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I think if you work as a radiologist, you're like the coyote that's already over the edge of the 
cliff but hasn't yet looked down. People should stop training radiologists now. It's just 
completely obvious that within five years deep learning is going to do better than 
radiologists.

 G. Hinton (2016) 
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�t���Œ�v�]�v�P���Y

I think if you work as a radiologist, you're like the coyote that's already over the edge of the 
cliff but hasn't yet looked down. People should stop training radiologists now. It's just 
completely obvious that within five years deep learning is going to do better than 
radiologists.

 G. Hinton (2016), 

Turing Prize (2018), Nobel Prize in Physics (2024)

Artificial Neural Networks



Digital Heath in the 21th-5

2017

approximately tens of millions of 
parametersparameters*

AlphaGO: approximately 4.6 million parameters*

*: from perplexityAIDeep Neural Networks
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WASHINGTON �( President  Donald 
Trump  on Tuesday talked  up a joint 
venture investing  up to $500 billion 
for infrastructure tied  to artificial  
intelligence by a new partnership 
formed  by OpenAI , Oracle and 
SoftBank . January , 21t 2015

Macron pledges to catch up with Trump 
with �¦�í�ì�õ�������/��investment
� Ŵe have to be �]�v���š�Z�����Œ�������U�_���š�Z�����&�Œ���v���Z��
president says.

EU launches InvestAI �]�v�]�š�]���š�]�À�����š�}���u�}���]�o�]�•�����¦�î�ì�ì��
billion of investment in artificial intelligence

Feb 11, 2025

Feb 10, 2025

�d�}���������]�v���š�Z�����Œ���������Y
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AI clusters

With a digital health program

AI in Health
Macron wants us 

to be the best
La Dépêche du midi
Feb 2025
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To surf the (new) wave �Y

Colliot2023 Neuromethods197 Springer 
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Two main streams in AI

Machine Learning

�zBio-inspired

> Artificial  life

> Neural Networks

�zClassification (SVM,�ó )

Symbolic  Processing
�� Problem-solving
�� Planning

�� Logic
�� Knowledge  representation

�� Common knowledge

�� Meta-knowledge

�� Ontology

�� Multi -agents

�� Co-construction

Operations on vectors Symbols manipulation

Intelligent Agent : an entity  that takes the best possible action in a situation

How to build such an artificial intelligent agent?
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Rule-based approach

Courtesy  A. Kreshuk
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6

A knowledge base system for the Weaning

64 symptoms
50 diagnosis
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Evita: Smartcare

Dojat et al. Am J Res Crit Care Med 96
Dojat et al. Am J Res Crit Care Med 00 



Digital Heath in the 21th-13

- Traditional rule-based systems have continue to perform in clinical tasks
�~�����À���Œ�•�������Œ�µ�P�����À���v�š���Y�•

BUT:

- ���]�(�(�]���µ�o�š���š�}���(�}�Œ�u���o�]�Ì�������Æ�‰���Œ�š�[�•���l�v�}�Á�o�����P��
- A lot of situations to represent

- Costly to develop and maintain

�^�}�u�����o�]�u�]�š���š�]�}�v�•���Y
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Trends �Y

Mycin
Shortliffe1976

1978 L. Fagan

Ventilator Manager: A Program to Provide On-Line Consultative
Advice in the Intensive Care Unit

Medical domain, a target application of AI 
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How did AI (DNN) take the power?

�������l���š�}���š�Z�����(�µ�š�µ�Œ�����Y
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Pioneered the deep learning revolution �Y
How did AI take the power?

[Krizhevsky  et al 2012]

8 layers(5 convolutional + 3 fully connected), 60 Millions parameters
1.2 M annotated images, 1000 classes => reduced the top-5 error rate from ~26% to 15.3%

ImageNet 14 M images
20000 different  object categories
2022 91% accuracy
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ML approach: a new paradigm 

Courtesy  A. Kreshuk

Automatic discovery of probabilistic regularities
in the provided examples
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ML approach: a new paradigm 

Courtesy  A. Kreshuk

Automatic discovery of probabilistic regularities
in the provided examples

Many examples
to be

generic
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Esteva et al 
Nature 2017

How did AI take the power in medical imaging?

Skin cancer classification

2032 diseases
127.463 biopsy images for training
1942 for validation
Inception v3
48 layers, 23 M parameters
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���µ�š�}�u���š�]�������v���o�Ç�•�]�•���}�(���u�����]�����o���]�u���P���•�W���d�Z�����Á�]�v�v���Œ���š���l���•�����o�o���Y

radiologyBusiness
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How does it works?

Ullman Science 2019 Artificial neurons (bio-inspired)
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How does it works?

Loss function

predict

update

https://en.wikipedia.org/wiki /Artificial_neural_network
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How does it works?

Loss function

predict

update

https://en.wikipedia.org/wiki /Artificial_neural_network

Data hunger

Power consumer

Annotations
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A brieve old bioinspired story: the pioneers

Frank Rosenblatt �t Psychology

The Perceptron, the first Ar tificial  Neural Network 
Rosenblatt, F. (1958). The per ceptron : a prob ab ilistic model for info rmation stor age and organization in the 
brain. Psychological review, 65(6), 386.

McCulloch & Pi tts (1943)  
Neurology & Psychology
The fi rst formal neuron

Donald Hebb  (1949)  
Neuropsychology
Learn ing=Synap tic modification

Hodgkin, A. L., & Huxley, A. F. (1952)
Neuroscien tists
Temporal dynamic in synapses modification

1940-1970
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�d�Z�����‰�]�}�v�����Œ�•���Y

Minos

1960
Stanford 
Research 
Institute 
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A brieve bioinspired story: the pioneers

Frank Rosenblatt �t Psychology

The Perceptron, the first Ar tificial  Neural Network 
Rosenblatt, F. (1958). The per ceptron : a prob ab ilistic model for info rmation stor age and organization in the 
brain. Psychological review, 65(6), 386.

McCulloch & Pi tts (1943)  
Neurology & Psychology
The fi rst formal neuron

Donald Hebb  (1949)  
Neuropsychology
Learn ing=Synap tic modification

Hodgkin, A. L., & Huxley, A. F. (1952)
Neuroscien tists
Temporal dynamic in synapses modification

1940-1970

The fall  of Perceptron
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�d�Z�����v���Á���•�š�}�Œ�Ç���Y

Geoffrey Hinton
Cognitive Psychology & 
Computer  Scien ce Yoshua Bengio Computer  Science

Yann LeCun
Computer  Science

David  Everett Rumelhart - Cogni tive Psych ology 
Rumelhart, D. E., Hinton, G. E., & Will iams, R. J. (1986). Learning 
representations by back-propagating errors. Nature, 323(6088), 533-536.

Beyond the Perceptron: the Multi -Layer 
Perceptron

Deep Learning : the direct offspring of the Multi-
Layer Perceptron
LeCun, Y., Ben gio, Y., & Hin ton, G. (2015). Deep learning. Nature, 521(7553), 436.

Kunihiko Fukushima- Bio-inspired Computer  Scien ce

Fukushima, K. (1980). Neocognitron: A self-organizing 
neural network for a mechanism of pattern 
recognition unaffected by shift in position. Bio Cyb 46-193-202

BackPropAlgorithm

Convolutional filter

Machines
& data

Turing Prize
2018

1980-�Y�X

John Hopfiedld Li fe science
Mimics brain memories

Nobel Prize
2024
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AI for Medical Imaging
Reconstruction

- Improve S/N, faster acquisition, finger printing

Analysis

- Classification, Segmentation, Anomalies detection, Triage, Signature

Generation

- Another modality synthesis, Report, Prediction

Fusion

- Time series, across modalities and subjects

Repositories

- Large databases: MJ Fox, Enigma, UK BioBank, Ofsep�U���Y



Digital Heath in the 21th-29

A foundation model for medical image segmentation: MedSAM
(Segment Anything Model)

1.570.263 images, 10 imaging modalities, 30 cancer types, 94 M parameters

Ma et al Nat Comm 2024
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12043 (CT), 104 structures, 27 organs, 59 bones, 10 muscles

Wassserthalet al Radiology: AI 2024

Total Segmentator

Total Segmentator MRI

���[���v�š�}�v�}�o�]et al Radiology 2025
1143 (616 MRI, 527 CT), 80 structures
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Main medical applications
Neurodegenerative diseases, aging
- support to diagnostic, prediction�U�Y

Oncology
-mechanisms,  new treatment

Handicap, rehabilitation,
- neuroprothesis, BCI

Pharmacology, drug resistance
-math. epidemiology

Public health
-clinical trials

Medical robotics
-surgery, endoscopy

Mind

Genscale

Aramis

Lifeware



Modal and CHU Lille
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10 231 patients from 12 centres in ten countries

1,389 individuals living with  obesity



Digital Heath in the 21th-33

MS:Lesionload quantification

GT
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OxyTC: French national multicenterstudy 

The Lancet 2023; 22: 1005�t14

144 vs 147 patients
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MRI study

N=85, Gose1-4, Diffusion Tensor Imaging, 23 centres

Goal: detection of abnormal mean diffusivity (MD) and fractional anisotropy (FA)
reduction MD cytotoxic edema, increase MD vasogenic edema
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MRI study

Mistral et al 2022 Front Neuro

Raters consensus

Automatic method

Patients data: work in progress



Verare Project
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Seamless, courtesy A. Lecuyer65 patients included 2025



Modelling & Control
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Digital Twin

Digital twin

�%�Ú����xi , t )= F(�%(x, t), {k}, u)

P(k | D, F, O)DATA

P(D l k, F, O, u)

Prediction

D(t) = O(�%(x, t)~

~Organ

Inspired by Wang et al Natl Sci Rev, 2024

Biomecanicsof myocarde
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Courtesy N. Ayache
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�d���Æ�š���=���/�u���P�����=���À�}�]�������Y
No grammatical rules !!!

Probability of words sequences
based on a large corpus of text 

GPT-1 GPT-2 GPT-3 GPT-4

Date 2018 2019 2022 2023

Nb of parameters 117 M 1.5b 175b ?

Nb of layers 12 48 96 ?

Context length 512 1024 20248 ?

Dimensions 768 1600 12288 ?
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�d���Æ�š���~�>�>�D�•���=���/�u���P�����=���À�}�]�������Y
For GP
- Analyse of medical files
- Writing of medical report
- Action coding
- Training
- Analyse of medical publications

For Researchers
- Medical decision support
- Triage, cohort constitution
- Discovery of signatures
- ���À�}�o�µ�š�]�}�v���‰�Œ�����]���š�]�}�v���Y

For Patients
- Documentation
- Prevention
- Patient interview (chatbot)
- Follow-up chronic disease
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[Crumb, Says 1967 Num  1]

[Shapson-Coe et al. 
Science 384, 635 (2024)]

The curse of the Black-Box
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End-user

The curse of the Black-Box
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For who?
About what?
At which level?
�Y

End-user

[Erasmus et al 2021 Philosophy & Technology]

Explainability (XAI)
Interpretability
Understandability

The curse of the Black-Box
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For who?
About what?
At which level?
�Y

End-user

Explainability (XAI)
Interpretability
Understandability

The curse of the Black-Box

Trusted AI

Uncertainty  Quantification 
in NN decision

G. Hinton [In response  to how do we  trust 
systems ?] You should  regulate  them  
based  on how they  perform .
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Abdominal T1wArtefactedT1w Healthy subject FLAIR

DLL trained for Gioblastomadetection on T1w
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Abdominal T1wArtefactedT1w

Tumoral vol 
251 ml

Tumoral vol 
12 ml

Healthy subject FLAIR

Tumoral vol 
239 ml

Tumoral vol 
258 ml

Know-it-all
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Abdominal T1wArtefactedT1w

Tumoral vol 
251 ml

Tumoral vol 
12 ml

Healthy subject FLAIR

Tumoral vol 
239 ml

Tumoral vol 
258 ml

Know-it-all
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Section 1 �t Robustness

Section 2 - Validation, Transparency and 
Reproducibility

Section 3 �t Bias and Fairness

Section 4 - Explainability, Interpretability and 
Causality

Section 5 - Privacy-preserving ML
Section 6 - Collaborative Learning

Section 7 - Beyond the Technical Aspects

December 1, 2024
Editors:Marco Lorenzi, Maria A Zuluaga



Digital Heath in the 21th-51

AI for Medical Imaging
- Pros: 

- Excellent performances
- Automatic feature learning
- Knowledge emergence
- On the shelves tools
- Discharge Expert
- Automatic Quantification

- Cons: 
- Importance of Image Quality
- Annotation
- Data hungry
- Computational cost
- Black box / trustability
- Specific to one problem
- Adversarial attack
- Catastrophic forgetting
- Ethic, social and law
- Needs for specific tools &infra
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Challenges
Rajpurkar et al 2022 Nat Med Specific tools 

& infrastructures

Legal / Societal

Ethical

Original ML techniques

Multi-modal/Multi -scale

Applications

Clinical use

Frugality: 
Small is beautiful

GPT-�ð�U���C���í�ì���'�t�Z���(�}�Œ���š�Œ���]�v�]�v�P�U��
�C���ò�ì�ì�ì���Æ��energy a European per year
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How to build an artificial intelligent agent?

Test our models of natural intelligent agents?

Intelligent Agent : an entity  that takes the best possible 
action in a situation

Learning
Conscious

Perception
MemoryNeurosciencesComputer 

science
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Computer & Brain

1958
Yale University Press, New Haven

1963

1982

1988

2019

2017 Science
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NN: a framework for modelling the computational brain?

Instructions for use
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�&�µ�v���š�]�}�v���o���D�Z�/�U���YModel :
- Features
- Processing

- Representation
- Encoding
- Decoding

NN: a framework for modelling human vision?
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[Lillicrap et al Nat Com 2016]

Backprop: the weight transport problem
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Take home messages

- NN: A disruptive technology in Health
- From bedside to the understanding of complex 

patho-physiological states

- Several drawbacks
- Data hunger
- Consummation
- To be in the race 

- NN: Model to investigate brain functions
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To conclude

2017

« I counted 236 variable categories being considered by 
the intensive care unit clinicians» (wo various notes)

« Those experts should be aided by detailed computer protocols that embrace core 
physiological constructs and deliver personalized clinical instructions.»

Digital Twin
�%�Ú (xi , t )= F(�%(x, t), { k} , u)

P(k | D, F, O)DATA

P(D l k, F, O, u)

Prediction

D(t) = O(�%(x, t)~

~
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To conclude



Thank you!

www.inria.fr
https://neurosciences.univ-grenoble-alpes.fr/fr/michel-dojat

Michel.Dojat@inria.fr
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