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/ Fundamental neurosciences / Pre-clinical and clinical research /' Innovative technologies and
treatments

Multidisci ﬂlinary approaches
including human social sciences,

Cytoskeleton, Intracellular traffic, _
and methodological developments

Synaptic plasticity, Mechanisms Developing tools and concepts

StUdOiﬁd in normal’and pathological Close links with networks such as (opto en?tlcs reconstruction of
conaitions (neurobiological diseases, neural networks,
neurodegene(rative diseagses, myopathies) GREEN, Neuropsynov, NeuroCoG... i

electrophysiology...)
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The curse of the Black-Box




The curse of the Black-Box
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The curse of the Black-Box

Standard Deep Learning approach

- End-user




The curse of the Black-Box

Explainability (XAl)  rFor who?
Interpretability About what?

At which level?

Understandability «

[Erasmus et al 2021Philosophy & Technology]

- End-user
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BVHIXO DSSURDFKHYV EXW PD

[ Interpretability methods J

|
| | | l | |

‘Weight Feature Back-propagation Perturbation Distillation Intrinsinc
visualization visualization methods methods methods methods
+ Stan approach for — Mostly ad-hoc s Approximate a « Interpretability is
linear models procedures black-box model with built-in the model and
— Usually uninformative an interpretable one not post-hoc
for neural networks & The approximation can i
i oI be local (e.g. LIME,
= The perturbed data SHAP) or global
may be outside the » So far, global
training distribution distillation has been = Cannot be applied to
— Computationally rarely used in an arbitrary model
expensive neuroimaging d
J
Gradient ] f Relevance
back-propagation J L back-propagation
. ™) . i~ P . ™y
Standard gradient Guided Gradient-weighted L-ayer-wlse Deep Taylor
back-propagation back-propagation class attribution relevance (LRP) decomposition
map (Grad-CAM)
A
® Also called “saliency [— Has severe defects [6] ] & Choose its extensions # Same principle as LRP
map” ® Very widely used rather than the original but with different
o Very widely used LRP back-propagation rule
: + wod first choice
+ . + ! ttered maps
! - ; nHLlla duc\ to
+ A u]‘hﬂ mpling
— Produces scattered . S
maps
A

[Thibau-Sutre et al Neuromethods vol 197 2023]
AD vs Cril
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The curse of the Black-Box

For who?
About what?

At which level?
K«

0 Improve Confidence .
0 trust in Al o

Rigorous Validation
Usage conditions
Adverse effects

K«
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The curse of the Black-Box

For who?
About what?

What contents?
K«

G. Hinton [In response to how do we trust
Trusted Al  systems 2] You should regulate them

based on how they perform .

Uncertainty Quantification
IN NN decision

e o 13




Uncertainty: A keypoint for Al researchers-|

ERC survey (2023): the use of Al for data analysis and processing
- 1034 ERC (/14829)
- Kw: Al in Title, abstract and kw

« the currenunderdevelopmentof
uncertainty quantification,

that is, the assessment of the
reliability of models and

simulations, and also concerns over
the transparency of Al systems

Spread false information or inaccurate knowledge

Affect research integrity

https://erc.europa.eu/sites/default/files/2023-12/Al_in_science.pdf

v d




Uncertainty: A keypoint for Al researchers-l|

ERC survey (2023):the use of Al for data analysis and processing
- 1034 ERC (/14829)
- Kw: Al in Title, abstract and kw

« the currenunderdevelopmentof
uncertainty quantification,

that is, the assessment of the
reliability of models and

simulations, and also concerns over
the transparency of Al systems

Spread false information or inaccurate knowledge

= https://www.certain-trust.eu

Affect research integrity

https://erc.europa.eu/sites/default/files/2023-12/Al_in_science.pdf

v d




Where Is uncertainty (UC) hidden?

Hypernntensities segmentation

e F .

{1+ ¢ . v \
Q| ¢ Aefacts/Noise @ v Y
! & Poor resolution i | training dataset 1 — ! ; '.I
|«  Partial volume : E:::j % Weight N — A -
%  Annotation errors / \ approximation i Y S
F .Y

How to-quantify UC?

T e

Aleatoric UC Epistemic UC
[Kendall & Gal 2017 Adv Neural Inf ProcessSyst]

e o 16




The multi-dimensional aspect of

uncertainty

Is this volume
estimation reliable?

Lesion-level

Subject-level

V.

Voxel-level
(Most existing "
literature)

Predictive Intervals for
Volumetry \

-

C 110mL .

 [90-130] Is the BB model
? compatible with

- myimage?

Is segmentation
successful?

Is this a real lesion?

17



Consensus meeting

Definition of ground truth

n oy "N 2
A

¢ |
) Ay e
Cg o) j
Exp‘er( 2 Exp.er[ 3 Eprrl 4

1111111

Inter-expert variability

<] Perfect
agreement

[Commowick et al Neurolmage 2021]
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EXisting works

218 papers reviewed GO gle
KW: Deep Learning + Medical Image + Classification +
Segmentation + Uncertainty S C h O | ar

11 frameworks identified

Y

9/11 provide
voxel-level uncertainty estimates

High
uncertainty
SEP lesions N ety
. . - ‘ | f. 5
In a FLAIR image Quantification
Low
uncertainty

[Lambert et al. AIM 2024.

Trustworthy clinical Al solutions: A unified review of uncertainty quantification in Deep Learning models for
medical image analysis]
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Voxel level UQ: Ensembling

Entropy (C: number of classes, M: number of models)

C 1 M M
H(p) - = Z J_f Z Pem 1{)h(— Z p("m)
= - m=1 =

Deep Ensemble

segmentation

20



Voxel level UQ: Ensembling

Entropy (C: number of classes, M: number of models)

(&) 1 M 1 M
H(p) = Z T] Z Pe,m 108(@ Z Pc‘m)
=1 " m=1 m=1

Deep Ensemble
O O 0 O O
O @, @ U @,
O O
. O "o *ale 01 &
Model 1 Model 2 Model 3 Model 4 Model 5

!

Inputimage  Segmentation Entropy Errors Binarized
[ — Entropy
0.0 0.7
A A
Low High
uncertainty uncertainty

21



Lesion level UQ

Goal: Identify FP

Estimate Prp: proba that the lesion is FP using an
auxillary classifier

Identified lesion Auxiliary classifier

Note: Lesion are highly variable in shape

w * and position
3280 mm3 71 mm3

v d
7
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Lesions as Graphs

Lesion mask (2D view)

Node features

1 voxel = Contour indicator

Distance to contour

Graph

Number of neighbors

Voclld ] classification
Voxel Entropy ]
[ Voxel Intensity ]

. Lesion graph
Input 1mage (2D view) n -

Mask Voxel Tomme
uncertainty

GIN model

TPles FPles
prob prob

Training to separate
True and False Positive lesions

FC

Sum and

— "
concatenation

Lambert B et al. Beyond Voxel Prediction Uncertainty: Identifying § A
brain lesions you can trust 2022, LNCS 13611 pp. 61-70. | Gron operaons

READOUT

v d




The Graph Isomorphism Network

D 6B & B D

Multicentric, 3 Tesla
MSSEG 2016 - ISBI 2015 - WMH 2017
(N =219)

TP FP

TP
¥
BRT

10775 identified lesions (9050 TP /1725 FP)

Fit Test
6854 TP 2196 TP
1197 FP 528 FP

[ True Positive Lesions
M alsc Positive Lesions

Density

Lesion uncertainty

Graph representations

FC: Fully-connected layer. BN: Batch Normalization. ReLU: Rectified Linear Unit. Parameters: 26 700

lrrzia — 24




The Graph Isomorphism Network

Baseline Entropy

30 fm= === ——mmmmmoo— ,
voxel { AUROC=0.857 !
| AUPR=0.521 |
=3 Average of voxel-level
04 uncertainty scores
10 -
Voxel Lesion
entropy uncertainty .
0 .
0.2 0.3 0.4 0.5 0.6 0.7

Lesion uncertainty

25




The Graph Isomorphism Network

Baseline Entropy

304 gmmmmmmmemeeee
i AUROC=0.857 ;
i AUPR=0.521 i
. 7 Slight gain @ver the baseline
10 - :
Voxel Lesion
entropy uncertainty - .
0 0.2 g3 0.4 0.5 0.6 0.7

Lesion uncertainty

Score easily interpretable

26



The multi-dimensional aspect of

uncertainty

? Is this volume
estimation reliable?

0O Subject-level

Lesion-level

b':;e:

Rel. Fet. et b1 et
, ~
™ | |
_ = rea || | [Fez] || | [Fez] || | [Fe2] o
Fet. Rt (| | et
e
) o
o7 &P L, s
d 4 uen -
O & —— - -
- . . - -
- P n? ! 2 3 5 - - LY

Voxel-level
(Most existing
literature)

Predictive Intervals for
Volumetry

\ 110 mL -
[90-130]
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Predictive intervals in volumetry

m X = BV-1 are estimates of the true volumes Y € BVN-1 obtained from the segmentation.

m A predictive interval I',(X) is a range of values intended to encompass Y with a specified
degree of confidence 1 — a (e.g. 90%, 95%), so that P(Y €4(X)) 21—«

Sampling-based approaches

m Sample a set of estimated volumes
Xi, ..., Xk for the given image.

m Estimate the mean ;/(X) and standard
deviation o(X).

m Assuming Y|X ~ N (1(X),a(X)):
Fa(X) = [4 () 20(X), 10X) + 20(X)] (1)

28



Predictive intervals in volumetry

m X = BV-1 are estimates of the true volumes Y € BVN-1 obtained from the segmentation.

m A predictive interval I',(X) is a range of values intended to encompass Y with a specified
degree of confidence 1 — a (e.g. 90%, 95%), so that P(Y €4(X)) 21—«

Sampling-based approaches

m Sample a set of estimated volumes
Xi, ..., Xk for the given image.

m Estimate the mean //( X) and standard
deviation (X).
m Assuming Y|X ~ N(1(X),0(X)) m Inference time, due to the sampling
Fo(X) = [1(X)—z0(X), u(X)+zo(. procedure.

m The normality assumption, which may
not always hold.

m Lack of flexibility, as intervals are
symmetrical by design.

29




Predictive intervals in volumetry

Definition
m X € BV-1 are estimates of the true volumes Y € BN-1 obtained from the segmentation.

m A predictive interval I',(X) is a range of values intended to encompass Y with a specified
degree of confidence 1 — a (e.g. 90%, 95%), so that P(Y €4(X)) 21—«

Sampling-based approaches

m Sample a set of estimated volumes
Xi, ..., Xk for the given image.

m Estimate the mean //( X) and standard

deviation o( X).
coverage love Direct approaches

m Directly estimate the quantiles £, /5(X)

o128 and i-\l—a/2(X)-
N Ny 8 m The Pl is computed as:
0'1} Fo(X) = [ta2(X), tica (X)) (2)
Input image C'ﬁ:’&"?ﬂ"" gzigbfj':x' Predictive Set

Conformal prediction

v d
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The TriadNet approach

TP TriadLoss = 76.8,0.2(plower,y) + %.S,O.S(Pmean,y) + 76.2,0.8(pupper,y)

g~ 1-—
Trup TP +~FP + 3FN

Restrictive mask

The Tversky loss (Salehi et al. 2017)

Triade Net
|
Plower
__________________ restrictive
2 % Balanced mask
a =)
(@] @]
- e D
CAZ & wo T Toe Pmean
balanced
o ‘ Bottleneck I
Input Image ~ J \ J
| J Permissive mask
Backbone
(VINet, UNet, Attention UNet...)
Pupper
permissive

>% /DPEHUW HWTiBdDet: Sampling-Free Predictive Intervals for Lesional Volume in
" %UDLQ 05 ,PDJHV™ ,Q 8UIN&ES$Z4291, pp. 32 #41]

v d




TriadNet predictions

Necrosis

68 74 mL 80
Edema

"'l 25 30mL 35

: Enhancing
TriadNet @

5 75mL 10

Input sequences Segmentation Predictive Intervals

Rl




TriadNet predictions

Need for calibration

m 120 subjects for training, 40 for calibration and 50 for in-distribution testing.
(Multicentric - 3 Tesla: MSSEG 2016 / WMH 2017 / ISBI 2015)

m Intervals calibrated for a target coverage of 90%.

m Metrics (bootstrapping, M = 15000):

® Mean Average Error: 3.08 + 0.46 mL
® Empirical Coverage: 92.06 + 5.34%

—— Predictive Interval

801 x True Volumes
* Predicted Volumes
_EI 60 i
@
!
2

{Hﬁﬂﬂiﬁﬁiﬁmiﬂ

01 iiiiiiiii%}iigiiiiiL‘

0 10 20 30 40 50
Test case

v d

lreeia— £



Tumor volume estimation

Glioblastoma

m 679 subjects for training, 227 for calibration, and 227 for testing
(BraTS 2023 dataset)

m Intervals calibrated for a target coverage of 90%.

Necrosis: Edema: Enhancing tumor:

m MAE: 1.73 £0.19mL
m Coverage: 90.79 +2.71%

m MAE: 3.10 £ 0.46mL m MAE: 8.22 +£0.57mL
m Coverage: 90.78 £2.71% m Coverage: 90.76 +2.70%

—— Predictive Interval : 3001 —— Predictive Interval —— Predictive Interval
«  True Volumes 2504 +  True Volumes 804 + True Volumes
1504 . Ppredicted Volumes »  Predicted Volumes - Predicted Volumes
=y 200 A . I
E E
o 100 A [}
g £ 150
El =2
=] £ 100 A
> 50 >
] 50
0 0+
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Test case Test case Test case

34



The multi-dimensional aspect of

uncertainty

Lesion-level

Subject-level

V4 ofTRg,™

~ _ \\
Voxel-level N e \
(Most existing -7 Predictive Intervals for
- A"
literature) ’ Volumetry \
A
\\
%
90-130 -
 [90-130] s the BB model

compatible with
- my image?
Is segmentation
' successful?

Input control

Output control

35



DLL trained for Gioblastoma detection on T1w

Artefacted T1w Healthy subject FLAIR Abdominal T1w

36



Know-it-all

DLL trained for Gioblastoma segmentation on T1w

Artefacted T1w Healthy subject FLAIR Abdominal T1w

Tumoral vol Tumoral vol &
25 258 ml




Input Quality Control

DLL trained for Gioblastoma segmentation on T1w

Artefacted T1w Healthy‘subect

Tumoral vol Tumoral vol &
239 ml 258 ml '

38



Why an image Is OOD?

m In-distribution « training distribution
(T1 MRI of Adult glioblastoma patients)

m Are out-of-distribution:
[ ]

Shifts in the imaged population.

Shifts in image modality.

Diseases not present in the training set.
Incorrect organs.

39



Input Quality Control

The latent-space distance

Trained network

r
Latent space

Distribution of
in-distribution activations

’
¢ Distance

-

Latent space

40




Input Quality Control

The latent-space distance

Trained network

+
Latent space

Distribution of
in-distribution activations
multivariate
Gaussian
distribution

Latent space

® Mean
Computed with Mahalanobis distance
(MD)

1 N
B

1 N
Y= (i—pm)i—p)’
i=1

MD(Xresr; Ly Z) = (Xresr - ;{L)TE_I(Xresr - ;U)

Mahalanobis Distance

v d

lreeia—~
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A multi-layer aggregation of MD

Segmentation network

P ‘
Input 1image (Hx W x D) ." P Output prediction (Hx W x D)
Y ¥ ¥ V V V V
01,02 02 (01,04 08 04 02 04@01 @08
I 1 Mahalanobis Distance / layer l
Mean =0.30 Max=080 |
| 1

>% /DPEHUW HW D @ayer Aggregafiod @3/ key to feature-based OOD detection”
In: UNSURE 2023, Held in Conjunction with MICCAI 2023. LNCS 14291, pp. 104 #14]
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Input Quality Control

Brats: 876 subjects for training,
30 for validation,

227 for in-distribution testing

Dynamic U-Net

0.90 -

-

[ne]

¥, ]
i

Average ALROC
[}
&3
=

=
]
LA

-——- Mean

.
-
=]

T T T T T Li L T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Layer #

The optimal layer for OOD detection depends on the segmentation architecture.
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Input Quality Control

The multi-layer scores (Mean and Max) provides high detection accuracy.

True Positive Rate
o Qo =
= o0 (<]

o
B

o
[N]

e
o

Incorrect organ 1| Incorrect modality Different tumor
Detection (N=250) 1| (Flair N=227) subtype (N=250)

Latent-space distances efficient in detecting images far from the training distribution.

44



Output Quality Control

Goal: estimate the true segmentation accuracy.

How: Measure the segmentation variability among models.

Deep Ensemble

D &P B <D 6D

Model 1 Model 2 Model 3 Model 4 Model 5

S, S, S, S, S,
\ A

y
We note S, the individual segmentations and M/ the majority vote segmentation

Ensemble Prediction Agreement (EPA): EPA = % Zfil Dice( Sk, MV)

>% /DPEHUW HWrdin@ut-of-distribution detection to Quality §RQWURO”
In: Trustworthy Al in Medical Imaging, MICCAI book series]
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Unified Input-Output control

1-EPA
(Output QC)

46




Unified Input-Output control

-
~

\

C: Dysfunctional
regime

D: Divergent

regime

2

Output QC failed

\

A: Optimum B: Robust operating
operating regime regime

Output QC score threshold
4

Output QC passed

N

-l
-

Y

A J

Input QC passed Input QC failed
Input QC score threshold

v d
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Unified Input-Output control

5 Dynamic U-Nets are trained to

1.00

=075

segment gliomas. 10° A C --F:-:. D
QC scores computed for 874 | % Ve

test subjects with variable Dysfunctional g0 "‘o : Divergent
difficulty. . : d.:%.g: ..

PP s 8‘:. b.t ) “
thresholds fixed on a ____-__---5&;'%~3J-;;_---. .............
validation dataset (N=30). Optimal . “"*ﬁ‘%; n o St

£ A - a8, B
b -1 ’ ®" 9
W 107 4 . °’,:%"wo Sy’ o
- wp £
o o .’: 6..'9-&0 ’ ’
o ‘..:.’.'o. : :}*a ..'. : "
..‘-3&”‘ f . s i .
° ° ’ 0 * "J % e
In Distribution Pediatric 9 - A i
Synthetic Metastases > e -
Africa Meningioma . .'.' ‘.. f’
1072 - .

‘ r1(')-1 Méhalaﬁobis Distance

.0.50

0.25

0.00
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Take home messages

Confidence is central for Al deployment
SOQOFHUWDLQW\ TXDQWLILFDWLRQ
Uncertainty is multidimensional

‘

Lesion uncertainty scores | -
Predictive volume intervals ~ (-uncertainty quantification

Unified input & output controls_| ~ o" rusted Al

for Al penetration in clinical
routine

49




NEXT STEP

What is the added-value

In clinical routine applications?

Uncertain case

50



Trustworthy Al inMedical Imaging

Trustworthy Al in Medical Imaging

1 st Edition- Decemberl, 2024
TRUSTWORTHY Al Editors:Marco Lorenzi, Maria Zuluaga
IN MEDICAL IMAGING £BookISBN9780443237607

Section 1t Robustness

Section 2 Validation, Transparencyand
Reproducibility

Section 3t Biasand Fairness

Section 4 Explainability Interpretability and
Causality

Section 5 PrivacypreservingML

Section 6- Collaborative Learning
Section 7- Beyond theTechnicalAspects
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