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Big data for health

The Body as a Source
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Molecular data
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Opportunity
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Learning from data: supervised

classification/regression

@ Patients with VS without relapse in 5 years
@ Case where n (=19) patients >> p (=2) markers
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Real data: n<< p

@ Gene expression
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@ Somatic ml_Jtations

@ n= 102 ~ 10* (patients)

@ p = 10* ~ 10/ (genes, mutations, copy number, ...)

@ Data of various nature (continuous, discrete, structured, ...)
@ Data of variable quality (technical/batch variations, noise, ...)



Consequence: limited accuracy

Breast cancer prognosis competition, n = 2000, Bilal et al (2013)
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@ C: 16 standard clinical data (age, tumor size, ...)
@ M: 80k molecular features (gene expression, DNA copy number)
@ P:incorporate prior knowledge



Example: survival prediction from somatic mutations
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@ Data from TCGA (3.3k samples, 8 cancer types, >10k genes)
@ Survival SVM on raw binary data, or processed by NSQN (Hofree
et al., 2013) or NetNorm (Le Morvan et al., 2016).




Consequence: unstable biomarker selection

Gene expression profiling predicts  Gene-expression profiles to predict distant metastasis of
clinical outcome of breastcancer  lymph-node-negative primary breast cancer

Laura J. van * Veer", Hongyue Dal, Marc J. van de VIIVer™t, vy wang jan G MKijn, ¥i Zhang, Anieta M Sieuwerts, Maxime P Look,Fei Yang, Dmitr Talantov, Mieke Timmermans,
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70 genes (Nature, 2002) 76 genes (Lancet, 2005)

3 genes in common

van 't Veer et al. (2002); Wang et al. (2005)



Some research directions

@ Find a better representation
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@ Incorporate prior knowledge
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From prognostic to predictive models

( Predictive factors ) ( Prognostic factors j

Determine which treatment is best Determine who needs treatment

( Therapeutic choices )

1. Avoid under and over treatment
2. Personalised treatment

@ Prognostic:
o Predict outcome Y of a disease on an untreated individual X
e Standard supervised learning: model Y = f(X) from observations
of (X;, Yi) pairs
@ Predictive:
e Predict the benefit in outcome Y of a treatment A on an individual X
o We observe (X, A;, Y;) but want to model Y = f(X, Ay) — f(X, A2)
e For each X we only observe the outcome Y under one treatment A
(cf e-marketing)



Clinical trials for precision medicine?

@ Meta-analysis of clinical trials (typically A/B testing) to estimate
predictive models

0S full cohort (n=339, P=0.26, HR=0.87) 0S for Proneural (n=103, P=0.045, HR=0.63)
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© Dynamic trial to jointly optimize the predictive model and its
performance (contextual multi-armed bandit problem)

Machine Learning (Theory)

10/24/2007
Contextual Bandits

One of the fundamental underpinnings of the internet is advertising based content. This has become much
more effective due to targeted advertising where ads are specifically matched to interests. Everyone is familiar
with this, because everyone uses search engines and all search engines try to make money this way.

£) Subscribe

Recent Comments
‘The problem of matching ads to interests is a natural machine learning problem in some ways since there is
much information in who clicks on what. A fundamental problem with this information is that it is not
supervised—in particular a click-or-not on one ad doesn't generally tell you if a different ad would have been
clicked on. This implies we have a fundamental exploration problem.

1CML 2016 vidsos and statistcs -
on 10ML 2016




Conclusion
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@ Lots of data
@ n << pis the rule, more and more...
@ Limited impact so far for patients
@ Active research
@ new representations x — ®(x)

@ new learning techniques (structured sparsity, regularization, ...)
e new experimental design strategies (contextual bandit)
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