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Background

The project is being conducted under a multi-year NIST 
Advanced Technology Program (ATP) grant involving a 
partnership between IO Informatics and Icoria (now 
Cogenics, Division of Clinical Data, Inc.). 

Main Objectives:

Á Combined analysis of data from different sources
Á Integration to balance differences in size and content
Á Interrogation within and across experiments, tissues and 

studies
Á Linking to external knowledge
Á Understanding within the framework of biological networks
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Challenges
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ÁA combination of metabolic and gene expression data can provide a 
more complete mechanistic understanding than either type of data 
alone
ÁHoweverȣ-ÅÔÁÂÏÌÉÃ ÁÎÄ ÇÅÎÅ ÅØÐÒÅÓÓÉÏÎ ÃÈÁÎÇÅÓ ÍÁÙ ÒÅÓÕÌÔ 

from same toxic insult, but represent very different biological 
processes

ÁChanges in individual components can be grouped into coherent 
response modules by looking for similar dose and time relationships
ÁHoweverȣ0ÈÁÒÍÁÃÏÄÙÎÁÍÉÃ ÃÏÒÒÅÌÁÔÉÏÎÓ ÁÒÅ ÎÏÔ ÎÅÃÅÓÓÁÒÉÌÙ 

functionally linked within the biochemical network

ÁGenes and metabolites may occur at lower doses and earlier times 
than those that produce pathological changes
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Methodology
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ÁSelect robust correlations between independent analytical 
results
ÁCorrelation is the initial step to establishing cause 

and effect

ÁAssociate significant elements of those networks with 
reference data sources

ÁCreate correlation networks from coherent response 
modules to bridge analytical research towards better 
understanding of biological systems

Thesis: Biomarker activity for toxicity models are most usefully investigated 
first according to their correlations across diverse experimental data methods. 
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Experimental Model
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ɆPanel of chemical hepatotoxicants, single oral 
dose (placebo, low, mid, high) in groups of 4 
rats, sacrificed at 6, 24 and 48 hrs.

ɆMetabolomic analysis of liver, serum and urine 
(1603 metabolic components); microarray 
analysis of liver and whole blood (31096 
transcript probes).

Compendium 
Study 

ɆHigh doses t.i.d. for four days, with and 
without 24h withdrawal

ɆMetabolic analysis of plasma, liver and brain; 
microarray analysis of liver and brain

Alcohol Study
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Use Cases
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This case study describes how multiple source experimental óomics 

data is integrated and transformed to provide graph visualization that 

describe and link potential biomarkers according to their coherent 

correlative responses to perturbation ïe.g. as ñcoherent response 

modulesò - in a systems biology environment. 

First, biomarker activity for toxicity models is investigated according 

to their pharmacodynamic correlations across diverse experimental 

data types. 

Once robust correlations are found, associating significant elements 

of these networks with reference data sources - e.g. with canonical 

pathway or reaction databases ïallows the researcher to better 

understand how experimental perturbations are effecting the 

organism.
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Analysis

Perform graphical and SPARQL queries, then re-plot the resulting 
sub-networks

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

Map pathway enzymes from public sources to experimental data 
within a common ontology

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

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

Find compounds and genes with significant perturbation (LC-MS and 
GEP analysis)
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PCA of Transcriptional and Metabolite Data

25075250Dose Time    6h     24h       48h

31,096 transcript probes 1,603 metabolomic components

Independent and unbiased sample grouping by dose & time
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Query entire project data set for statistically significantly perturbed 
metabolites and genes to pre-select  relevant  subsets
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Map data to a common class ontology using interactive graphical mapping
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Correlate commonly perturbed compounds across studies with same tissue, but different toxicants
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Validate metabolic responses across tissues: Visualize significance of experimental data 
by scaling compounds to fold change and p-value
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Subset example:  1,2-dichlorobenzene toxicity perturbation in liver: Single gene, two probe IDs, 
experiments scaled by dose (area) and time  point (color)
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CASP genes sub network: Category scale 

Dose (x, increasing left to right)

Time (y, increasing bottom to top)

Fold change (height)

p-value (width) 
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Correlation of metabolites and genes: L-Acetylcarnitine network, 1,2-Dichlorobenzene as toxicant


