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Costs of Generating Data Have Plummeted 



eQTL Analysis 

John Platig 

Use genome-wide SNP data and gene expression 
data together 
 
Treat gene expression as a quantitative trait 
 
Ask, “Which SNPs are correlated with the degree 
of gene expression?” 
 
Most people concentrate on cis-acting SNPs 
 
What about trans-acting SNPs? 
 



eQTL Networks: A simple idea 

John Platig, Fah Sathirapongsasuti 

! eQTLs should group together with core SNPs 
regulating particular cellular functions 

!   Perform a “standard eQTL” analysis: 
Y = β0 + β1 ADD + ε 

where Y is the quantitative trait and ADD is the 
allele dosage of a genotype. 



Many strong eQTLs are found near the target 
gene.  But what about multiple SNPs that are 
correlated with multiple genes? 
 

Genes 

SNPs 

John Platig 

Which SNPs affect function? 

Can a network of SNP-
gene associations 
inform the functional 
roles of these SNPs? 



eQTL Networks: A simple idea 

John Platig, Fah Sathirapongsasuti 

!   Create a bipartite graph where SNPs and genes 
are nodes and significant eQTL associations are 
edges. 

!   Use “leading eigenvector” clustering to find 
“communities” in the graph 



A bipartite network has 2 types of node 
Links only connect different node types 

John Platig 

Node types: SNPs, Genes 

Genes SNPs 

Correlation 



Background 
§  A quantity x obeys a power law if it is drawn from a 

probability distribution: 

§  Scale-free networks emerge through: 
§  (1) expansion through addition of new vertices 
§  (2) new vertices attach preferentially to sites that are 

already well-connected 

§  Hubs dominate the topology of scale-free networks 

§  eQTL hotspots are genomic regions that play an 
important role in regulating gene expression 



 Results: COPD 
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Can we use this network to 
identify groups of SNPs and 

genes that play functional roles 
in the cell? 

Try clustering the nodes into 
‘communities’ based on the 

network structure 

John Platig 



eQTL Networks: A simple idea 



Communities are groups of highly intra-
connected nodes 

Newman 2006 
(PNAS)  

•  Community structure algorithms group nodes 
such that the number of links within a community 
is higher than expected by chance 

•  Formally, they assign nodes to communities such 
that the modularity, Q, is optimized 

Fraction of network 
links in community i 

Fraction of 
links expected 
by chance 
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Communities are groups of highly intra-
connected nodes 

Newman 2006 
(PNAS)  

Community structure algorithms group nodes such 
that the number of links within a community is 
higher than expected by chance.  

Bipartite networks require a different null model 

Implement “BRIM” algorithm  
to find communities 

John Platig 





BRIM produces GO enriched 
Communities 

John Platig 



BRIM produces GO enriched 
Communities 

ATP6V1G2 
ATRNL1 
HLA-DQA2 
HLA-DQB1 
HLA-DQB2 
HLA-DRA 
HLA-DRB1 
HLA-DRB4 
HLA-DRB5 
MAGEA2B 
MICB 
NCR3 
PLEKHG6 
PSORS1C1 
TAP2 
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BRIM produces GO enriched 
Communities 

John Platig 



BRIM produces GO enriched 
Communities 
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BRIM produces GO enriched 
Communities 
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Calculate Local Connectivity 

Modularity of node i 

Modularity of  
community c 
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Community Structure Matters 
§  Are “disease” SNPs skewed towards the 

top of my SNP list as ranked by the 
overall out degree? 

§  No!  
§  The highest-degree SNPs are devoid of 

disease-related SNPs 

§ Highly deleterious SNPs that affect many 
processes are probably removed by 
evolutionary sweeps. 

John Platig 



Community Structure Matters 
§  Are “disease” SNPs skewed towards the 

top of my SNP list as ranked by the 
community core score (Qic)? 

§  Yes!  
§ KS test yields p < 10-16,  
§ wilcoxon rank-sum yields p < 10-9 

John Platig 



Genomics is here to stay 



Before I came here I was confused  
about this subject.  

After listening to your lecture,  
I am still confused but at a higher level.  

 
- Enrico Fermi, (1901-1954) 
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