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Analyse d’image en cytologie




L’lA comme assistant diagnostique
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A et développement de biomarqueurs
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Transcriptome analyses
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In situ analyses

- PD-L1 [HC
- CD8 IHC

- Multiplex IHC (CD31, MHC-I)

Genetic profiling

- Tumor mutation burden
- Neoantigen load
- Mutations (CTNNB1, TERT)

Survial analyses
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- Pathway/immune signatures
- TMB, mutations
- CD8 T cell, vasculature density




THE LANCET

Oncology Development of the model (ABRS-P)
. using 336 HCC samples from The

Artificial intelligence-based pathology as a biomarker of sensitivity to Cancer Genome Atlas data set

atezolizumab-bevacizumab in patients with hepatocellular carcinomasa
multicentre retrospective study

Qinghe Zeng, MSc « Christophe Klein, MSc « Stefano Caruso, PhD « Pascale Maille, MSc « Daniela S Allende; MD's

Beatriz Minguez, MD « etal. Show all authors « Show footnotes
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External Validation

Resection samples (n=225, Henri Mondor)
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Atezolizumab-bevacizumab
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Hematein-and-eosin Prediction heat-map
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IA et confiance
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Uncertainty-informed deep learning models enable
high-confidence predictions for digital histopathology
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Diagnosis with confidence: deep learning for reliable
classification of laryngeal dysplasia
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CHOLANGIOCARCINOMA vs METASTASIS
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Obstacles a limplementation de UIA

-Systemes informatiques des
hopitaux++++

-Colt

-Réglementaire



Dispositifs médicaux ou tests «<maisons»




Dispositifs médicaux ou tests «<maisons»

Journal of Pathology

] Pathol August 2025; 266: 390-394 PERSPECTIVE

Published online 3 July 2025 in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/path.6438

The case for homebrew Al in diagnostic pathology

Julien Calderaro'**, Helen Morement®, Frédérique Penault-Llorca™, Stephen Gilbert®" and
Jakob Nikolas Kather®”#*

In summary, noncommercial homebrew Al systems offer substantial potential to enhance
diagnostic accuracy, efficiency, and patient outcomes in digital histopathology. Recognizing
that such systems are already permitted under current EU regulatory frameworks, we
advocate for their advancement and integration into pathology practice. Tighter rules that
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