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Focus: Breast cancer
348tumour samples from The Cancer Genome Atlas

opreson S (423 MiRNAS)

DNA methylation
(574 probes)

Reverse phase
protein array
(171 proteins)




Why are current approaches limited?
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Example: Bayesian consensus clustering

E F Lock, Dunson 2013.
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Example: Bayesian consensus clustering

and breast cancer data

Context Adherence )
Gene expression 0.91
DNAmethylation 0.69
miRNAexpression 0.56 <:|
RPProtein array 0.7

Gontext 1

Global clustering is driven by
gene expression context.
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Modellingindividual contexts
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A Standard mixture mode!
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Gaussian, Multinomial, Gaussian process for time series



Putting contexts together

A Hierarchical mixture model
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Full model for 2 contexts
Prior over contexspecific cluster parameters
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Survival probability
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Bayesian integrative clustering
for genomics data

A Single clustering structure is not sufficient for
realworld data

A We need to take into account differences
among contexts

A Our model identifies different subtypes of
tumoursby combining 4 data sources
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