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Automatic analysis of medical images

e

MIDL

Paris 2024

Kw. « Deep Learning and «MedicallmageAnalysis»



Automatic analysis of medical images

Count

MIDL

Paris 2024
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N= 466

Choiceof optimaltreatmensettingbetweerurologists
andatrtificial intelligence (Al).

Prostate cancer patiem®&reaskedwhichtype of | _,
consultatiortheywould preferin thecurrent
situationbeforemagnetiacesonancémaging biopsy
or radicalprostatectomy

Patients’
preference

harris |
interactive

rd

oo 672}

2021 2 046 pers

1x.Las a®il de@®et’'il ai f oi s compolel el e secteur
nu@ i goueer met | pr p$(B 66)edte cokzl ui At mAl-controfled physician

— . . . Physician M Al-assisted physician
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Rodleret al.EurUrologyFocus 2023



Machine Learning & Data Scientist

Best Jobs in US in 2018, according to Indeed

140K
oo &
135K Data Scientist Machine learning engineer
o, :
130K Optometrist  Computer vision engineer

125K .

Development operations engineer

120k .
Agile coach
e L}
E 115K Chief estimator
m
w
110k Head of s.ales Full stack developer
o
105K Staff pharmacist
.F’rnductc}wner
100k -
User experience researcher
95k
a0k
0% 20% 40% 60% 60% 100% 120% 140% 160% 180% 200% 220%
% Growth
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In 2022, the Al focus area with the most investment was medical
and healthcare ($6.1 billion); followed by data management,
processing, and cloud ($5.9 billion); and Fintech ($5.5 billion).

Al Index Report 2023 Stanford Univ

i Inserm M ain
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Al Engine

o Ll il

Predicting... 30/30

Bl

of brain hematoma
expansion cases

Injust

of physicians,
who took
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https://twitter.com/AsiaNews_FR/status/1014275512695382017

A Review of Medical A.l RandomizedTrials

Overall Distribution

B Gastroenterology Radiology Cardiology Surgery Oncology ¥ Neurology M Pulmonology B Endocrinology
B Anesthesiology Il Ophthalmology Orthopedics M Critical Care Dermatology M Physical Therapy | Emergency Medicine [l Audiology
Long-term Care M Pain Management Primary Care

42%

% 4% 2% 2% 2% [ | l l I
Country-level Distribution

SOUTH R
NETHERLANDS - Radiology 4
* D tol 1
s Sl

SWITZERLAND (1) : « Gastroenterology 19
SLOVENIA (2) W . + Radiology 2

',,O JAPAN 3 (47) CHINA + Ophthalmology 1

* Primary care 1

261297 M - surgery 1

Gastroenterology 5
 Cardiology 5

« Radiology 3 I
* Pulmonology 2

+ Neurology 2 s

{RWANDA (1)| | \ S'N-GORE1 =

+ Oncology 4 [ | iy P

» Endocrinol 1 ! < S

: S:r;:r;nf ogy @ MALAWI (1 ’

+ Critical Care 1

+ Physical Therapy 1 USA I |TA|.Y |SRAE|.

+ Pain Management 1 26 (31%) 4 (57) 3 (4%) v /)'

*» Gastroenterology 4

Han et al https://www.medrxiv.org /content/10.1101/2023.09.12.23295381v1

_ I .
s i Inserm f Gin

Alpes




Computer Science

Artificial
Intelligence

Processings

Mathematics
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Al

Almpact all clinical fields that useimaging data

i Inserm M ein
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Al

Almpact all clinical fields that use imaging data

(radiology, dermatology, ophtalmology, anatomo-pathology,

gastroenterology, neurology, oncology 0 A

APsychiatry, Psychopathology developmental
APandemic management

ABrain-Computer Interface

AComputer -Assisted Surgery

AEpidemiology

AHealth care organisation

i Inserm Fein
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Almpact all clinical fields that use imaging data
(radiology, dermatology, ophtalmology, anatomo-pathology,
gastroenterology, neurology, oncology 0 A

APsychiatry, Psychopathology developmental
APandemic management

ABrain-Computer Interface e
AComputer -Assisted Surgery ‘ impacts
AEpidemiology

AHealth care organisation

i Inserm Hoin
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What Al 1s?

HE !nserm
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What Al 1s?

ASystemsthat act like humans

ASystemsthat think like humans
ASystemsthat think rationnally

ASystemsthat act rationnally

G w dza B 2 INSD b p

i Inserm Fein

15



What Al 1s?

oy

r

ASystemsthat think like humans

ASystemsthat actrationnally
rational agents (limited rationally )

. 1 I
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Al systems: Engineer Approach

)

A28 00601 wEws OuBHOD OOPwE OE ] WEUOD]
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OCDE 2019

Organisation de coopération et de développement économiques
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Artificial Intelligence

( OUI OOPIT ¢ QIB@uuDITEBEI TU wEIT UU wx OU L
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UAHOW to build an artificial intelligent agent?

ATestour models of natural intelligent agents?

Computer

sclence Integrationof heterogeneouslatasets
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Knowledgeliscovery
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Two main approaches

AI\/Iach;!\ne Learning ASymbolic Processing
Bio-inspired :
A Artificial life Problgm-solvmg
A Neural Networks Planning
A \ﬁ\:\l-/?l\%lf%CllJllocf&WPIttS Logic
rtificial neurons :
A DHebb(1949) Knowledge representation
Learning by modification Commonknowledge
of connections Metaknowledge
A FRosenblat{1963)
Convergenceéheorem Ontology
A M Minsky& S Pa6p Multi -agents
Perceptrons (1969

_ Co-construction
A Classification (SVM,0 )

hLISNI} GA2ya 2y f | NH Ruledssdimanhflatiomf symbols

i Inserm Fein
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But 0

0.0001000% -
0.0000900%
0.0000800% +
0.0000700% A
0.0000600% + machine learning
0.0000500%
0.0000400% A
0.0000300% + knowledge representation

0.0000200% +

0.0000100% <
3.00

0.0000000% T T T T T T T T T
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005

1.50

0.000600% - M yCl n B
0.000550% Shortliffe 1976

0.000500% o
0.000450% A
0.000400%
0.000350%
0.000300% A
0.000250% A ;
0.000200% - LN =
0.000150% A
0.000100% A
0.000050% - machine learning

: knowledge representation
00000000/6 U L] T T T T T T T
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005

Journal Impact Factor

0.00
2013 2014 2015 2016 2017

JCR year

MEDICINE | (ai + medecine)
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Winters of Al

Machine

learning
Expert

systems

Early research ond Al

1st Al winter
winter

1940 1950 1960 1970 1980 1990 2000 2010 2020

| 2t ARG dzZNP Y Sal 2IREA Yy 3 S NJ
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Evolution connectionist/symbolic

f \1 o Y o ~ o ~
| Activation model f Y ! ) \ ! \
of the neuron | ; Backpropagation | Convolution ;| Support Vector
(McCulloch, 1943) / | algorithm | on zip codes | I Machines - SWM |
\ / \ (Rumelhart, 1986) | \ (Lecun, 1988} ! \ (Vapnik, 1995) /
Macy P ONR funds Rosenblatt's - ! - / " !
15 = Ca -flc-‘}l o || Perceptron S TT===== \\ _____ I_ - _l_ -0
= -onfe C | r-1962) 3 . I |
2 I \ I l
K ! DARPA funds Minsky and \ I |
i 1,28~ McCarthy Al group at MIT \ | |
£ (1963-1974) \ |
R. \
8 ' |
g 10= ...'.".'.';'..;'..‘. - N |
E‘ ] -
E= R P I
] — - /
s Dartmouth workshop — pm————— <7 -
e " S | Resolutionby ' ],.r Criticismof  \ 15 Al winter
E 1 logic the Perceptron |
\ (Robinson, 1965) I ' (Minsky, 1969) / LISP machines
0.66— N - - 4 N 7 Expert systems market collapse
' development
I 1 U 1 1 1 1
1940 1950 1960 1970 1980 1950 2000
Publication year of cited references
(1935-2005)
Table 1. The four ages of predictive machines
Machine World Calculator Target
Cybernetics Environment “Black box™ Negative feedback
(connectionist)
Symbolic AT “Toy” world Logical reasoning Problem-solving
symbolic
Cardon et al (symbolic)

Réseaux211,
2018, Ldécouverte

Expert systems World of expert knowl- | Selection of hypotheses
(symbolic) edge

Examples/counterex-
amples

Deep learning The world as a vector of | Deep neural network

(connectionist) big data

Objective-based error
optimization

HE !nserm

f Gin
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DL&MLE&AL

25000
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—_
[91]
[=]
3

Publications
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o

Modality

—ea—DL (GS) —a—NML (GS) —e=A|(GS)

MR
CT
us

X-Ray

WS

OCT

PET

MSI
LM

DL (WOS3) ML (WOS) -—o—Al (WQOS) SPECT

R

= - > g s

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
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Meijering ComputStruct Biotech J 2020
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o
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Knowledge inside 6

Artificial Intelligence
A Modern Approach

Summary of Contents

I Artificial Intelligence 1
1 TIntroduction.......................... il 3
2 Inteligent Agents . ........ ... .. . i 31
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7 First-Order Logic )
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Computer & Brain

Computer science roots Neurosciences roots

2 el )

Berry G. LOhyperpui ssance des ordinateurs O,
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Computer & Brain

Yale University Press, New Haven

NERVE, BRAIN AND
MEMORY MODELS

1982

NEAeRY LN KL RS e

COTOUNREN W5 THE ARTIFICIAL INTELAIGENET LARORATONY Lo

UNIVERSITE
¥ Grenoble
74 Alpes
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Analogy ©

Input Adjustable synapse Output
layer 1 2 3 layer

/)7 S 507 NN 7
IR \RS<ZA47]
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A "
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Ullman Science 2019
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2000 ~
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1200 -
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Nb papers
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2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Year

Wos brain & 6vmor multi-voxel or machine learning or decoding or classifier)
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GRAphs for Artificial neural
networks and brAin Connectivity
Exploration

‘ Parcellation /‘_\} . ,-‘f b
7"{-‘ s MRI & g 9 r’H‘:-
1&’41\ 3 ‘/ 10° voxels \ \ L fiR ? . 1 A
'13) el o 03 Hz Dot r e
» & A — II_.- -\
tk%\ . 1 OQ9P0
( e TinieSanes 7
cerebgrlagoh:noefctions S Czﬂnectll\ggy I
2 Graph-based
Functional
Connectivity
Statistical Graph Classification ‘l
[Descriptors Methods n
Robustness against obustnoss
Adversarial Attacks “"‘::';;‘:"’"
\ l J‘ Leaming Strategies Development of
Real Data vs Healthy Patholagical Reliability Cheracterization graph-informaed
Ganerafive Model  Characterization Discrimination ﬂlﬂiﬂ-l:lnﬂmhﬂﬂu
CarboniPhD 2023
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Projects

$500M ~

$400M +

$300M A

$200M A

H100M

0_

NV/AY t NBR@&BOG T
A‘J}? A\J']d\ A\}}G‘ A‘l}) fc? A)}Q A‘\QO A\Jé) A‘%%) A\}ée A);;? A\J;:'S

JIA

INSTITUT

INTERDISCIPLINAIRE
pINTELLIGENCE
ARTIFICIELLE

20182021: 40y n
2024H NHY Y TN

a € Grenoble
Tculouse

taI
Neurosmence
\ EBRAINS
Neurotechnology

Infrastructure

HumainBrain Project EC 201X3

Neuroinformatics Platform

Brain Simulation Platform

HPAC Platform

Medicallnformatics Platform
Neuromorphic Computing Platform
Neurorobotics Platform

s¢ & wenne
vu o fa wgnnl
d d T a gzm)ﬂﬂ’d

. Nice, Paris,
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Computer & Brain: architecture -

Computer Brain
Computational units Core, 10transistors 10! neurons
Storage units MHANI ¥iRH 5 10* synapses/ neurons => ¥0
Memory- Computation Separated Embedded

Architecture highly wired
& reconfigurable

Neumn Piepess Newran [ bess Neurcn oo
100 5
Comsrunicalion Cammunicafion Communication
Memory Wall / Bottleneck
N’g:: 4004 l Neumn Prtien Nauron o) Nauran Ly
é Neu rﬂns E US Smapses Communicaion Cammunicalion Communication
2
pe Neumin Eyipass Newron Bnapues Neuron Fas—.

qqqqqqqqq
10" 10° 10° 10° 10" 10° 10°

10" 10° Communicalion Cammunicaon Communication
Clock Frequency (Hz)
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Computer & Brain: architecture -lI

Frontier supercomputer Human brain
(June 2020)
Speed 1.102 exaFLOPS ~1 exaFLOPS (estimate)
Power 21 MW 10-20 W
requirements
Dimensions 680 m® (7,300 sq ft) 1.3-1.4 kg (29-3.11b)
Cost $600 million Not applicable
Cabling 145 km (90 miles) 850,000 km (528,000 miles)
of axons and dendrites
Memory 75 TB/s read; 35 TB/s write; 2.5 PB (petabyte)
15 billion IOPS flash storage
system, along with
the 700 PB Orion site-wide
Lustre file system
Storage 58 billion transistors 125 trillion synapses, which
can store 4.7 bits of
information each

Smirnova et al Front Science 2023
Visual system 10x10@ bits/s on the retina
=> 6x10 bits/s optical nerve transmission
=> 10 bits/s reach V1
=> 100 bits/s for conscious visual perception

) 1 I i
! vanie ! Inserm M ain
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Consumation
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Honey Bee™
Brain
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Two main approaches

AMachine Learning

A Bio-inspired
A Artificial life

A Neural Networks
A W McCulloch& W Pitts
1943)

grtlﬂmal neurons

A DHebb(1949)
Learning by modification
of connections

A FRosenblat{1963)
Convergencg¢heorem

A M Minsky& S Paé)
Perceptrons (1969

A Classification (SVM,0 )

A2 aOE@QBET UUDOI
| UOEIODOY B OI
| OEOOD O]

O 1P

7 N N an A N NN

*OO0OP OlwH IxIU |

Commknowl edge

Ul OUEUDOO

Me tkemowl edge
Ontol ogy
, U QRJIDI

ouu
"@EOOUUUU

JEUDOO

Operations on large vectors (world2vec)
- Elementary data

- Different models

- Prediction on the world itself
(inductive machines)

Manipulation of symbols

- Semantic attached to symbol

- One model

- Hypotheticaldeductive machine

H !nserm
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Two main approaches

AMachine Learning  A* &OP O1 ET1 1 wUl x U]
A OEUUBT DEEUDOQUMISe P8 61
A Bio-inspired D A A
A Artificial life / OEOODOI
A Neural Networks | + 0Ol PE
A Wblgguloct® W Pitts " OO6000wUl OUT wWOBOPOI ET I
A Artificial neurons T IFEA A A7 BT O3
A D Hebb (1949) L BEOORP O ET
Learning by modification S OuUOO001 a
of connections e s ama o~ A .
A (F: Rosenblatt (t1hQ63) , UQRJIbl OUU
onvergence theorem A R X s AL S e A A v~
A M Minsky & S Paper GEOOUUUUEUBDOO
Perceptrong1969
Limitations

New algorithms

- CNN (Y. Le Cun)

- GPU

- Performances (Speech, Vision)

- Rules are not enough
- Frame problem

- Evolution

- Explanation

i Inserm Hoin
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Rule-based approach

Cells vs background segmentation Is the pixel white?

Celll Are all neighbors white?
Celll Is the pixel near an edge?
| - Gerlich Lab
limage: Gerieh Labl Not Celll s the texture smooth?

o i

Courtesy A. Kreshuk

- I s
! Zrassiie " Inserm Pain
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[Image

Courtesy A. Kreshuk

: Gerlich Lab]

UNIVERSITE
v Grenoble
74 Alpes
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Supervised & Unsupervised ML

= = Clustering
g 204 o 204
= _—:—____—_- - R Collact traini 15 !'P:'."-r‘fit 5
= = = = = raining, . RO ) E
E= = — e validg;jun and .‘-"f:". . 5’%
— = - — "= test datasels ] . o l
Training and Test datasat =10 ;e 3 e =10
validation dataset 5 Clustaring 5.
l algorithm
_ - - 0 T T T = T 0 T T T T T
— o == ] 5 10 15 20 i} 5 10 15 20
= === == Tmining X X
e e Anomaly detection
- + + 4 - .
=_="="=—_ = Validation = 20
= = = dataset 15 . 157
Toiz W
104 I 104
| ! < i WV
Input . 5 i —
([ UUsa the training dataset Modelling
to build the modsal and J 4
O Mo 033 the validation dataset 1. . 0
0 to tune the modal T T T T T 1 T T T T T 1
0 5 10 15 20 25 Q ] 10 15 200 25
Output X X
1
Dimension reduction
l m_
25 / HE?E. 7
Use the finalized model g : —— o
— to predict the ocutcomas = Dimension
il of cases in the tast = 104 =20 reduction
datasat g- 10 algorithm 51
o 5 10 15 20 e o4
x| T T T T T
L1} 5 10 15 20
Estimate the performance X
of the modal by .
companing the predicted UﬂSUpGI‘VlSGd
outcomes with the obsaved
outcomes in the test datasat
000D 0.250.500751.00
Spacificity .
S ised Yu et Kohane Nat Biomedeng 2018
: i i
! &ransiis i Inserm M cin 30
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ML: Natural extension of traditional statistical approaches
SI YY 2K by Qi eizNIw vy

i @ Prototypic algorithm
Generative adversarial networks

@ @ @ Convolutional neural networks

D'Ij'D

O] ., Random forests

@ 20
(% .. .j® Regression analysis

f | Human decision making

®

aPe e Do
1

Relative Human-to-Machine Decision-Making Effort

>

1 10 102 103 104 105 106 107 108 109 1p10
Data (Sample) Size, No.
Deep learning Risk calculators
@ Generative adversarial networks (2014) @ Diffuse large B-cell lymphoma outcome ' CHA,DS,-VASc Score for atrial fibrillation stroke risk (2017)

prediction by gene-expression profiling (2002)
@ EHR-based CV risk prediction (2017)

@ Netflix Prize winner (2006)

@ Google Search (1998) Randomized Clinical Trials

@ Celecoxib vs nonsteroidal anti-inflammatory drugs for osteoarthritis
and rheumatoid arthritis (2002)

@ Use of estrogen plus progestin in healthy postmenopausal women (2002)

. MELD end-stage liver disease risk score (2001)
. Framingham CV risk score (1998)

@ Google AlphaGo Zero (2017)

(3) ATM check readers (1998)

@ Google diabetic retinopathy (2016)

@ ImageNet computer vision models (2012-2017)

@ Amazon product recommendation (2003)
(& Google AlphaGo (2015)

(@) Facebook Photo Tagger (2015) Expert Al systems
Prediction of 1-y all-cause mortality (2017) @ MYCIN (1975) Other
@ casNeT (1982) @) Clinical wisdom
® DXplain (1986) @ Mortality rate estimates from US Census (2010)
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ML Approaches

[ Supervised learning ]

Decision trees Linear/non-linear regression

K-nearest neighbours Local regression (LOESS)

[ ) )
| ) )
[ Support vector machine ] [ Ordinary least squares ]
[ ) [ )
[ J

regression

Random forests Neural networks S

Naive Bayes classifier

[ Unsupervised learning J

Cluster analysis Dimension reduction

[ Hierarchical clustering } [ Linear discriminant analysis

[ K-means clustering J [Principal component analysis

— Gaussian Mixture

Reinforcement learning

[From Choy et al.
Radiology 2017]

Transfertlearning al

Training

Inputs —» Outputs

Learns known patterns
Predicts outcome

Ly E 0 SEER
Inputs —P Outputs

Learns unknown patterns
Find hidden patterns

Reward

Labeled
Inputs —)p

Outputs

Generates data
Interacts with environment

Applies learned patterns to
a different but related task

. 1 I
! &ranabie i Inserm
7 Alpes ®
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Neural networks take over other machine-learning methods

Percentage of papers that mention each method

M neural networks M bayesian networks markov methods evolutionary algorithms
M support vector machines

40%
30%
20%

10%

0%
) 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

Chart: MIT Technology Review * Source: arXiv.org * Created with Datawrapper

! umivensie i Inserm f GiN
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Algorithm

Prediction Speed | Training Speed

Memory Usage

Required Tuning

General Assessment

Logistic Regression (and | Fast Fast Small Minimal Good for small problems with linear

Linear SVM) decision boundaries

Decision Trees Fast Fast Small Some Good generdlist, but prone io overfitiing

(Nenlinear) SVM (and Slow Slow Medium Some Good for many binary problems, and handles

Logistic Regression) high-dimensional data well

Nearest Neighbor Moderate Minimal Medium Minimal Lower accuracy, but easy to use and interpret

Naive Bayes Fast Fast Medium Some Widely used for text, including spam filtering

Ensembles Moderate Slow Varies Some High accuracy and good performance for small- to
medium-sized datasets

Neural Network Moderate Slow Medium to Large Lots Popular for classification, compression, recognition,
and forecasting

UNIVERSITE
¥ Grenoble
Alpes
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suooodey

s9al]

K (20, y D), .

(z™, ™ y

Output y

(x@® , y@ ), ..., (xM , y()) 4@ The training set \ 4

Eg Least o&yqs(uﬁeplr}ia@%()

f—argmm—ZK (v, f(z))

JeF

To minimize
Colliot2023Neuromethodsl97 Springer

i Inserm f Gin
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An example

y A 4J(wy)
Al flx)=x
24 f(x) = 0.5x

f(x) =0.3x

>
f(x)=w,X

(& ¥ (%))

Colliot2023Neuromethodsl 97 Springer
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More complex

Water physical state function of P and T?

v

Example extracted from Maillard Coll. de France course

H !nserm
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Classification

Estimate borders between physical states

H !nserm
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Classification

QaUGAYIGS 02NRSNB 0SUG8SSY LKeaAOl f
\
\ /
P‘T - ||' : ] //
'X?. //

H !nserm
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Classification

Generalisation when sufficient number of examples is available; smooth frontiers

Phase diagram

Example extracted from Maillard Coll. de France course

i Inserm M ein
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P
A‘;.o l (AII! .L'1“H ‘
L el
\ fam rb\
-———%—-—’
P f)“\ |1.

. '
Lt“(-]\hﬁ\

- Many examples P to have one close to the target T

- Difficulty when P increases to linearly separate
basedorb RAYSYaAzya o/ 20SNRQa

- Solution increase N for a large P set !!

0 KS

i Inserm Fein
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Principle

Box 3: Summary of main concepts

The input x

The output y

The training samples (£, Y1), . (&™), ™)

The model: transforms the input into the output
fsuch that y= flx)

The set of possible models F

The loss: measures the error between the predicted and the
true output, for a given sample

0y flx))

The cost function: measures the average error across the
training samples

J(f) =3 =107, f(x))

Learning process: finding the model which minimizes the cost
function

f =argmin e, ] (f)

Colliot2023Neuromethodsl 97 Springer

i Inserm M ein
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ML Approaches

[ Supervised learning ]

Decision trees Linear/non-linear regression

K-nearest neighbours Local regression (LOESS)

[ ) )
| ) )
[ Support vector machine ] [ Ordinary least squares ]
[ ) [ )
[ J

regression

Random forests Neural networks

Naive Bayes classifier

[ Unsupervised learning J

Cluster analysis Dimension reduction

[ Linear discriminant analysis ]

[ Hierarchical clustering }

[ K-means clustering J [ Principal component analysis ]

— Gaussian Mixture

Reinforcement learning

[From Choy et al.
Radiology 2017]

Transfertlearning al

Training

Inputs —» Outputs

Learns known patterns
Predicts outcome

Unlabeled

Inputs —}O—} Outputs
Learns unknown patterns
Find hidden patterns

Reward

Labeled
Inputs —)p

Outputs

DSYSN} GdSa RIFOF

LYOGSN): OGa 6A0GK Sy dAaN.
Applies learned patterns to

a different but related task

. 1 I
! &ranabie i Inserm
7 Alpes ®
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Image Segmentation

Observed
Intensities

Tissue
labels

Structure
labels

White matter
Grey matter
Cerebrospinal fluid

Putamen
Ventricule
X.

(AT

U
<
X<

f 20l

f Aa

HE !nserm
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Difficulties

LYK2Y23SySA Noise

200

8

—— Caudate Mucleus
e Putamen
===-Thalamus

MNumber of Voxels
-

&

0

= -'.-"
Greih;ml Intensity

50 100 150 200

O Intensitydistributionsoverlap

E Needfor a priorianatomicalknowledge

Artefacts

Fréquence

Partial volume effect

10

—— MB
— Co
— VL
—— Th
Ca
— Pu
— Pa

: 2 Am
1} 20 40 60 80 100 120

Intensité des voxels

Inter -structures variations
(Fischl et al., 2002)

E Grenoble
74 Alpes

HE !nserm
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Bayes law

A Modélisation du processus d

Image en niveaux de gris =
réalisation d un champ aléatoire

Y ={Yio- Yoo Yo}

Estimation des
modeles
gaussiens
avec prise en
compte ou non
du voisinage

Terme d attache
aux données

Loi de Bayes :

imagerie
Segmentation (« étiquettes ») =
réalisation d un champ aléatoire
z :{ziz, oo Zu)
avec Z | {e_L,...,q(,...,q(}
z. D z|D
P(3|F-‘I’)=piy ) P(@,)

ply)

Information a
priori sur les
étiguettes

Maxi mi satFRyon p(

i Inserm M ein
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Gaussian mixture

¥% Observed
" 7)) intensities

Scherrer et al. TMI (2009)

Tissue
labels

Structure
labels

bl ' % = “ =
A cablsIRN U UZU A £ Y

Multi-agents approach
Distributed models

HE !nserm

f GiN
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Model

Forbes et al. AISTA®Nf2010

Bayes Law: p(y[z. @) p(7|®,)

ply)

p(zly. @) =

51 i IS oY dzé‘ﬂfi\FPS}‘(f a
Maximisation pz|y,F)

p(z ‘y, CIZ') —w exp(—H(z ‘y, (IZ')) with W =>" exp(—H(z ‘y, (I)))

H(z |y,(13)

i . 16 . . .
;{ 4TS :’:J}E‘lﬂif}(-ﬂ =.o,)

Datadriven term basedon
intensities

2

A prioriknowledge Regularisation
term

i Inserm M ein
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A priori knowledge

Our modelconsiders

-4 normal tissue classes (GM, WM, C3fh&r)
- 6 subclassefor the lesionclass

- Aprobabilisticvasculaterritory atlas

H !nserm
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Tricks O

u Joint segmentatiowegistration
¢ Robustatlasrealignment

dz¥akiaNIvd Qe RJEINE |-

C L u&NﬂlE%WWSMm
fe-Sa0f2kya a S a

;JHIHJ

HE !nserm
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Genericity: Pathological images

60
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BUT 6

*/\\

. . . */‘\;) "\;)
Machine learning supervised approaches

AISLES 2017 challenge
A Stroke : 14 participants, 14 NN 6 .
ATrauma: 7 participants, 5 NN

MHEHIHE
LEARNING

POWER TO THE URTA

ATumor: 22 participants, 19 NN, 1 SVM, 2 RF

AMSSEG2021 30 pipelines, 29 NN

H !nserm
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ML Approaches

[ Supervised learning ]

Decision trees Linear/non-linear regression

K-nearest neighbours Local regression (LOESS)

regression

Ordinary least squares ]

Random forests Neural networks

—

[ ] [
[ ) [
[ Support vector machine ] [
[ ) [
[ ]

Naive Bayes classifier

[ Unsupervised learning J

Cluster analysis Dimension reduction

[ Hierarchical clustering } [ Linear discriminant analysis ]

[ K-means clustering J [ Principal component analysis ]

Gaussian Mixture

Reinforcement learning

[From Choy et al.

Training
Labeled
Inputs —» Outputs
[ SENYya (y2oy

2dzi 02 Y S

Unlabeled

Inputs —}O—} Outputs
Learns unknown patterns
Find hidden patterns

t NERA O &

Reward

Labeled
Inputs —)p

Outputs

Generates data
Interacts with environment

LI 0 0 SNy

Radiology 2017]  LILX ASa € SENYSR LI G
Transfertlearning al | |"Q AFTF S N\E y’ lj o) lej N\B f |
g:c\':r'éﬁéﬁé i Inserm Pain 6o




International conference on
Medical Imaging with Deep Learning

Amsterdam, 4 - 6th July 2018

info@midl.amsterdam
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Paris 35 July 2024
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