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Dermatology Diagnostic Images
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Dermatologist-level classification of skin cancer
with deep neural networks

Andre Esteva'*, Brett Kuprel, Roberto A. Novoa??, Justin Ko?, Susan M. Swetter?*, Helen M. Blau® & Sebastian Thrun®
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B. Regression
Predicting a eontinuousvalued attribute asseciated
with an object.

Observed and Predicted Blood Content of Drug




C. Segmentatlon

Predlctlngwhere an objectis locatedi in another ‘
£ object.
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C. Segmentation

Predictingwhere an objectis locatedin anoether
object.




C. Segmentation
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D. Natural Language Processing

UnderstandingHumanLanguage
Segmentation Classification
Translation Speech Recognition




E. Face Recogitin




F. Content Generation
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Méthode s

Deux Approches:
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Apprentissage machine
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Machine learning
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Apprentissage profond
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Apprentissage profond

Deep Neural Network
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Apprentissage profond
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AMoins de biais humains

APermet de prendre en compte plus de paramétres
analytigues

ADétecte des motifs complexes

APermét une.analyse plus rapide
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Principales Limites
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Principales limites
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AAttention a la représentativité des données

November 2018

Machine Learning and Health Care Disparities in
Dermatology
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Principales limites

Indirect Encoding
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Principales limites

AQuestion de la responsabilité (ex. véhicule autonome)
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Dermatology Diagnostic Images

nature

International journal of science

Dermatologist-level classification of skin cancer
with deep neural networks

Andre Esteva'*, Brett Kuprel*, Roberto A. Novoa®?, Justin Ko?, Susan M. Swetter®*, Helen M. Blau® & Sebastian Thrun®
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Dermatology Diagnostic Images
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Dermatologist-level classification of skin cancer
with deep neural networks
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Ophtalmology3D OCT Diagnostic Scans
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natre.,
medicine Mt o org 0038 A41591-018-0107-5 Jeffrey De Fauw, Joseph R. Ledsam, [...] OlafRonneberger!

Clinically applicable deep learning for diagnosis
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Ophtalmology3D OCT Diagnostic Scans
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Clinically applicable deep learning for diagnosis
and referral in retinal disease

OCT Manual segmentation Automated segmentation
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CardiologyEC@\nalysis

Cardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

Pranav Rajpurkar™
Awni Y. Hannun™
Masoumeh Haghpanahi
Codie Bourn

Andrew Y. Ng
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CardiologyEC@\nalysis

Cardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

Pranav Rajpurkar™
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Andrew Y. Ng
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Cardiologs

The first ECG analysis solution powered by Artificial Intelligence.:

YannFleureau
CEO
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PVI for persistent & kirsistent AF:

~ 50%Freedomfrom AF/ATafter multiple procedures
with or without AAdrugs

Averagedesults(589 patients , natatisticaldifferencebetweentechniques):
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0 = 2¢ F &4 B 6 o & 9 Ak M 42 13 A4 abl A6’ 1 A8 219
No. at Risk Number of months since first ablation
Pulmonary vein isolation 61 61 55 49 41 23
Isolation + Electrograms 244 244 196 161 143 76
Isolation + Lines 244 244 185 162 142 58
Mappingof AF driversvith CFE software

Verma et al. NEJM 2015



Comment mieux faire?

AVisualisation des drivers avec un software sophistiqué

AAnalyse visuelle defectrogrammesntracardiaques



Approches
panoramiques

AReposensurdesmodélesde propagation
desondes Cesmodelessontils prochesde
la realité?

ATententde reproduirela propagation des
ondesdansune géometriehétérogeneet
complexe

AProduisentdescartes complexedlifficiles a
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Visualapproachedor the detectionof AF
drivers

RSPY, RIPV

Electrograrbased ablation
Complex Fractionated Atriglectrograms
Nademaneet al. , JACC 2004
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SpatieTemporal Dispersion of
EIectrogramsExampIes
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Drivers ablationVsclassicaapproach
Betterefficacywith shorterablation
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Les opérateurs sont limités

Family
Patients
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VX1




Double Blind Tests
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The «Reader> Study

A 14370electrograms

A Three commerciallyavailable

mappingcatheters

A 9 patients

1437 images

Dataset

Three Catheters

P HD Grid
| 531 images

» Pentaray 2-6-2
479 images

™ Orion
427 images

Patient 1:
Patient 2:

Patient 3:

Patient4:
Patient5:

Patient6:

Patient 7:
Patient 8:

Patient9:

Nine Patients

230 images
147 images
154 images

157 images
168 images

154 images

127 images
119 images
181 images



The «Readenr> Study

Methods
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The «Reader> Study
Methods

Electrograms adjudicated as non-dispersed by each of the
three readers are considered mon-dispersedq

Electrograms adjudicated as dispersed by one reader only
are considered flittle dispersedad

Electrograms adjudicated as dispersed by two readers are
considered fikely dispersedad

Electrograms adjudicated as dispersed by each of the three
readers are considered ivery likely disperseda



The «Reader> Study

Three histograms of

electrograms:

- those annotated by VX1 as
blue (normal zone),

- those annotated by VX1 as
orange (region of interest)

- those annotated by VX1 as
red (region of special
Interest).
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The «Reader> Study

OperatorVX1 Agreement: Limited vs. Unlimited Time

0,9 @® Conference Room Limited
Time
0,8 @® Unlimited Time
0,7 ¢ ? 0.70 «@mAverage (STD) Unlimited
® ’ Time
0,6 a@»Average (STD) Limited
® Time (Conference Room)
®
. 0,5 o0 ®
o ®
S 04 ® O
N oo O
0,3
o °. o 028 o o
0,2 . ° ®
o © ¢ ® o
0,1 ®
0

0,1 Paired Comparison Operators-VX1



The «Reader> Study

Conclusions

() VX1 adjudicationshighly correlate with the likelihood of
electrogramso be classifiedasdispersedy a groupof trained
operatorsvith unlimitedtime.

(i) Agreementlevels are much higher when operatorsare given
unlimitedanalysigtime.

(1) VX1 cannot be distinguishedfrom a trained operator with
unlimitedanalysigtime butworksin arealtime configuration

=) \/X 1 is ableto mimic a specificclinical expertiseat its best



Comment le logiciel estintéegre au
bloc opératoire?



AF module of Volta software

NeedsmultipolarendocardiaAFsignals
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