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Al : Improvements in two fields of application

1) Clinico-pathological routine workflow

reproducing a specific task according to the state of the art, to assist @agnosis of IesicD
pathologists « Lymph node metastasis
|H diagnostics task * Mitotic count
* Biomarker quantification (IHC
|H automatize repetitive duties staining, TILs)

|H bring repeatability to the results (mind the training biases)

2) Discovery field to improve patient management

enabling the detection of unknown signals not accessible to classical
observation in large datasets coupled to outcome-based labels

|% predict molecular alterations

Prognostic applications

|% predict patients’ response to treatments and evolution Predictive biomarkers
|% develop novel drugs
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REVIEW ARTICLE OPEN
Translation of tissue-based artificial intelligence into clinical

practice: from discovery to adoption
Alice Gaaney', Paul O'Reilly' >, Perry Maxwell™", Jacqueine A. James @**%, Darragh McArt'>* and Manuel Salto-Tellez 5™
© The Authoe(s) 2023

Numerous Al tools mainly in breast cancer and
prostate cancer, and mainly in the diagnosis

field (biomarker quantification and tumor
identification or grading)

CE-IVD PRODUCTS (as of Sept 2023)

Blomarker Quantification: 20

Tumour Identification: 16

Tumour Grading: 5

Mutation/Expression Prediction: §
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npj | breast cancer www.nature.com/npjbcancer

* HE and HES, biopsies (all kinds)
ARTICLE  OPEN Bemewee e Several datasets (dvpt & testing, validation, deployment)
intelligence algorithm for breast cancer detection in biopsies .
Judith Sandbank'?, Guillaume Bataillon®”, Alona Nudelman', Ira Krasnitsky®, Rachel Mikulinsky?, Lilach Bien’, Lucie Thibault?,

Anat Albrecht Shach®, Geraldine Sebag®, Douglas P. Clark?, Daphna Laifenfeld®®, Stuart J. Schnitt &%, Chaim Linhart?,
Manuela Vecsler 57 and Anne Vincent-Salomon (3"

51 classes used to train the algorithm

115,457 H&E slides from 171 cases (372 H&E slides) 270 cases (480 H&E slides)
25,874 cases from 9 labs from MHS from IC

were collected and digitized T T

with various scanners v

441 cases (852 H&E slides)
included in the validation sef

2,153 H&E slides from 2,330 H&E slides from
1,992 cases selected 1,122 consecutive cases .
and annotated by included in the test set 5 cases (11 H&E slides) excluded ~
18 pathologists le-|~ 4 slides from 4 cases out of focus
= 1slide from 1 case not found
32 cases excluded
= 34 slides due to physical
conditions and out of focus
scans
A 4
2,011,047 labeled image 2,252 H&E slides from 436 cases (841 H&E slides)
patches from 51 classes 1,090 consecutive cases were included in the validation
used to train the algorith included in the test set set analysis
Legend DAIgomhm development DAlgomhm testing DAlgorithm validation Deplovmen(




Table 1. Patient and diagnostic characteristics of the internal test and external validation sets.

Dataset Internal test set External validation set
MHS IC MHS Total
Cases, N 1090 269 (61.7%) 167 (38.3%) 436
H&E/HES Slides, N 2252 479 (57.0%) 362 (43.0%) 841
Patient age at biopsy (years)
Mean (SD) 493 (13.9) 523 (10.6) 53.5 (12.9) 52.7 (11.5)
Median 49.0 534 51.0 528
Min-Max 18-89 20-70 21-90 20-90
Patient age (years) category, N (%)
<40 241 {22.1%) 37 (13.8%) 17 (10.2%) 54 (12.4%)
40-49 333 (30.6%) 70 (26.0%) 51 (30.5%) 121 (27.8%)
50-59 248 (22.8%) 84 (31.2%) 46 (27.5%) 130 (29.8%)
60-69 177 {16.2%) 77 (28.6%) 34 (204%) 111 (25.5%)
270 91 (8.3%) 1 (0.4%) 19 (11.4%) 20 (4.6%)
Biopsy type, N
NCBs (tru-cut) 996 (91.4%) 176 (64.2%) 98 (35.8%) 274 (62.8%)
Vacuum-assisted/Macrobiospies 94 (8.6%) 93 (57.4%) 69 (42.6%) 162 (37.2%)
Distribution of diagnoses, N (%)
Benign/others? 881 (80.8%) 92 (34.2%) 53 (31.7%) 145 (33.3%)
DCIS/ADH only 36 (3.3%) 76 (28.3%) 59 (35.3%) 135 (31.0%)
DCIS grades HG/IG 23 (63.9%) 47 (61.8%) 41 (69.5%) 88 (65.2%)
LG/ADH 12 (33.3%) 29 (38.2%) 17 (28.8%) 46 (34.1%)
Unknown 1 (2.8%) 0 (0.0%) 1 (1.7%) 1 (0.7%)
Invasive breast carcinoma 173 (15.9%) 101 (37.5%) 55 (33.0%) 156 (35.7%)
Invasive subtype IDC® 156 (90.2%) 61 (60.4%) 37 (67.3%) 98 (62.8%)
ILCE 13 (7.5%) 38 (37.6%) 17 (30.9%) 55 (35.3%)
Other? 4 (2.3%) 2 (2.0%) 1 (1.8%) 3 (1.9%)

NCBs needle core biopsies, ADH atypical ductal hyperplasia, DCIS ductal carcinoma in situ, HG/IG/LG high- / intermediate- /low- grade, IDC invasive ductal
carcinoma, IC-NST invasive carcinoma no special type, ILC infiltrating/invasive lobular carcinoma, IC Institut Curie, MHS Maccabi Healthcare Services.
“Includes benign and other diagnoses, such as biphasic tumors (fibroadenoma and phyllodes),

includes IC-NST and rare subtypes, such as mucinous, papillary, tubular, etc,
‘Include also pleomorphic and signet ring cell-like ILC.
YIncludes metaplastic and tubulo-lobular carcinoma.

v

Other special subtypes

Tubular
Mucinous
Papillary

EPC

Apocrine
Acinic
Metaplastic
Tubulo-lobular



Table 2.

Al algorithm performance on the internal test and external validation sets.

Set Analysis Number of cases AUC [95% CI] Specificity Sensitivity PPV NPV
[95% Cl] [95% Cl]
Internal test set (MHS) Invasive vs. non- 1090 (173 invasive, 917 non-| 0.998 98.27% 99.02% 95.0%, 99.7%
invasive invasive) [0.996;1.000] |[95.03%;99.41%] [98.15%;99.48%]
DCIS vs. benign/ 908? (27 DCIS, 881 benign) 0.999 98.64% 100% 69.3%, 100%
other [0.997;1.000] |[97.56%;99.30%] [84.50%:;100%]
IDC vs. ILC 169° (156 IDC, 13 ILC) 0.932 NA€ NAS NAC
[0.862;1.000]
External validation set Invasive vs. non- 436 (156 invasive, 280 non- | 0.990 93.57% 95.51% 89.2%, 97.4%
(IC + MHS) invasive invasive) [0.984;0.997] |[90.07%;95.90%] [91.03%:;97.81%)]
DCIS vs. benign/ 248 (103 DCIS, 145 benign/ | 0.980 93.79% 93.20% 91.4%, 95.1%
other other) [0.967;0.993] |[88.63%;96.70%] [86.63%:;96.67%)]
DCIS/ADH vs. 2802 (135 DCIS/ADH, 145 0.949 86.9% 87.41% 86.1%, 88.1%
benign/other benign/other) [0.925;0.972] |[80.44%;91.45%] [80.67%:;92.08%)]
IDC vs. ILCY 153 (98 IDC, 55 ILC) 0.973 92.73% 92.86% 95.8%, 87.9%
[0.949;0.996] |[82.74%;97.14%) [85.98%;96.50%)]
DCIS HG/IG vs. LG/  134f (88 DCIS HG/IG, 46 DCIS| 0.921 84.09% 84.78% 91.4%, 73.6%
ADH® LG/ADH) [0.878;0.965] |[74.92%;90.41%)] [71.46%:;92.74%)]

— High performance (AUC, Sp, Se) in diagnosis of:
Invasive vs non invasive
IDC vs ILC

DCIS vs benign
ADH/DCIS vs benign
Grade DCIS (ADH/LG vs IG/HG)




Several heatmaps (blue=low probability vs red=high probability)
* DCIS (grade)

* |nvasive

e LVI

* Microcalcification
* TILs

* Biphasic fibro-epithelial
* Columnar cell changes

» This algorithm is currently tested in several institutions in
France as an assisting diagnosis tool (Galen Breast, Ibex)
No distinction between ADH and DCIS

Lobular neoplasia as one category
Invasive grading in development
Ongoing validation on surgical specimens
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Increasing molecular screening in BC

Early BC ET

ET+ChT

ET+CDK4/6 inh

Prognostic gene expression signatures
(OncotypeDx, MammaPrint, Endopredict, PAMS50, BCl)

HER2-low

Trastuzumab-deruxtecan
ET

Alpelisib

PIK3CA™Mut

MBC

ESR1™Mut

Elacestrant
PARP inh

Sacituzumab-govitecan
ChT

gBRCA/PALB2™ut

ESMO Metastatic Breast Cancer Living Guidelines, vi.1 May 2023

Gennari A et al. Ann Oncol 2021
Cardoso F et al. Ann Oncol 2019

Multiple treatment options according to ER/HER2 and other biomarkers

ER+/PRYHERZ-| ER+PR+/HER2+ ER-PR-/HER2¢+| ER-PR-/HER2-
-3 - il < -
. atay ¢ % sy

PD-L1+

gBRCA™ut

HER2-low

Atezolizumab+ChT

v

Pembrolizumab+ChT
» PARP inh

ChT

ChT+bevacizumab
Sacituzumab-govitecan

» Trastuzumab-deruxtecan

— But several issues for molecular testing

Cost

Access to molecular platfo
Time-consuming and human resources
Delay in patient treatment

rms




Al prediction models in Breast Pathology

PortrAlt

* Prediction of ER/PR/HER2 status
* Prediction of Oncotype RS
* Prediction of molecular subtype/alteration
— particularly valuable in low resource setting
* Prediction of outcome
— Local recurrence

— Distant recurrence RlapsRisk BC™

* Prediction of response or resistance to specific therapies
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Journal of Pathology
| Pathol July 2022; 257: 430444

Published online 21 April 2022 in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/path.5898

Artificial intelligence to identify genetic alterations in conventional

histopathology

Didem Cifci'®, Sebastian Foersch® and Jakob Nikolas Kather'***@
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INVITED REVIEW A Studies by tumor type
14
2 = Copy number alteration
. l = DNA damage response defect
10 | » Gene expression
Mutation
4 I ®» Overexpression
= Tumor mutation burden
6 ! I m Presence of Oncogenic Virus
’ | g
2 b :
1 1 |
f PRIV ef
o« ¢ &
«"
[51] 2018  Overexpression ER N/A CNN
[52] 2019  Overexpression 19 biomarkers N/A Morphological-based
molecular profiling:
logistic regression
and CNN
[53] 2020  Overexpression HER2 AUROC = 0.76 CNN
[54] 2020  Gene expression Expression of 250 genes AUROC = 0.73 (average DenseNet-121 CNN
AUROC of gene
prediction as high or
low)
*[55] 2020 DDR HRD AUROC — 0.70 CNN, MIL, RNN
[56] 2021 DDR HRD N/A Momentum contrast,
CNN, MIL
*[57] 2021 DDR HRD N/A SimCLR, CNN, MIL
*[s8] 2021 CNA, mutation CNA status in FGFR1, EIF4EBP1, N/A CNN
KAT6A, HEY'1, ZNF217, and
RAB25; mutation in RB1, CDHT,
NF1, and NOTCH2
[59] 2021  Mutation gBRCA AUROC — 0.7/ CNN
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“ Harbor o X V
Laboratory

THE PREPRINT SERVER FOR BIOLOGY

Mew Results A Follow this preprint

Deep Learning Allows Assessment of Risk of Metastatic Relapse from Invasive
Breast Cancer Histological Slides

l. Garberis,V. Gaury, C. Saillard, D. Drubay, K. Elzui, B. Schmauch, A, |asger, L. Herpin,
]. Linhart, M. Sapateiro, E Bernigole, A. Kamoun, E. Bendjebbar, A. de Lavergne, R. Dubaois, M. Auffret, L. Guillou,
I. Bousaid, U2 M. Azoulay, ©2 |. Lemonnier, M. Sefta, "0 A. Jacquet, A. Sarrazin, |-F Reboud, F Brulport, |. Dachary,
B. Pistilli, 5. Delaloge, B Courtiol, F AndréV. Aubert, M. Lacroix-Triki

doi: https://doi.org/ | 0.1 101/2022.11.28.518153

https://www.biorxiv.org/content/10.1101/2022.11.28.518158v?2

1 Digital HES slides 2 Clinical Data

-> Treatment data

Submitted, in revision

-> Demographic variables (age, gender)
: => Pathological variables (histological grade and subtype,
pT, pN) and phenotype (ER, PR, HER2, KI67)

GUSTAVE/

ROUSSY
CANCER CAMPUS / A\

GRAND PARIS

OWKIN

Al for Medical Research

* Région
“IedeFrance

Follow-up &
Survival
=> Loco-regional relapse
=> Distant relapse

- Death

VALIDATION: CANTO cohort
1429 patients ER+, HER2- 1400 patients ER+, HER2-

Independent & external dataset (5 years of follow-up)
Multicentric national observational trial
(NCT01993498)



https://www.biorxiv.org/content/10.1101/2022.11.28.518158v2

‘ How does it work?

5@

Raw WSI Tissue Detection
(100,000 px)

* Seg

1.3 | 2.8 e
MoCo V2 T,
25 | 00 | .. g
i e

Features Tiles
(10,000 x 2048) (2242 px)

mentation of the WSI using pre-trained UNet neural network

to discard backgound and artifacts of scanning or preparation
* The segmented tissue is divided into tiles, that are pushed in the
MoCo algorithm for feature extraction

17

0.3 4.1

1.3 2.8

2.5 0.0
Features

"6’ DL Model

0-3 V% ';'.;\)" anm
S ) — . B

Low
Risk

High
Risk

Probability of
Relapse

r_ &."\',.

-0.3 i@‘ﬁ'b’«f
P ks
LS

Tile Scores

The feature vectors were then aggregated using a
Multiple Instance Learning (MIL) model trained to
directly predict MFS at 5 years



RlapsRisk BC score and prognosis

Grand TMA |Variable Cox Model without RlapsRisk | Cox Model with RlapsRisk CANTO |Variable Cox Model without RlapsRisk| Cox Model with RlapsRisk
Unit HR (95% CI) P Unit HR (95% CI) |pP UnitHR (95%Cl) |P Unit HR (95% Cl) [P

Histological Grade |1.26 (0.92-1.73) 0.15 1.38 (0.99-1.92) |0.22 Histological Grade 1.84 (1.16-2.91) 0.01 1.61(0.94-2.76) |0.08
Age 1.37 (1.12-1.67) <0.005 |1.26 (0.93-1.54) |0.02 Age 1.11(0.85-1.44) 0.46 1.15(0.87-1.53) |0.33
Lymph Node
Invasion 1.12 (1.08-1.15) <0.005 |1.12(1.08-1.15) (<0.005 Lymph Node Invasion |1.15 (1.07-1.23) <0.005 |[1.11(1.03-1.20) |0.01

Multivariable | Tumor Size 1.32 (1.16-1.51) <0.005 [1.25(1.08-1.44) |<0.005 Multivariable |Tumor Size 1.26 (1.05-1.50) 0.01 1.16 (0.93-1.46)  |0.19

Cox model |Ki67 expression 1.44 (1.21-1.71) <0.005 |[1.39(1.16-1.66) |<0.005 Cox model Ki67 expression 1 21(1 .00-1.47) 0.05 1.23 (1.01-1.51) 0.04
RlapsRisk score  [N.A. N.A. 1.27 (1.13-1.43) |<0.005 RlapsRlsk score 1.38 (1.12-1.71)  |<0.005
C-index

(cross-validation)

0.78

0.80

Multivariable Cox proportional hazard models for estimating the contribution of prognostic variables on

MFS on GrandTMA

Multivariable Cox proportional hazard models for estimating the contribution of prognostic variables on

MEFS on CANTO
*C-index were computed from the Cox multivariable models trained on Grand TMA.

* RlapsRisk BC score was an independent prognostic factor of MFS when integrated into a
multivariable Cox model including clinico-pathological characteristics

 The Combined Model (clinico-pathological criteria + Al model) contributes with additional
information for 5-year MFS vs Clinical Model (clinico-pathological criteria alone)
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Age at surgery
<60
=60

Ki67
<20
220

Menopausal Status
No
Yes

pN
0
1
2
3

pT
1
2
3
Tumor Grade
G2
G3
Chemotherapy
No
Yes
Clinical Risk Group
Intermediary
High

Forest plot of the adjusted RlapsRisk Score HRs. Each square of the forest plot represents the HR of the adjusted RlapsRisk Score
(as continuous variable) and clinical factors in the subgroup of patients defined by the variable category in the first column of the
table, The HRs 95% Cl were represented by the horizontal lines, Tumor Grade 1 and Low Clinical Risk Group were removed as no
MEFS events were recorded in those subgroups.

Results from the first validation CANTO dataset (n=900)

‘ Subgroups analysis

Events/patients

26/499
28/392

26/696
28/195

14/224
32/667

167593
15/227
7/46
8/24

14/544
26/309
6/38

29/537
17/169

8/485
38/406

21/532
25/249

H

|

oy
o
-
w

2.0

25

HR (95% C1)

1.36(1.07.1.75)
1.49{1,05,2.12)

1.29(0.98,1.71)
1.42(1.03,1.97)

1.4(0.98,1.99)
1.38(1.08,1.77)

1.6(1.08,2.38)
2.05(1.46,2.88)

0.64(0.29.1.4)
0.95(0.49,1.86)

1.69(0.8.3.6)
1.45(1.14,1.84)
0.66{(0.34,1.28)

1.63(1.28,2.08)
1.07(0.76,1.52)

1.94(1.02,3.69)
1.3(1.06,1.61}

1.5%(1.07,2.31)
1.32(1.021.71)

p-value

1.32e.02
2.6%e-02

6.78e-02
3.23e02

6.37¢0.02
B8.92e-03

1.97e-02
<0.005
2.63e-01

8.85e-01

1.72e-01
«<0.005
2.18e:01

«<0.005
6.83e-01

4.26e-02
1.30e-02

2.04e-02
3.80e-02

Higher RlapsRisk
scores associated with
increased risk of
distant recurrence

in all subgroups except
for patients with
pN2/pN3 and pT3
stages (limited sample
size)

GUSTAVE/
ROUSSY

CANCER CAMPUS / \
GRAND PARIS



CANTO
RlapsRisk Classifier | Clinical Score Classifier |Combined Model Classifier T(_) oAl P !’e the _Ca 2 Clty of the m od e_l to
Low Risk* 562 563 658 dichotomize patients between high risk and
High Risk** 327 226 231 low risk, thresholds corresponding to a
% of patients with probability of MFS event of 5% at 5yr were
MFS events in the 1,42% 1,96% 1,22% d
Low Risk group use
% of patients with Three classifiers
0, 5 .o o o
MRS Rvaits e 3ok Canas TR Significant differences in MFS events
High Risk group
HR .36 2.25 6.99 between low and high risk for each classifier
cl 2.32-8.18 2.36-7.64 3.73-13.09 in both datasets
p-value <0.005 <0.005 <0.005
RlapsRisk Classifier Clinical Score Classifier Combined Model Classifier
10 '—~-——--k~-n-~--4n--<-*-x\\? 10 ot —————— | 1.0 et ————— — —— ;
0.9 ‘ 0.9/ kH—“‘ﬁH__ 0.9 _"“\__\ \
1 ’ Ty
0.8 0.8 0.8
Low risk (ref) Low risk (ref) Low risk (ref)
High risk, HR=4.36 (95% Cl 2.32 - 8.18) High risk, HR=4.25 (95% Cl 2.36 - 7.64) High risk, HR=6.99 (95% Cl 3.73 - 13.09)
p<0.005 p<0.005 p<0.005
0.75 450 900 1350 1800 0.75 450 900 1350 1800 0.75 450 900 1350 1800
Low risk Low risk Low risk
Atrisk 562 545 526 510 435 Atrisk 663 642 623 598 495 Atrisk 658 634 615 593 497
Censored 0 17 32 47 119 Censored 0 21 37 59 155 Censored 0 24 40 61 153
Events ] ] 4 5 8 Events 0 (4] 3 6 13 Events ] 0 3 4 8
High risk High risk High risk
Atrisk 327 312 298 274 218 At risk 226 215 201 186 158 Atrisk 231 223 209 191 156
Censored 0 15 25 38 83 Censored 0 11 20 26 47 Censored 0 8 17 24 49
Events 0 0 4 15 26 Events 0 0 5 14 21 Events 0 0 5 16 26

Kaplan-Meier curves from the first validation CANTO dataset (n=900)
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Model Interpretability

High-risk tiles

 ‘ Cribriform

No tumor

Fibrosis

Adjacent Tissue
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Tumor Stroma
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Vascular structure

Mixing Fibroblast/TILs Pattern
Activated Fibroblasts
Elastosis

Red blood cells
Lymphocytes

Pigments

In situ component %

Mitotic count
Mucus

Cluster,
Trabecular]
Massive

Tubule Formation[<10%]=3

Atypia=3

10 -76

p-value
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BRIEF COMMUNICATION ~ OPEN newses A QUIte competitive area of research...

Integration of clinical features and deep learning on pathology

for the prediction of breast cancer recurrence assays and risk of

nature medicine
recurrence
Frederick M. Howard (3, James Dolezal (3', Sara Kochanny', Galina Khramtsova (', Jasmine Vickery?, Andrew Srisuwananukorn (37, x ,
Anna Woodard'#, Nan Chen', Rita Nanda (%', Charles M. Perou (3", Olufunmilayo I. Olopade (', Dezheng Huo (3 and Article bbbl itetnbild

A s o A population-level digital histologic
biomarker for enhanced prognosis of

invasive breast cancer
ESMD = ANNALS o
2 02 1 ONCHQL%Y Received: 17 May 2023 Mohamed Amgad @', James M. Hodge ®, Maha A. T. Elsebaie’,
Clara Bodelon®’, S ha Pu ajah’, David A. Gutman®,

Accepted: 13 October 2023 Kalliopi P. Siziopikou', Jeffery A. Goldstein®', Mia M. Gaudet®, Lauren R. Teras®®

ORIGINAL ARTICLE Publisked caline: 27 November 2023 &LeeA.D. Cooper®'

Improved breast cancer histological grading using deep led .
NPJ | breast cancer www.nature.com/npjbcancer

Y. Wang', B. Acs™’, S. Robertson’, B. Liu’, L. Solorzano®, C. Wihiby", J. Hartman™”" & M. Ranta 2022

Departments of ‘Medical Epidemioclogy and Biostatistics; “Oncology-Pathology, Karolinska Institutet, Stockholm; *Department o
Diagnostics, Kacolinska University Hospital, Stockholm; ‘Department of Information Technology and Scilifelab, Uppsala Univery
BloClinicum, Karolinska University Hospital, Solna, Sweden ART'CLE OPEN W) Check for updates

Deep learning models for histologic grading of breast cancer
and association with disease prognosis
Ronnachai Jaroensri', Ellery Wulczyn', Narayan Hegde', Trissia Brown?, Isabelle Flament-Auvigne?, Fraser Tan', Yuannan Cai',

Kunal Nagpal®, Emad A. Rakha®, David J. Dabbs®*, Niels Olson ("%, James H, Wren”, Elaine E. Thompson (7, Erik Seetao”,
Carrie Robinson'®, Melissa Miao'', Fabien Beckers'', Greg S. Corrado', Lily H. Peng’, Craig H. Mermel', Yun Liu(®',

* Performance are good...
e ... but these studies use DL methods to predict

BC outcome via a proxy (histological grade,
intrinsic su btype’ RS) David F. Steiner(3'"'** and Po-Hsuan Cameron Chen''?=




Outline

e Al and theranostic biomarkers

* Take-home messages



Cell Reports Medicine  ,(,; @ CelPress

Deep learning identifies morphological patterns
of homologous recombination deficiency in luminal
breast cancers from whole slide images

Tristan Lazard,'* "' Guillaume Bataillon,”" '"'? Peter Naylor,' **'* Tatiana Popova,” Frangois-Clément Bidard,”

and Anne Vincent-Salomon® 71714

Dominique Stoppa-Lyonnet,” Marc Henri SQem 4% Etienne Decenciére,” Thomas Walter,' #715"

i TCGA (n=673) Vaviatves of onterest Confaunding factors [\_ Muothods wxd resclts by Lizovsd ot ol [1] J
e cohort from Curie Institute (n=714 with n=406 y ( :
H RD) mvl*u?h:m PN g " e.g. color v nmmmwhmq l ISqum samplong ﬂ ‘
. e . . . e Y MPBON i’ ¥ .o" Al
* Identification of several biases: technical i Ay e __:] pade! .o ] | Tt
(fixation protocol changes) and molecular o) ] ol | V= - > wy ——
subtype — focus on luminal subtype e | | Y o e o
— °° S el ‘~um [ prorem—rs
Table 1. Classification performances R b | . .\.);. :o s
AUC Bhce ,\ | B | U1 i Bk i |
/ - , Genamic instabibty "ot ey o WWt-
Mean SD Mean SD l = | || setowtaas 3 o s i ke fuluggrosnt | W P
TCGAaw 0.71 0.10 0.59 0.08 — ' RN s L_ l onmatin ode [l-Con
TCGA c3 0.63 0.08 0.54 0.02 ’ :
Curieraw 0.88 0.03 0.81 0.02
Curiec; + €z 0.86 0.03 0.78 0.04 bt 1o M e
Curiemmlna]s 0,83 0.07 0.72 0.% Confounders may be comelatad 10 the [abel of iterest, and T atused by the Al model

Schirris Y, Horlings HM. Cell Reports Medicine 2022
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Deep learning identifies morphological patterns
of homologous recombination deficiency in luminal
breast cancers from whole slide images

Tristan Lazard,' * 7 Guillaume Bataillon,” """ "7 Peter Naylor,' “ "7 Tatiana Popova,” Frangois-Clément Bidard,” "
Dominique Stoppa-Lyonnet,”” Marc-Henri Stemn, "~ Etienne Decenciére,” Thomas Walter,' #715°
and Anne Vincent-Salomon® 1715147

Morphological patterns in HRD
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The PortrAlt project

2 industrial actors

£ OWKIN

HEALTH

tribun

4 Partner Centers / networks

o R85
unicancer

—’ cacenomess [\
cupath ol

33M € budget
funded (France 2030) and EU

NN

A collaborative platform to accelerate and
optimise the development of Al diagnostics
models, FL compatible through Owkin Substra

—_—

15 CE-marked digital pathology models in 3
indications: breast cancer, NSCLC and
multi-cancers

A digital pathology marketplace, accessible in
30+ centers (incl. the full Unicancer network)

—

5 years project

e Started inJuly 2022

* Two main objectives:

1. To develop and train Al

algorithms based on digital

pathology using a National

French federated platform

(Portait Lab)

2. To develop an access platform
for certified Al algorithms



The PortrAlt project

Pathologist enhancements

Models to support pathologist tasks such as precisely counting
tertiary lymphoid structures, or KI67 exprassion

Biomarker Pre-Screen

Biomarkers for the early identification of patients with a particular
disease characteristic {e.g, MSI, KRAS, BRCA/HRD)

Outcome Prediction

Novel Al-based prognostic and predictive models to predict the
course of the disease in a patient (e.q. overall survival, metastatic
relapse) or response to treatment

*Will focus firstly on breast and lung cancers, with an
aim to evolve to pan-cancers

*Projects already started
» |In breast pathology:
» RlapsRisk BC™ v2
» HE2BRCA (n=300 BRCAI™tincluding 98
VUS, n=339 BRCA2™tincluding 162 VUS,
and n=1000 BRCA1/2"') in progress
» Inlung cancer: prediction of molecular
alterations, prediction of response to immune
therapy



Take home messages

e Strikingly active field of research!

* Al applied to digital pathology will probably
change the way we perform our diagnoses and
use molecular tools

—Used as a tool to improve our workflow and
reproducibility in diagnosis and quantification

—Used as a pre-screening tool of low cost, that
may increase access to innovative care

—Used as a complementary tool that provides
additional useful information for patient
management

—>Not replace molecular analysis yet, unless on
purpose full validation in dedicated clinical
trials!

* Combined Al models, including molecular
analysis, histology WSI and clinical data may be
our future!

Adapted from Schneider L et al. Eur J Cancer 2022

SNP

|

ATAC-seq

MRNA- Multimodal

“ -
mIRNA

expression

Biomarker
status
Histology —

Image features




e Deployment and adoption of Al
tools are the next steps

* Breast is an active field+++
especially for diagnostic algorithms

* Requires careful testing of
performance and safety as for any
other medical device

Oncogene www.nature.com/onc

REVIEW ARTICLE ~ Orin (.S o e
Translation of tissue-based artificial intelligence into clinical
practice: from discovery to adoption

Alice Gaaney', Paul O'Reilly' >, Perry Maxwell™, Jacqueine A. James @*'% Darragh McArt'>* and Manuel Salto-Tellez %5
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Issam Abd Alsamad
(1956-2017)

Issam was a noble soul,
his spirit will remain with us

Issam était une ame noble,

son esprit restera avec nous
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Magali LACROIX-TRIKI
Pathologist, Gustave Roussy, Villejuif
Magali.lacroix-triki@gustaveroussy.fr
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