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Comuter vision: Image classification

ImageNet 14 M images

20000different object categories
2022 91%accuracy

mite ~ container ship motor scooter leopard
mite container ship motor scooter leopard
ImageNet Challenge: Top-1 Accuracy black widow lifeboat go-kart jaguar
Source: Papers With Code, 2022; arXiv, 2022 | Chart: 2023 Al Index Report
cockroach amphibian moped cheetah
0% 91.00%, With Extra Training Data uck ﬂrebo.t bum”r car snow l“p.l‘d
//_' 88.50%, Without Extra Training Data starfish drilling platform golfcart Egyptian cat

Top-1 Accuracy (%)
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musnroom cnerry adagascar cat

onvertible agaric| =~ dalmatian squirrel monkey

2012 2013 2014 2015 2016 2077 2018 2019 2020 2021 2022 grille mushroom grape spider monkey
pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri

fire engine | dead-man's-fingers currant howler monkey

[Krizhevsky et al 2012]
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FDA cleared AIML enabled medical Devices
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Country

United Kingdom+]
Sweden-]
South Korea-
Taiwan-
Australia-
Korea-]
Belgium-}
Germany-|
Finland+
Austria-]
Singapore
New Zealand-]
Spain-
Ireland-
India~
Denmark-]
Vietnam-}
Switzerland]
Portugal-
Italy]

Hong Kong-

Bulgaria-

100+

200

of AIML

Devices

300+
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Number of AIML Enabled Medical Devices
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Wumber of AIML Enabled Medicad Devices

The majority (97%) of FDA approvals was approved

through the 510(k)-clearance pathway, relying on the

demonstration of substantial equivalence that

circumvents the necessity for exhaustive clinical trials
Joshi et al. Electronics 2024 (3%).



Automatic segmentation

2
Other lesion types 120
3.38%
Multiple lesion types
3.6% 100
Stroke | 2 80
s
1=
=]
S
Brain tumour by G0
48.6% £
E
< 40
20
0

W
=
L4
=
—
=
I
—
o
]
E
=
=

[Gryska et al BMJOpen2

Algorithm or model
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White matter lesions
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CNN In Radiology
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Clinical Deployment

Table 4 | Clinical integration of medical Al at different developmental stages

Areas where Al
performance is more

Areas where Al performance is at
the expert level

Areas where Al
performance is

Areas where Al
performance is not

Areas where the
nature of the clinician-

reliable than that of a reasonable yet good enough patient interaction is
human expert fundamentally different
from that of the Al-
patient interaction
Examples Serum analyser'45; Assessment of certain radiology ECG reading” Surgery; full Emotional support and
alert systems (such as  images (for example, annotation of interaction with rapport
drug-drug interaction  cardiovascular MRI images*** or patients

checkers™&147)

Potential Delegate to Al
clinical
integrations

evaluation of X-ray images for distal
radius fracture™*); dermoscopic
melanoma diagnosis™; fundus
photograph evaluation for DR

Al does the majority of the task,
clinicians confirm the diagnosis

Yu et al Nat Bio Eng 2018

Al does a portion
of the task (such
as screening),
clinicians confirm
the diagnosis

Clinicians lead the
clinical evaluations
and intervention, Al
assists in routine
sub-tasks

Clinicians continue to
provide the service

UNIVERSITE
Grenoble
Ilpes
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Challenges

Rajpurkaret al 2022 Nat Med
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ML & CNN

a Predefined engineered features + traditional machine leaming
Feature engineering

I

-

- : -'ll- Selection Classification
i Histogram —_—
I
- -7 — &-_-
Texture Shape
Expert knowledge
b Deep learing
Input Hidden layers Dutput

Increasingly higher-level features

R

—— Convolution layers for feature map extraction
—— Pooling layers for feature aggregation
= Fully connected layers for elassification

[Hosny et al 2018 Nature]
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Life Science applications

AClassification/segmentation/detection

Moeskopset al TMI 2016Rajchlet al MIDL 2018bfain tissug; Dolzet al. Neuroimage2018 prain structurey, Kamnitsast al
MediA2016 prain lesiony

Kleesieket alNeuroimage2016 prain extraction; Havaeiet alMediA2016 praintumors)

Suk et aNeurolmage2014 AD/MC)

Zhao et aMediA2017; Suk et dleurolmage2016; Kin et aNeuroimage2016 €unctional brain networks

Ciompiet al ScientRep 201 {lung nodule¥ Estevaet al Nature 2017{skin cancey

ASynthetic image generation

Nieet alMiccai2017 MR-CT); Liu et al Radiology 201MR-CT); Zhao et al Media 2018¢tinal image$

APredictive models

Polpinet al Nat BicEng2018 ¢ardiovascular rigkMiotto et al. ScientRep 2016deepPatient

AProcessing

Rajchlet al MIDL 2018automatic procesdor segmentatiohdenoising registration ¢eelLitjensMedia 2017)

ARetrieval

Anaviet alSpie2016

ABrain encoding/decoding models

! &ronsiis i Inserm P cin
s Alpes ®
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Classification example

ATraining set: train the model
AValidation set: Refine hyperparameters, avoid overfitting
ATest set: new set of data to verify the performances

A3 hidden layers with 100 nodes
ARelLu
ASoftmax output

i Inserm Fein
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Architecture example

yi(x) = g(Wix + by)

[ T1w;]

FA — N -
Xj = MD, - — - — —

; 1

— Yi = 2

AD; 3
| RD; |

(5*100)+100 = 600

(100*3)+3 = 303

(100*100)+100=10100

10100x3+600+303=312@&arameters

FromKnolllsmrm2018 to be estimated

i Inserm Moin



Implementation

Matlab

%s NN with 3 HIDDEN LAYER NEURONS

nElements = 100;

nLayers = 3;
inputLayer=1mageInputLayer([nFeatures,1,1]);
fi=fullyConnectedLayer(nElements);
f2=fullyConnectedLayer (nElements) ;
f3=fullyConnectedLayer (nElements) ;
f4=fullyConnectedLayer(nClasses) ;

sl=sof tmaxLayer();
outputLayer=classificationLayer();

architecture = [inputLayer; f1; f2; f3; f4; sl; outputLayer];
disp(architecture);

epochs = 250;
miniBatchSize = 1024;
InitialLearnRate = 0.001;

% Training options: Note that we set the validation patience stopping

% criterion to the number of epochs. This 1s a stupid thing to do, but we

% want force the training to go to the defined number of epochs so that 1t

% 1s consistent with Tensorflow and Pytorch

options = trainingOptions('adam','MaxEpochs',epochs, 'InitiallearnRate’,InitiallLearnRate,...

‘MiniBatchSize',miniBatchSize, 'ExecutionEnvironment','cpu','Plots','training-progress',...

‘ValidationData',{x_val,y_vall}l,'validationPatience',epochs);

%% Train

tic

[net,op] = trainNetwork(x_train,y_train,architecture,options);
toc

FromKnolllsmrm2018

i Inserm f Gin
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Results

FC 3 layers 100 elements: train/val/test=0.83/0.83/0.78
0.90

0.85 -

0.80 -

0.75

0.70 +

accuracy

0.65 A

0.60 -

0.55 7 —— training
—— validation

0.50 T T T T T T
0 50 100 150 200 250

epoch

_ I .
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Skin cancer classification

ADermatologists vs CNN
A127.463 biopsy images for training
A 1942 for validation
A Inception v3

Melanoma: 111 dermoscopy images

Carcinoma: 135 images Melanoma: 130 images
1 v - 1 1
_____________________ [—
_____________________ b
Z > ! b
= 5 : 5
= e | =
i BRI
o 0 | o
| |
— Algorithm: AUG = 0.96 — Algorithm: AUC =0.94 | | — Algorithm: AUC =0.91 | !
® Dermatologists (25) # Dematologists (22) I # Dermatologists (21) Lo
# Average dermatologist 1 # Average dermatologist 1 | # Ayerage dermatologist Lo
0 Pt 0 L 0 I
0 1 0 1 0 ] 1
Sensitivity Sensitivity Sensitivity




Skin cancer classification

Tuberous
cieros

e S 2032 diseases

Basal cell carcinomas * Epidermal benign

* Epidermal malignant
Melanocytic benign

* Melanocytic malignant

Sguamous cell carcinomas

Melanomas

Esteva et al
Nature 2017

Seborrhoeic keratoses

Alpes

A i Inserm f Gin



Glioblastome classification

(a

Multi-Scale
Tiling

-\
« HEE -8

o EHE -8

/e,

\

Muiti-Scale
Ensemble

Liechtyet al 2022 Scient Report

ML Models B Palholagists Consensus c Human MSE Hybrd
1o e 1.00 ’l_r—’ﬁ"_"-“-_
0.75 / 075 7
=
F0.50] | 2050
283 (AUE: 0.00) é E
=+ BX [AlC: 0B85, Fafhalagist 1 {ALC: 083} MEE {ALIC: DLET)
- 0 (AU DB _D.?‘S - Pathologht 2 (AU0G: 0eop 025 - B a4 2 (ALIC: DUB)
-+ 20X (AUC: 082 — Sansensus [AUC: 0.57) < — Hybrid (AUC: 0.97) G
— MISE [ALIC: 0.87)
000 0.00
0¥ 050 025 000 100 075 050 025 D00 100 075 050 025 0.00
mnacificdy s pacificty spaciicity
A Inter-Pathologists Agresmeant B Human Machine Agresmant
M = a
[ : L |
a o
. . e . o A
F " - % . W r % . - . HE =00
Pl R=0.767- ! . R=0.674
£ |« ™ A & : no
= W% [ . a . o = T . :
> .
- H H
Tk

Palhologist A

IDH Sialus

Palholagisls Ensembe

OMUT s WT
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Computational pathology

Kidney tissue

Purple: glomerulus; red: sclerotic glomerulus;
Dark blue: proximal tubule; orange: distal tubule;
Green: atrophic tubule; turquoise: artery or arteriole

using a deep learning algorithm

[van ded_aaket all Nat Med 2021]

UNIVERSITE
Grenoble
Alpes

!nserm
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For brain tissue and structures classification

White matter

Tissue
labels

\ \Grey matter

Cerebrospinal fluid

‘ I
/ utamen
Caudate

Ventricule

Thalamus

HE !nserm
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For brain tissue and structures classification

T1w FA MD (A, + 45 +43)/3 AD (1,) RD (1, + 13)/2

X=[T1w, FA, MD, ADi, RO)]

Y=[1,2,3, 4, 5X]

i Inserm M ein
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Specific considerations in medical domain

AFew training sets
AFew ground truth
ANeed of localization not just classification

ATouching objects of the same class to be
separated

i Inserm Fein
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Brain Lesion Segmentation: CNN example

— - - - []
L]
1x1

16x1

320x320x4 160x160x4 80x80x4  40x40x4 20x20x4

4 3x3x4 convolutional layers, Relu activation
2D MaxPooling

1 fully connected layer with 16 elements
Sigmoid Output

Adaptedfrom Knolllsmrm2018

26117parametersto be estimated

i Inserm M ain

25



Brain Lesion Segmentation

Kamnitsa®t alMedlA2017

pd  gRLp.
(3D) kernel matrix

k rm.n Previous layer
[
~|: layer (1:L)
n: neuron
m: feature (1.Cl)

Cl: max feature map or channel
CL= segmentation class

Pe(x) = exp(¥f (X))/ ey exp(y§ (X))

i Inserm M ein
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Registration

HE !nserm
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Transformation Affine

Translation Rotation Zoom Shear

\_\\
A
L) |

/ et

———,

Rotation & translation Zzoom shear

l |

BB P

o O +— O

0 dglgel 0 0 Og ecos@) O sin(gs) Og ecos(q6) sin(ge) 0 Ogeg7 O O Ogél qi0 gll Og

u : ué ué ueé u u
0 qzuxgo cos@4) sin(g4) ouXe 0 1 0 0Oy sn(a6) cos@e) 0 Oy g0 o8 0 Oy e0 1 ql2 0Of
1 q3u & -sin(g4) cos@4) Ou é sin(gS) O cos@d) Ou e 0 0 1 Ouéd 0 a9 Ou eO 0 1 0u
o 1Y 0 o & o o o W& o o o1& o0 0o S o o Y

12 parametres



Insuffisante

Affine = rigide + isométrie (12 parametres)

[from Cachia workshop Inserm/CNRS anatomie cérébrale 2006]

Nécessité de recalage neiméaire

T = argmin{Mis(O.,0;,T) +vReg(T)}
VT



Registration toward a common template

1 !nserm
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Some templates

MNI250
250subjects
Manual
registration

No cerebellum
[Evans et al. 92]

MNI305
350subjects
Automatic
registration

No cerebellum
[Collins et al. 94]

Colin27

1 subject 27 scans
Automatic
registration
[Holmes et al. 98]

ICBM152 _
152subjects ICBM152 Nonlinear
Automtic registration 152 sujets
T1,T2,PWD, _

No cortical info [Maziottaet al. 01]

[Maziottaet al. 01]

i Inserm

f GiN
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CNN for tissue segmentation

24 filters
Max pooling 2x2

32 filters
Max pooling 2x2

48 filters
Max pooling 2x2

9 classes

5 5 | 51

| 75 |

23

l l'3 4

24
7
E
- 7
34

l lLH

10

Eﬁaz l;‘s

&

32

22 neonatal images 3T
20 adult images 3T
15 young adult 1.5T

Moeskopset al TMI 2016

1 !nserm
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Lesion detection in MR brain scans

A3D CNN for MRI

A Computationally expensive so limitation of the
number of layers

Alnternal covariate shift > convergence pb

Input Segment Convolutional Layers Fully Connected Layers
(Normal resolution) (as Convolutions with 13 kernels)

Classification
Layer

—

0 .,

= - - .. L
30x213 40x173 40x133 50x93 @ﬁ gk
-

Ip"but Segment

. ©
{Low resolution) Low Normal H H
Resolution Resolution : 2x93
s Upsampling ‘ -
s LLgs .. ‘0 @ .
A — @ —
B il = l 150x93 150x93
I il I o t
Receptive fields of the pathways, 193 4021 15 40x73 50x33

centred on top left prediction

30x153

Kamnitsa®t al Media 2017

i Inserm oin
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Lesion detection in MR brain scans

Brain MRI Input Segment Convolutional Layers Classification Layer
=
K -.
N~
- e -gd ‘
. - 043 500 i 200
CNN'’s receptive field 30x213 40x173 40x13 X » o 2X

centred on top left prediction 13 kernels

W= Shallow == Deep mmm Shallow+ wm Deep+

Mean Accuracy Mean DSC
0.985 — 0.70 . — — .
0.980
0.65
0.975
0.60
0.970
0.965 2
0960 ] 1 1 1 1 1 050 | 1 1 1 1
0O 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35

. Epoch .. Epoch .
NVIDIA Titan X GPU 12 Gb. A day training. 30s for segmentation.

. I .
! e i Inserm f GiN
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Traumatic Brain Injury

9 real cases, Benters

Normal valuesomputedon 3healthy
cases foeachcenter

Manual

Auto
DICE Precision Sensitivity ICC
Inter-Raters 0.60+0.03 0.68: 0.04 0.86: 0.04 0.70
AUTOMATIC 0.59+0.06 0.59+0.07 0.66+ 0.06 0.70
Stroke Maieret al 2015) 0.73 0.84 0.69
D&C Precision Sensitivicy ASSD Haussdorf

K. Forest 51.1(20.0) 50.1(24.4) 60.1(15.8) B 20({5.76) G4.17(15.98)

R. Forest+CRF 34.8(18.5)* 58.6(23.1) 56.9{17.4) 6.71(5.01) 589.45(15.52)

DeepMedic 62.3(16.4) 65.3(18.8) 64.4(16.3) 424(2.64) 56.50(15.88)

DeepMedic+CRE 63.0(16.3) 67.7(18.2) 632(16.7) 402({2.54) 55.68(15.93)

Ensemble 64.2{16.2) 67.7(18.3) 65.3(16.3) 3.88(2.33) 54 38(15.45)

Ensemble+CRF 64.5(16.3)* BO.B(17.8) 63.9(16.7) 372229) 5238(16.03)

uuuuuu

i i
Ec,enob.e " Inserm
7 Alpes ®
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Subcortical segmentation

IMAGE CONVOLUTIOMNAL FULLY CONNECTED GCLASSIFICATION
SEGMENT LAYERS LAYERS LAYER

ﬁ 1=1x] kernals
{t makoe the FC layers

fully convalutional]

9 structures

Dolzet alNeuroimage2018

nserm fein
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U-Net approach

RS

. —
23 convolutional networks .:E__I I I I I_,_.:

Encoder () . Decoder(g) ]

z = f(z) y=g(2)

L(z,g(f(z)))
[Ronnebergeet al 2015] E_J g9(f(z))

i Inserm Moin
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U-Net approach

&, "’”‘*’u
o

z .'.5.'

Expanding
Path

Contracting
ath

576 nodes ¥ 125 120

Resolution
Decrease features

=] Exf] Ex!

1152 nodes § i &
) me CONV 33, RelU
Decrease spatial copy and crop
resolution § max pool 2x2
Increase features § up-conv 2x2
m CONV 1x1

! e i Inserm f GiN

74 Alpes
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3x3 Convolution + RelL U

input feature map a
(e.g. 5 channels)

https://Imb.informatik.unt
freiburg.dépeople/ronneberu-net/

. 0 ,\ﬂ{\

. )
/ ’
features k ’

, . ' 3x3 64 channels=576 nodes
 weights w ¥
|  (e.g. 45) i
y  bias ¢ ’

output feature map b
(only 1 channel shown)

bz y1 = R(‘LU( E Wi ikl * Cxtiy+ik T ('/>

i Inserm Moin
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2x2 Max Pooling

One channel of the
input feature map a

resulting feature
map has factor 2
lower spatial
resolution

by.yk = Max (a2z+i2y+4.k)
z.¥9; i€{0.1} z+1,2y+7,

j€{0,1}

One channel of the
output feature map b

i Inserm M ain
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2X2 convolution

58 oV
, %\i\b resulting feature maps
weights w have factor 2 higher
(e_.g. e resolution
bias ¢
e\
X c;,\{‘b
features
y | output feature map b

(only 1 channel shown)

b‘2.1'+1'.‘2y+j./ — R(‘LU( E Wi .kl Ax,y.k u (‘/)

i€{0,1}
je{0,1}
input feature map a ke{l,- ,K}

(e.g. 5 channels)

i Inserm M ain



NeuroNet

A3D Unet structure (DLTK+Tensorflow)

A16, 32, 64, 128 featupem
A1,2,2,2 stride ‘

’E 2 Ik
(. M

I| {

= mMultiple E

FCN decoder

AUpsampling : 64, 32, 16

ATraining 5000 T1w, segmented FSL, SPM

&MALP -EM
AValidation 713

AUK -biobank

protocol  fsl_fast fsl_first malp_em malp_em_tissue spm_{tissue
mean 03.1 88.8 85.8 03.2 03.4
std 2.4 4.9 3.1 1.9 4.3
min 713.7 28.8 57.3 75.8 6.2
max 06.5 02.7 89.7 05.9 06.1
time 20 min 1h.8CPU >30 min
vs 90s
!glob. i Inserm P cin 43




SPM12

NeuroNet

E

UNIVERSITE
Grenoble
Alpes
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Data hungry systems

- Gathermanydata

- Artificiallyincreasethe numberof examples
- Transfert Learning

- Generatesyntheticdata

- Poolingfrom manycenters

- AnomalyDetection

H !nserm
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UK BioBank

How to scan 100.000 people Brain Imaging in UKBiobank

Modality Duration | Voxel, Matrix Key Parameters
4 scanners, 54 palay, 7/7, Syear: T1 4:54 %gglz'%’g'gsrgm 3D MPRAGE, sagittal, R=2, TI/TR=880,/2000 ms
2022Jv50000subjects X£00X

1.05x1.0x1.0 mm | FLAIR, 3D SPACE, sagittal, R=2, PF 7/8, fat sat,

T2 FLAIR | 5:52 192x256x256 | TI/TR=1800/5000 ms, elliptical

CostYy | 62dzi mnice 0.8x0.8x3.0mm | 3D GRE, axial, R=2, PF 7/8 TE1/TE2/TR=9.4/20/27
swMRI 2:34
256x288x48 ms,

) dMRI 7.08 2.0x2.0x2.0 mm MB=3, R=1, fat sat, b=0(5x + 3x phase-encoding-
Miller et al NatNeurosc ' 104x104x72 reversed), 1000(50x), 2000(50x)
Multimodal population brainimaging MRI 6:10 2AX2AX24MM | pp R 39 /735 ms MB=8, R=1, flip angle 52°, fat sat
in the UKBiobankprospective 88x88x64 _ _
epidemiologicalstudy.2016 HMRI 4:13 2.4x2.4x2.4 mm | Acquisition same as rfMRI. Task is faces/shapes

88x88x64 “emotion” task.
R = in-plane acceleration factor, MB = multiband factor, PF=partial Fourier. All non-EPI scans are pre-scan
normalized (on-scanner bias-field corrected). Gradient distortion correction is turned off on the scanner and
applied in post-processing.

Genomewide associationstudiesof brain imagingphenotypesin UKBiobank TEliott et al NatNeurosc2018
The UKBiobankimagingenhancemen®2 ¥ ™ n n X n n n ratighaiJdataCcalledtioys, inandgement and future directions

Phenotypicand geneticassociations of quantitativenagneticsusceptibilityin UKBiobankbrain imagingWang et al Nat
Neurosc2022LittleJohnsTJ et al Nature€omm?2020

SARSCoVf2 isassociatedwith changes irbrain structure in UKBiobankDouaudet al NatNeurosc2022
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https://eds-p-ebscohost-com.proxy.insermbiblio.inist.fr/eds/viewarticle/render?data=dGJyMPPp44rp2%2fdV0%2bnjisfk5Ie45PFKs6mxTbKk63nn5Kx94um%2bTq2orkewprBKnqe4SrGws0iexss%2b8ujfhvHX4Yzn5eyB4rOrSa%2bvr0ixrrdIsZzxgeKztHq027BM4K2rS%2bOvtUWy2q5Pq663T7WjsUmyq65JtauzUOSqvorj2ueLpOLfhuWz5Iqk2uBV4ePjfOuc8nnls79mpNfsVbCttEyxqrFIpNztiuvX8lXk6%2bqE8tv2jAAA&vid=0&sid=6b6e24b7-3e97-4d07-8977-3145017558f4@redis
https://eds-p-ebscohost-com.proxy.insermbiblio.inist.fr/eds/viewarticle/render?data=dGJyMPPp44rp2%2fdV0%2bnjisfk5Ie45PFKs6mxTbKk63nn5Kx94um%2bTq2orkewprBKnqe4SrGws0iexss%2b8ujfhvHX4Yzn5eyB4rOrSa%2bvr0ixrrdIsZzxgeKztHq027BM4K2rS%2bOvtUWy2q5Pq663T7WjsUmyq65JtauzUOSqvorj2ueLpOLfhuWz5Iqk2uBV4ePjfOuc8nnls79mpNfsVbCttEyxqrFIpNztiuvX8lXk6%2bqE8tv2jAAA&vid=0&sid=6b6e24b7-3e97-4d07-8977-3145017558f4@redis

lvy Glioblastoma Atlas

Alignment of histologic features, genomic alterations and gene expression patterns

A Clinical Data E - :
41 patients, ﬁ
42 tumors, —
440 tissue Specknm Seerch
blocks, Forty-One Patients
270 |
transcriptomes, et coection
. B |
annotated v — Sanscriplisne Flaet Yog
H&E, e .
23000 ISH W—— —
im ages, @ . MGMT, SNVs, Fusians, Copy #

400 MR scans [EEE)

MRI Time Course

Puchalsket al Science 2018 Ivygap.org
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Segment anything in medical images

A foundation model for medical image segmentation

Mask decoder

T
Prompt encoder

I
[]

Bounding box prompts

g

5

g

The Number of Image-mask Pairs
g
»
695+PT

g
t

Y% Cr 50,, YU, "o,,d De,,b '17%," Ocy

1.570.263 images, 10 imaging modalities, 30 cafhcer"types > o,

Ma et al Nat Comm 2024
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Paradigm change

lvy Gliobastomaatlas [Puchalskiet al Science 2018]
41 patients, 42umors, 440 tissue blocks, 270 transcriptomes
11500 annotated H&E images
23000 ISH imaged4@0 Gb/imagég, 400 MRI scans

Data forconnectomicq neural networks): [Lichtmanet al; Nat Neuro 2014]
Immerat cortex =>2M Gb =2 x1&2Pb=2x1G TB

total cortex 500mm3=>1FB (lexabyte, PO B)
Man = 1000xlarger =2@xabyte(1(° TB)
(sourcelichtmanet la; Nat Neuro 2014)

Data rate
1mme =>800h (33)) 2.5 Tb/h => 45y on one machine

UKBioBank [Miller et al; Nat Neuro 2016]

100000 subjects (20182)

6 MR imaging modalities: tT1w, TAwWMR] dMRI| tftMRI, rfMRI
2501 individual measures of brain structure and function (PGl
1100 other non imaging variables

about0.2 PB (200 TB)

Dermatologists vs CNN [Esteveet al Nature 2017]

127463 biopsies for training
1942 for validation
Inception v3 GoogleNetusing several replicas dfvidiaTitan XGpu

! RIS i Inserm f GiN
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Effect of training dataset size

Performance Change of Varving Training Data Size

d 8 ying 8 B owx @ wk @ M
I —

T — T
= 09 ' : :
=
L5
=
= :

g 08
U * Sl —
B 1
=
£ 07
= i
]
-
A os
0.5

Internal Fxternal

Scalingup the training image size to one million c@gnificantlyimprovethe model
performance omothinternalandexternalvalidation sets.

Ma et al Nat Comm 2024
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Generation of artificial examples

Introduce morphing operationgymetry rotation X.

correspondingly deformed
manual labels

Train the NN to learn invariance to such elastic deformations

B i Inserm M ain
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50



Automatic pulmonary module management

Ciompiet al ScienRep2017

d = 10mm (&4 px) d = 20mm (64 px) d = 40mm {64 px)

scale 10
| | | | | | | | |
3@ J2@ES J2@55 3@ Ja@ES J2@ens 3@ JAEExS 3@
pooling; paaling pocling; poaling; paaling poaling; pooling; paoling poaling;
B3l §4@ 53 Bl B3l B4@a3 B Bl S4@ 53 Bl
B4@3xd 84033 B4 @33 BA@and 4@ 33 B4 33 Ba@ I B4i@33 B4@ 3
pooling; paoling; pooling; pooling; paoling; pooling; pooling; paaling, pooling;
128833 128@ 33 126@3x3 128@3a3 128@3x3 128@3x3 128@ 3 128@3x3 128@33
pocing paaling, pooling; pocing; paaling, pooling; poaling; poaling, pooling
25533 2563 25633 255@3x3 25633 256@3x3 256@33 25633 256{@3x3
pooiing; paaling pooling; pooiing; poaling; pooling; pocling, paaling pooling;
FC-128 FC-128 FC-128 FC-128 FC-128 FC-128 FC-128 FC-128 FC-128
| | | | | | | | |
FC-256
softmax-6
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Automatic pulmonary module management

Ciompiet al ScienRep2017

Solid 694 8 88,832 232 382/27
Calcified 233 22 82,016 78 58/27
Part-solid 63 80 80,640 21 37/27
Non-solid 152 33 80,256 50 87/27
Perifissural 181 28 81,088 62 48/27
Spiculated 29 167 77,488 10 27/27
Total 1,352 — 490,320 453 639/162
pach 522 = 0 palc 28 = 20 pelh sz = 0
wiol | coonal | _sagtal - sagital

D00 BB =SB
- CICT . EARN D EE RN
o e @ e [
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Automatic pulmonary module management

Accuracy | Fuig | Feoigd | Frartsoiid | Foonsoiid | Frerifwural | Fspicalated | Foiot.oaodule
0, vs. Computer (3 scales) 71.5% 60.8% 88.4% 66.7% | 86.3% 62.2% 71.4% —
0, vs. Computer (3 scales) 66.2% 62.6% 82.4% 478% | 72.7% 80.0% 56.4% —
O; vs. Computer (3 scales) 67.7% 56.8% 85.1% 59.1% | 78.3% 75.6% 60.9% —
0, vs. Computer (3 scales) 72.8% 64.2% 38.9% 71.7% | 80.0% 77.3% 62.7% —
Average 69.6% 6l.1% 86.2% 61.3% 79.3% 73.8% 62.9% —
Oy vs. Oy 66.0% 52.7% 84.0% 51.3% 79.2% 63.6% 83.3% 50.0%
O, vs. Oy 71.0% 55.0% 87.0% 66.7% 80.0% 81.5% 74.4% 40.0%
0, vs. Oy 72.8% 64.8% 90.9% 66.7% 71.7% 75.5% 89.4% 0.0%
O, vs. Oy 76.5% 74.7% 88.9% 61.5% 81.0% 77.3% 75.7% 66.7%
O;vs. Oy 72.2% 64.4% 88.5% 70.8% 71.1% 79.1% 73.2% 0.0%
O;vs. Oy 79.0% 68.4% 095.8% 71.1% 80.9% 90.6% 79.2% 0.0%
Average 72.9% 63.3% 89.2% 64.7% 77.3% 77.9% 79.2% 26.1%
B i Inserm Pain 54




llastik

Interactive training
Shallow learning can be trained interactively with immediate feedback
Adapting from similar training data

llastik tool
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Transfert learning

Mazurowski et al. IMRI 2018

Pre-training for transfer learning

Train on generic data

Error ba(kpropaEhon
\ |

3

Transfer learning - fine-tuning
Train on task-specific data

UNIVERSITE
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Tranfert learning

T. Coudert Master 2021

A Few examples : 9 for training / 11 for testing

Dataset

WMH DSC

Sensitivity

Precision

95HD (mm)

9 EpiBrainRad LR 5e-3

0.557 £ 0.203

0.507 £ 0.229

0.703 £ 0.228

21.089 £+ 15.469

9 EpiBrainRad LR—1e-5

0.705 £ 0.088

0.869 + 0.140

0.624 + 0.144

6.838 + 4.468

9 EpiBrainRad dropout—0.3

0.740 + 0.127

0.719 £ 0.182

0.799 + 0.112

13.105 £ 17.237

9 EpiBrainRad max epochs set to 150

0.578 £ 0.257

0.578 £ 0.275

0.623 £ 0.258

19.848 + 24.362

==) Use apretrained

5 "E"?—' 0w
B e e
m - oy
' ....ifl;
.!,.g.! o5 A ' B
Eo .,. ,.. 31
§858.. see
LA T
288 v
] 1 —

FLAIR

network

Ground truth

Prediction

uuuuuuuuuu
¢ Grenoble
74 Alpes
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Transfert Learning

T. Coudert Master 2021

Gliomas data from BraTS Challenge! dataset

2016 and 2017

| Dataset distribution 1 WMH DSC | Sensitivity [ Precision | 95HD (mm) |
without 200 BraTs + 9 EpiBrainRad into one training 0.836 + 0.075 | 0.879 + 0.106 [ 0803 £ 0.073 10.246 4+ 12.439
with 200 BraTs pre-trained model, transferred on 9 EpiBrainRad | 0.858 + 0.064 | 0.800 + 0.104 I 0.835 £+ 0.057 i 2,806 £+ 3.523

test set of 11 images with 13% of variability with a neurologist segmentation on this 11 images

Clear benefit of transfer learning, best
results with exactly the same amount of
Input images

Ground Truth Without TL With TL

1B. H. Menze et alhe multimodal brain tumor image segmentation benchmark (bratf EE Transactions on Medical Imaging, 34(10)c2®23}, 2015.

. I s
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Augmented training I

PJLartaudPhD 2022 I

V74 hN classic spectralAug
classic spectral [ ccronly bAME-VNC

L3 [— |

Scanner spectral [ Scanners conventionnels |
+

Ensemble d'entrainement Ensemble de test

TAP

I_+_I — 1 I
- ¥
T o0
\ ® <
o000 C
. ; 4 e L ]
. - | o0e
- 4 d , [ ]
— - LA
Génération dynamique de - .
£ Inférence du réseau
mongl Py
[ ]
200
- .
L — )
o Metriques =
o d =
Entrainement

!
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Image Generation

PJLartaudPhD 2022

300 scanmers specimuy confrmsbés
L 3 Ly
L
ooe ooe G f
ole'e olo's eneration
»
oo oo Spectral data
WMC CCE Endrninement Inférence
CCEwVNChei CCEVNCNe
| |8 M) scanners spectrous contrasids | e
'{ MAE, RMSE, PSNE [+

VNC VNG, Abs(VNCy,-VNC) ‘

Results

!
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Image Generation

PJLartaudPhD 2022

Results

112 scarmers spectraws
injechis

Inférerce par Prédictions
chaque modéle des modéles

a:;u;r:;::-;n n I CCEonly " CCEaug H TrueSpec " GenSpec ]
* 0 ] s = = .
olols
bl L s s
| WHC CCE *e
'l'll' a2 &
a-- L L
121 scanmers canventionnels . ' .
:nfn:n:n-c-: |20 EF, 30 TAF, 19 THC, 52 o9
| CCEaWNCMer |
CTA) 9 -
* 9
#.ugur'sent,a‘u-:m annctation
wanventisrselle manuelis bt
L =
rE L rv
e'e e'e *’e e's L s
08 _ o085 _ S08_oen ee0
Lo S * e L a8 [ B8 B 2 [ 38 B
*e L | * O
Erérainernent Entraire ment [n:r.;men'-_bm: Emtrainerment m
TrusSpec fme"l‘ CEEH'-E- GenSped | _
[

Trainingwith
artificial R I 0 X

CTA

TNC
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Producing new data

AGenerative Adversarial Networks (GAN):
produces output undistinguable | UO Qw?Ul EO? w
Images.

Goodfellowet al
2014
arxXiv:1406.2661
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GAN:

Generative Adversarial Network

The discriminator fries to distinguish
between real images and fakes
generated by the generator

The generator receives a

‘ g random vector as input
: and turns that into a
h

4 synthetic image

@@= |

i Inserm Moin
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Role of GAN In HealthCare

Applications
a
Image synthesis
* Data augmentation
» Class balance
« Patient anonymization

b
= Cross-modality
image translation

Or imageharmonization

c
* Denoising
* Reconstruction

d

* Segmentation

e
* Disease modelling

Examples Model Model schematic
Progressively
grows over time
Progressively Real —
grows overtime | data |
ProGAN I I I
i Generated
Noise —» I I I I—» data —
Generator Discriminator
Generator
domain A—B Discriminator B
------------------------------ »
CycleGAN-based _—
Generated
data A ._‘:I""" dataB | I I
|
msmmmssmEmssmms,
Real Generated
data B “I“" data A _’I I II
CycleGAN-based
Generator Discriminator A
domain B—A

DaniNET

A9963656769717375777981

Generated
- - =

| Ground-truth | __

segmentation
Generator Discriminator
Diagnosis,
Age -1 Generated
III data  Generated
— :
3:;' & Generated '
Disease-progression ~ data
manifold R
Generator Discriminator

Zhang et al Nat Med Eng 2022
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Generative Adversarial Network

Liu et alRadiology2017

Togeneraterealisticsyntheticimages 40 subjects(1.5T)

30 for training
10 for validation
5 fortesting(3T)

Registration
& masking

Input CT Image

Input MR Image

Convolutional Auto-Encoder (CAE)
EncoderlNetwork Decoder‘Network

E%;E%;Zto 51} mﬁn l I mfﬂ(‘

PET raw data

Convolution § BN RelU § Pooling = Upsampling §§ Softmax
Layer Layer § Layer § Layer Layer Layer

. I s
! LraEsiie " Inserm Pain
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Generative Adversarial Network

Togeneraterealisticsyntheticimages
A cascade dBANSs

32 32 32 64 64 64 32 32 32 | Generated
CT
Generator
Real
Discnminator »
\[ Generated
MRI 3. Real CT 32, 64, 128, 256
J Flitersize 5x5x5
@ Conv+BN+ReLU m Euclidean

Patch Patch Predicted
—te| | R o
MRI extraction GAN1 aggregation CT

Patch
extraction

Patch | Predicted
aggregation CT
]

Nii et alMiccai2017 '
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Image Harmonization - |

Before Harmonization ImUnity After Harmonization

- .
/f_—.:'aranase 1: Traveling Volunteer \ /" Database 1: Travellng Voluntear
[ b A fo Site

Acguisition Site A  Acguisition Site B

Effect of Harmonization
on Autism Detection
(Database 3)

L |
.
L]
—
e
e

! Feal | Fakie
- 4
] = |} ] ] e [T
Database 3: Sites Classification {Domain Score) (Bickgical Scones -
. _'_i, T s |
., g
RAS

II u I-II-
R El

-
L]
Numiber of aogusiion sios mmj

Baln .-*...--u-:-:z-:l-_:‘-\l

a T B 3 wnN

Cakowskyet al 2022 AIM
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Image Harmonization - Il
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