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Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy
in Retinal Fundus Photographs

Varun Guishan, PhD; Lily Peng, MD, PhD; Marc Coram, PhD; Martin C. Stumpe, PhD; Derek Wu, BS; Arunachalam Narayanaswamy, PhD;
Subhashini Venugopalan, MS; Kasumi Widner, MS; Tom Madams, MEng; Jorge Cuadros, OD, PhD; Ramasamy Kim, OD, DNB;
Rajiv Raman, MS, DNB; Philip C. Nelson, BS; Jessica L. Mega, MD, MPH; Dale R. Webster, PhD

Editorial by Wong and Bressler

* |imits of the study
« need for further validation of the algorithm in different populations

« unresolved challenges



FDA permits marketing of artificial
intelligence-based device to detect
certain diabetes-related eye
problems

For Immediate Release
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Turing Award Won by 3 Pioneers 2007
in Artificial Intelligence

NYT Mar 27, 2019 Yoshua Bengio
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Terminology Misuse

Artificial intelligence (Al)

Machine learning

Deep learning




Deep Learnin
P J Machine Learninc

Predictive Analytics

Translation i
e oo atural Language
Classification & Clusterin Processing (NLP)

Information Extraction

Speech to Text
o 2P Speech

s Text to Speech>

- Expert Systems
Planning, Scheduling &

Artificial
Intelligence
(Al)

Optimization
Robotics
Image Recognition
Vision
Machine Vision
N 4




First Artificial Neural Network

Franck Rosenblatt’s Perceptron, 1957

Inputs  Weights Net input Activation
function function

output

A simple simulated neuron with adaptive “synaptic weights*”
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Data Explosion
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Gooc' Facebook @® Amazon

Google’s image.search ™ Siri Facebooks’ DeepFace Chathots



Tech investors think some actors will be ‘obsolete’ in five years




“Al won't make jobs disappear, but will
certainly make many tasks disappear”




Healthcare Sector

Rich in complex data and process
Drug Discovery

VIVO n n
Studies
|
Target Lead Medicinal In vitro
Selection Discovery Chemistry Studies
The Drug N
Development 0
Process N\ o/

Clinical
High-Throughput | Longitudinal | Non-Invasive

Trials

MEASURE
OFF-TARGET
EFFECTS

DATA
MANAGEMENT

MODEL TARGET
DEVELOPMENT VALIDATION

In Vivo Imaging Solutions to Support Drug Development
from FUJIFILM VisualSonics

3rd Edition

\660{\{-y

Symptom to
‘Diagnosis

An Evidence-Based Guide :
Risk

management

framework

SCOTT D.C. STERN | ADAM S, CIFU | DIANE ALTKORN

ZLANGE

Medical Diagnosis Risk Management




Imaging Data

Radiology

Radiotherapy
Imaged Guided Therapy

Pathology
Dermatology
Ophthalmology
Endoscopy




1990s-Present  Atlas-bhased analysis
A statistical/probabilistic approach

Individual healthy livers

3D deformable
registration

Liver atlas

@ O

D
YO
Bla

O®

Gallix B et al. European Radiology 2018



Atlas-based analysis

Patient image registered
to atlas Liver atlas

Patient with liver tumor

3D deformable
registration

Comparison between patient and atlas



2010s-Present  Deep-Learning
A model free / Data driven method

Simple cell
neuron
Visual stimulus —» M- %—) Edge detection
Receptors Neural network Effector

Activation function

X, ® )@ @ "/ >y

® P ) +r—rT—TrTrT 77T
o s -5 0 5
@
L | | LY
Input neurons Synapses Dendrites Body of neuron Output neuron 8

Biomimesis



2010s-Present  Deep-Learning
A model free / Data driven method

Neural Network

——  —
Input layer Hidden layer Output layer



Simple Neural Network
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Overfitting




Deep-Learning

 Deep learning arose to take advantage of the large amounts of digital data

o |t performs classification without the need of feature engineering done by
humans

o |ts power lies in that it can automatically discover and learn discriminatory
features, in order to perform classification better than other algorithms or even
humans.



Q +
S @
g ¢
n.o.
S &
o) +
£ g
X
@9 7




Eh:AT Cm:1

Detection Mode




Deep Learning at Chest Radiography

Automated Classification of Pulmonary Tuberculosis by Using Convolutional Neural Networks.
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Detecting and classifying lesions in mammograms with Deep Learning

- Convolutional ___: Region :
, : - proposal ;

‘network - ,.......
\ P smuNssEENES®
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O 04 |1
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0.2 :
g — ROC curve, breast level classification, INbreast
E -=-==- confidence interval
0.0 '
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false positive rate

Ribli d. et al. Nature Scientific Reports (2018)
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\ Limitation 1: inefficient use of data

Data delusion

5

¢

-
v
'y
s ~

The progress is Grlven far more by data avallablllty than by |mprovement
in algorithms -

To train for*a particular task,.DL requires far more data points than a,,_g
human Would

S AR

~ e} ‘ i, g g %}i 7
= - "you'really need data mines



Performance

Amount of data

- e ——T

Deep neural networks

Shallow neural networks

Traditional learning methods



Once traine ‘6n a given task, deep networks aFe'ti_pcr'ediEI' C 0od at a
very speeiil task. However, any such network cahqg_lypgrforr’n that

one task. , 3
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Ell /on s for insects”
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Limitation 3: Ia of
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Neural networks are us

We know how they a
in, but the reasons v
unknown. 4

i
.

" It is generally infeasib Jse tt eanin .
depends on complex /nteract/o vith uninterpreted feai ure in other layers”

—
T —

——

Hinton G. JAMA September 18, 2018



Explainability

LI m Itatl 0 " 3 I ;‘i | Understanding reasoning
behind each decision

[ransparency ---- | r---  Provability
v | 7 .
Understandingof ' Mathematical
Al model decision ' | certainty behind
making | decisions

Neural networks are

“We know how they
data that goes in, but the
conclusions are reached are usual ‘“'

—
—

—

Hinton G. JAMA September 18, 2018



Limitation 4: lack of transferability

The results of the models depends mal
representativeness of the data sets

nithe quality and

.

“It’'s a lot about Database”

N[@]3\V/FA\N

World's first psychopath Al



RORSCHACH TEST

WHAT DOES Al SEE?

We trained Norman on Reddit, and compared captions with standard image captioning neural network.
Here is what both Als see on Rorschach's inkblot tests.

CAPTIONS BY CAPTIONS BY

NorMmaN Al

STANDARD Al

INKBLOT #8
Standard Al sees:

“A PERSON IS HOLDING AN

UMBRELLA IN THE AIR.”




RORSCHACH TEST

WHAT DOES Al SEE?

We trained Norman on Reddit, and compared captions with standard image captioning neural network.
Here is what both Als see on Rorschach's inkblot tests.

CAPTIONS BY CAPTIONS BY

NormMmax Al

STANDARD Al

INKBLOT #8
Standard Al sees:

“A PERSON IS HOLDING AN

UMBRELLA IN THE AIR.”




" the principle of deep learning implies
that the tested data have the same
distributions as the trained data "

" the machine will have as much bias as there
1S In the data that was used to train It




CT angiography for the Diagnostic of Puimonary Embolism

Likelihood Ratios

+LR =9 /-LR=0.1

_— O~
/ N
( Pre-test Probability CT Pulmonary Post Test Probality
N\ / Angiogram

\ /

Sensitivity = 90 %
Prevalence Specificity = 90 %
30 %




Numbers of patients with and without the disease

who test positive and negative:

Disease Disease Total
|present absent
Test positive |27 |7 134
Test 3 63 66
negative | | |
Total 130 70 100

Numbers of patients with and without the disease

who test positive and negative:

Disease

Total

Disease
| present absent
Test positive |27 27 PSS
Test 3 243 245
negative | | | |
Total 30 270 300

rue positive

* When prevalence decrease from 30% to 10%

Population

Population

"alse negative False positive True negative




Al In Healthcare should be drive by Gare Givers
* |nvincible aura that Al has in popular perception

* A common mistake is to expect Al to find analyzable information in medical
data even where none exists or for which there is no biological plausibility.

o |mproperly designed Al experiments could misinform, mislead, or without
critical analysis could result in patient harm.



Data-driven vs Hypothesis-driven

» The data-driven approach can be powerful and lead to novel insights

* Yet, it cannot replace the cognitive integration of complex information combining the
semelological analysis in a precise anatomical and physio-pathological context.

» These methodological approaches have heen refined over centuries of scientific and
medical thought, and they allow for solutions that are still inaccessible to Al



Data-driven vs Hypothesis-driven
PICO KEY STEP

PARTICULARITY OF Al IN RADIOLOGY

POPULATION Describe the patient population. What are the most | Describe the specific disease or condition and the
important patient characteristics and/or the methods tested
problem type?
INTERVENTION Describe the diagnostic test(s) being considered Describe:
- Method of data acquisition
- Process of data quality assurance
- Method of building the image datahase
COMPARISON Describe the current “gold standard™ test for that Comparison of Al to human performance (radiologist ?)
(CONTROL) disease or condition
OUTCOME Determine a clinical outcome that will be used to Determine how Al will be applied to screening, triage,
evaluate the performance of the intervention staging
Describe how the data set will be annotated for Al
training

“Research hypotheses, whether Al-hased or not, must be clinically relevant and answerable”

Savadjiev P, et al. European Radiology 2018



Rigorous translation pipelines is needed

1. Hypothesis generation

2. Insilico replication to validate the predictive algorithm with data from other
populations

J.  Prototype intervention combining the predictive algorithm with information and
decision support for health care teams and patients.

4. Feasibility and utility of the intervention in a pilot study in a health care setting.
9. Documents efficacy under clinical trial conditions.

b. Document effectiveness when the Al application is deployed in practice.



Application in Imaging

Input Image id-Level Features High-Level Features Output Class Map

Data-driven/model-free approaches to automated knowledge discovery



Application in Imaging (narrow tasks)

o Detection
o Segmentation
* Registration



eal fime movement adaptation




Real fime movement adaptation




Real ime movement adaptation




Application in Imaging (broader tasks)
Patient classification (diagnostic prediction, patient prognosis)

o Separate Normal from not normal

Definition of normal is very complex, depend of age, anatomical variant, presence of benign lesions
Normality should not be defined by radiologist reading but by the patient outcome for a specific disease

Glassification of the disease

Disease phenotyping
Patient stratification
Prediction and prognosis (probability to respond to treatment)

¢

©

D

)

| ¢

Diagnosis
Evaluating and classifying

abnormalities such as
benign vs malignant

Staging

Classifying abnormalities
into multiple predefined
categories such as the

TNM classification of
malignant tumours



Prognostic & Predictive Biomarkers
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Imaging Phenotype oot o

ARTICLE

Received 25 Nov 2013 | Accepted 29 Apr 2014 | Published 3 Jun 2014 | Updated 7 Aug 2014

Decoding tumour phenotype by noninvasive
Imaging using a quantitative radiomics approach

1,2

Hugo J.W.L Aerts"?34* Emmanuel Rios Velazquez'?*, Ralph T.H. Leijenaar', Chintan Parmar
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Two broad types of strategies to deriving an imaging biomarker

Defining the biomarker as a function of the physics of an underlying image acquisition designed to be specific to
particular aspects of tumor hiology :

Metabolic Imaging

Baseline 24 hours 2 months 5.5 months

Using standard-of-care imaging techniques that are already in wide clinical use
2 ===~

preprocessing

Radorves

o tomarker
o Ansert
&7 Presect

z
§
Limitations: Limitations: Limitations: g
| | 3
R ad I o m I CS Many radiomic features Lack of reproducibility. Lack of standardization for:
are dependent on * Mathematical formulas
hardware and Can be operator- » Software implementation o e
acquisition protocols. dependent and highly * Choice of features to be used in a given study SRESS Feas- SRR

time consuming.
Preprocessing steps Lack of spatiallocalization within the tumor.
need to be acquisition-
specific.

" /




2 pathways for tumor quantification with imaging

N -

a Predefined engineered features + traditional machine learning

Feature engineering

Histogram

|

Selection

|/ —

Texture

Expert knowledge

Classification

b Deep learning
Input Hidden layers

Increasingly higher-level features

P
_—
- Convolution layers for feature map extraction
—— Pooling layers for feature aggregation

- Fully connected layers for classification

Artificial intelligence in radiology, Nature review- Cancer, 2018




Step ilzitlimage ; Step 2: Tumor Step 3: Feature / Step 4: Model building \
SURIVIOn e segmentation extraction and analysis

preprocessing

Radormecs

oY Absert
I Present

Intensity histogram
Tumor shape and volume Texture matrices

Limitations: Limitations: Limitations:

Survival probability

Many radiomic features Lack of reproducibility. Lack of standardization for:
are dependent on * Mathematical formulas

hardware and Can be operator- * Software implementation
acquisition protocols. dependent and highly * Choice of features to be used in a given study

time consuming.
Preprocessing steps Lack of spatial localization within the tumor.

need to be acquisition-

specific. \ /

Disease Free Survival (days)

Image-based biomarkers for solid tumor quantification. Gallix et al. Eur radiol 2019
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2 0y on 28.5100002 9.60000038 3.55999994 2550002 07240003 3.383000011 13.0fB997 27.3099995 4.53999996 262700005 108000004 3.0999999 17.5900M 26.1200008 4.46999979 268500004 1.73000002 7.78999906 L.40BB098 257009991 4.42000008 282199993 151999998 6.67000008 25.2399998 oofl6 30.2099992 1.08000004 3.49000001 201599998 24.1599998 4.46000004 337099991 0.64999998 102999997 130.949997 3875 471000004 130.949997 -1.139999986

n oy n [ 10§l .0 LY 2 7 (RN S0 o G o R o] f O REE & 0013 1lkollioos @ ooofM 23 155,336 0002 42015 1.0l M Roo N oo TR %9 sofPBooooos Wikofb: P%so soflls 00 9999 -0.43000001 194 w4705 7 492.130005 0.41999999 -0.83999997 207917993 596409973 717000008 2079.17993  (0.540000021
o y n vy [ ooofll W 01 69000008, 43017 -0.28809 0000l Sofboo3 [olbooll 4 el 700008 00Nl Q. -l 23 3165998 0013 2820803 03589999 siboodl .158001 ;00 ooofl 29000004 Qg899999 01 [l 4loss oofis 99 0001 -0.97000003 12.1999998 227399998 430999994 242800007 -038 -0.89999998 119.400002 49.4399986 4.04999981 119.400002  -0.189999998
o y n vy [ oooffl M 3 oo B0 72012 1578000 oo 15 MsBRoool 2 Bodp1 o Jpooss 1 [Rolo0 e WeoR B 33,2202 VIERE! 7 CERE o 6 I § Rt o E N ool Il J)9999%8 97 10003 998 0.75 0.06 343899994 289899998 455000019 4025 047 05 11818 369799995 482000017 11818  -0.540000021
15 0y o M 1E7000@ ®e6700%08 000087 183700008 163280999 36000005 "1.029%007 1 05000% 430904 W 151 108000004 WO50990 1 72000008 20.0400009 B3M0015 150600897 0.36000001 X ATo099% 249000001 184899588 2. 8000088 149800004 019 0%29%8997 -3¥80000 47000808 158500004 023 -0.07 -3.52999997 14.6599998 405000019 117200003 013 -0.31999999 747200012 19.7399998 4.32999992 74.7200012 007
5 n oy n I 37.M 847000027 351999998  37.75 0 102999997 303999996 24.7000008 4.57000017 21.7800007 0.3 041999999 4.13000011 246100006 457000017 22.6000004 031 -0.05 45399999 239200001 45 222199993 0.60000002 0.28999999 4.86999989 22.9899998 4.46000004 20.7039991 076399998 092000002 546999979 2275 440999985 19.4099998 0.69999999 120000005 79.7200012 334599991 468 797200012 1029999971

h oy n IDC 27.5300007 151999998 401999998 27.5300007 0.56999999 -0.11 505000019 20.1399994 471000004 25.4799995 062 0.88999999 578000021 30.1800003 473000002 27.7299995 0.67000002 0.66000003 6.01999998 305200005 476000023 29.1800003 0.58999997 018000001 6.32999992 307000008 475 30.4799995 0.60000002 -0.15000001 7.05000019 30.6599998 4.73999977 311399994 0.61000001 -0.18000001 124.599998 39.5200005 501999998 124.599998  0.280000001

hy n IC 513300018 200599995 430999994 513300018 1.01999998 4 171000004 501199989 5.17000008 46.5499992 0.66000003 134000003 26.9200001 40.5900002 4.98999977 42.7999992 0.36000001 025 36.8199997 356800003 48499999 451100006 0.49000001 0.28999999 46.5200005 35.6699982 486000013 50.5299988 (0.56999999 012 554509991 38.1899986 492000008 50.2900009 0.44999999 -0.23999999 285769989 105.029999 576999998 285769989  0.039999999

n oy n IDC 78589993 211900005 430000019 78.5839963 0.20999999 158000004 24.9300003 70.3199997 5.32999992 70.8300018 0.81 063999999 38.6800003 67.0299988 5.32000017 74.4400024 063 -0.02 525999985 57.9399986 523999977 73.9499969 0.8 -0.47999999 67.0299988 456300011 507999992 75.9199982 -0.01 -0.50999999 825199966 32.9900017 476999998 82.5199966 002 -016 29186999 765 536000013 291869995  -1.179999948
% n y n IDC 516100006 127399998 3.8900001 516100006 05 004 856399969 3675 482999992 313400002 -0.72000003 075099999 13.75 344000015 4.84000015 32.6800003 -0.52999997 -0.03 187600002 29.8799992 473000002 32.7700005 -0.20999999 -0.33 237000008 243899994 451999998 317299995 003 -0.81 286900005 210900002 436000013 320299988 007 -0.88 214759995 617799988 509000015 214.750995  -1.320000052

oy n IDC 222399998 888000011 3.51999998 22.2399998 0.75999999 0.73000002 106499996 219699993 4.4000001 214400005 0.73000002 132000005 13.0799999 22.0799999 4.33000011 22.9400005 0.83999997 105999994 145799999 218099995 4.34000015 23.4899998 0.79000002 0.56 153599997 202199993 430000019 22.2399998 (0.68000001 008 155600004 17.7600002 419999981 210100002 046000001 -037 10043 477900009 511999989 10043  0.379999995
2 ny n IDC 101510002 29.2999992 473000002 101510002 0.18000001 0.68000001 308199997 93.3300018 5.71000004 87.0399985 081 05 440400009 83.3799973 5.65099985 87.9400024 0.64999998 0.3 555600014 77.5299988 561999989 89.0699997 0.25 -0.31999999 673099976 73.699999 5.5999999 925800018 0.05 -0.36000001 79.6500015 67.4300003 5.5 93.6299973 019  -016 36151001 102980003 582000017 36151001  -0.360000014
60 n y n  IDC 67.0099985 16.6000004 417000008 67.0999985  -025 -0.62 10.3400002 37.5699997 4.96399979 33.8600006 0 2 013 -034 218400002 47.1899986 515999985 461399994  -0.01 -0.28999999 262.529999 58.0499992 5.17000008 262.529999  -1.539999962
0 'y n y IDC 52802002 176309998 630999994 528.02002 0.56 05 196.100006 477.440002 6.96000004 461399994 0.55000 C E l 3 052999997 0.28999999 391540009 429.220001 6.90999985 544.26001 05 0 1367.48999 494.540009 6.94000006 1367.48999  -0.029999999
0 'y ny IDC 500699997 1096 375999999 50.0699997 0.28999999 0.63 253999996 324399986 47899999 25.2900009 - athOI y Xa.mp CS 4 034999999 0 186900005 40.5299988 4.98000002 44.0099983 0.23999999 -0.51999998 230.770004 540200005 521000004 230.770004  -1.009999%9

oy n IC 373199997 19.4099998 428000021 37.3199997 1.23000002 3.88000011 671999979 510099983 523000002 43.4700012 1.22000 = = 9 0.3 074000001 17.649999% 338199997 4.9000001 346699982 0.06 0.8 244740005 713300018 548999977 244.740005  -0.319999993

h oy n IDC 121139999 801699982 5.51000023 121.139999 0.94 05 48 198.110001 626999998 187.130005 0 SIZ e V l 7 121000004 160000002 130.470001 197.270004 6.17999983 210.850006 107000005 0.95999998 1199.77002 414.079987 6.48000002 1199.77002  -0.150000006
4 nnn IDC 37.3199997 115699997 3.82999992 37.3199997 0.40000001 036000001 7.5999999 3275 4.80999994 27.8500004 0 ® o1ume 6 041999999 012 23.8700008 289799995 471000004 348199997 0.33000001 -0.22 539900017 107199993 432999992 541500015 -0.519999981
0 'y ny IDC 848799973 412099991 496000004 848799973 117999995 140999997 3.25999999 106.220001 596999979 93.7200012 0 . . 1 0.61000001 0.80000001 223600006 100510002 592000008 96.4100037 0.52999997 0.07 196759995 59.2400017 544000006 196.750995  -0.029999999
0 'y n y IDC 131270004 318600006 475 131270004 -0.56399999 013 30.8500004 727699966 548999977 694300003 -0 £ MaXImmn 3D dl ameter 6 041999999 -0.54000002 129.600006 77.0899963 5.539999% 133.570007 037 -044 379720001 105860001 5.75 379720001  0.730000019
15 n y n IDC 728700027 257299995 463000011 728700027 -0.12 020999999 23.3799992 68.0699997 5.55999994 621100006 0.25999 9 015000001  -0.03 546899986 523300018 5.32000017 68.1999969 0.25 -0.23999999 245350006 101919998 594000006 245.350006  -0.209999993
5 ny n IC 588100014 239899998 434000015 588100014 2.17000008 8.63999981 8.47000027 62.0299988 523000002 4325 1.16999 2 135000002 436000013 27.3099995 655100021 54000001 504099998 117999995 2.61999989 177.270004 80.4800034 563999987 177.270004  -0.300000012
30 ny n IDC 536599998 14.4200001 3.99000001 53.6599998 0.49000001 004 575 337999992 4.80000019 23.89999% -0 ® Surface area 4 -0.05 052999997 -4.21000004 40.7299995 488000011 26.8099995 -0.25999999 0.56 58.0600014 186599998 423000002 58.0600014  -0.680000007

nnn JROENE 454199982 13 38499999 454199982  -0.22  -0.19 216200008 34.6699982 4.73000002 36.7999992 C 6 -0.55000001 -0.89999998 60.5800018 39.0299988 4.809999%4 659499969 -0.23 -102999997 165.940002 57.0400009 5 165.940002  -1.00999999
0 'y ny IDC 733070007 245360001 605999994 733.070007 011 125099999 211.720001 715820007 642000008 611.72998 0.43000 Sh 5 s 5 005  -0.75 777.27002 628.090027 644000006 049.669983 -0.25999999 -0.91000003 3286.28003 772799988 6.6500001 3286.28003  -0.620000005
0 'y ny IDC 323400002 9.10999%6 35399999 32.3400002 0.80000001 1.00399999 6.96000004 262900009 457000017 25.1299992 0 ape @ Sphel 1C1t y 8 062 0 189200001 20.5799999 4.28000021 23.5100002 0.82999998 014 133.50004 424700012 4.94000006 133.520004 &
0 'y n y IDC 57.0200005 13939999 3.8900001 57.0200005 113 546999979 116199999 413600006 4.94999981 35.4599991 1.16999: 6 081999999 242000008 35.1509998 40.2200012 4.98999977 46.9000015 074000001 2.19000006 199.179993 514900017 5 199.179993  -1.700000048

o nn IDC 681299973 19.149999 4.2899999 68.1299973 0.34999999 158000004 20.8500004 53.9199982 5.30000019 52.2099991 0 ° El on atl on 9 0.12 -0.15000001 70.0400009 65.6300024 55 882600021  -0.41  -0.22 262.859985 86.3099976 5.61999989 262859985  1.179999948
0 'y ny IDC 582099991 19.9500008 432000017 582099991 01 -047 200599995 517599983 5.17999983 511899986 g 9 -008 0.1 560600014 44979999 503000021 668799973 -0.23 -0.15000001 193.039993 634500008 530999994 193.039993  -0.289999992
10 ny n  IDC 588499985 183400002 423999977 58.8499985 0.41999999 126999998 10.5100002 534799995 515999985 40.9799995 0 5 095999998 172000003 36.0099983 411199989 4.92999983 45.6599998 095999998 148000002 180.179993 524799995 5.4 180.179993  -0.340000004

y ny IDC 837099991 18.6599998 4.26000023 83.7099991 05 072000003  10.96 504700012 515999985 44.5600014 0.72000 & Flatness 5038999999 -0.57999998 39.8400002 5275 523000002 632200012 -0.25 -0.54000002 369.869995 102629997 565999985 369.869995  -1.139999986
0 'y ny IDC 788199997 202399998 43499999 78.8199997 0.56399999 0.64999998 -0.07 624000015 538999987 51.5699997 0 8 036000001 020999999 2025 57.7700005 530000019 535099983 028999999 0.18000001 257.429993 57.9399986 53499999 257.429993  0.280000001

oy n ILC 380400009 17.14999% 3.69000006 38.0400009 3.96000004 226800003 115600004 514099998 4.86999989 40.4000015 2.18000 lst d .o 1 1 . 7 028999999 -0.56 50.1800003 27.8299999 4.57999992 519500008 023 -0.44 207.020004 826500015 538000011 207.020004  -0.540000021
8 n y nIDC 340499992 121999998 3.77999997 34.0499992 0.85000002 307999992 9.10999966 315100002 4.65999985 26.39999% 139999 order statistical ana ySlS p— & Mean 1 147000003 2.99000001 30.2900009 32.8699989 473999977 36.9900017 0.86000001 1.14999998 169.509995 40.8899994 4.69000006 169.509995  -1.580000043
0y ny IDC 98269996 342299995 486999989 98.2639966 0.25099999 -0.47999999 18.6800003 77.1200027 5.57000017 65.9499969 -0.31999 ’ E 5 043000001 002 69.5400009 83.8399963 567999983 97.9899979 0.54000002 0.02 564.859985 136259995 5.75 564.859985  -0.980000019
25 0 nn IDC 454599991 115299997 3.70000005 454599991 125 256999993 127600002 39.7999992 4.8499999 36.5099983 1.38999 IntenSIty hlstogram fe atures ° - 1 0.47 -0.34999999 216800003 259899998 4.59000015 31.8700008 034 -0.51999998 174.58999 39.6100006 4.84000015 17458999  -100999999
0 'y ny IDC 510299988 23.7099991 444000006 51.0299988 0.11 -0.97000003 189799995 525600014 526000023 49.7099991 025999 V ariance 3015000001 -0.83999997 53.0499992 58.0600014 5.28000021 77.0500031 0.12 -1.11000001 150.740005 48.5099983 519000006 150.740005  -0.170000002
8 n y n I 47 197000008 4.30000019 47 080000001 107000005 20.3500004 50.0400009 5.19999981 448300018 0.41999 ! 2110000002 137 399099998 47.3800011 507999992 527000008 1.10000002 1.32000005 183970001 604399986 519000006 183.970001  -1.070000052
5 n y n IDC 303500004 85 34000001 303500004 196000004 119099998 473000002 23.4639993 4.44999981 18.2099991 0 & K urtosis 8 -0.74000001 109000003 7.42000008 22.0499992 4.42999983 19.5599995 -0.40000001 019 952600021 316000004 471999979 95.2600021  -0.439999998
0 n n n IDC 140770004 43.6100006 505999994 140.770004 0.07 0.06 340600014 115379997 584000015 113.120003 0.44999 1 016  -016 143869995 854000015 557999992 157.399994 -0.67000002 0.55000001 187.279999 712900009 546000004 187.279999 075
0 'y ny IDC 499700012 935000038 355999994 49.9700012 -0.74000001 117999995 7.23999977 30.39999% 4.63999987 24.1900005 -0 nd . e . . 2 -0.27000001 -0.76999998 28.3700008 193299999 426000023 3125  -0.11 -0.95999998  203.009995 60.1399994 501000023 203.0099%5  -1.370000005

n o nn ILC 335699997 13.0699997 3.8499999 33.5699997 0.69999999 0.94999999 8.11999989 29.39999% 4.61000013 26.7000008 0 2 Order StatIStlcal analySIS — Feal Urcs del IVed ﬁ'()l N teX| urc 5 0.13 -0.52999997 24.9500008 37.7799988 4.8499999 40.0999985 0.3 1008 174929993 52.6899986 5.01999998 174.929993  -0.639999986
20 n nn IDC 409099998 156800003 4.07000017 40.9099998 120000005 2.97000003 528999996 335 4.8499999 27.2600002 § 135000002 348000002 160699997 35.6699982 4.8499999 332200012 140999997 3.6400001 12175 382999992 503000021 12175 0300000012
5 nnn IC 694800034 17.7900009 425 69.4800034 023 038 1345 syosooos 52699388 as3o0u 02359 | et ire features matrices such as: 2 002 -0.34 322900009 513400002 517999983 582799988 007 -0.64999998 273.14001 61.290001 5.2199998 273.14001 -0.75
0y ny IDC 734499969 131599998 380999994 73.4499969 -0.41999999 145000005 20.0300007 364799995 480999994 36.2700005 0.51999 5 . 5 023 -0.40000001 67.0299988 34.8400002 478000021 686299973 023 -081 223.89999 46.0600014 4.78000021 223.899994 175
0 'y ny IDC 229550003 66449993 551000023 229.550003 0.50999999 0.76999998 37.1800003 192.649994 642000008 162.089996 0.83999 5 0.54000002 011 121730003 169.830002 630000019 190.380005 0.61000001 -0.23999999 950119995 130110001 567999983 950.119995  -1.820000052
5 nnn IDC 720299988 17.6700001 413000011 720299988 0.61000001 2.8599999 143599997 49.5900002 513000011 446699982 1 & Grey_level CO- 2 077999997 034 448100014 417999992 501999998 52.22999%5 081 0.60000002 220169998 636100006 530000019 220.169998  -1.159999967
60 n n n IDC 857200012 258400002 453000021 857200012 105999994 438999987 26.649999 725199966 5.36399989 62.5200005 220000 7 028 -0.76399998 853899994 68.0800018 546000004 10118 0.04 -1.04399995 392119995 113790001 588000011 392.119995  -0.550000012
0 'y ny IDC 445900002 160599995 409000015 44.5900002 0.83999997 0.75 553000021 354799995 492000008 28.8999996 i - § 025999999 041999999 16.8199997 40.3899994 5.07000017 40.0299988 036000001  -0.02 123.580002 51.5400009 531 123580002  0.300000012
30 n 0 n IDC 367299995 13.0799999 3.93000007 367299995 0.2 001 925 29.3099995 463000011 24.6499996 0 occurrence matrix 8 -0.04 -0.30000001 312299995 26.0499992 4.61000013 37.9399986 -0.18000001 -0.67000002 153.570007 475 505000019 153570007  -0.709999979
5 n y n  IDC 633600006 2 475 633600006 052999997  -0.02 19.2800007 60.3400002 5.38999987 56.2700005 i 2 075999999 014 712600021 92.2799988 563000011 104.660004 081 -0.12 243529999 79.8600006 555999994 243.529999  -0.079999998
0 'y ny IDC 207299995 108800001 369000006 20.7299995 0.43000001 -0.75 8.02999973 309799995 467999983 28.8999996 0.20999 ® Gre lev el run len 5 0.44 -0.85000002 21.6000004 234500008 440999985 30.5300007 0.12 -0.92000002 47.4199982 261100006 445 47.4199982  0.819999993
0 'y ny IDC 836299973 26399999 463999987 83.6299973 0.2 013 30.5100002 726300024 555000019 68.3499985 0.430001 y 3046000001 0.64999998 89.0800018 47.8800011 5.17999983 92.2900009 019 0.19 465480011 107.470001 5.63999987 465.480011 15
0 'y ny IDC 65949993 14.9099998 403000021 659439969 0.30000001 245000005 482999992 45.6599998 5.1500001 37.1500015 0 . 8 028 022 126199999 525499992 528999996 48.0900002 0.33000001  -0.13 242070007 77.8000031 5.65999985 242.070007 007
0 'y ny IDC 396100006 105 371000004 396100006  -0.19 0.43000001 10.3199997 334399986 471999979 20.87999%2 -0 matrix 4 -006 020999999 340299988 19.7399998 4.30000019 359300003 0.08 0.38999999 146110001 541300011 519999981 146.110001  -0.529999971
0 'y ny IDC 431800003 127799997 3.92000008 43.1800003 012 0.2 758000015  30.25 478000021 26.7900009 0.30000 6 034999999 0.30000001 216509998 383899994 4.98999977 419399986 0.18000001 02 177.919998 515499992 5.26000023 177.919998  -0.610000014
0 'y ny IDC 67.9700012 17.0300007 407000017 67.9700012 -0.76399998 1.10000002 221299992 416300011 471999979 40.3100014 0.94999 ® G 1 1 - 6-028999999 -016 105763997 56.4300003 5.05999994 112220001 -0.52999997 -0.58999997 234.050003 42.0699997 476999998 234.050003  -1309999943
0 'y n y IDC 436100006 131000004 3.86999989 43.6100006 0.01 -0.43000001 19.3400002 387099991 48499999 416800003 0 I ey' CVCl1 S1Z2C-Z20N¢C § 006  -013 39.0300002 221000004 432999992 424399986 -031999999 -0.03 134.800003 49.7999992 491 134800003  -0.579999983
0 'y ny IDC 350900002 124300003 37899999 350900002 10399999 2.68000007 12.899999 359099998 475 32.2799988 1.60000 . 8 081999999  -0.14 33.5699997 20.9899998 4.55099994 38.4300003 052999997 -0.85000002 177.970001 545699997 4.88999987 177.970001 -1.309999943
5 nnn IC 386199989 10.3199997 3.68000007 38.6199989 075 110000002 15.1400003 336399994 473999977 32.1399994 1200004 matrix 5 070999998 -011 342299995 25.8400002 4.51999998 367599983 0.54000002 02 150.470001 39.2000008 4.8499999 150470001  -0.639999986
0 'y ny IDC 501599998 15.0600004 398000002 50.1509998 -0.15000001 1.30999994 13.0500002 381100006 482000017 33.4099998 0 7 -0.15000001 020999999 86.3000031 46.2900009 4.94000006 916299973 -0.43000001 -0.52999997 191460007 48.3899994 4.92000008 191460007  -0.460000008
0 nnn IDC 94449999 28.0799999 4.57999992 94.4499969 0.06 170000005 119899998 69.0400009 5.36999989 638899994 i H h d L. 1 8 041999999 040000001 76.2009991 58.8100014 5.26999998 833099976 034999999 0.40000001 302.890015 93.5599976 5.6500001 302.890015 0
25 nnn  IDC 287600002 8.31000042 348000002 28.7600002 0.34999999 15 669000006 231299992 444000006 20.8799992 0 lg er order statistica % FraCtalS 2 028 -047 256299992 168199997 40999999 27.5699997 0.27000001 -0.63 287600002 831000042 348000002 28.7600002  (0.34999999%

h o nn IDC 515800018 141700001 3.95000005 51.5800018 05 063 20.1100006 38.5999985 4.90999985 39.3800011 0.52999! . 4 -0.64999998 -0.40000001 50.7200012 28.1000004 4.59000015 60.9000015 -0.41999999 -0.75999999 180.529999 57.5299988 5.19000006 180529999  -0.800000012

n o nn IDC 121470001 60.5499992 509000015 121470001 243000001 116300001 9.10000038 222.889999 6.13999987 166.169998 1.83000 analys 1S ® ‘]7 1 t 2 018000001 002 444199982 11718 582999992 112349998  -0.17 -0.54000002 574.669983 179.190002 623000002 574.669983  -0.059999999
5 nnn IDC 357700005 10.8000002 3.5999999 35.7700005 0.5 421000004 844999981 329599991 467000008 28.7199993 154999 aVeICLS 4 043000001 125 139700003 22.7800007 442000008 24.4400005 -0.67000002 0.70999998 163820007 53.0099983 526000023 163.820007  -0.569999993
30 ny n IlC 868099976 30.0400009 469999981 86.8099976 099000001 154999995 23.9300003 86.0899963 5,75 80.8500006 046000 1 031999999 0.30000001 66.0639997 849599991 567999983 97.6900024 049000001 0.25999999 347.26001 113260002 592999983 347.26001  -0.289999992
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Curse of dimensionality

o The number of features generate is high
o As the numbers of features grows, the amount of data we need to generalize grows exponentially

Classifier performance

0 Dimensionality (number of features)

Optimal number of features



High level of correlation between features

0.27<r<0.35 p<0.05
0.35<r<0.8 p<0.01
r>0.8

r>0.9

mean

sd
Entropy
MPP
Skewness
Kurtosis

Dohan, Gallix, Unpublished data



2 pathways for tumor quantification with imaging
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2 pathways for tumor quantification with imaging

N -

a Predefined engineered features + traditional machine learning

Feature engineering

Histogram

|

Selection

|/ —

Texture

Expert knowledge

Classification

b Deep learning
Input Hidden layers

Increasingly higher-level features

P
_—
- Convolution layers for feature map extraction
—— Pooling layers for feature aggregation

- Fully connected layers for classification

Artificial intelligence in radiology, Nature review- Cancer, 2018




Tumor characterization using a two-step deep neural network analysis

Input Image Low-Level Features Mid-Level Features Output Class Map
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Monitoring the disease




Canadian Association of Radiologists White Paper
on Artificial Intelligence 1n Radiology

Existing situation Triage Replacement Add-on
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Factors that will drive the adoption of Al in Healthcare

the strengths of digital imaging over human interpretation 4[

e Ve

the digitization of health-related records and data sharing > Ve o8
the adaptability of deep learning to analysis of heterogeneous data sets \G . A
the capacity of deep learning for hypothesis generation in research P
the promise of deep learning to streamline clinical workflows and empower patients

the rapid-diffusion open-source and proprietary deep learning programs



ﬂllBStIﬂIIS How to validate Al tools 7

Who controls Al and is ultimately responsible for its actions ?

How generalize Al across different

patient demographics?
geographic regions
healthcare system ?

~ How to insure privacy of the data and social acceptahility ?

“How to allow acceptance of Al applications in clinical practice ?

“/ How access to quality and representative training data ?

How to maintain professional knowledge ?



Conclusion
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Physicians need to actively engage to adapt their practice and to S\ﬁap/-e;fheeﬁh

“ [Tt good pliysician tréats the disease; the gréat physician treats the patient wito fias the disease.

William Osler
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