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Flood of Data Analysns Challenges
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Analysis of disease samples like Investigating

a serles of different car breakdowns
Patient Sample 2

Patient Sample

W!"

" In"diagnosis uselas miich
knowledge about how.systems work
_as pOSSIble

e
Y
e £

VRN v \
0 4 -
= ~va 3 A k .
/ "

dle N
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 Integrated dataset for downstream analysis
 Inferred activities reflect neighborhood of influence around a gene.
« Can boost signal for survival analysis and mutation impact
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Integrated Pathway Approach

Application to find Pathway Biomarkers of Cancer

Application to predict impact of mutations

Pan-Cancer initial look
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Two Parts:

(central dogma)

2. Interaction Model
(regulation)

1. Gene Level Model
1
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GeneCopy Expression Protein Protein
Number State Level Activity

C Dvariavle

M Factor - interaction term
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Transcriptional Translational Intracellular and
Regulation Regulation, Extracellular
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» Given information
about the
expression of TP53
alone

» Reasoning predicts
apoptosis is in tact
In these cells.

Apoptosis
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> Given the interaction
and data about MDM2.

» apoptosis inference

reversed
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Transcription
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Factor

Phosphorylated

Target Gene gene

Transcriptional Post-translational
Regulation Modification
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Subunit A gypunit B Subunit C GeneA  GeneB  GeneC

Protein Protein Protein

Protein Gene family, proteins with
Complex iInterchangeable function
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Patlent Samples (247)
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Pathway Activities
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SuperPathway Activities
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breast cancers
Basal breast cancers are N e
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« HDAC Network is down-
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Discrepancy Score

PARADIGM downstream

PARADIGM upstream

Expression
Mutation
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« Given the same network topology, how likely would \Ne.\s-—'f‘
call a gain/loss of function Al

— Background model: permute gene labels in our dataset

— Compare observed signal score to signal scores (SS) obtained from
background model
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Discrepancy Score
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Is the discrepancy specific? e i
Negative control: calculate scores for
“passenger’ mutations

Passengers:
— insignificant by MutSig (p > 0.10)
—well-represented in our pathways

Discrepancy of these “neutral” mutations
should be close to what's expected by
Chance (fl’Om permUted) The Cancer Genome Atlas ¢
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GC001 FOXA1 transcription factor network
GC002 Validated targets of C-MYC transcriptional repression

GC003 Validated targets of C-MYC transcriptional repression
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GC007 HIF-2-alpha franscription factor network
GCO008 LKB1 signaling events

GC0039

GC010 P2Y recepiors

GCO011 Otfactory Signaling Pathway

GC012 lon transport by P-type ATPases
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« What pathway activities is a mutation’s presence associated?

Can we classify mutations based on these associations?

Mutations
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« What pathway activities is a mutation’s presence associated? '.\5-——‘_

»

Can we classify mutations based on these associations?
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« What pathway activities is a mutation’s presence associated? 11
« Can we classify mutations based on these associations?

Evidence for
AHNAKZ2 acting.
PI3BKCA-like?
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Application to find Pathway Biomarkers of Cancer

Application to predict impact of mutations

Pan-Cancer initial look

The Cancer Genome Atlas




« Do samples of one subtype share pathway activities with .
another subtype?

« May provide therapeutic option

— E.g. “rare toe carcinoma” has HER2-amplified
signature; try herceptin on “rare toe carcinoma” (E.
Collisson)

* Unsupervised analysis: compare direct signatures
* Supervised analysis

— Train computer to recognize subtype X. Does it
recognize subtype Y?

— Perform reciprocal prediction: Also train on Y to
predict X.
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TCGA Breast

Different Breast Platform

Cell line models
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§asa| vs Ovarian
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Serous Ovarian
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« Training LUSC vs. LUAD -> basal BRCA
— 70% accuracy (173/250)

* Training basal vs. luminal -> LUSC
— 94% accuracy (130/138)

57 The Cancer Genome Atlas
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Provides a powerful integration framework for a
large number of data types

Focuses results on known biology

Provides a method to stratify patients more
accurately than using the original data

Sub-networks are predictive markers and can be
used to simulate scenarios (like drug inhibition)

Allows integration of data across cohorts in
different cancers
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