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Al vs human performance GecCP
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Select Al Index technical performance benchmarks vs. human performance
Source: Al Index, 2025 | Chart: 2025 Al Index report
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o Al is rapidly

o outperforming
humans in

diverse tasks

Performance relative to the human baseline (%)

20%

and the rate is
o% increasing...

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

= |mage classification (ImageNet Top-5) Visual reasoning (VQA)

Medium-level reading comprehension (SQuAD 2.0) = English language understanding (SuperGLUE)
= Multitask language understanding (MMLU) Competition-level mathematics (MATH)
= PhD-level science questions (GPQA Diamond) === Multimodal understanding and reasoning (MMMU)

Figure 21.3%

Adapted with permission of Christina Curtis from ,,Al-based Drug Development® at ESMO 2025




Efficancy: The Brain’s Enduring Edge

The human brain vs artificial neural networks (NN):
a comparison of scale and efficiency

Used with permission of Christina Curtis from ,,Al-based Drug Development“ at ESMO 2025



Efficancy: The Brain’s Enduring Edge
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Al in digital pathology - ideally GecCP
Microscopy
IHC Final diagnosis
Molecular analyses
Final report
Others

Tumor tissue
and conventional HE slide

Digitalized slides provided by Yuri Tolkach
U



Al in digital pathology - ideally GecCP
Microscopy
IHC Final diagnosis
Molecular analyses
Final report
Others

Tumor tissue
and conventional HE slide

D Al model 1
2 . . .
é: Final diagnosis
S Al model 2 <
Q
&
N .

: Opt.: e.g. IHC-informed :
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Digitalized HE slide
=> Whole slide image (WS|) Digitalized slides provided by Yuri Tolkach




Al in digital pathology - ideally

Microscopy

IHC N
Molecular analyses -
Others
Tumor tissue Task-specific
and conventional HE slide = subtyping of lung cancer

= grading of prostate cancer
= others

: Opt.: e.g. IHC-informed :

2 L B N &N & & &N N N § §B N N N N N §B _§ J

Al model 1
Al model 2 g

Digitalized HE slide
=> Whole slide image (WSI)
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Final diagnosis

Final report

Final diagnosis

Final report

Digitalized slides provided by Yuri Tolkach



Al in digital pathology - ideally GeSE

Days to weeks + labour intensive + high costs

Task-specific
= subtyping of lung cancer

= grading of prostate cancer
= others

1-2 days + less labour intensive + lower costs




Al applications in pathology and oncology Gegﬁ

------

Types of Al application

Basic — Advanced
= Tissue segmentation or tumor = Prediction of prognosis Downstream
detection = Prediction of therapy response applications
= Grading =  Prediction of biomarkers
= Subtyping

= Marker quantification

Usually unimodal Usually multimodal



Basic: Tissue segmentation GecCP
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A supervised (explainable) model to segment tissue of digitalized HE-stained whole slide images (WSI)
=> Trained in 345 annotated WSI and validated in 4,097 WSI

@ TUMOR " TU_STROMA @NECROSIS « MUCIN
TLS @ LUNG_BENIGN @ STROMA | BRONCH

BLOOD = GLAND_PERIBR @ CARTIL Q BACK
U

Kindly provided by Yuri Tolkach



Basic: Histologic subtyping GecCP
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Histologic subtyping (LUAD vs LUSC) with a high overall accuracy of 0.929to 0.978

@ LUAD features @ LUSC features

Slide metrics
LUAD % 86
LUSC % 14

AREAMucin % 11 11

Final slide-level or
patient-level (multiple slides)
classification

tumor regions

Kludt et al. Cell Rep Med 2024; doi: 10.1016/j.xcrm.2024.101697




Basic: Biomarker quantification Gecp
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A supervised (explainable) model to determine the normalized membrane ratio (NMR) of surface markers

IHC with Whole Slide
TROP2 Assay Imaging

utomated Image (7, Patient Biomarker Status
Seseeye @) R

275% of tumor cells with
TROP2 NMR =0.56

‘ <75% of tumor cells with

TROP2 NMR =0.56*

Differentiates tumor from non-tumor Measures OD in each tumor cell Calculates TROP2 NMR for
every tumor cell

e - : .

Membrane OD

Membrane OD + Cytoplasm OD

Membrane and cytoplasm optical - E
density (OD) Lower NMR — higher cytoplasm proportion

Garassino et al. WCLC 2024 - PL02.11




Basic: Biomarker quantification GecCpP

--------

PFS and ORR by BICR of the TROP2 ADC datopotamab-deruxtecan vs docetaxel

100 - Dato-DXd = Docetaxel
(N=299) | (N=305)
26.4 12.8
1 ORR (95% ClI), %
80 EC % |@15a18) ©3-17.1) = No difference in OS
B Median PFS, months 44 37 observed!
£ 4n- PFS HR (95% Cl) 0.75 (0.62-0.91) ’
= = HR, 0.94(0.78-1.14)'
s p-value 0.004
2
o 407 =  Conventional read out of
a TROP2 expression did not
20 - correlate efficacy?
0 = Cenlsored I I I I I |

I
0 2 4 6 8 10 12 14 16 18
Time since randomization, months

No. at risk:
Dato-DXd 299 216 156 96 74 46 24 10 2 0 Left, Garassino gt al. WCLC 2024 - PLO2.11

1. Ahn et al. J Clin Oncol 2024; doi.org/10.1200/JCO-
Docetaxel 305 186 120 63 42 19 14 7 0 0 24-01544: 2. Shimizu T, et al. J Clin Oncol 2023; doi:

10.1200/JC0O.23.000589.



Basic: Biomarker quantification GecCpP
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PFS and ORR by BICR in patients stratified by TROP2 NMR (N=352)

TROP2 QCS-NMR+ TROP2 QCS-NMR-

100 — Dato-DXd pocetaxe pato-DAXd Docets
U D
ORR, % 32.7 10.3 16.9 15.1
75 — Median PFS, months 6.9 4.1 2.9 4.0
(<
i PFS HR (95% CI) 0.57 (0.41-0.79) 1.16 (0.79-1.70)
§ Treatment by biomarker status interaction: p=0.0063
o 50—
L2 1 emee.
o
2 —— Dato-DXd, QCS-NMR+
4 sl 000 Thm,.. 0 ey . == Dato-DXd, QCS-NMR-
o N —— Docetaxel, QCS-NMR+
------ Docetaxel, QCS-NMR-
0 I I S — ’"’, """

Time from randomization, months
Garassino et al. WCLC 2024 - PL02.11



Basic: Biomarker quantification GecP

PFS and ORR by BICR in patients stratified by TROP2 NMR (N=352)

TROP2 QCS-NMR+ TROP2 QCS-NMR-
Dato-DXd Docetaxel Dato-DXd Docetaxel

n=107 n=107 n=65 n=73

i . 10.3 16.9 15.1
...but prospective trials need to
) 4.1 2.9 4.0
confirm these post-hoc results g e 7o 70
= AVANZAR trial (NCT05687266) ) Liabiiatily
iction: p=0.0063

= TROPION-Lung10 trial (NCT06357533)

......

— Dato-DXd, QCS-NMR+
------ Dato-DXd, QCS-NMR-
—— Docetaxel, QCS-NMR+
------ Docetaxel, QCS-NMR-

PFS probability, %

Time from randomization, months

Garassino et al. WCLC 2024 - PL02.11



Advanced: Prediction of treatment response Gec
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Deep-lO: A supervised (explainable) stratification model to predict response (responders vs non-
responders) to immune checkpoint inhibitors (ICls) monotherapy in NSCLC

[z] DFCI test set External validation set
———— Deep learning model ~——— Deep learning model
(AUC, 0.75; 95% Cl, 0.64-0.85) (AUC, 0.66; 95% Cl, 0.60-0.72) Performance compared to other
e PD-L1 (TPS) = PD-L1 (TPS) « g
(AUC, 0.70; 95% Cl, 0.55-0.83) (AUC, 0.67; 95% CI, 0.60-0.74) pred icting ma rkers
—— TILS (cells/mm?) ———— TILS (cells/mm?) . .
(AUC, 0.57; 95% Cl, 0.43-0.70) (AUC, 0.59; 95% C, 0.53-0.66) = Diverging results between test and
—— TMB (AUC, 0.64; 95% CI, 0.51-0.77) —— Deep learning model + PD-L1 . .
(AUC, 0.70; 95% C, 0.63-0.76) validation cohort (robustness and
1.0- 1.0 applicability?)
- 5. = Qverall performance <0.8 (llideal
2 £ threshold) =0.66-0.75
g 06 @ 06
2 Z
2 0.4 S 0.4+
2 2
— -
0.2 0.2-
0 0-
0 02 04 06 08 1.0 0 02 04 06 08 1.0
False positive rate False positive rate

Rakee et al. JAMA Oncol 2024; doi:10.1001/jamaoncol.2024.5356



Advanced: Prediction of treatment response GecCP
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Deep-lO: A supervised (explainable) stratification model to predict response to immune
checkpointinhibitors (ICls) monotherapy in NSCLC

Overall survival
Deep
1.00+ learning
model No. mOS (95% Cl)
0.80- Highscore 172  13.7(10.6-18.9) . . .
o s 15 Eh(65405 Ready for decision making?
= (] |
S 060 \ No!
3 . .
Z b R s Lo i) = [nteresting results, which may
£ " L Highscore compete with PD-L1 IHC!
0.20 —— =  But, prospective randomized
T trials are necessary!
01
6 6 12 1'8 2'4 3'0 3'6 4'2 4‘8
Months
No. at risk
Low score 172 104 61 38 23 15 11 9 6

High score 172 119 80 62 51 41 30 24 15

OS of ICI monotherapy in NCLC stratified by Deep-10 score
Cut-off: median score
Rakee et al. JAMA Oncol 2024; doi:10.1001/jamaoncol.2024.5356



Current developments: Foundation models GecP
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Virchow - A pan-cancer, multi-purpose foundation model

2o Y% @Y 10©

119,629 patients 208,815 cases 392,268 specimens 1,207,837 blocks 1,488,550 H&E slides
Unique individuals Patient events requiring Tissue samples Paraffin-embedded samples Diagnostic sample tens of
represented in the data tissue samples sliced for microscopy thousands of square pixels after

digitization

Vorontsov et al, Nat Med 2024; doi.org/10.1038/s41591-024-03141-0



Current developments: Foundation models GecCP
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Virchow - A pan-cancer, multi-purpose foundation model

Ayl

1,488,550 H&E slides

Learning model

Y = Self ised
elr-supervise
119,629 patients 208,815 cases 392,268 specimens 1,207,837 blocks \ 1,488,550 H&E slides Unlabelled data
Unique individuals Patient events requiring Tissue samples Paraffin-embedded samples Diagnostic sample tens of
represented in the data tissue samples sliced for microscopy thousands of square pixels after
digitization

Vorontsov et al, Nat Med 2024; doi.org/10.1038/s41591-024-03141-0
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Virchow - A pan-cancer, multi-purpose foundation model

i@

119,629 patients

Unique individuals
represented in the data

®

(=)

208,815 cases
Patient events requiring
tissue samples

392,268 specimens
Tissue samples

5‘ e T )
L Sl 148
e V5 b d _',.::
JRRS Al L
L -t o -
o -j‘ . <y

. ’ & éu [ S
ay T

H&E slide Tissue tiles  Virchow Embeddings

Aggregator

> ~&(]

1,488,550 H&E slides

Learning model
Self-supervised (SSL)

1,207,837 blocks \ 1,488,550 H&E slides Unlabelled data
Paraffin-embedded samples Diagnostic sample tens of
sliced for microscopy thousands of square pixels after
digitization
—_— Pan-cancer detection
Tissue-agnostic cancer detection
Tasks
Pan-cancer subtyping M u lt i - p ur p ose
> Tissue-agnostic cancer subtyping
Multi-task
Digital biomarker prediction i-
Novel and replicative biomarker prediction é M u ltl m Od a l

Vorontsov et al, Nat Med 2024; doi.org/10.1038/s41591-024-03141-0




Current developments: Foundation models GecCP
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Challenges - systematic analysis of performance

Task = MSHS LUAD EGFR

Key findings

T = QOverall good performance in
cancer detection

= Heterogenous performance in
biomarker prediction

= No strong correlation between
size of pre-training data set and
performance — improvement
with more samples?

Task = MSHS Breast

Poacdng

-+

0.96

Validation AUC

+
+ 0.6

+

Validation AUC

o
£

0.5

L

B} A R 3 J* L. AL ] D DO o d o = 0 o
PRSI Lt L ISP T s Lt L L PR L PR ITE L Sl P L L &
“-@‘)«oq-(’@ RS oG a8 be °v6?‘o*"e\g GO ™ T e we®
Encoder Encoder
Example for detection Example for prediction
Breast cancer detection performance EGFR mutation prediction performance

Campanella et al, Nat Commun 2025; doi.org/10.1038/s41467-025-58796-1
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Challenges - systematic analysis of performance

Task = MSHS LUAD EGFR

Would | base a clinical decision on
T - the Al-based mutation prediction?
T = No-notyet

= Refinement need

Task = MSHS Breast

i é* + % i ?% 2 g ¢ * Including other modules like
g % \ il 2 3 , _I_ clinical characteristics and
2096 3 . B di .

§ ¢ LA i . radiomics
2
§0.94
0.5
0.92
‘
L A\ LS S a w0 LV Lo <0 bA QAR 3 N A G M ) o 0
Wt G e T e @ e e T e o
Encoder Encoder
Example for detection Example for prediction
Breast cancer detection performance EGFR mutation prediction performance

Campanella et al, Nat Commun 2025; doi.org/10.1038/s41467-025-58796-1




Outlooks: Al co-pilots

WSI
regions

Image
captions

Case
reports

Educational
notes

R Approximately 100 million patches
WRET from approximately 100,000

slides

Instruction dataset (n = 456,916)

Q: What is the key

histopathological feature :
observed in the image of |ji "
breast tissue?

A: In the image, the most
notable histopathological
feature is the presence of...

Q: Based on the image
from the uterus. What
is the most likely
diagnosis?

& Uterine Leiomyoma

A, Uterine carcinosarcoma

@ Uterine clear cell carcinoma

A: A Uterine carcinosarcoma

Q: Could you describe the key
morphological features observed in
Sertoli-Leydig cell tumours (SLCT)...?

A: Sertoli-Leydig cell tumours exhibit...

Q: How would you differentiate a SLCT
with...?

A: Immunohistochemistry plays a crucial role

in distinguishing...

Free response

Muitiple choice

Text only

GecCP
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Q: What is the primary Q: What is shown in Q: Based on the information
architectural pattemn...? this image? provided, what is the most
A: The primary architectural A: Upon examining likely diagnosis for this )
patterns are... the image... several liver biopsy?
Q: What type of epithelial cells are key findings are
observed in this tumour? observed...the A: Sorry, as an Al assistant specialized in
A: The epithelial cells observed in this most likely pathology, | cannot assist you with non-
:  tumour are described as... diagnosis is a... pathology related inquiries.
Conversation Description Guardrails
Visual-language pretraining PathChat MLLM

456,916 instructions

- (999,202 turns) Vision Large
_ 1.18 mtn!llon . > O language
image-caption pairs sl model

Lu et al. Nature 2024; doi.org/10.1038/s41586-024-07618-3




Al development - summary Gec'l;
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~1990 2012
& °
Supervised machine learning (train on fully annotated datasets)
& <
Supervised deep learning (fully annotated datasets)
e <

Self-supervised learning (no annotation for initial training)

Machine learning Single-domain, Multimodal Foundation Generalist
with hand- single-purpose models models models
crafted features models

" BN
= | PPN Generts
; A -
N %

l Multimodal Foundation
model model
/ 1\ Predicted Cancer Radiology
No .-/l drug type and assessment

cancer Cancer Non-responder Responder Downstream models response subtype

Perez-Lopez et al., Nat Rev Cancer 2024 - doi.org/10.1038/s41568-024-00694-7




Challenges and hurdles GecCP
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Task-dependent performance and reliability
= Currently no approved one-fits-all foundation model

Generalizability, repoducability and external validity

= Clinical evidence gap

= | ack of prospective trials

= |Lack of clinical meaningful robustness of prediction models

= Biopsies still represent major challenges due to low tissue quality

= Reimbursement
= Uncertain and different national reimbursement strategies

= Complex regulatory processes (IVDR)
= However around 50 CE-IVDR tools are available in the EU, only 2 in the US™

Workflow integration and infrastructure
= Highimplementation costs and uncertain reimbursement
= Uneven globalimplementation

1. Digital Pathology Al Companies - List of Commercial Als; Fraunhofer Institute;
https://websites.fraunhofer.de/smart-sensing-insights/digital-pathology-ais/?utm_source=chatgpt.com
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