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Summary 
While correlation networks have been used for quite some time in the metabolomics or proteomics arena, 
an integrated systems biology approach using semantic techniques to better make sense of findings from 
genomics, proteomics, metabolomics and clinical endpoints all together has been missing. This report 
remedies this deficiency by using a new approach towards functional data integration across ςOMICS, 
tissue imaging and relevant observations.  
 
Being able to merge datasets independent of their existing taxonomies, ontologies or semantic standards 
is one of the key requirements towards constructing coherent datasets for meaningful biomarker 
discovery. To understand biological functions requires that all experimental data and their relationships 
can be viewed and analyzed in context with data from public sources, pathway models and 
pharmacodynamic observations.  In the approach of categorizing statistically relevant experimental data 
according to their relationships and by their impact on several pathways simultaneously, only an 
integrated network visualization and analysis facilitates the identification and qualification of potential 
biomarkers in complex multidimensional and multi-responsive systems.  
 
In this work, we demonstrate the utility of semantics in its application to diagnostic biomarker discovery in 
toxicity studies across different tissue, serum and urine samples, and evaluate the benefits, risks and 
feasibility of this approach for assay development and in the context of personalized medicine.  
 

Challenges 
¶ Despite representing very different biological processes, metabolic and gene expression changes 

may result from same toxic insult. 

¶ Pharmacodynamic correlations are not necessarily functionally linked within the biochemical 
network. 

¶ Biological systems understanding to predict phenotypic outcome on toxic responses is still very 
incomplete and in its infancy. 

¶ Lack of intuitive, science-driven tools makes researchers shy away from network data analysis 
approaches in general.   

 

Methodology 
¶ Select robust correlations between independent analytical results. 

¶ Associate significant elements of those networks with reference data sources. 

¶ Use statistical methods to determine coherent responses, then create correlation networks to 
bridge analytical research towards better understanding of biological systems. 

 

Experimental Model 
¶ Panel of 7 chemical hepatotoxicants and Ethanol, single oral dose (placebo, low, mid, high) in 

groups of 4 rats, sacrificed at 6, 24 and 48 hrs. 

¶ Metabolomic analysis of over 1600 metabolic components) in different tissues (liver, serum, brain 
and urine); microarray analysis gene expression profiling in liver, brain and whole blood (31096 
transcript probes). 

 

Analysis 
¶ Find compounds and genes with significant perturbation (LC-MS and GEP analysis). 

¶ PCA of transcriptional and metabolite data independently, enabling unbiased sample grouping by 
dose and time. 

¶ Map results into a semantic framework to visualize, explore and analyze data relationships. 

¶ Map pathway enzymes from public sources to experimental data and merge them into a common 
ontology. 

¶ Reduce network complexity: apply criteria for connection depth, numeric scaling and weighting. 

¶ Perform graphical, textual and SPARQL queries to specify conditions (such as,  for example,  time 
or dose), then re-plot the resulting sub-networks to qualify potential biomarkers. 

 

Results 
 

 
 

Fig.1: Correlate commonly perturbed compounds across studies with same tissue, but different toxicants: 6 
liver toxicity studies (at the corners of the network graph) and their effected metabolites (in the center, 
violet colored) are easily distinguished from thousands of compounds.  

 

 
Fig.2: Validation of metabolic responses across tissues for a single toxicant: All experiments for the few commonly 
perturbed metabolites (center, pink) are visualized according to the significance of the experimental data. Scaling 
was performed according to fold changes (represented by box area) and p-value (represented by color) for all doses 
and timepoints.  

   

 
Fig.3: Correlate metabolites and genes across pathways: L-Acetylcarnitine network, 1-2-Dichlorobenzene as toxicant; 
mapping of experimental data to public resources (HMDB, NCBI Entrez) to contextualize the analytical observations 
 

 

   
Fig.4: Rats άǳƴŘŜǊ ǘƘŜ ƛƴŦƭǳŜƴŎŜέ ƛƴ 9ǘƘŀƴƻƭ ǘƻȄƛŎƛǘȅ ǎǘǳŘȅΥ aŜǘŀōƻƭƛǘŜ ŎƘŀƴƎŜǎ ƛƴ ǇƭŀǎƳŀΣ brain and liver (left); 
changes and commonalities in different length of exposure lead to potential biomarkers for alcohol dependency      
 

Conclusions 
Using a semantics and a common ontological framework to explore toxic perturbations in large metabolic 
and genomic datasets across several toxicants and different tissues, we were able to demonstrate the 
following abilities: 
 

¶ Correlate metabolites across different drug treatments ς discover commonality of effects for a 
class of drugs 

¶ Review effects of a single toxicant across tissues (e.g. liver, serum, urine) ς explore commonality 
of biomarkers in a more accessible tissue for diagnostics 

¶ Correlate genes and metabolites in the same tissue ς understand pathway- and systems biology-
related interactions  

¶ Analyze time/dose dependencies and effects to optimize experimental conditions for consecutive 
studies 
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