
 

these genes also appear in the Domain groups “DNA topoisomerase,” “G-
protein beta subunit,” and “NERF transcription factor,” as well as the GO 
groups “DNA binding,” “DNA topological change,” “GTP binding,” “GTPase 
activator activity,” “kinase activity,” and “nucleotide excision repair,” all of 
which are significant or near-significant by permutation testing.  Importantly, 
these relevant biological groups near the significance borderline would have 
been missed by a purely statistical analysis. 

 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4.  Permutation testing for significant enrichment of the Biopath group ‘Cell cycle’.  The 
Find tool was used to highlight the ‘Cell cycle’ group box.  The permutation testing results are 
shown in the permutation testing results display and the log (see Figure 2).  The probability of 
observing the given number of differentially expressed genes significant at the 0.05 level by chance 
alone is less than 0.001 for this group box. 

4. Discussion 

4.1. Utility of EVA for pharmacogenomics 

As demonstrated by our results, EVA is adept at integrating multiple types of 
information to build cohesive biological conclusions supported by a variety of 
sources.  This is vital in a field such as pharmacogenomics, where the cost of 
following false leads is prohibitively high.  With EVA, the exploration of results 
can start down any of three avenues—visual, statistical, or annotative—to 
reflect the expertise or prior notions of the user.  The various aspects of EVA 
are mutually complementary, and the flexibility, speed, and user-friendliness of 
the EVA interface allow users to move effortlessly between these three avenues. 

EVA bridges the gap between raw statistical output and biological 
discovery, empowering the researcher to biologically validate statistical findings 
and to statistically test biological findings.  The researcher can then plan the 
next experimental step by linking results to bodies of literature for particular 
genes. 



  

4.2. Future directions 

The development of EVA is an ongoing process.  Future studies will incorporate 
results from machine learning and multivariate statistical methods.  There are 
plans to integrate the tool with other publicly available data sources, including 
those for model organisms.  Additionally, while EVA was developed for 
genomic applications, it can be naturally extended to genetic or proteomic 
analyses.  A command line interface will allow programmable analyses and 
provide a mechanism to combine EVA with output from other analysis tools, 
such as sequence homology engines or alternative permutation testing strategies 
that address the issues of multiple testing and non-independence across tests.  
The new platform-independent Java version of the EVA GUI will be available 
at no cost to academic users.  Contact the authors for distribution information.   
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