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Stratification: dividing cancer into
 
subtypes 
Why stratify? 
• Better patient prognostics 
• A better understanding of tumor biology
 
• New subtype specific drug targets 
• Better patient tailored treatment 



    
 

            
           

Efforts to stratify using gene 
expression
 

Verhaak, R.G. et al. Integrated genomic analysis identifies clinically relevant subtypes of glioblastoma characterized by 
abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17, 98-110 (2010). 



 

          
            

Four GBM subtypes associated with 
different survival odds 

Verhaak, R.G. et al. Integrated genomic analysis identifies clinically relevant subtypes of glioblastoma 
characterized by abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17, 98-110 (2010). 



    
  

 
 
 
 

         
  

              

Clustering of gene expression in 
ovarian cancer (OV) 

No association to a clinical phenotype was reported (for
these subgroups). 

T.C.G.A.R.N. (TCGA), Integrated genomic analyses of ovarian carcinoma. Nature 474, 609-15 (2011). 



     

       
       

   
     
      
     
   
   
    
     

The cancer genome atlas (TCGA)
 

• +20 Cancer cohorts with 50-800 individuals
 
• Patient matched samples of different 

measurement types including: 
▫ mRNA expression 
▫ Copy number variations 
▫ Single nucleotide polymorphisms 
▫ Methylation 
▫ miRNA 
▫ Protein expression 
▫ Patient genomes (somatic mutations) 



      
 

      
    

     
 

Somatic mutations in high grade serous
 
ovarian cancer 
• 359 matched patient/tumor 

exome sequenced with Illumina GAIIx 
• 11,231 somatic mutations 



  
Why is it hard to cluster somatic 
mutation genotypes? 



   Improving stratification with networks
 



Network-based stratification: 



Network-based stratification: 



Network-based stratification: 



Network-based stratification: 



Network-based stratification Consensus clustering NMF 
of somatic mutations 



An intuition for network smoothing 

Genotype A:   
[…,0,0,1,0,0,1,0,0,0,0,0,0,0,0,0,1,0,0…] 
 
Genotype B:   
[…,0,0,1,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0…] 

Genotype A:  […,
0,0.1,1,0.2,0.1,1,0,0,0,0.2,0,0,0,0.1,0,1,0,0…] 
 
Genotype B:  
 […,0,0,1,0.1,0.1,0,0,0,0.2,1,0,0,0,0,0,0,0.2,0…] 

Genotype A:  […,
0,0.2,1,0.3,0.2,1,0,0,0,0.2,0,0,0,0.3,0,1,0.1,0…] 
 
Genotype B:  
 […,0,0.1,1,0.3,0.4,0,0,0,0.4,1,0,0,0,0,0.1,0.1,0.5,0…] 

Genotype A:  […,
0,0.3,1,0.4,0.4,1,0.1,0,0,0.3,0,0,0,0.4,0,1,0.2,0…] 
 
Genotype B:  […,
0,0.3,1,0.2,0.4,0.1,0,0,0.4,1,0,0,0,0,0.2,0.2,0.5,0…] 

Genotype A:  […,
0,0.3,1,0.4,0.4,1,0.2,0,0,0.3,0,0,0,0.4,0,1,0.2,0…] 
 
Genotype B: […,
0,0.3,1,0.2,0.4,0.2,0,0,0.4,1,0,0,0,0,0.2,0.4,0.5,0…] 



Genotype A:  […,
0,0.3,1,0.4,0.4,1,0.2,0,0,0.3,0,0,0,0.4,0,1,0.2,0…] 
 
Genotype B: […,
0,0.3,1,0.2,0.4,0.2,0,0,0.4,1,0,0,0,0,0.2,0.4,0.5,0…] 

An intuition for network smoothing 



Simulating ‘network’ data 
Simulate background mutations: 
1. Sample patients from dataset. 
2. Permute mutated genes. 
3. Divide patients into k subtypes. 

Simulate network signal: 
4. Find tightly connected modules in network. 
5. Assign subtypes to gene modules. 
6. For each patient move m% of mutated genes to 

modules in the patient’s subtype.  

Ovarian cancer mutations 



Simulation - a different landscape 



Network-based stratification on somatic 
mutations from TCGA ovarian cancer 



Association with patient survival 



Association with patient survival 



Comparing to other data types 



Clinical translation of subtypes using 
expression signature 

Measuring the expression of a gene set is easier 
than sequencing a genome. 

1.   Define subtypes using somatic mutations 
which predict a clinical phenotype (survival, 
drug response). 

2.   Train a model on matched gene 
expression to predict subtypes on the same 
set of patients. 

3.   Predict subtypes using expression on new 
patients.  



Clinical translation of TCGA-OV subtypes 

Classification accuracy recovering 
NBS subtypes 

Overall survival with expression 
recovered subtypes 



Clinical translation of TCGA-OV subtypes 

Somatic Mutation subtypes 
recovered in Tothill1 gene 

expression cohort 
Standard consensus clustering NMF 

1 Tothill RW, et al.,  Novel molecular subtypes of serous and 
endometrioid ovarian cancer linked to clinical outcome. Clin Cancer 
Res 2008, 14:5198-5208. 
 



A characteristic network for subtype 1 







Conclusions 

• Network-based stratification recovers 
biologically relevant subtypes of ovarian cancer. 

•  Somatic mutation subtypes are different from 
those recovered from other molecular profiles. 

•  These subtypes can be recapitulated using gene 
expression. 

 
• Each subtype seems to have specific effected 

subnetworks. 



One slide summary 



Acknowledgements 
Ideker Lab: 
•  John P. Shen 
 
 
 

•  Janusz Dutkwoski 

•  Andy Gross  

•  Rohith Srivas 
•  Gordon Bean 

 

 

 

Moores cancer center: 
•  Stephen Howell 
•  Kelly Frazer 
•  Jean Wang 

 
UCSD Computer Science: 
•  Lawrence Saul 

 
 
 
 
Trey Ideker 



Thank you for listening…  



A similar clustering from different 
networks 

1 2 3 4 
1 35 4 13 5 
2 5 22 104 95 
3 0 3 4 6 
4 1 0 12 5 
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p-value (χ2) =3.98x10-27 



Simulation results 



Network regularized NMF 
• NMF has been ‘augmented’ with many forms of 

regularizations: 
 

• We suggest adding a term for ‘network sparsity’ of 
W. Let K be the graph laplacian of a nearest 
neighbors graph induced by given network.  
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Potential clinical covarites  


