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4 teams + 1 platform

Systems Biology (Barillot):
 Modelling, simulating biological systems
e Building an in silico atlas of cancer pathways

Clinical Biostatistics (Asselain / Paoletti):
* Clinical trials for targeted therapies
* Predictive biomarkers

Cancer Genetic Epidemiology (Andrieu):
e Genetic and environmental factors in breast cancer

Machine learning (Vert):
* Learning from « big omics data » for personalized medicine



Human genome project
(1990-2003)

- Goal: sequence the 3,000,000,000 base
pairs of the human genome

- Consortium of 20 laboratories, 6 countries
- 13 years, $3,000,000,000




The second revolution
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A flood of omics data
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All cancers are different
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Cancer: different views




Big datal
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Announcements:

25/Nov/2010 - The ICGC Data Coordination Center (DCC) is pleased to

announce the release of version 3 of the ICGC data portal. This release includes

data from 22 different cancer projects and recent updates from the ICGC projects

Breast Cancer in Canada, Australia and the UK. In addition to open access data, ICGC

United States B controlled data can now be retrieved securely by users who have been authorized
by the Data Access Compliance Office (DACO).
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PZ. Medicine
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Rationale of my team
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Machine Learning?

Challenges

- High dimension

-  Few examples

- Structured data

- Efficient algorithms
- Interpretability




Example: Patient stratification
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Problem : n<<p
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Feature Selection
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Tumaors with Good-Prognasis Signature

Tumars with Poor Pragnaosis Signature
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Example:

Breast cancer prognostic signature

Ratio (log scale)
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But...

Gene expression profiling predicts  Gene-expression profiles to predict distant metastasis of
clinical outcome of breastcancer  |ymph-node-negative primary breast cancer
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Prior knowledge: gene network

Can we « force » the signature to be « coherent »
with a known network?



Example: the graph lasso

e Step 1: Using the network, define a subset of
« candidate » signatures

1

05

e Step 2: Among the candidates, find the best
signature to explain the data

(Jacob et al 2009)



Classical signature
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The graph lasso signature
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Example: Toxicogenetics /
Pharmacogenomics
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Problem: n<<p

Toxicogenetics Chemical
Challenge Data descriptors
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Crowd-sourcing initiatives

NIEHS-NCATS-UNC DREAM Toxicogenetics Challenge - syn1761567

=2 | + https @ www.synapse.org/#!Synapse:syn1761567 Wl Lecteur O
Sage Synapse: Contribute to the Cure NIEHS-NCATS-UNC DREAM Toxicogenetics Challenge - syn1761567 + | I
Synapse CONTRIBUTE to the CURE Forum Register Login

NIEHS-NCATS-UNC DREAM Toxicogenetics Challenge

Synapse ID: syn1761567
DOI: (doi:10.7303/syn1761567)

Wiki Files

Wiki Subpages
4 NIEHS-NCATS-UNC DREAM Toxicogenetics Challenge (Current Page)
Data Description
Data File Description
4 Subchallenge 1
Subchallenge 1 Final Scoring
Subchallenge 1 Leaderboard
4 Subchallenge 2
4 Subchallenge 2 Final Scoring
Additional metrics
Updates to Challenge Information




Our approach
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Cell line descriptors (30 kernels)
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Chemical descriptors (49 kernels)

* Descriptors of chemical structures
* Multitask kernels
* Empirical correlation
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Learning occurs...
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Final submission (ranked 2"d)

Empirical kernel on drugs

RECOMB/ISCB Conference on
Regulatory and Systems Genomics,
with DREAM Challenges 2013
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Conclusion

e Lots of data due to

technological ’ Tw“%gg
progress B BECNE Boc. ) of

* Opportunities:
precision medicine, =
quantitative biology

* Challenges: o o 'lxi
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Thanks!
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