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Health data




The sequencing revolution

Moore's Law
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Sequencing is a swiss army knife for "omics"

MRNA MIRNA

Transcriptomics miRNomics Epigenomics Genomics
* gene expression « expression analysis « targeted bisulfite « targeted

analysis sequencing sequencing '

» miRNA identification

+ non-coding RNA + ChiP-Seq + whole-exome

analysis « miRNA editing al sequencing

» MeDIP-Seq

« gene-fusion detection
« mRNA splice-analysis

» RNA editing ‘

(Frese et al., 2013)

information content

methylCap-seq

« whole genome bisulfite
sequencing

« whole-genome
sequencing

.

experimental costs

current clinical utility




Cancer

Cells with
damaged

Cancer cell
division

In normal cells,
cell division
eventually stops
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A cancer cell (1900)
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A cancer cell (1960)
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A cancer cell (2010)




All cancers are different
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All happy families are alike; each unhappy family is unhappy in its own
way.
- Leon Tolstoy, Anna Karenina.



The future of medicine

Personalized Ca ncerTherapy A
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Modern ML works well!

Turing Award Won by 3
Pioneers in Artificial Intelligence



Ingredients

@ Collect big, labeled data (eg, 10M images)
@ Use a model well adapted to the data (eg, CNN)

Input Image

Convolution, Pooling, and RelU Fully Softmax Output
Connected

(from https://www.youtube.com/watch?v=gjK70r0Rgzs)

© Large computational power + know-how ("alchemy"?)

Many applications: object/face recognition in images, machine
translation, speech recognition, go, self-driving cars, trading,
recommender systems, chemistry, material science...


https://www.youtube.com/watch?v=gjK70r0Rqzs

Promising applications in health: images, texts,

A Whole-slide imaging B Region of interest selection

Te

Resection / biopsy Whole-slide image
Web viewer Regions of interest

|- 80K+ pixels |
( g

(o] Survival Gonvolutional Neural Network (SCNN)

Prediction error (negative log-likelihood)

Patient

Convolutional layers Fully connected layers survival
Cox model

High power field
- ki (20X objective)
p=1.06e-2 P=468e-: Convolution

>

Input

Concordance index

(Mobadersany et al., 2018)
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Also: high-content screening, digital pathology, radiomics, skin
diagnosis, EHR, ...

Subtype
+ subtype



Ex: breast cancer metastasis detection (LYNA)
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https://ai.googleblog.com/2018/10/applying-deep-learning-to-metastatic.html

@ Trained on 270 (large) images, 99% accuracy
@ halves average slide review time for expert pathologists


https://ai.googleblog.com/2018/10/applying-deep-learning-to-metastatic.html

Ex: Diabetic retinopathy (DR) detection

[A] EyePACS-1: AUC, 99.1%; 95% CI, 98.8%-99.3%

High-sensitivity operating point

A. HEALTHY B. DISEASED

High-specificity operating point

“"‘-‘Hemorrhages

40 60 80 100
1- Specificity, %

https://ai.googleblog.com/2016/11/deep-learning-for-detection-of-diabetic.html

@ Fastest growing cause of blindness, with nearly 415 million
diabetic patients at risk worldwide

@ Lack of medical expertise for good diagnosis in many parts of the
world

@ System trained on 128k annotated images.


https://ai.googleblog.com/2016/11/deep-learning-for-detection-of-diabetic.html

Ex: Clinical predictions from electronic health records
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More challenging data

@ 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



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,
m“:.:' ":*k:;'_"“‘"“" A ': m’:‘:ﬂm‘- Hans L. "',"'" s Marion E Mejer-van Gelder, Jack Yu, Tim Jatkoe, Els M} ] Berns, David Atkins, John A Foekens

George J. Schreiberz, Ron M. Kerkhoven*, Chris Roberts:,

Peter S. Linsley:, René Bernards* & Stephen H. Friend}

* Divisions of Diagnostic Oncology, Radiotherapy and Molecular Carcinogenesis
and Center for Biomedical Genetics, The Netherlands Cancer Institute,

121 Plesmanlaan, 1066 CX Amsterdam, The Netherlands

1 Rosetta Inpharmatics. 12040 115th Avenue NE. Kirkland. Washinoton 98034.

70 genes (Nature, 2002) 76 genes (Lancet, 2005)

3 genes in common

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



@ Get more data
e with labels
e sharing data (or models) is crucial
e of good quality
@ Improve the models
e include prior knowledge (biology, structure of noise, invariants...)
e balance model complexity vs data available



More data helps

...but performance increases slowly. How much can be afford?
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Object detection performance on two benchmarks (COCO minimal, left, and PASCAL VOC 2007, right) as a function of the
number of labeled images used to train the model (Sun et al., 2017).



Some research directions

@ Regularize and incorporate prior knowledge

|




Ex: somatic mutations in cancer
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Large-scale efforts to collect somatic mutations

@ 3,378 samples with survival information from 8 cancer types

@ downloaded from the TCGA / cBioPortal portals.

Cancer type Patients | Genes

LUAD (Lung adenocarcinoma) 430 20 596

SKCM (Skin cutaneous melanoma) 307 17 463

GBM (Glioblastoma multiforme) 265 14 750

BRCA (Breast invasive carcinoma) 945 16 806

KIRC (Kidney renal clear cell carcinoma) 411 10 609
HNSC (Head and Neck squamous cell carcinoma) 388 17 022
LUSC (Lung squamous cell carcinoma) 169 13 590

QV (Ovarian serous cystadenocarcinoma) 363 10195




Survival prediction from raw mutation profiles

@ Each patient is a binary vector: each gene is mutated (1) or not (2)
@ Silent mutations are removed

@ Survival model estimated with sparse survival SVM

@ Results on 5-fold cross-validation repeated 4 times
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Approach: change representation?

Can we replace
x € {0,1}P with p very large, very sparse
by a representation with more information shared between samples
d(x) e H

that would allow better supervised and unsupervised classification?



NetNorm (Le Morvan et al., 2017)

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

mutated genes proxy mutation

oo~

Number of mutated

Patient with less than k£ mutations
nelghbours

© Remove mutations for patients for many (more than K) mutations

e

Patient with more than k mutations Degree of mutated
genes

In practice, K is a free parameter optimized on the training set, typically a few 100’s.
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Network Smoothing / Quantile Normalization (Hofree et al., 2013)

Use Pathway Commons as gene network.

NSQN



Conclusion

@ Lots of data, increasing role of ML (particularly with images, texts)
@ Omics data is more challenging
@ Getting more data is important, but unlikely to allow ML-based
methods to reach their best
@ Active research
o allowing data sharing (federated learning, differential privacy, ...)
@ new representations and learning algorithms for complex data
@ new experimental design strategies, causality inference
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