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From biological stochasticity to tumor heterogeneity
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From single-cell biology...

Single-cell omics
Nature Method of the year 2013
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... to multi-modal single-cell biology
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scM&T-seq (2016)
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... to spatial single-cell biology

Single-cell omics
Nature Method of the year 2013

Single-cell multiomics
Nature Method of the year 2019

Spatial (single-cell) (multi) omics
Nature Method of the year 2020 & 2024

&)

10X Xenium - Breast Cancer Nanostring CosMx — Human Lung

Images from https:/ /hubmapconsortium.org, 10Xgenomics.com and Nanostring.com



... and perturbation biology

Single-cell omics
Nature Method of the year 2013

Single-cell multiomics
Nature Method of the year 2019

Spatial (single-cell) (multi) omics
Nature Method of the year 2020 & 2024
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Single-cell omics @
Nature Method of the year 2013 * &

Single-cell multiomics gﬂ‘ .:.‘

Nature Method of the year 2019

Nature Method of the year 2020 & 2024
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Whole tumors in health and disease, over time or under treatment
down to the last single-cell, for millions of cells



... to new paradigms in Al

Variational Autoencoders & Generative

' Adversarial Networks

Single-cell omics @
Nature Method of the year 2013 * 2013 -2014
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Nature Method of the year 2019

Spatial (single-cell) (multi) omics
Nature Method of the year 2020 & 2024
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Drug or Genetic Perturbations
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Whole tumors in health and disease, over time or under treatment
down to the last single-cell, for millions of cells



... to new paradigms in Al

Single-cell omics * Variational Autoencoders & Generative

Nature Method of the year 2013 Adversarial Networks
2013 -2014

Single-cell multiomics 56‘
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Nature Method of the year 2019 2017 - 2019

4;.; : Transformers and Foundation models

Spatial (single-cell) (multi) omics
Nature Method of the year 2020 & 2024
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Whole tumors in health and disease, over time or under treatment
down to the last single-cell, for millions of cells



... to new paradigms in Al

Single-cell omics Variational Autoencoders & Generative
Nature Method of the year 2013 ' gg‘]/grsazr:::lefworks
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... to new paradigms in Al

Single-cell omics * Variational Autoencoders & Generative

Nature Method of the year 2013 Adversarial Networks
2013 -2014

&.. Transformers and Foundation models

L ]
@ 2017 - 2019

r‘\ Multimodal models (DALL-E, CLIP)
°

Single-cell multiomics 56‘
Tl T

Nature Method of the year 2019

Spatial (single-cell) (multi) omics
Nature Method of the year 2020 & 2024

2021

L

Drug or Genetic Perturbations

‘ Agentic Al & Reasoning
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Whole tumors in health and disease, over time or under treatment
down to the last single-cell, for millions of cells



... to new paradigms in Al

Single-cell omics Variational Autoencoders & Generative
Nature Method of the year 2013 ' gg‘/zrsqzri;' Networks
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Drug or Genetic Perturbations

‘ Agentic Al & Reasoning
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Whole tumors in health and disease, over time or under treatment New modeling paradigms able to capture complex multimodal,

down to the last single-cell, for millions of cells spatiotemporal data, interact and reason



From molecules to whole tissues

Prediction of protein structure Structure of protein complexes A Multimodal Generative Al Copilot for Human Pathology
y D)?aaﬁz‘;i:i:s . 5 3 4 Sk A describe what you see in these images. what

organ am i looking at?

Putative
peptide
substrate
recognition
channel

You are looking at the tongue. The first image
shows normal squamous mucosa, which is the
typical lining of the oral cavity, including the

tongue. The second image shows skeletal muscle
De novo protein or enzyme design fibers, which are a normal component of the

tongue's structure. The third image shows a

squamous cell carcinoma, which is a malignant
300 amino acids 600 amino acids tumor arising from the squamous epithelium of the

tongue

Towards a general-purpose foundation model for computational pathology

3 O~

Desig

7 2 A visual-language foundation model for computational pathology



Availability

Noise

A reality check

Clinical data a Modeling limitations
@®

%)
Histopathology Molecular

MXOX

Perturbations

Models are not directly transferrable

Model selection/tuning
Validation and assessment

Generalizability

@ Reliable and Safe @ Explainability

Spatial omics .
{1 Avoiding Bias B "




Represent

-

Histopathology

Clinical data

FElRS

Interpret

Perturb

Perturbations

HS

Biological discovery
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Represent

Histopathology

Clinical data

ERJRN

How can we learn multimodal

representations from spatial omics?

Interpret

How can we interpret these
representations of the TME?2

Perturb

Perturbations

DS

Biological discovery

Treatment selection

=

How can we predict the
effects of drug
perturbations?
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Represent

Histopathology

Clinical data

EIR i

How can we learn multimodal

representations from spatial omics?

Interpret

How can we interpret these
representations of the TME?

Perturb

Perturbations

DS

Biological discovery

Treatment selection

=

How can we predict the
effects of drug
perturbations?
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.Tumors are complex

.

ecosystems!




The Bottleneck: Scale, Cost, and Complexity

10X Xenium-Breast Cancer Nanostring CosMx —Lung CODEX - Lymph node IMC - Human Placenta

NG

Spatial omics — multiplexed imaging:

v Many genes/proteins simultaneously
X High cost and long turnaround

X Specialized equipment

x Tissue-destructive

X Small capture area

Images from https:/ /hubmapconsortium.org, 10Xgenomics.com and Nanostring.com

Immunohistochemistry (IHC)

NKX3.1 AR
T
VY
e

CD146

Traditional histopathology:
V' Fast & cheap

missing .
v/ Standardized protocols

X Unaligned images (no multiplexing)




Source domain

Virtual staining

Target domain

Van Gogh

BIRTYS
- - y\ 5
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Virtual Multiplexer

Multiplexed tumor profiling with generative Al

Tumor resection Tissue preparation @ S Histopatholo
PIop /¥ H&E \%\// Serial IHC staining (»)day(s) P 9y
e Fixation ¢ )
e Embedding _|_ . I AT\t A

e Sectioning

(Ye) 5
—> Virtual )
Multiplexer Virtual multiplexed staining @mins
<, Pathologist Hospital

— Bk e
&5 I

Pati et al., Nature Machine Intelligence, 6, 1077-1093 (2024)

Pushpak Pati

Virtual staining:
v/ Fast & cheap
V' Standardized protocols
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Virtual Multiplexer

Multiplexed tumor profiling with generative Al

Tumor resection Tissue preparation @ S ) o Histopatholo
i /¥ H&E \\ Serial IHC staining (»)day(s) P 9y
e Fixation ¢ ‘ )
e Embedding 3 ; — ke
e Sectioning 3 + 5 : [ 45 3V €8
oO ¢ - J
02" —» Virtual ol multiolexed staini _
Multiplexer Virtual multiplexed staining @mlns ' '
Pathologist Hospital
9~ - i
(8s.)
p53

Ch44 . NKX3.1

1,;:'#; missing

CD44

Virtual

CD146 o pS3

Multiplexer ;

Pati et al., Nature Machine Intelligence, 6, 1077-1093 (2024)

e

Pushpak Pati

Virtual staining:
v/ Fast & cheap
V' Standardized protocols

v Generates realistic virtual
stains for several markers

v Unpaired data — paired,
virtually multiplexed data

22



Unpaired image-to-image translation

Label-free
images Image cropping Network input

Histologically Image cropping Ground truth
stained images

23



Unpaired image-to-image translation

Input Image

Predicted Image

https://www.tensorflow.org/tutorials/generative/cyclegan

24



Unpaired image-to-image translation

Input Image Predicted Image

25

https://www.tensorflow.org/tutorials/generative/cyclegan



Cycle consistency loss

cycle-consistency | ..
loss ) \.&
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cycle-consistency |[,..-
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Zhuetal., ICCV 2017

Cycle consistency loss

https://github.com/junyanz/Cycle GAN
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Neighborhood consistency loss
(patch)

(‘\

2

Global consistency
k loss (tile)

A}

3

Local consistency loss
(cell)

Pati et al., Nature Machine Intelligence, 6, 1077-1093 (2024)
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s
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Virtual
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Target (real)

VirtualMultiplexer: model architecture

IHC patches Y,

Target (virtual)
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VirtualMultiplexer: model architecture

4 , , H&E patches X, L
Neighborhood consistency loss ‘
(patch) Virtual
Multiplexer )
C '\2 ) P IHC patches Y,
Global consistency . G _’
'\ foss (11 : ol : _ IHC patches Y,
¥ 7T e e R, 5 |
3 e a1 7>
. e y s o Y D i iin -
Local consistency | 4 4 *z SRy -
ocal cnr(l(s:;s”)ency oss | Ll ?}/i é;i R .E‘.j
2 Global consistency loss k 3 Local consistency loss
TS 00000
U 15l A ) — 1 I I
) gy £ e Dcell L — CcellDisc
et S 1y I -
5@ e 11111
e im. J'Jtl & Y’i;mg
11100
— ]
F K Fear ----_’ cellClass
100 00
['content ‘J IJ_L’ ‘Cstyle
l11s 1y,
. J A
Notations: Frozen model ’ Trainable model ' B B Real/Virtual ‘ [ Positive/Negative cells
(7 : Encoder l D : Patch discriminator ‘ Dee11 - Cell discriminator |F . Feature extractor |Fée11: Cell classifier | [1 [2 [, Layers
. i 29
X, : Real H&E patches | Y, Yp' : Real/Virtual IHC patches | Ximg, Yimg: ,L-’mg : Images ‘ X¢, Yt,Yt’ : Tiles



1 Neighborhood consistency loss
a Adversarial loss

.

b Multilayer contrastive Io_§s_m_

zl'

F :P Lk F

['content ‘J

Pati et al., Nature Machine Intelligence, 6, pages1077-1093 (2024)

3 Local consistency loss
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: cellClass
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Performance assessment

Fréchet Inception  Visual Turing Staining

Real IHC Virtual IHC : .
Distance Test quality
60 _ 70 100 Unpaired S2S translation
n=114
65 - methods
60 o 807 B CycleGAN
°s 3B cuT
55 - 8
% 601 I CUT+KIN
501 i B Al-FFPE
45 g 7 B VirtualMultiplexer
0] 0 °
20 4
35
30 0l Visual Turing test
WVRRVRR V R VV: Virtual as Virtual
VR: Virtual as Real
EMPaCT prostate cancer TMA*: RV: Real as Virtual
RR: Real as Real

210 patients (4 cores / patient)

« 6 markers (NKX3.1, AR, CD44, CD146, p53, ERG)
Staining quality

 The VirtualMultiplexer outperformed all other methods in all 6 IHC markers in terms of FID score. = g:‘;ig:iﬁfd

 Visual Turing test close to random guess: average sensitivity/ specificity of 52.1% / 54.1% across all six Border
markers Not acceptable
 Virtual staining quality was on par or higher than real staining quality for 4/6 markers
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Brightfield WSI

Generalization on OOD WSlIs

Virtually stained WSI Real WSI (serial section)

Glandular luminal cells and
correct patterns are identified

NKX3.1

Glandular luminal cells and
correct patterns are identified

No signal in vascular structures Misdetection of glandular NKX3.1+
and correct patterns are identified cells that invaded periglandular stroma

33



Improved clinical predictions

Unimodal models Multimodal late fusion model Multimodal early fusion model
| Notations

p
]
—» — — I I I D Image patch

ResNet-50 (frozen)
_’
— > — N Grgph-Transformer
(trainable)
—»>
G717
I I I—> — I I I_. — (] I I I Fused features
z Downstream task
- J

N

N

N

I II Patch features

N

Virtually multiplexed
patches

Graph representation Graph-Transformer

Graph
Convolution Layer

v

Transformer
Layer

v

MLP

Prediction of clinical endpoints

Gleason grade Overall survival
TNM stage Disease progression
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Improved clinical predictions

Unimodal models

Virtually multiplexed

Graph representation Graph-Transformer

Multimodal late fusion model

]
“

7 b
—— —
>

N

-4

Multimodal early fusion model

Il
-

\

patches
: Graph EMPaCT (results on test data)
S, ! 3 S Convolution Layer Overall survival status
..““.‘"“ { 8 =13
':‘.:":‘..“ —> Transformer g*" n=120 p=141 =126 =136 *
Layer O | n=g5 "= !
Seslenlenl 35 Tl ]
Soss : MR B
.Q‘ .Q‘..‘ MLP £ I Wz I
§65
| 60 | |
N
l \;@"” e g oo“b@ &

Prediction of clinical endpoints

Overall survival
Disease progression

Gleason grade
TNM stage

Notations

D Image patch

ResNet-50 (frozen)
Graph-Transformer
(trainable)

I II Patch features

Fused features

Downstream task

Training settings
B Unimodal - Real

Unimodal - Virtual

MM-R-L: Multimodal -
Real - Late fusion

I MM-V-L: Multimodal -
Virtual - Late fusion
.

MM-V-E: Multimodal -
Virtual - Early fusion
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| Transfer to other datasets - PANDA

Ground-Truth Gleason Score (GS): 3 +4

(green: benign, blue: GS 3,
Gleason grading (PANDA) Predicted label el ”

751

n=1903 Benign 7 5 0 2
o 0 Gradesb. 3 0 0
fued =l=
O —
9 65. _ B - %GradeT- 15 95 |22 53 21 0
L ©
o 60. S Grade8- 4 8 41 127 34 2
9 =
555 Grade9- 8 2 23 29 135 11
2 55.
= Gradel- 0 0 2 1 5 11
50' '\ \’ @ ] 1 1
O D O N Y & L A O
& & LS S e>° e>° ¢
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Hallucination detection

Virtual staining Generated stainings
model

Source images
—> —>

Hallucination
detection P

Uncertainty &
robustness Pixel-wise uncertainty maps
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Virtually multiplexed stainings

Virtually multiplexed

Graph representation Graph transformer

patches
) ‘ Graph
B 3 convolution layer
% |
‘:‘ Transformer
Y layer
038% MLP

Prediction of clinical endpoints

Gleason grade Overall survival
TNM stage Disease progression

Virtual Multiplexer

Multiplexed tumor profiling with generative Al

Training
Prostate >
cancer > |I| ¢
TMA
Transfer
Across learning
scales

Across

cancer m ‘
types CRC y — =
A — —

[ |BRrRCA

Pati et al., Nature Machine Intelligence, 6, 1077-1093 (2024)

Across SICAP/PANDA
cohorts e | s gﬂf S
Py : @‘ 4 -3
P R
=]

v Consistently improved the prediction of
clinically relevant endpoints

v Able to generalize to unseen cohorts
and cancer types

Towards Al-assisted histopathology:

* Data inpainting, sample imputation,
harmonizing datasets, experimental
design

* Translation to cutting-edge spatial
omics technologies (e.g., spatial
transcriptomics)
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An end-to-end Al framework for Inflammatory Skin Diseases

ISD Patients % i ? Can we extract H&E representations that capture tissue

(n=126) % [ e heterogeneity?
Atopic Dermatitis (AD) Histology i ‘ i

EEE—
Psoriasis (PsO)

Lichen Planus (LP) ? Can we use them to train Al models to predict

Lupus Erythematosus (CLE) . ° molecular characteristics or diagnostic labels?

Bulk

Bullous Pemphigoid (BP) || BT
Transcriptomic || ]
Profiles == J
.
|
[ |
[ |

Neutrophilc Diseases (NeuD)

w
. w Meutro . . o

Drug Hypersensitivity Reaction (DHR) — Z % — How interpretable and clinically understandable are
Healthy Ski O > .
satiy Sn o the representations learned by these models?
Wells Syndrome T | | —J| Thi °

PATIENTS ~ IMMUNE

MODULES

CIOK oL 00000,

Collaboration with Prof. Raphael Gottardo (BDSC) and Prof. Michel Gilliet (Department of
Dermatology, CHUV)

Melissa Ensmenger Team members: Antoine Girardin, Jeremy Di Domizio, Hugo Cometto 40



An end-to-end Al framework for Inflammatory Skin Diseases

Extract patch embeddings with pre- Train MIL aggregator + head Explain prediction by visualizing patch
trained foundation models for prediction tasks attention scores

r’:x;"
- -
- -
- -
N — 3
) 2’
<25

@ Segment and patch WSI H&E

CLASSIFICATION

™ :

=

REGRESSION

.--"""" D
Single-Targed

apdl ' EEEER

Muti-Targal

Patch-level Foundation Model MIL Aggregator .
Hoptimus-0° S - UN.I-v24 ] —  Virchow-28 Attention-based MIL Pm:néd-
CONCH-v1.5 — Hibou-L module (ABMIL) embedding
| Prediction Head
| I—

2-layer MLP . Attention Scores
. = weights for patch aggregation

Patch embeddings

41
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Frozen weights Trainable parameters



An end-to-end Al framework for Inflammatory Skin Diseases

@ Segment and patch WSI H&E

Extract patch embeddings with pre-
trained foundation models

& Fr
2

Patch-level Foundation Model
Hoptimus-0® —  UNI-v24 —  Virchow-28
CONCH-v1.5° — Hibou-L”

o—p =
, .
E :
= —— 1
‘ I —"

Patch embeddings

Frozen weights

UMAP2

UMAP2

FM representations capture different layers of the skin as well as
specialized morphological structures and technical artifacts.

Patient ID /

B Diagnosis

AD

e BP
CLE
DHR

® Healthy
LP
NeuD
PsO

e Wells
NA

UMAP2

UMAP1

Leiden Clustering

UMAP1

49
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An end-to-end Al framework for Inflammatory Skin Diseases

Extract patch embeddings with pre- Train MIL aggregator + head Explain prediction by visualizing patch
trained foundation models for prediction tasks attention scores

r’:x;"
- -
- -
- -
N — 3
) 2’
<25

@ Segment and patch WSI H&E

CLASSIFICATION

™ :

=

REGRESSION

.--"""" D
Single-Targed

apdl ' EEEER

Muti-Targal

Patch-level Foundation Model MIL Aggregator .
Hoptimus-0° S - UN.I-v24 ] —  Virchow-28 Attention-based MIL Pm:néd-
CONCH-v1.5 — Hibou-L module (ABMIL) embedding
| Prediction Head
| I—

2-layer MLP . Attention Scores
. = weights for patch aggregation

Patch embeddings

43
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An end-to-end Al framework for Inflammatory Skin Diseases

Train MIL aggregator + head Explain prediction by visualizing patch
H&E patient embeddings Gene expression patient embeddings for prediction tasks attention scores

CLEQEFR ‘ CLASSIFICATION

5 % LP XHP
A o)
= %% NeuD%D BP
~ ‘ @ N Healthy_~ o 5&
a 32 o O wells 5
3 3 s .
= =) AD N
—__—— I
PsO T
% OKRF® - REGRESSION
UMAP1 UMAP1 — |:|
Single-Targed
Metric Confusion Matrix .
3 accuracy-macro B f1-macro 0 precision g 0 0 0 0 0 0 T E_:ED:I
B accuracy-micro B f{-weighted W recall MulB-T, i
5 HF
1.0 1 000000 &- 0 - 0 0 0 0 0
0.9 H:l 007600 4. o 0 2 0 0 0 0 4
0840 I:FEF:. o MIL Aggregator Patient
£ . atien
| o g~ o o -2 0 0 0 3 Attention-based MIL
o7 © o0 embedding
o o o =0 o o0 ©0 2 1 o , module (ABMIL)
]
L e g..o20 g_ 0 0 0 1 0 1 0 [P
o 2 N Prediction Head .
0.4 _ .
20 o 0o o 0 o 2-layer MLP Attention Scores
0.3 1 . ‘ . . . . L = weights for patch r tion
T T T T T AD EP CLE DHR LP NeuD PsO 0 . € g sto pa ¢ agg ega °
Hoptimus0  Virchow2 — UNIv2 Hibou-L ~ CONCHv1.5 Predicted . 44
Foundation Modl ‘ Trainable parameters



Pradicted

An end-to-end Al framework for Inflammatory Skin Diseases

Our framework can predict joint immune pathway activity from tissue
morphology (H&E)...
Comparison of 5-fold cross-validation Spearman correlations for pathway activity prediction

between multi-target and single-target models*
*trained on HoptimusO patch embeddings

Targel
IFM N Macro Thi? Thi
I Eosino Meutra Thg B multi_targat

1.0

0.9
5
2 0B j E
=
g 0.7
o
] =]
[
& D.E
E o " e
@
@ 0.6
=%
oy

0.4

Eosina IFN Macro Meutro Thi Thi7? Th2

Immune Module Score

Predicted (y-axis) vs. reference (x-axis) pathway activity for the multi-objective model
(example test set of specific split)

Eosino IFN Magcro Neutro Thi Thi7 Th2
) 2 n f 25

.
o [p=0.81 | P=077 v P=087 ) MR R 0 [P=0.75 . o [p=0.57 b p=0.83

Prodicted
Pradicted
S
Pradicted
Prodicted

tERLH

Train MIL aggregator + head
for prediction tasks

4

Explain prediction by visualizing patch
attention scores

CLASSIFICATION

MIL Aggregator
Attention-based MIL
module (ABMIL)

Prediction Head
2-layer MLP

Trainable parameters

. REGRESSION

.--"""'H D
Single-Targed

apdl ' EEEER

Multi-Targsl

Patient
embedding

Attention Scores
= weights for patch aggregation
45



Patient 1 (CLE)

Patient 2 (LP)

An end-to-end Al framework for Inflammatory Skin Diseases

.. and map it back to specific tissue regions using attention scores.

Patch attention scores as a proxy for
pathway activity
(prediction)

Predicted Th1-activity : 1.60

Pathway activity measured by spatial
transcriptomics
(Visium HD; consecutive slide)
(ground truth)

Measured Th1-activity : 1.75

Train MIL aggregator + head

for prediction tasks

4

MIL Aggregator
Attention-based MIL
module (ABMIL)

Prediction Head
2-layer MLP

Trainable parameters

Explain prediction by visualizing patch
attention scores

CLASSIFICATION

'___._...--""

"-.._-_-.

u

Singla-Target

H  EEEE

Muti-Targal

Patient
embedding

. Attention Scores

= weights for patch aggregation
46



Represent

Histopathology

Clinical data

EIR i

How can we learn multimodal

representations from spatial omics?

Interpret

How can we interpret these
representations of the TME?2

Perturb

Perturbations

DS

Biological discovery

Treatment selection

=

How can we predict the
effects of drug
perturbations?

47



Modeling the TME with Graph Representation Learning

Diagnosis/Prognosis

Multimodal
representations

Interactions

Perturbations

DS

Biological discovery

Treatment selection

=

48



Modeling the TME with Graph Representation Learning

Perturbations

DS

Diagnosis/Prognosis
— “ Biological discovery
N— |
\l L @ ,,,,,,,, ’
Multimodal
representations

Treatment selection

i Feature 1 Feature n ﬁ ﬁf

Interactions Spatial heterogeneity features

f ATH E NA Martinelli and Rapsomaniki, Bioinformatics (2022)

¢ ) nhttps://github.com/AI4SCR/ATHENA

Adriano Martinelli
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https://github.com/AI4SCR/ATHENA

Modeling the TME with Graph Representation Learning

Diagnosis/Prognosis

Multimodal
representations

Can we build explainable Graph ML
models that learn diectly from data?

Interactions

Perturbations

DS

Biological discovery

Treatment selection

=
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Post-hoc explainers are not consistent

Publicly available NSCLC IMC dataset (Cords et al., 2024).

Predict LUAD vs. LUSC

metric

Model F1 weighted F1 macro

MLP 0.641 £0.005 0.635+0.013
GCN 0.715+0.007 0.704 £ 0.004

GAT 0.76040.016 0.752 = 0.015
1070 NSCLC patients TMA 45 markers GIN  0.7234+0.013 0.710 + 0.029

58% LUAD, 36% LUSC

N

Theo Maffei



Post-hoc explainers are not consistent

Random Explainer GNNExplainer

Average Jaccard Index top 100
relevant cells

Relevance Rank (low - high)
GMNE=plainer  Randsm Explainer
1 1

R
'

GraphCAM
'

1
dom Explaines LRP GraphCam

Helevance Rank (low - high)

Theo Maffei

Although GNN-based models achieves an F1-weighted score of 0.76, post hoc explainers exhibit limited
agreement

.04

=
=
@

Ayerage |accard [res

@00



ProteinPNet: Prototypical Part Networks for Concept

Learning in Spatial Proteomics

Prototype Discovery

Prototype Interpretation

IMC dataset

Louis McConnell

Original 43 channel image

> selected prototype

&
I
AN £ .
7 " y
2
-
<1
|

Prototype vectors, projected
to their closest patches

" Encoder

PC-reduced sample

AN
7

Encoder

¥

Feature map
=1(x) d(; , patches(”))

v N

max score: 3.8 max score: 9.6 max score: 8.8

27.8 8.7
Squamous cell carcinoma Adenocarcinoma

N

top-k prototype
activated samples S

4

top-N percentile
activated regions

/oL
$ .:‘:‘.: l“‘G‘)\ ........

Graphical Morphological Expressional
analysis analysis analysis

McConnel, Sun, Maffei, Gottardo, Rapsomaniki, Inageomics NeurlPS workshop (to appear)
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ProteinPNet: Prototypical Part Networks for Concept
Learning in Spatial Proteomics

prototype part prototype src img prototype src activation prototype part prototype src img prototype src activation

=<,
-

LUSC LUAD

McConnel, Sun, Maffei, Gottardo, Rapsomaniki, Inageomics NeurlPS workshop (to appear)



From TME complexity to interpretable concepts

Tumor-promoting inflammation Deregulated metabolism &mor-promotmg inflammation
-
® P4
'4
x 0
Yoo Pl
by o« g O
. Vasculature and ¢
Invasion and H i e =g,
& . @
metastasis ypoxia AP
7— - -4 ®0g
&
& .
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@  Invasion and metastasis
@
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Proliferative signaling Cancer cell plasticity
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Concept graph 1

»
s
v
]
3
(0]
Q.
Q
v

From TME complexity to interpretable concepts

GNN 1

Spatial biomarkers

interpret
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MOSAIC: the world’s largest spatial multiomic dataset in oncology

Total patients included

9 Cancer indications 2 , O 5 5

Data modalities Spatial omics data generated
6 1,833

& Mosaic

an owkin initiative

1 O O Clinical variables per patient 1 , 4 4 9 Single-cell omics generated

Spatial transcriptomics

X OWKIN ®  fhivem uie ®

Owkin uses artificial intelligence (Al) to find the right treatment for Since 1815, Erlangen University hospital has operated at the
every patient. frontier of healthcare innovation.

Single-cell RNA-Seq

Bulk RNA-Seq

v Centre hospitalier @
universitaire vaudois

Whole Exome Sequencing

Digitized H&E

Clinical data

The CHUV, since 2019 ranked among the best 15 hospitals
worldwide by Newsweek, is one of the five Swiss universities.

@HARJTE ®

The Charité is the medical faculty of the Humboldt University and
the Free University of Berlin.

Leading Cancer Center in Europe, ranked third best oncology
hospital in the world, according to Newsweek in 2023.

i’ University of
Pittsburgh ®

A top-ranked, public institution in the U.S.

Collaboration with Prof. Raphael Gottardo (BDSC), Dr. Krisztian Homicsko (Dept. of Oncology, CHUV), Prof. Laurence
de Laval (Dept. Pathology, CHUV)
Team members: Sari Issa, Theo Maffei, Spencer Watson, Jonathan Bac



Represent

Histopathology

Clinical data

ERJRN

How can we learn multimodal

representations from spatial omics?

Interpret

How can we interpret these
representations of the TME?2

Perturb

Perturbations

DS

Biological discovery

Treatment selection

=

How can we predict the
effects of drug
perturbations?
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High correlations of drug response metrics between cell

et

L .

IC,, on Glioma (LGG)

Fearson's B = 0.B2 (p=Z 4:-813)
R = 066 .

IC,, on Bladder Carcinoma (BLCA)

lines of distinct origins

Dirug pathways

s DA replication

s Mitosis

s Ot

& Hammone-relaked

& Genoma magrty

& WNT zignaling

» Oiher, kinases

& PIZMTOR signaling
& JNE and p3S signaling
s Cytoskakeion

* ERK MAPK signaling
& Chromating othar

Ovchinnikova et al., npj Precision Oncology, 2024

& Chromatin higions acabydation

¥ ® # ¥ ¥ ® ¥ ¥ ¥ @

Metabolsm

#popbosis reguiaiion

RTH signaling

AR signaling

Protein stability and degradation
Cell oycie

Chromatin hisions mathylation
EGFR signaling

pad pathvesy

MBI =gnaling

& Unclassified

b UNIVERSITAT
u BERN
Katia Ovchinnikova
Marianna Kruithof-de Julio

IBM Research Zurich

Jannis Born
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Drug response is heavily affected by the inherent potency or toxicity
of each drug independently of the cell line/organoid it was tested on

GDSC cell lines CCLE cell lines CTRP cell lines PCPL organoids AUC I . chemo targeted
o .0 - i I 0.25 05 0.75
g 0.5 ﬁ T E R | —— - SN-38
=== - Paclitaxel
.6 4 - - -1 - - Gemcitabine
E 04 E ] | ‘ ‘ | I TR N EUE—C T O e
a2 i i i - - LY2874455
§ o i
an * Setumetinib
g sz [N Pearson .
8 j';' 1 Spearman Organoids

I,  Drugrelevance AUC C, AUC ALC

Ovchinnikova et al., npj Precision Oncology, 2024 60



Z-score normalization for all values separately for each drug

removes the drug-specific bias

GDSC call linas CCLE cell lines CTRP c=ll linas PCPL organocids
- f0 i —
08 4 ﬁ - = - | | T
06 - J N - -
1'3 04 - 4
0.2 4 4

oz{ I Pearson
3 *“j 1 Spearman

IC,, Drugrelevance AUC zscored IC,,  IC,

Ovchinnikova et al., npj Precision Oncology, 2024

AUC zecoedAUC  AUC  scoredAuc  Z-SCOred AUC D
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k Crcali platin
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Al models are heavily affected by these issues!

Train and tested on the GDSC dataset

I pan-drug models |
1.00
— e — - original  zero-flled
075 | == B omics omics
o i
IC
4 050 -
0
2
o 036 F-s0oared
o Ed IC.,
0.00 . == == = -
==
KM MM PaccMann DeapCDR Aean

Ovchinnikova et al., npj Precision Oncology, 2024



Predicting perturbation effects at the single-cell level

Cell state space

. Final stat
o Challenge: scRNA-seq measurements are destructive, no 4%,
direct pairing between cells -

(4)

V1

o Input: a dataset of before & after cell states coupled to
perturbations (pi(,ul-, V)

¢
A

Q},g_-——!j’ Perturbation p;
94;*"

‘, Pn o8 o)
ToeNs

6

Initial state u,
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Predicting perturbation effects at the single-cell level

Cell state space

o Challenge: scRNA-seq measurements are destructive, no ‘%;
direct pairing between cells

o Input: a dataset of before & after cell states coupled to ;
perturbations (p; (u;, v;)) R '

o The problem: Given an unseen initial state Uy,ey, predict b SR

the final state V4 after known perturbation pq or predict \ . !
O
@
iy
o —
e

the final state V,,,,, after unseen perturbation Pyew
New patient Uyew
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Predicting perturbation effects at the single-cell level

Cell state space

o CMonge*: Use conditional Optimal Transport (OT) to learn ‘%»
transportation maps M}, conditioned on covariates (e.g., dosage,
drug, or cell type)

*Driessen et al. (under review) arXiv:2504.08328

Jannis Born Benedek Harsanyi Alice Driessen

65



Modeling responses to CAR T cell therapy

= T cell extraction
\ from patients' blood !
\ | —

4

2. T cell transfection : ‘ 1. Blood
' collection

CAR '
| Antigen- -~ %rﬁ
Ll sk recognition y N 4 N
domain A ( \

Signaling [ ] - % '\/&
domains | ‘ Yy o

‘ Death of cancer cells
CART cell - /] \

R ]
i : jent
4.CART G .« T ~

i ﬂ administration

e,(haustion

///.-,:%: .-;\\ 3. CAR-T cells ] Ylng o n0|ogy b
{v' §:Ec NP ) \‘ multiplication

Bui, Thuy Anh et al. eBioMedicine 2024
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Modeling responses to CAR T cell therapy

domains
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Signalling domains

Ig Superfamily
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>100’000 possible CARs
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Co-stimulatory
Ig Superfamily

— >100’000 possible CARs
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Modeling responses to CAR T cell therapy

-

@ g

CAR T : Cancer

coll oo J ‘J» \) J

1! 1|1@ 1|1@ 1|1@ 1|1@
0 3 6 9 12

Il 1 1 T llDays

Single-cell RNA Single-cell RNA Single-cell RNA
CD3¢ sequencing sequencing sequencing

6@ f CART cell Iibraryf - @ (\’TQ @ @

NS-CAR

30 different CAR designs

Collaboration with Prof. Sai Reddy, ETHZ BSSE

Driessen et al., NeurIPS AIXDrug Spotlight, https://doi.org/10.1101/2024.11.11.622906

Alice Driessen
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Modeling responses to CAR T cell therapy

A <

o o8 4
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Predicted *’2&*

Driessen et al., NeurlPS AIXDrug Spotlight, https://doi.org/10.1101/2024.11.11.622906



Modeling responses to CAR T cell therapy
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One CAROT model per CAR

Source Q@ o —ll—
ml—.-]

o —{H
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Driessen et al., NeurlPS AIXDrug Spotlight, https://doi.org/10.1101/2024.11.11.622906
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One CAROT model across all CARs
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CD4

CD8

One CAROT model on unseen CARs
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f CAROT: modeling response to CAR T cell therapy with
conditional OT

Source ) ) )
’ First single-cell generative Al CAR T
NS—CARQJ; 31 sIng 9 v

cell model
CAR i Conditional model on par with 1-1
conCAROT ‘ embedding model
i ESM2 CAR embedding: Predict novel
I " Target CAR designs
i g .41BB-z

Driessen et al., NeurIPS AIXDrug Spotlight, https://doi.org/10.1101/2024.11.11.622906 76



Represent

Histopathology

Clinical data

ERJRN

MatchCLOT: Gossi et al., Briefings in Bioinformatics,
2023

Precision Dermatology: Predicting molecular
signatures from H&E (in prep)

Upcoming: Multimodal Foundation models for
oncology (in prep)

Interpret

ATHENA: Martinelli & Rapsomaniki, Bioinformatics,

2022

ProteinPNet (McConnel, Imageomics NeurlPS, to
appear)

Concept learning and discovery (in prep)

Perturb

Perturbations

DS

Biological discovery

Treatment selection

&

Ovchinnikova et al., npj Precision
Oncology, 2024

CMonge: Driessen et al., ICML MLXGen

Workshop, arxiv, 2024

CAROT: Driessen et al.,
bioRxiv 2024.11.11.622906
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Agentic Al: the new frontier?
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. 3 FutureHouse

Automating scientific
discovery.

We’re a non-profit building Al agents to automate research

in biology and other complex sciences.

Business Wire

"% Sam Rodriques e
&y @SGRodriques
Today, we’re announcing the first major discovery made by our Al

Scientist with the lab in the loop: a promising new treatment for dry
AMD, a major cause of blindness.

Our agents generated the hypotheses, designed the experiments,
analyzed the data, iterated, even made figures for the paper. The
resulting manuscript is a first-of-a-kind in the natural sciences, in which
everything that needed to be done to write the paper was done by Al
agents, apart from actually conducting the physical experiments in the
lab and writing the final manuscript. We are also introducing Robin, the
first multi-agent system that fully automates the in-silico components of
scientific discovery, which made this discovery. This is the first time that
we are aware of that hypothesis generation, experimentation, and data
analysis have been joined up in closed loop, and is the beginning of a
massive acceleration in the pace of scientific discovery that will be
driven by these agents. We will be open-sourcing the code and data next
week.

@ businesswire

Owkin Launches K Navigator, a Ground-breaking Agentic Co-
pilot to Speed up Breakthroughs in Biomedical Research by 20x
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Al/ML for Biomedicine
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https://github.com/AI4SCR/VirtualMultiplexer
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