Machine Learning for
cancer precision medicine
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Overview

Molecular level Cellular level Precision medicine

Gene regulation High-content screening Patient stratification
Epigenetics Chemo/Toxicogenomics Prognostic / Predictive

Structure/Function prediction Tumour heterogeneity Side effect prediction



Machine Learning?
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Example: Patient stratification
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Problem:n<<p
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n=1E2 ~ 1E4
(patients)

Patients with same condition Proﬂllns

Good responders
No Responders

p = 1E4 ~ 1E7
(genes, mutations,
Badsldeeﬁects
” copy numbers, ...)



Learning is hard when n<<p

 Lack of robust biomarkers

Gene expression profiling predicts Gene-expression profiles to predict distant metastasis of
clinical outcome of breast cancer lymph-node-negative primary breast cancer
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Wrong data?
Wrong method?

Not enough data?
.. ?

Why?



e SMAC (2012-2017)

Statlstlcal Machlne Learning for Complex Blologlcal Data

Geg@¢ralfermgesork for learning:
_|-m1nR(f) such that Q(f) <7y
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-Need for efficient algorithms
- -Prior knowiedge
- hitevpretalgtythms

- Heterogeneous data integration



Structured feature selection

* Use a gene network as « prior knowledge »

Q(B) = sup o' B

aGRP:ViNj,||a12+aI?||§1
(a convex body
in p dimensions)

min F(fs) + M2(5)

(convex optimization)

* Increases stability and accuracy

Graph Lasso

0.61 % 0.64 % Breast cancer prognosis, accuracy



Change data representation
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Dataset No. of features No. of samples (training/test)
Breast Cancer 1 23624 44/7 (Non-relapse) 32/12 (Relapse)
Breast Cancer 2 22283 142 (Non-relapse) 56 (Relapse)
Breast Cancer 3 22283 71 (Poor Prognosis) 138 (Good Prognosis)
Colon Tumor 2000 40 (Tumor) 22 (Normal)
Lung Cancer 1 7129 24 (Poor Prognosis) 62 (Good Prognosis)
‘ Lung Cancer 2 12533 16/134 (ADCA) 16/15 (MPM)
Medulloblastoma 7129 39 (Failure) 21 (Survivor)
Ovarian Cancer 15154 162 (Cancer) 91 (Normal)
Prostate Cancer 1 12600 50/9 (Normal) 52/25 (Tumor)

Prostate Cancer 2 12600 13 (Non-relapse) 8 (Relapse)




Survival prediction from
Whole-exome somatic mutations

Patient

Gene

@ Add mutations for patients with few (less than k) mutations

mutated gen proxy mutation

NetNorm @3@@@.@*% %

Patient with less than & mutations N mber fmu ated
neighboul

© Remove mutations for patients for many (more than k) mutations
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Patient with more than & mutatio: Dg of mutated




Survival prediction from
Whole-exome somatic mutations

[ NSQN

N raw
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LUSC

NSQN = Network Smoothing / Quantile Normalization (Hofree et al., 2013)

Use Pathway Commons as gene network.



Challenges
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Causality VS Association: New data:
Predictive markers, gene regulation Single-cell, Hi-C, medical records, images...

o‘o‘o |

Models / Algorithms:
large-scale ML algorithms

Complex prediction tasks:
Combinatorial therapeutic strategies |

Molecular level Cellular level Precision medicine

Gene regulation High-content screening Patient stratification
Epigenetics Chemo/Toxicogenomics Prognostic / Predictive
Tumour heterogeneity Side effect prediction

Structure/Function prediction
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