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http://nar.oxfordjournals.org/content/41/17/8011.full

Class business

* Project presentations Thursday
* Guidelines on website
* Project report due May 11

* How to schedule presentation order?



Inspiration from CMapBatch

Chris rank 1
Jiayue rank 4

Network stratification project rank v4 (1)

Anita rank 7
Vee rank 6

Survival prediction project rank V42 (3)

Taylor rank 3
Haixiang rank 5

Outlier bl e ————
Clustering pipeline project rank V15 (2)




Subtyping in cancer

* Substantial differences across tumors even within
one type of cancer
* Molecular alterations
e Survival outcomes
e Response to therapy



Traditional subtyping

* Learn gene expression signature to distinguish
classes
* AML vs ALL
 PAMS5O for breast cancer
* Glioblastoma (GBM) Verhaak2010



http://www.sciencedirect.com/science/article/pii/S1535610809004322

GBM subtypes

e Learn class centroids with ClaNC
(classification to nearest centroids)
* t-test statistic to identify genes
e 210 genes per class in GBM

* Neural subtype has been criticized

A

Proneural Neura

TCGA Core Samples

Verhaak2010

p——

Classical Mesenchyma

FBXO3

DNMT
TOP1
ABL1
BOP1

FGFR3
PDGFA
EGFR
AKT2
NES


http://bioinformatics.oxfordjournals.org/content/21/22/4148.full
http://www.sciencedirect.com/science/article/pii/S1535610809004322

Many analyses depend on subtypes

* MutSig or other enrichment tests



Many analyses depend on subtypes

* Group lasso in regulator regression
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http://msb.embopress.org/content/8/1/605.long

Many analyses depend on subtypes

* DIGGIT functional CNV association test
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http://www.sciencedirect.com/science/article/pii/S0092867414011702

Problem with subtype classifiers

Time point 1 Time point 2 Time point 3
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e Cancer and individual
tumors are
heterogeneous

Ding2014


http://www.nature.com/nrg/journal/v15/n8/full/nrg3767.html
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 Single-cell RNA-seq
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http://www.sciencemag.org/content/344/6190/1396.full

Prob GBM: mixtures of subtypes

* Patients are mixtures of subtypes
* Subtypes are mixtures of genomic factors

e Sound familiar?



Relation to Non-negative Matrix
~actorization

* Network-based stratification
» Similar concepts, different strategies
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http://www.nature.com/nmeth/journal/v10/n11/full/nmeth.2651.html

Prob  GBM model

* Gene expression is a molecular level phenotype
* Treated as effect of disease, not cause

* Patient-patient similarity based on expression

* Genomic factors cause disease
* Mutations, CNV, miRNAs

* Expression similarities explained by genomic
similarities



Build patient-patient similarity
network
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Metwork Clusterning coefficient

Choose co-expression threshold
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Learn subtype distributions
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Inspired by relational topic model

* Documents are bags of words
* Document-document citation network

in many domains, an
te inductive bias
the MIN-FEATURES

Chang2010 .. s utich el



http://www.jstor.org/stable/27801582

Mapping to cancer domain

* Documents = patients
* Bag of words = bag of genomic alterations

* Document citation link = patient-patient co-
expression above some threshold



Generative probabilistic model

1. For each patient d: d->p
(a) Draw subtype proportions 6;|a ~ Dir(a). w->g

(b) For each “gene” wy ,:
i. Draw assignment z4 ,|60; ~ Mult(6,).
i1. Draw “gene” Wd,nlz.d,n, ﬁl:K ~ MUIt(ﬂZd,u)'
2. For each pair of  patients d, d’:
(a) Draw binary link indicator

Yd.d'|2d,2q ~ ¥ (|24, 24, 1),

where zg = {24.1,24.2, - -+ > 2d.n}-

Chang2010



http://www.jstor.org/stable/27801582

Generative probabilistic model
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http://www.jstor.org/stable/27801582

Prob GBM distributions

e Joint distribution

p(B,©,Z,G,L)= || p(Bc) | | (6p)
k P

X(n P(zp,i16p)P(&p, ilﬂz,.:)) ]—[ V(lp, 1 2p, 2 ).
n | N4

e Posterior distribution of the latent variables

p(B8,0,Z,G,L)

B,®, Z|G,L) =
p( | ) 2G.L)




Model estimation

* Cannot maximize posterior exactly

* Gibbs sampling generates samples from this
distribution

* Two Gibbs sampling references:
* 1 page summary
e 231 slide tutorial



http://cs.brown.edu/research/ai/dynamics/tutorial/Documents/GibbsSampling.html
http://pareto.uab.es/mcreel/IDEA2015/MCMC/mcmc.pdf

Latent variables of interest
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Visualizing patient distributions
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Assigning patients to subtypes

A TCGA subtype
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Neural is mixture of subtypes
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Stability of subtype assignments
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Ultimate patient-subtype,
alteration-subtype associations




