.   Pick one with at least two nodes with very high or very low d-scores.  This cluster has two nodes with very high d-scores: MYD88 and IL18.  [image: image6.wmf]
b. Run the BiNGO plugin to identify any GO biological processes overrepresented in this set of nodes.  Save the data to an output file.   The BiNGO Settings window is shown below. Refer to the GO tutorial section for more information on BiNGO, if needed. [image: image7.wmf]
c. My own BiNGO results appeared as shown below.  Notice that there  is a large portion of the network with no highly-significant hits, and a small section of the network with a concentration of significant BiNGO terms. [image: image8.wmf]
d. Look at your BiNGO Results window for a textual display of the results. This hints at the overall activity of this subnetwork.  [image: image9.wmf]
e. Let’s review what this set of enriched GO terms indicates. As described earlier, the literature searching produces associations specific to some effect of the disease mainfested in this experiment.  Each link in the network represents a molecular association that relates to these effects of the disease: potentially, these are the molecular mechanisms underlying this aspect of the disease.  One small sub-network represents a closely-associated group of molecular mechanisms.  For instance, consider the nodes that neighbor a search term.  Altogether, this sub-network hints at the molecular activity of the search term within this disease context.  The over-represented GO terms summarize of the overall activity of this group.

f. Review your BiNGO file, and look for significantly enriched processes that include genes from your original selection set.  In the case shown, the terms include “response to wound healing”, “immune response”, and “inflammatory response”.   The medical literature tells us that heart disease involves all three of these things, so this is encouraging.

g. Note the genes that are associated with your selected GO terms.  You’ll find these in your BiNGO results file, in the far right column.

h. Go back to your Cytoscape network.  Select one of these nodes.  Review the sentences associated with these nodes by right-clicking the mouse.

i. Return to the original articles.  What do they tell you?  For instance, in my network, there is a connection between MYD88 and IL18.  The article linking them opens with the line “Recent studies suggest that inflammation plays a central role in the pathogenesis of atherosclerosis, and IFN-gamma is a prominent proinflammatory mediator in this context.”

j. Run a fresh Agilent Literature Search query on search terms MYD88, IL18, and IFN-gamma; and context terms “atherosclerosis” and “inflammation”.  See how the new network appears when the new expression data is loaded.  

8. This sort of iterative search process can be repeated many times.  Each time, a different search is performed with a slightly different focus.  If successful, this can lead to testable hypotheses that were not apparent in the original data.
Congratulations!  Now, you are ready to go out there and do great things!  But before you go, don’t forget to listen attentively to the section on network topology this afternoon.
