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Laboratoire MICS

Mathématiques et Informatique pour la Complexité des Systemes et des Données

[Recherche meéthodologique et fondamentale en Mathématiques et en Informatique ]
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Cancer

20M Cases
10M Deaths

Disease classified
by anatomical
locations but...

in fact driven
by
multidimensiona
|
biological
mechanisms

Vision

Classify cancers at the
individual scale
based on biological
mechanisms

Delivrables

Tools that recapitulate
cancer and host biology
in each individual or
patient

10 Yrs Impact

*New model for drug dvpt

* | Mortality (#10%)
e | Trt burden (#20%)
* | Healthcare disparities

To create an Institute
(PRISM) that supports
a scientific strategy to
produce multidimensional
portraits of cancer & host,
guiding prevention and
treatment
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From Unidimensional Analyses to Comprehensive Assessement of Biology in each
patient

Uni-dimensional Analyses
using patient samples, molecular profiling, datasciences (lllustration back-up slides)

Persistent

Clonality ~Myeloid cells Natural Killer Microbiome Metabolism Exposure . . .

Senescent

&y O D @& <ol

Persistent Aging
tumor cells cells

Therapeutic targets + Outcomes predictors for Disease models and Impactful clinical questions

Technologies & Applied mathematics for
comprehensive assessment of biological mechanisms in each patient longitudinally

Y eiaSl xRl

Organoids: Spatial analyses:  Circulating markers:

Multidimensional HE n=50 000 CTCs, ctDNA
Gene edited Single cell spatial Tumor Ecology

Clinical
Research
(prevention &
cancer
treatment)




Towards Precision Oncology

Clinical Data
a 4=
ﬂ =i= Patient
—
Histopathology
Cells
Metabolomics
Metabolits
Proteomics
‘ , ¥ —  Proteins
Transcriptomics
[Tﬂ Py l”_[/m a RNA
Genomics

T DNA

Large-Scale Analysis

Leveraging massive cohorts to build robust predictive models with statistical
significance.

Artificial Intelligence

Pioneering multidisciplinary Al and machine learning approaches for multi-omics
integration.

@)

Cross-Cancer Applications

Developing generalizable tools that work across cancer types and research
domains.

Clinical Integration

Implementing standardized pipelines from research to patient care.




Artificial Intelligence

« A long history since the
Darmouth conference (1956)

« Different families of
approaches

Artificial Intelligence

The theory and methods to build machines

Expert System Al that think and act like humans.
Programmers teach Al

exactly how to solve specific
problems by providing
precise instructions and

steps.

Machine Learning

The ability for computers to learn from
experience or data without human programming.

Deep Learning

Mimics the human brain using
artificial neural networks such as
transformers to allow computers to

perform complex tasks.

Generative Al

Generates new text,
audio, images, video or

code based on content it
has been pre-trained on.

ChatGPT Midjourney Gemini

© Al for Education 2023

aiforeducation.io




Two main approaches : Data-driven vs Symbolic Al

Two different assumptions on the notion of human knowledge and reasoning

« Symbolic Al :

— Human knowlege and reasoning can be captured, even if partially incomplete : explicit
representation of knowledge (using symbols rather than statistics to represent the world)

— Development of formalisms for knowledge representation and reasoning

Knowledge graphs, ontologies

Source : [Chandak et al, 23, Nature]
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Two main approaches : Data-driven vs Symbolic Al

Two different assumptions on the notion of human knowledge and reasoning

e Data-driven Al ;

— Human knowledge and reasoning are complex : knowledge implicitly in data

— Learning from data : exploitation of the past experience represented by data (preferably annotated data) to
build calibrated predictive models from the available data.

Principle

We want to predict Y from X, as for instance :
» X : radiology image, Y : presence of a tumor?
» X : sensor and monitoring data Y : rule life prediction of the
system ?

Determination of the fonction 1 (model) such that Y = (X), and % is
estimated from labeled data :
N situations in which one knows at the same time X and Y :

(Xi, Yi)i<i<n

Deep neural networks

Y = (X)), with ¢»(X) = hyyogmo...o hy o g1(X) where h; some non-linear
transformations and g; some affine transformations.

Input Hidden Hidden Output
layer layer 1 layer 2 layer

Representation learning

\ A4 ar: - R "
Lt NP pe i

The Deep layers capture complex features in the image to extract the most relevant
information for the prediction task [Lee et al., 2009].



The rise of generative Al : LLMs

A LLM is a deep neural network trained at very large scale to generate, given the input,
the most probable next words

“] want to go to the” —

At inference, step-by-step approach to generate text by samping in the learned distribution

I want to




The Era of Foundation Models

A new major paradigm for building Al system : train a model on broad data using
pretext tasks and adapt it to a wide range of downstrams tasks.

Machine Learnin . @)
gg Desp Foundation Models

functionalities

Emergence of... "how"
Homogenization of...  learning algorithms
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Bommasani et al., “On the Opportunities and Risks of Foundation Models”



https://arxiv.org/abs/2108.07258
https://docs.google.com/file/d/1M3bldzIGlS2TyOabGRLM-imhPmxGhJff/preview

Fondations models for Precision

Oncology
An overview




Foundation Models at Cell Level

A spatial domain (a.k.a. niche) is a localized cellular microenvironment within tissues.

> These domains reflect distinct biological functions and interactions

e nature methods

&g o D498 Explore content v  About the journal v  Publish with us v
© e D499 .
é o D500 nature > nature methods > articles > article
2 e D503

D504 Article = Published: 10 December 2025

NA Novae: a graph-based foundation model for spatial

transcriptomics data
spatial 1 Quentin Blampey &, Hakim Benkirane, Nadége Bercovici, Kevin Mulder, Grégoire Gessain, Florent

Which implications for tissue function / disease progression?  &inhoux, Fabrice André & Paul-Henry Cournéde &
Nature Methods 22, 2539-2550 (2025) | Cite this article

14k Accesses | 19 Citations | 22 Altmetric | Metrics



Foundation Models at Cell Level

= 30M cells database

R

Foundation model training
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Foundation Models at Tissue Level

Patch-level Patch Aggregator

: . (Foundation or task-
patches foundation model embeddings shecifie riodal

If some information is missed at the tile level, the aggregator will lack
context to perform a prediction at the slide level.

Focusing on patches allows to isolate the impact foundation models
from design choices about aggregators



Foundation Models at Patient Level

Challenge : In Clinical Setting,
Ioatlent data are everywhere, in a
ot of formats and modalities, all
at once

> All these data represent one
view of the patient, so how to
integrate them ?

Data modalities Opportunities
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Going Multimodal with agentic Al

Al agent : can gather useful sensory information and interact with
their environments in meaningful ways

Enable the orchestration of
complex pipelines with LLMs and
foundations models applications
executing complex tasks through
the use of an architecture combining
them with key modules like planning
and memory.

Storage

Memory

( Summary| | Recall Leamn| |Retrieve

Decision Making
Planning
/ Reasoning

Knpwledge

ilg))));

Reasoning from
the current weather
conditions and the

reather reports on
the internet, it is
likely to rain
tomorrow. Here is
your umbrella.

Generalize / Transfer

Calling API ...

@S...

R

Lo¥ -

-

Xi et al., “The Rise and Potential of Large Language Model Based Agents: A Survey”



https://arxiv.org/abs/2309.07864

Going Multimodal with agentic Al

@ Knowledge database

Medical guidelines

Keyword filter

e,

~ 6,800 guidelines

O,

Send query

Text embedding @
model (3-large) Store

4 -

Retrieve
context

3,072

Text feature vector

Kather Lab, Ferber el al, Nature Cancer 202

Patient case

LLM
agent

¥

Strategy

LLM
agent

® |

Response

Agent pipeline

@ General purpose and domain-specific medical tools

LR www. |
Google
Repeat max
n times
— PubMed

@ OncoKB

@

PubMed
Send
results @
Y

Select tools

Python GPT-4 Vision

Interpreter

Radiélogy
report

+-x/

Calculator

—  Parallel =—

PubMed query:
Novel treatment options for BRAF, ¢
include ...

Radiology report:

The CT scan shows multiple liver and
lung metastases ...

Histological analysis
MSS; prob0.97

BRAF wt; mut prob 0.03
KRAS wt; mut prob 0.48

Med SAM
segmentation

Specialist Al

—= sequential =

MedSAM: tumor size

11/2023: 1315; 02/2024:2744

Use calculator (divide):

“The tumor size increased by 208%.”
Decide: progressive disease.


https://www.nature.com/articles/s43018-025-00991-6

Fair and robust evaluation

Tile-level Histopathology image Understanding benchmark (Marza et al.)

Diverse Datasets Feature Space Study
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https://arxiv.org/abs/2507.07860

Handling Multimodality

Multimodal CustOmics (Benkirane et al.)
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Efficient extraction

ColPali: Efficient Document Retrieval with Vision Language Models
(Faysse et al.)

Standard Retrieval 4371 0.66 NDCG@5

online

-
== Vﬁj; g - _are
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@ 7.22s / page OCR detection @ 22ms / query
ColPali (ours) Zasl 0.871 NDCG@5
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https://arxiv.org/abs/2407.01449

The need of explainability

CNNis learn to predict pneumonia by detecting

The era of black box models hospital which took the image
. e Study on detecting pneumonia using
Train Dataset 158,323 chest radiographs
i . .
1 . g Learning Algorithm e CNNs robustly identified hospital system
7 and department within a hospital

/

e CNN has learned to detect a metal token
that radiology technicians place on the
patient in the corner of the image

Inputs =~ Predictions
=y '
g —
Variable generalization performance of a deep learning model to detect pneumonia in chest radiographs: A cross-sectional study.

Zech JR1, Badgeley MA2, Liu M2, Costa AB3, Titano JJ4, Oermann EK3. https://www.ncbi.nim.nih.gov/pubmed/30399157

Trust in model decision aided

End Users
+ Who: Physicians, judges, loan officers, teacher evaluators
« Why: trust/confidence, insights(?)

+ Why: ensure/improve performance

5 W Regulatory Bodies
R \ TT + Who: EU (GDPR), NYC Council, US Gov't, etc
e a « Why: ensure fairness for constituents
‘ Al System builders, stakeholders - k
‘ « Who: data scientists, developers, prod mgrs !

Affected Users
« Who: Patients, accused, loan applicants, teac
+ Why: understanding of factors

“ / models outcomes

Must match the complexity capability of the consumer
Must match the domain knowledge of the consumer

Fairness and robutness



Explainability for scientific discovery
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Concept-based and counterfactual XAl for discovering interpretable biological concepts in RNA-seq Foundations models
(Claye et al..)



https://hal.science/hal-05335430v1/file/main.pdf
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