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Automatic analysis of medical images

Kw: «Deep Learning» and «Medical Image Analysis»
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Automatic analysis of medical images

radiologyBusiness



Rodler et al. Eur Urology Focus 2023

N= 466

Choice of optimal treatment setting between urologists 

and artificial intelligence (AI). 

Prostate cancer patients were asked which type of

consultation they would prefer in the current 

situation before magnetic resonance imaging, biopsy, 

or radical prostatectomy.

1.x. La sant®: Identifi®ë la fois comme le secteur o½le 
num®riquepermet le plus de progrs̄(86%) et celui o½

ces progrs̄sont le plus prioritaires (89%).

2021 2 046 pers  



Machine Learning & Data Scientist
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 (ɯÐÕɯ'ÌÈÓÛÏÊÈÙÌɯȱ
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AI Index Report 2023 Stanford Univ
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J. Malta
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July 2018 twitter: /AsiaNews_FR/status/1014275512695382017
 

https://twitter.com/AsiaNews_FR/status/1014275512695382017


A Review of Medical A.I Randomized Trials
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Han et al https://www.medrxiv.org /content/10.1101/2023.09.12.23295381v1



"ÖÕÝÌÙÎÌÕÊÌɯÖÍɯËÐÍÍÌÙÌÕÛɯËÖÔÈÐÕÚ
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AI
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ÅImpact all clinical  fields that use imaging  data
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ÅImpact all clinical  fields that use imaging  data
(radiology , dermatology, ophtalmology , anatomo-pathology, 
gastroenterology, neurology, oncology ȱȺ

ÅPsychiatry, Psychopathology developmental

ÅPandemic management

ÅBrain-Computer Interface

ÅComputer -Assisted Surgery

ÅEpidemiology

ÅHealth  care organisation
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ÅImpact all clinical  fields that use imaging  data
(radiology , dermatology, ophtalmology , anatomo-pathology, 
gastroenterology, neurology, oncology ȱȺ

ÅPsychiatry, Psychopathology developmental

ÅPandemic management
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ÅComputer -Assisted Surgery
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ÅHealth  care organisation

Ethical and Societal
impacts



What AI is?
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What AI is?
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ÅSystems that act like humans

ÅSystems that think  like humans
 

ÅSystems that think  rationnally

ÅSystems that act rationnally

ώwǳǎǎŜƭƭ ϧ bƻǊǾƛƎ мффрϐ



What AI is?
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ÅSystems that act like humans
=> Turing Test

ÅSystems that think  like humans 

ÅSystems that think  rationnally
=> formal  logic

ÅSystems that act rationnally
  rational agents  (limited  rationally )

[ŜŀǊƴƛƴƎ
Conscious

Perception
Memory



AI systems: Engineer Approach
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Å2àÚÛöÔÌɯËɀ( ɯȯɯ4ÕɯÚàÚÛöÔÌɯËɀÐÕÛÌÓÓÐÎÌÕÊÌɯÈÙÛÐÍÐÊÐÌÓÓÌɯȹÖÜɯ
ÚàÚÛöÔÌɯËɀ( ȺɯÌÚÛɯÜÕɯÚàÚÛöÔÌɯÈÜÛÖÔÈÛÐÚõɯØÜÐȮɯ×ÖÜÙɯÜÕɯ
ÌÕÚÌÔÉÓÌɯËÖÕÕõɯËɅÖÉÑÌÊÛÐÍÚɯËõÍÐÕÐÚɯ×ÈÙɯÓɅÏÖÔÔÌȮɯÌÚÛɯÌÕɯ
ÔÌÚÜÙÌɯËɀõÛÈÉÓÐÙɯËÌÚɯ×ÙõÝÐÚÐÖÕÚȮɯËÌɯÍÖÙÔÜÓÌÙɯËÌÚɯ
ÙÌÊÖÔÔÈÕËÈÛÐÖÕÚȮɯÖÜɯËÌɯ×ÙÌÕËÙÌɯËÌÚɯËõÊÐÚÐÖÕÚɯÐÕÍÓÜÈÕÛɯ
ÚÜÙɯËÌÚɯÌÕÝÐÙÖÕÕÌÔÌÕÛÚɯÙõÌÓÚɯÖÜɯÝÐÙÛÜÌÓÚȭɯ

Å+ÌÚɯÚàÚÛöÔÌÚɯËɅ( ɯÚÖÕÛɯÊÖÕñÜÚɯ×ÖÜÙɯÍÖÕÊÛÐÖÕÕÌÙɯãɯËÌÚɯ
ËÌÎÙõÚɯËɀÈÜÛÖÕÖÔÐÌɯËÐÝÌÙÚȭ

OCDE 2019
Organisation de coopération et de développement économiques



Artificial  Intelligence
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ÅHow to build  an artificial  intelligent agent?

ÅTest our models of natural  intelligent agents?

(ÕÛÌÓÓÐÎÌÕÛɯ ÎÌÕÛȯɯÈÕɯÌÕÛÐÛàɯÛÏÈÛɯÛÈÒÌÚɯÛÏÌɯÉÌÚÛɯ×ÖÚÚÐÉÓÌɯ
ÈÊÛÐÖÕɯÐÕɯÈɯÚÐÛÜÈÛÐÖÕ

Learning
Conscious

Perception
Memory

NeurosciencesComputer 

science Integration of heterogeneous datasets 

aŀƴŀƎŜƳŜƴǘ ƻŦ ƭŀǊƎŜ ǊŜǇƻǎƛǘƻǊƛŜǎ ƻŦ Řŀǘŀ ϧ 
ƪƴƻǿƭŜŘƎŜ 
Knowledge discovery



Two main approaches
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ÅMachine Learning
ÅBio-inspired

ÅArtificial  life
ÅNeural Networks

ÅW McCulloch & W Pitts 
(1943)
Artificial neurons

ÅD Hebb (1949)
Learning by modification 
of connections

Å F Rosenblatt (1963)
Convergence theorem

ÅM Minsky & S Paper
Perceptrons (1969)

ÅClassification (SVM,ȱ)

ÅSymbolic Processing
Problem-solving

Planning

Logic

Knowledge  representation
Common knowledge

Meta-knowledge

Ontology

Multi -agents

Co-construction

hǇŜǊŀǘƛƻƴǎ ƻƴ ƭŀǊƎŜ ǾŜŎǘƻǊǎRule-based manipulation of symbols



But ȱ

Mycin
Shortliffe1976



Winters of AI
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/ƻƭƭƛƻǘнлно bŜǳǊƻƳŜǘƘƻŘǎмфт {ǇǊƛƴƎŜǊ 



Evolution connectionist/symbolic
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Cardon et al
Réseaux, 211, 
2018, La Découverte



DL&ML&AI
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MeijeringComputStruct Biotech J 2020



Knowledge  inside ȱ
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First ed
1995

¢ƘƛǊŘ ŜŘ
нлмс
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Computer & Brain

Computer science roots Neurosciences roots

Plasticity
[ŜŀǊƴƛƴƎ

Berry G. Lôhyperpuissance des ordinateurs O. Jacobs 2017



Computer & Brain
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1958
Yale University Press, New Haven

мфсо

1982

1988



Analogy ȱ

27

Ullman Science 2019



 (ɯÐÕɯ-ÌÜÙÖÚÊÐÌÕÊÌÚ
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 ÕÈÓÖÎàɯȱ
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CarboniPhD 2023



Projects
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.Ǌŀƛƴ tǊƻƧŜŎǘ ¦{ нлмпπнп

2018-2021: 40-ул aϵ
2024-нлнуΥ тл aϵ

HumainBrain Project EC 2013-23

Neuroinformatics Platform
Brain Simulation Platform
HPAC Platform 
Medical Informatics Platform 
Neuromorphic Computing Platform
Neurorobotics Platform

ᶳᶲ ¶ặ ṵᶰᶮᶯᶱ-16)
 ᶶᶷ ¶ặ ṵᶰᶮᶯᶴ-18)
ᶶᶶ ¶ặ ṵᶰᶮᶯᶶ-20)

Grenoble , Nice, Paris, 
Toulouse



31

Computer & Brain: architecture -I

Computational units

Storage units

Computer Brain

Core, 105 transistors 1011 neurons

млмлǊŀƳΣ млмн I5 104 synapses/ neurons => 1015

Merolla  et al Science 2014

Architecture highly wired 
& reconfigurable

Memory - Computation Separated Embedded
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Smirnova et al Front Science 2023

Computer & Brain: architecture -II

Visual system 10x109 bits/s on the retina 
=> 6x106 bits/s optical nerve transmission
=> 104 bits/s reach V1
=> 100 bits/s for conscious visual perception



Consumation
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107 Gops)



Two main approaches
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ÅMachine Learning
ÅBio-inspired

ÅArtificial  life
ÅNeural Networks

ÅW McCulloch & W Pitts 
(1943)
Artificial neurons

ÅD Hebb (1949)
Learning by modification 
of connections

Å F Rosenblatt (1963)
Convergence theorem

ÅM Minsky & S Paper
Perceptrons (1969)

ÅClassification (SVM,ȱ)

Å2àÔÉÖÓÐÊɯ/ÙÖÊÌÚÚÐÕÎ
/ÙÖÉÓÌÔɪÚÖÓÝÐÕÎ

/ÓÈÕÕÐÕÎ

+ÖÎÐÊ

*ÕÖÞÓÌËÎÌɯÙÌ×ÙÌÚÌÕÛÈÛÐÖÕ
Common knowledge

Meta-knowledge

Ontology

,ÜÓÛÐɪÈÎÌÕÛÚ

"ÖɪÊÖÕÚÛÙÜÊÛÐÖÕ

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 
- Hypothetical-deductive machine



Two main approaches
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ÅMachine Learning
Å"ÓÈÚÚÐÍÐÊÈÛÐÖÕɯȹ25,ȮȱȺ
ÅBio-inspired

ÅArtificial life
ÅNeural Networks

ÅWMcCulloch& W Pitts 
(1943)

ÅArtificial neurons
ÅD Hebb (1949)

Learning by modification 
of connections

Å F Rosenblatt (1963)
Convergence theorem

ÅM Minsky & S Paper
Perceptrons(1969)

Å*ÕÖÞÓÌËÎÌɯÙÌ×ÙÌÚÌÕÛÈÛÐÖÕ
/ÙÖÉÓÌÔɪÚÖÓÝÐÕÎ

/ÓÈÕÕÐÕÎ

+ÖÎÐÊ

"ÖÔÔÖÕɯÚÌÕÚÌɯÒÕÖÞÓÌËÎÌ

,ÌÛÈɪÒÕÖÞÓÌËÎÌ

.ÕÛÖÓÖÎà

,ÜÓÛÐɪÈÎÌÕÛÚ

"ÖɪÊÖÕÚÛÙÜÊÛÐÖÕ

New algorithms
- CNN (Y. Le Cun)
- GPU
- Performances (Speech, Vision)

Limitations
- Rules are not enough
- Frame problem
- Evolution
- Explanation



Rule-based approach
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Courtesy  A. Kreshuk



,+ɯÈ××ÙÖÈÊÏ
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Courtesy  A. Kreshuk



Supervised & Unsupervised ML
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Yu et Kohane Nat Biomedeng 2018

Unsupervised

Supervised



ML: Natural extension of traditional statistical approaches

40

.ŜŀƳ ϧ YƻƘŀƴŜbŀǘǳǊŜ нлму



ML Approaches
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Learns known patterns
Predicts outcome

Learns unknown patterns
Find hidden patterns

Labeled

¦ƴƭŀōŜƭŜŘ

Reinforcement learning Generates data
Interacts with environment

Labeled

Transfertlearning al
Applies learned patterns to
a different but related task

[From Choy et al. 

Radiology 2017]

Gaussian Mixture



42



ML

43



2Ü×ÌÙÝÐÚÌËɯÓÌÈÙÕÐÕÎ
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Colliot2023 Neuromethods197 Springer 

(x(1) , y(1) ), ..., (x(n) , y(n) ) The training set

To minimize

Eg. Least squares loss l(y,f(x))=(y-f(x))2



An example
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f(x)=w1x

Colliot2023 Neuromethods197 Springer 

(y,f(x))=(y-f(x))2



More complex
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Example extracted from A. MaillardColl. de France course
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. ..Φ
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.
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.
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X?

Water physical state function of P and T?



Classification
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. .

.
Φ...

.
.
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.Φ
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Estimate borders between physical states

л 100

Example extracted from A. MaillardColl. de France course



Classification

48
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0 100

Example extracted from A. MaillardColl. de France course

9ǎǘƛƳŀǘŜ ōƻǊŘŜǊǎ ōŜǘǿŜŜƴ ǇƘȅǎƛŎŀƭ ǎǘŀǘŜǎ



Classification
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0 100

Generalisation when sufficient number of examples is available; smooth frontiers

Phase diagram

Example extracted from A. MaillardColl. de France course



"ÜÙÚÌɯÖÍɯ#ÐÔÌÕÚÐÖÕÈÓÐÛà
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- Many examples P to have one close to the target T

- Difficulty when P increases to linearly separate 
based on b ŘƛƳŜƴǎƛƻƴǎ ό/ƻǾŜǊΩǎ ǘƘŜƻǊŜƳ мфссύ 

- Solution increase N for a large P set !!

¢

P



Principle
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Colliot2023 Neuromethods197 Springer 



ML Approaches
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Learns known patterns
Predicts outcome

Learns unknown patterns
Find hidden patterns

Labeled

Unlabeled

Reinforcement learning DŜƴŜǊŀǘŜǎ Řŀǘŀ
LƴǘŜǊŀŎǘǎ ǿƛǘƘ ŜƴǾƛǊƻƴƳŜƴǘ

Labeled

Transfertlearning al
Applies learned patterns to
a different but related task

[From Choy et al. 

Radiology 2017]

Gaussian Mixture



Image Segmentation
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Observed

intensities

Tissue

labels

Structure

labels

Lesion
detection

White matter

Grey matter

Cerebrospinal fluid

Putamen

Ventricule

Χ.

{ƛȊŜ ŀƴŘ ƭƻŎŀƭƛǎŀǘƛƻƴ



Difficulties
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Ó Intensity distributions overlap
Ĕ Need for a priori anatomical knowledge 

Inter -structures variations  

(Fischl  et al., 2002)

LƴƘƻƳƻƎŜƴŜƛǘȅNoise ArtefactsLow contrast Partial volume effect



Bayes law
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Â  Modélisation du processus d imagerie

Image en niveaux de gris = 
réalisation d  un champ aléatoire

{ }Ni yyy ,...,,...1=y

,

Segmentation (« étiquettes ») = 
réalisation d un champ aléatoire

{ }Ni zzz ,...,,...1=z

{ }Kki eeez ,...,,...,1Íavec

Estimation des 

modèles 

gaussiens

avec prise en 

compte ou non 

du voisinage

Terme d attache 

aux données  

Information a 

priori sur les 

étiquettes

 

Maximisation p(z|y,F) 



Gaussian mixture
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Observed

intensities

Tissue

labels

Structure

labels

tŀǊŀƳŜǘǊƛŎ ƳƻŘŜƭ ŜǎǘƛƳŀǘƛƻƴΥ 

όмύ ƛƴǘŜƴǎƛǘȅ ƭƻŎŀƭ ŘƛǎǘǊƛōǳǘƛƻƴ 
όнύ ƭƻŎŀƭ ŀǘƭŀǎ ǊŜƎƛǎǘǊŀǘƛƻƴ

Scherrer et al. TMI (2009)

Multi-agents approach

Distributed models



Model 
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Forbes et al. AISTAT conf 2010

5ŀǘŀ ǘŜǊƳΥ Dŀǳǎǎƛŀƴ ƳƻŘŜƭǎ A priori information

Bayes Law

Maximisation p(z|y,F) 

Data driven term based on 
intensities

A priori knowledge Regularisation 
term



A priori knowledge
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Our model considers:
 - 4 normal tissue classes (GM, WM, CSF & other)
- 6 subclasses for the lesion class
- A probabilistic vascular territory atlas



Tricks ȱ
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ǳ±ŀǊƛŀǘƛƻƴŀƭ 9a !ǇǇǊƻŀŎƘ

ςLǘŜǊŀǘƛǾŜ ǊŜŦƛƴŜƳŜƴǘ ƻŦ ǘƘŜ 
ƭŜǎƛƻƴ ŎƭŀǎǎŜǎ 

u Joint segmentation-registration

ςRobust atlas realignment



Genericity: Pathological images
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GT

GT

D¢

GT

MS

Trauma

Stroke



BUT ȱ 
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ÅISLES 2017 challenge
ÅStroke : 14 participants, 14 NN ȱ.

ÅTrauma: 7 participants, 5 NN 

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

ÅMSSEG-2021 30 pipelines, 29 NN

Machine learning  supervised approaches



ML Approaches
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[ŜŀǊƴǎ ƪƴƻǿƴ ǇŀǘǘŜǊƴǎ
tǊŜŘƛŎǘǎ ƻǳǘŎƻƳŜ

Learns unknown patterns
Find hidden patterns

Labeled

Unlabeled

Reinforcement learning Generates data
Interacts with environment

Labeled

Transfertlearning al
!ǇǇƭƛŜǎ ƭŜŀǊƴŜŘ ǇŀǘǘŜǊƴǎ ǘƻ
ŀ ŘƛŦŦŜǊŜƴǘ ōǳǘ ǊŜƭŀǘŜŘ ǘŀǎƪ

[From Choy et al. 

Radiology 2017]

Gaussian Mixture
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Paris 3-5 July 2024


