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Expression profiles of samples 

Individuals 

Use expression as a molecular phenotype to 

identify molecular signatures that can be used as 

biomarkers & ideally unveil the mode of action of 

the toxicity 

Assessing the molecular signature of a toxic compound 



Omics data for food safety assessment 
g

e
n

e
s

 

… … … … … 

Expression profiles of individuals 

Genotyped Individuals 

g
e

n
o

m
ic

 l
o

c
i 

Identifying genomic biomarkers that determine 

whether or not an individual will elicit a toxic 

response boils down to omics-based cohort 

analysis 

 

Personalized nutrigenomics 



Omics data integration is statistically ill defined 
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Multivariate approaches: ANOVA (QTL, eQTL) 
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Many variables 

Small cohort size 

Noisy data 

 

Many spurious associations 
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Omics data integration is statistically ill defined 
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Network-based analysis of omics data 

Exploit prior information on molecular interactions as a scaffold to drive the analysis 

• Steers the solution of the data-integration problem to the most biologically relevant one 

Networks increase the power of the analysis 



Network-based analysis of omics data 

Networks provide an intuitive scaffold to integrate data 

Simple network model Complex network model 



Network-based analysis of omics data 

Results provide insight in the mechanism of the disease 

 



Network-based analysis of omics data 
Network 

model 



Case 1: Network-guided data interpretation 

 

• Map the genes on the interaction network 

• Connect the genes on the interaction network and extract 

relevant edges 

Non trivial because the 

network is 

overconnected 

Gene 1 

Gene 4 

Gene 57 

Gene n 

… 

Gene list 



Case 1: Network-guided data-interpretation 

Entity List Entity pairs linked over interaction network Entity pairs 

gene 1 

gene 2 

gene  n 

… 

𝑆 𝐾 = ( (𝑃(𝑝𝑎𝑡ℎ(𝐶𝑖,𝑗 , 𝐴𝑖)|𝑄𝑖 , 𝐾))

𝑙

𝑗

) 

𝑛

𝑖

− 𝐾 ∗  𝑥𝑒 

De Maeyer et al., Mol Biosyst. 2013;  

De Maeyer et al. NAR 2015 

De Maeyer. Genome Biol Evol. 2016 

Swing et et al. Mol Biol Evol.  2017 

Phenetic: probabilistic subnetwork selection 

Webserver: http://bioinformatics.intec.ugent.be/phenetic/#/index 



Case 1: Network-guided data-interpretation 

De Maeyer et al., Mol Biosyst. 2013; NAR 2015 

Phenetic: probabilistic subnetwork selection 



Case 2: Identifying pathway signatures 
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Cohort data 

… 

Network-based data integration Biomarkers for improved patient 

stratification 

KRAS

KRAS

Rare mutation

KRAS

Iorio F et al. Cell. 2016.166(3):740-54.  



Case 2: Identifying pathway signatures 

Integrated network model 

patient 

Verbeke et al. Plos One 2015 

Used in ICGC PAWG network 



Case 2: Identifying pathway signatures 
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Mushthofa et al. in prep 



Case 2: Identifying pathway signatures 

Pathway-based biomarkers: network relevant to drug response 

Mushthofa et al. in prep 



Case 2: Identifying pathway signatures 

Mushthofa et al. in prep 



Conclusion 

̶ Omics data integration offers a huge potential for phenotypic analysis, but 

data-analysis is not trivial 

 

̶ Network-based data integration methods are tuned towards the 

integration of molecular data by using biologically relevant assumptions 

• Increases the power of the analysis 

• Insight into the mode of action 

• Intuitive scaffold to integrate omics data 
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