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Physics Nobel scooped by machine-
learning pioneers

John Hopfield and Geoffrey Hinton pioneered computational methods that enabled the
development of neural networks.
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THE NOBEL PRIZE IN PHYSICS 2024
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Machine memory

In 1982, Hopfield, a theoretical biologist with a background in
physics, came up with a network that described connections
between virtual neurons as physical forces®..

Optimizing the synergy between physics and machine learning. Nat Mach Intell 3, 925 (2021).
https://doi.orq/10.1038/s42256-021-00416-w; Jumper, J. et al. Nature 596, 583—589 (2021).

“IThope whenwelook

backon AlphaFold, it will
be the first proof point of
Al'sincredible potential.”

Chemistry Nobel goes to developers
of AlphaFold Al that predicts
protein structures

This year’s prize celebrates computational tools that have transformed biology and have
the potential to revolutionize drug discovery.

NOBELPRISET | KEMI 2024
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Google DeepMind
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David Baker
University of Washington
USA

John M. Jumper
Google DeepMind
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*fr datorbaserad proteindesign” "for proteinstrukturprediktion”

“for computational protein design” “for protein structure prediction”
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@ Experimental result

@® Computational prediction


https://www.nature.com/articles/s42256-021-00416-w
https://www.nature.com/articles/s42256-021-00416-w
https://www.nature.com/articles/s42256-021-00416-w
https://www.nature.com/articles/s42256-021-00416-w
https://www.nature.com/articles/d41586-024-03213-8#ref-CR1
https://doi.org/10.1038/s42256-021-00416-w
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IMMUNE BIOMARKER DISCOVERY WITH Al: Example

Normalized Membrane Ratio of TROP2 by Patients receiving Dato-DXd who were TROP2 QCS-
Quantitative Continuous Scoring is Predictive NMR+ had a higher ORR and longer PFS compared with
of Clinical Outcomes in TROPION-Lung01 those who were TROP2 QCS-NMR-

Marina Chiara Garassino,’ Jacob Sands,? Luis Paz-Ares,? Aaron Lisberg,* Melissa Johnson,5 Maurice Pérol,®
Danielle Carroll,” Ansh Kapil,® Vincent Haddad,” Deise Uema,® Hadassah Sade,® Myung-Ju Ahn,?

QCS is a novel, fully-supervised computational pathology approach that precisely quantifies and locates targets like TROP2 TROP2 QCS-NMR positivity is predictive for longer PFS with Dato-DXd in the biomarker-evaluable population

IHC with Whole Slide Patient Biomarker Status Biomarker-evaluable population, n=352 TROP2 QCS-NMR+ | TROP2 QCS-NMR-
TROP2 A: | i Dete
e aging foiesion 100 — Dato-DXd Docetaxel Dato-DXd | Docetaxel
° 275% of tumor cells with n=107 n=107 n=65 n=73
TROP2 NMR <0.56 ORR, % 327 10.3 16.9 15.1
° <75% of tumor cells with 75 — Median PFS, months 6.9 4.1 29 4.0
TROP2 NMR <0.56* R
= PFS HR (95% Cl) 0.57 (0.41-0.79) 1.16 (0.79-1.70)
% Treatment by biomarker status interaction: p=0.0063
w 50 —
Differentiates tumor from non-tumor Measures OD in each tumor cell Calculates TROP2 NMR for 'g
1
' ovary smer el & — Dato-DXd, QCS-NMR+
------ Dato-DXd, QCS-NMR~
Memb! oD w — '
embrane o % —— Docetaxel, QCS-NMR+
Membrane OD + Cytoplasmop | | | oo™, &% . -] 7 Docotaxel, QCS-NMR-—
Membrane and cytoplasm optical [ S s s
density (OD) Lower NMR — higher cytoplasm proportion 0 T T T 2

TROP2 QCS-NMR has the potential to be the first TROP2 biomarker and the first
computational pathology biomarker for predicting clinical response to Dato-DXd in NSCLC

Arsela Prelaj
Content of this presentation is copyright and responsibility of the author. Permission is required for re-use. WCLC 2024 Garassino et al
, .




Al-based DECISION SUPPORT SYSTEM

FROM RESEARCH TO CLINIC
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This histology sample
of an ovarian tumour
from biomedical
engineer Anant
Madabhushi’s group
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Clinical Decision Making With
Ai For Treatment Selection

Prelaj’s group has also evaluated Al-guided
prediction of immunotherapy response in
people with NSCLC, and has generally been
impressed withits ability to deliver useful pre-
dictions. “Thesetools are trustworthy, and are
working,” she says. In 2022, her group spear-
headed the PLUNG Project, afive-yearinitiative
that hasrecruited 2,200 people withNSCLCin
Europe, the United States and Israel. PLUNG
aimstodevelop adeep-learning model for pre-
dicting theresponse to checkpointinhibitors
— either alone, or in combination with other
therapies — on the basis ofimaging, histology
and datafromclinical records. The researchers
will then validate the model’s ability toidentify
effective treatmentstrategiesinaprospective
cohort of people with cancer’.



THE IBLUNG PROJECT - OVERVIEW
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/ﬂiﬁ |3 LU N G | | Goal: Develop. a I?ata stor.age and Elabo!*ation Platform.(D.ESP) by |
B integrating Real world and multiomics data in NSCLC patients treated with immunotherapy with the
aim to produce a clinical decision making tool

Prelaj, A., et al, The EU-funded I3LUNG Project: Integrative Science, Intelligent Data Platform for Individualized LUNG Cancer Care With Immunotherapy. Clinical lung cancer, 2023. 24(4): p. 381-387.
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hology predicts PD-L1 expression in metastatic

NSCLC patients treated with immunotherapy

Arsela Prelaj*3, Matteo Sacco?, Vanja Miskovic*3, Daniele Lorenzini*, Francesco Trovo3, Aleksandra Zec3, Laila Roisman#, Leonardo Provenzano?, Claudia Proto?, Andrea Spagnoletti?, Cecilia
Silvestri?, Alba Meya®, Alessandra Pedrocchi3, Evangelos Sarris?, Enriqueta Felip®, Filippo G.M. De Braud?, Martin Recks, Giuseppe Lo Russo?*, Alexander T. Pearson?, Marina Chiara Garassino?
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I3LUNG is a project funded by the European Union
through the Horizon 2020 program that aims to
develop Atrtificial Intelligence (Al)-based tools to
predict the response of advanced non-small cell lung
cancer (NSCLC) patients to immune checkpoint
inhibitors (ICls). The project brings together a
consortium of 16 partners from 10 countries
(Belgium, Denmark, Italy, Germany, Greece, Spain,
Sweden, Switzerland, the United States, and Israel).
Utilizing patient data, which includes digital
pathology slides (DPS), genomics, radiomics, along
with other patient characteristics, the overall goal is
to develop a platform to guide therapeutic decisions
in  immuno-oncology  for both  healthcare
professionals and patients.

INTRODUCTION

* Immunotherapy (I0) is the new standard of care for
patients with advanced NSCLC, yet only 30-50% of
patients benefit from it long-term.

A better understanding of tumor features could help
guide treatment decisions.

To date, Programmed Death-Ligand 1 (PD-L1)
remains the only biomarker used to predict 10
efficacy, demonstrating its unique predictive ability,
even if not perfect.

A specific morphology has been found to be
associated with PD-L1 expression, introducing new
scenarios for the biological interpretation of the
immune response.

Utilizing Al and machine learning processes to
analyze DPS could help create decision making tools
for more individualized prediction of response.

Digital Pathology whole slide images are very large images, and
to feed them into Artificial Neural Network-based models we
extracted square tiles [299x299px] at 10x magnification from the
whole slide images.
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Large-scale Al models, known as foundation models, are developed using vast
datasets and a training approach called self-supervised learning. This method
does not rely on manually labeled data. Instead, it presents the model with a
complex task inherent to the data itself. By solving this task, the model learns to
identify and extract important features from the input information on its own.
For this task, we used RetCCL, a model trained on TCGA and PAIP datasets.
Once processed through RetCCL, tiles are converted into vectors of biologically

relevant features.

Reinhard normalization was employed to reduce batch effect.

Positive bags Negative bags
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Slides are now converted into bags of vectors.
Assuming that not all tiles are equally relevant for our
task, we need a model able to learn not only the
patterns associated with a certain outcome, but also
which tiles to focus on to find those patterns.

For this goal, we used an Attention-Based Multiple
Instance Learning model, which employs the
attention mechanism to infer the importance of each
tile vector.

C i hor email: Arsela. j@isti i.miit

Arsela Prelaj DOs: AstraZeneca, Training of personnel, Advisory Board, coordinating PI; BMS, Advisory Board, Local PI; talfarma, Training of personnel; Janssen, travel grant, Advisory Board; Lilly, Invited Speaker, Local PI; MEDSIR, Invited Speaker; Novartis, Invited Speaker;

Roche, Invited Speaker, Local PI; Bayer, Local PI; MSD, Local PI; SPECTRUM, Coordinating Pl
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METHODS “ RESULTS

* Among the 2188 pt enrolled in the I3LUNG retrospective cohort, 474
patients had available DPS and PD-L1 status to be considered for the
present analysis.

PD-L1 expression was high (>50%), low (1-49%) and negative in 145 (37%),
129 (32%) and 127 (31%) patients within the training cohort, respectively,
and 24 (33%), 23 (32%) and 26 (35%) among the validation cohort,
respectively.

PD-L1 high vs low/negative status through DPS were able to be predicted
with an area under the curve (AUC) of 0.69; while for PD-L1 positive vs
negative an AUC of 0.71 was achieved.

POLI positive vs negative (ROC)

POLI < 50 % va 3= 50 % (ROC)
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“ CONCLUSIONS

* To our knowledge, this is the largest series to date demonstrating a
correlation between morphological features and PD-L1 expression in lung
cancer.

Data suggests that PD-L1 high and negative have different morphological
phenotype.

This rapid and generalizable model underscores the potential for
morphological features to serve as valuable biomarkers in elucidating the
mechanisms of immune responses.

Within I3LUNG integration of genomic and radiomic data will probably
o allow to improve the ability to assess patient prognosis at diagnosis.
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Papers under submission: PDSS and IPDAS tools

Patient oriented study

Goal: Quality of shared DM
and physician-patient
communication

Cohort 1: Without IPDAS Cohort 2: With IPDAS
100 patients 100 patients

W ol
Tl L el

Outcome:
Impact of IPDAS on shared medical DM

PAPER UNDER SUBMISSION
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) Physician oriented study

Goal: Al impact on accuracy
and decisional process (HI vs
HI and Al)

Cohort 1: HI group Cohort 1: Hl and Al
100 patients 100 patients

Accuracy Accuracy
Decision fatigue Decision fatigue
Process Process

>

(&)

Outcome:

Confirmation weather the combination of HI and Al perform
better respect to Hl alone (target +15%)



MOVING FROM PREDICTIVE Al TO GENERATIVE Al

. * Using task specific — Al
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Generative Al exists because of the Transformer

Attention Is All You Need

Google Brain 2017

|
CHRIS HEMSWORTH 0 Ashish Vaswani® Noam Shazeer™ Niki Parmar” Jakob Uszkoreit™
' Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com
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Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Qur model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.

Vaswani, A. "Attention is all you need." Advances in Neural Information Processing Systems (2017).
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Autonomous Artificial Intelligence Agents for Clinical Decision Making in Oncology A AI C D M
Dyke Ferber, Omar S. M. El Nahhas, Georg Wélflein, Isabella C. Wiest, Jan Clusmann, Marie-Elisabeth LeRman, Sebastian Foersch, Uto n O I I I O u S X
Jacqueline Lammert, Maximilian Tschochohei, Dirk Jager, Manuel Salto-Tellez, Nikolaus Schultz, Daniel Truhn, Jakob Nikolas Kather

Hz. ¥ing, = 33-year—old patiént, wes diagnozed with cholangiocelluler carcinome in €arly 2023. Following her disgnoziz, zhe undérwent = complete surglcal resectlon (RD) and was
treated with adjuvent che-utherup)- uzling capacitsbine for sl momthz. Subsequent imsging chowed no evidence of dizeeze récurreénce until Septembeér of the came year, when MRI immging
("September2023.png™) revealed a néw, solitery metastasls.

In résponse, a trémtment régimen of gemcitabing and clzplatin w: l.nithned Conzidering Ms. Xing's young =ge, = Lliver blopsy wes performed for comprehensive penel disgnostics. Both
im=ging results and pangl findings are msde swvallsble z

ek
L Rediology Report [+ _

Liver: %m iz one slng'lE hypointense leslon in the 1eft lobe of the liver, memsuring spprovimetély 9.4 cm in its grestest dimémsion (Locetlon: [475, 258, 458, 275]). Highly
suggestive for recurrence of the known cholenglocelluler carcinome.
* -}
Lymch Nodes: There 1z no enlargement of the abdeminal or pelvic lymph nedes.

Clinical  Peritoneun: Mo evidence of peritoneal hf,. mts or significent fluld accumulation iz present,
Strong suspicion of a récurrénce of the known CCC dug to a solitary metactasiz in the left liver.

Molecular Report S

Hi:m:ate'l‘.iu_LInxtahi'lity High, Mutszion in BRAF VIS0OE snd COT4-ROSL variant fusion.
Mo sltérstions in NTRK or FGFRZ.

.

Currently, the patient experlences recurremt sscltes with notable sbdeminal tenslon.
Also, & new MAI-scan was performed yesterday [“February2024.png”) by cur in house radiclogists.
According to the latest radiology report, the MRI ccan performed on the patiemt with the syztem ID ¥-05.22 and documented es “FebruaryZ024.png” revesled = zingle metasteric lesion in
A e . the left lobe of the Uwer, delinested by the coordinates 455, 270, 505, 220. The réport emphacizes the importsnce of a comprehencive review gy comparing these findings with the
—_—— @ General purpose and domain-specific medical tools images from & previous evemination In September 2023 during the forthcoming tumor board meeting far = detalled smalysiz. Alzo, the imeging Findings suggest the presence of peritomesl
carcinomstosiz. Her systém ID 1z X-05.22.

(1) Knowledge database

i ; Patient Case
el fr i \ J select tools Plemse investlgate the current state of the disesse. What does the new MAL scan show?
Question Did the metastasiz grow? In caze of progress, what (targeted) trestment optiomz could we suggest for the molecular tumor board tomorrow? Be sware tha: the patient iz extremely young
[ e | and we need all optlons we could +1ndmiL=a check any cptlonz you cen find on google or pubmed.
\/ keyword filter Google
v repeat max Stage 1: Strategy + Tools Stage 2: Generate response
n times

. ‘The letest MRI scan from Februsry 2024 revesls thet the metastetic lesion in Ms. :u.ngsl.e&'linr
extract location from text lobe has motshly enlarged, growing from mn sreém of 132 in September 2023 to 518, zignli
rogrésslon in her condition. This cignificamt Increase highlights the critical need to mn;lder
gun:her trémtment evenues for Mz, Xing. Glwven Ms. Ming's medical history and the melecular
charactéristics of her tumor. including the BRAF VSBOE mutetlon end CDTA-ROSL varlent fuslon,
several targeted theérmpy cotlons emerge:
¥ 1. Dabrefenih mnd Trametindb: Thiz combinstlon i recomsndsd for SRAF
— 518[ 133 =3.89 VED0E-mutated tumors, Including cholenglocelluler carcinoms, based on their effectiveneész in other
- Progressive cancers with cimilar genetlc alteérstlons [[Toall. The combination hac FDA mpproval for BRAF VEOOE
mutent unreséctable or metastetic melanome and other solid tumers excluding colorectal cancer,
1 Disease with noted effectiveness in biliary tract cancer [Tooll.
3 segmented area Z. Crizotinib, Entrectinib, and Aepotrectinih: Thece drugs are ldemtified treatments for AOSI-
- £ pozitive tumors, primarily in MSCLC. Given the (D74-A051 fuzion in Mz, X¥ing's tumor, theze cotions
could be explored for their potential mpplicabllity, despite the primary acsociation with NSILC
[Tacl].

~ 5,800 guidelines > b‘:}ed
/ N Strategy @ b
4 3 OncekKB

send query
- N
patient context 3. Encorafenib and Bindmetinib: This combimetion, highlighted through a

GPT-4
Agent
e
search, could b considered besed on their effectiveness in cancers with F \IS00E

R
= retrieve context TEE=EES \ = bé' IS *
Response . Histolagical Analysis a 112005 1515: 02/2004: 2734 & & + question mutations [Toall. Although not specifically indicated for cholanglocellular carcinoms, their
MSS; prob 0.97 Use calculator (divide]: & uze in similar genetlc contexts suggests potential spplicability.
IRy - BRAF wi: mut pro 0.03 “Tne tmar size increzsed by 208%.7 + toal results Regerding chémcthérsoy cptlons, the currént guidslings for cholanglocellular carcinoms
- KRAS wi; mut prob 045 Decide: Progrezzive Dizezzs. ¢ - define target: rec cystemic :E;-nthera =z the Er].-ury trestment for advenced dicesse. Given

v
Radiology
Report

09/2023

==  parallel =

Radiclogy Report:
The CT-scan shows multiple fver and

L—

3 Ms. ¥ing's prior tremtment with gemcitmbine and cispletin, altemnetlve reglmens could
pasrmezion,  QnceKB | include:

600E] . - - FOLFOX (fluoroursell. leucovorin, end cxmlipletin} ec s s@cond-line trestmemt cptlon,

collect [C':.'N'Rmc.l onchB RAG ezpecially for petients who have progreszed on = gemcitabine—baced regimen [55].
Figure 1: High-level overview of the RAG-Agents framework. select tools | clincal e @
@

For Mz. ¥ing, considering h&r young egé and the urgént need for effective menagément ctrategies,
partlicipation in clinlcal trisls exploring novel mgénts or comblnetlons chould be strongly

and considered. Thiz includes trizls for targeted therspies based on her tumor's moleculer profile or
emerging immunctherspy options for cholangiocellular carcinoms.
EEnomic define queries: Glven the :cm'fllct:l.ng Ln-fnr-ut].on on microsatellite ctatus, further clarification iz needed.
information . [ - i ! The °check mutetions indicated H.I.':-tmlune Stability (MS5), .
Eeted reatment - = pﬂem = molEcular t there was Microsetellite In;tahlthy (M5I). T
options for Google . M5I-High statuz ic :arﬁ?r-e?ed_muﬁemw with pembrolizumab could be considered
sllular patient context 2z it hes chown effectivensss in M5I-High tumers scross varicus cancer types [571.
~ - + qguestion In cummery, for the tumer bosrd dizcussion, the recomended spprosch includes
£ AT qod | explaring iargetad therapy optime such ac Debrafenth snd Trasetinib far the EAF
e, WBO0E murtation and Pubh.]ed + ool results VE0PE muzatisn and petentially Crizetinib or Entrectinih for the COT4-ROSL fuzian.
%qr "e},. CD74-R0O51 fusion? +medical context Additionally. considering second-liné chemctherepy optlons and the possibility of clinical
"r}, 8, trial participation are cruclsl ctéps. The significant progréssion of Ms. Xing's dizesse
@@Q o) necessitates a prompt and comprehensive eveluation of these trestment strazegles to
define targets: [MSI, KRAS, BRAF] optimize her care.

To refing our mpproach and Ensureé the most sccurate and personalized treéstment

. . . . recommendations for Ms. Ning, could you plesse provide the latest onlprEhEn:l\e gem-u:
rofil! o &r tumor? 1= inc 8z any récént uencling ta that m
Sistema Socio Sanitario \\ MSS profiling of h Th Ludez any ceq g data tha 33.1
. E E B additlonal actionsble mutetions or verlamiz not préviously identified. Lt].onully detailed
. . - = RAF mut nf tion her re: e T st tremtments, Includ! 1de effect
Fondazione IRCCS Regione e e e e e e
KRAS wt
Istituto Nazionale dei Tumori Lombardia

future therapy optlons. This deta 1z cruciml for Ueweraging our résourcés to their fullest
potentisl in gulding Ms. Xing's treatment plan.




MAXIMIZING DATA usage improving technology

FOUNDATION MODELS



What the F. Models doeas with self-supervized learning

Large Specialized
amount of Data Model LatentRepr DownstreamTask models
unlabeled

Input unlabeled data Featur_e

EHR datp " extraction

Radiological Image

images segmentati
— )

Text data (X N
Clinical
decision

Digital Pathology L. i making

Use representations for downstream tasks
............................................................... .’
OMICs Train with labeled data Live
2 monitoring
Improved performance
Blood [|| e S D R R A A SO S AN AR SRR RS >

Data Model LatentRepr DownstreamTask



natu‘ e ESMO > Meeting Calendar > Past Meetings

ESMO Congress 2024

FM for digital pathology:
nature > articles > article mongress At WS Ievel

Explore content v

Article | Open access | Published: 22 May 2024 o] >
A whole-slide foundation model for digital pathology i g N k]
fromreal-world data : lsdlais [

_ _ _ Volool o ) e . il " i
Whole-Slide Modelling: Prov-GigaPath overcomes 02992999989 : \

. .. . .. - ) ) 256 x 256 image file sequence - -~~~ Tile-level encoder ">~ -, Slide-level encoder (LongNet) <. __
subsampling limitations by training on 1.3 billion image tiles ... .
from 171,000 slides, preserving full slide context. " | agong R ek PR | ° Bn mEseEs sal

ED DContrastive Ioss |:| E i I Reconstruction Iossi

State-of-the-Art Performance: Achieves top results in 25 | Co— (oLs] [CLs]Djjjpatcmken I |

. . . . . | token token ! '

of 26 tasks, with significant improvements in 18 tasks, wsiontrlnsfm R — LongNet-based decoder | |
(Teacher model) (Student model)

through large-scale pretraining. O M O

Al-Powered Innovation: Uses real-world data from 30,000
patients and 31 tissue types, setting a new standard in
digital pathology with vision—language models.

______________________________________________________________________________

Xu, H., Usuyama, N., Bagga, J. et al. A whole-slide foundation model for digital pathology from real-world data. Nature 630, 181-188 (2024). https.//doi.org/10.1038/s41586-024-07441-w



FM for single-cell multi-omics

nature methods

Article https:/fdoi.org/101038/:41592-024-02201-0
. T . The model scGPT is generatively
scGPT:toward building afoundation model oretrained on large-scale SCRNA-

for single-cell multi-omics using generative Al seq data from cell atlases.

Recelved: 12 July 2023 Haotian Cui®"“**%, Chloe Wang****, Hassaan Maan ®'**, Kuan Pang®**, For downStream app||Cat|0nS, the
Fengning Lug™, Nan Duan®° & Bo Wang © "*3457 .
Accepted: 30 January 2024 pretrained model
parameters can be fine-tuned on new
data.

" N

a | b They applied scGPT in a variety of

((— tasks including cell type annotation,
M BT i = batch correction, multi-omic
Prtai . ) C.op €.y S integration, genetic
o perturbat_lon prediction and gene
— network inference.
CelltypeA gy Embedding when expression is unknown

Fine-tune

e
Cell type B
Task-specific e
supervision CIIETD
Masked- - T A M e
attention > DNA RNA  Protein 1 l . N uiti-head I

-+ forward
§ é ~ & @ &3 . attention
\ 2 Y% J
2 ! = R

transformer|

Cui, Haotian, et al. Nature Methods 2024




Foundation Model for cancer
imaging biomarkers

Foundation model pre-training

Clinical application of the Foundation model
(3 use cases)

Foundation model implementation (2
approaches)

Performance evaluation

Google DeepMind and Google Research 209457

Advancing Multimodal Medical Capabilities of

nature machine intelligence

a
P __ X = Volumes
. ¥ 3 with lesions
| -5 ) \
- Contrastive
= w d learning 'r
& " 45 A a Random volumes ——
3 n=1l . ithout lesions (eIl re kel
b ! lesions a‘/ withoutfest model
: L
b Technical validation Diagnostic biomarker Prognostic biomarker
. Deeplesi . HarvardRT
Train gipzresswgn Train I;IU:N\_SS Train n : 2r03
Deeplesion LUNA1G HarvardRT
Deeplesion LUNATB LUNG1
@ Test n=1221 @ Test n=170 @ Test n =420
Foundation Biomarker
model discovery RADIO
@ Test n=133
Use case 1: lesion Use case 2: nodule Use case 3: classification
anatomical site classification malignancy classification of NSCLC overall survival
c
Approach 1: linear classifier on extracted features Approach 2: transfer learning
Initialize weights from
foundation model
- ‘e .
°®
e )
Lesion - Train linear classifier Lesion Train task-specific
volume on extracted features volume model
d

Comparison against existing baseline approaches

Supervised approaches

State-of-the-art pretrained models

Gemini

Google Research and Google DeepMind '

Pai, Suraj, et al. Nature machine intelligence, 2024; https://github.com/Google-Health/imaging-

research/tree/master/ct-foundation%0A

)
Random Transfer learning
initialization

Med3D
(MedicalNet)

n Madels Genesis

Quantitative analysis Qualitative analysis Stability analysis Biological analysis Efficiency
el Lk e ow o
- = S
%
ROCs Limited data Clinical Feature Saliency T Input Genomic RGSOU[CF-
evaluation performance visualization maps est-retest perturbations associations constraints



A generalist vision language foundation model nature medicine

Multimodal data @ =
o = Lo BiomedGPT handles multimodal

=L = inputs and performs diverse
: - | A O S
@ matching  understanding summarization downstream tasks.
wrace |_VT_|'_] e e [= The expected form of output for
Cae L = each task is determined by feeding
@ = the specific instruction to the
& Fal
Publications LVJ m O d e I .

Disease Lesion
diagnosis detection

Q: What is seen at this stage, associated with regeneration and repair? :
A: Numerous reactive type Il pneumocytes. |
|
|

Pathology and radiology VQA
= o DT 7

Q: What disease does this
image depict?
A: Breast cancer.

______________ | Use'
CaSes

Q: Are bite cells like this one in the smear associated with regeneration and repair at this stage?
A: No.

Q: What are the findings based on the image?
A: The nasogastric tube is in adequate position, and there is a resolution of the gastric distention.
There is still mild bibasilar atelectasis. There are no pneumothorax no pleural effusion.

Q: What skin lesion does this
image depict?
A: Melanoma.




Multimodal generative Al pathchat — Copllot
pathchat

PathChat flexibility:

: . . What morphological features are present
«  Multi-choice guestions (accuracy

in this image?

image only 78.1%, when provided

: .. 0
with clinical context 89.5 A)) E ,_._.---I The mage shows a tumour composed of spindle cells, which are
. . - 03 1 elongated and have a fusiform shape. These cells are arranged in
answering open ended questions % fascicles, which are bundles or groups of cells aligned in a parallel
0 fall or whorled pattern. Additionally, there are scattered melanin-
(accuracy 78.7 A)) containing cells within the tumour.
* interactive multi-turn conversation _ | | _ |
This tumour was found in the liver of a patient. Is it a
l primary tumour or a metastasis7
i ____I-EESE.'d on the information provided, this tumour 1= most ikely a
potentially serve as a g “~. metastasis rather than a primary tumour. The presence of spindle
_ = cells and melanin-containing cells further supports the possibility of
consultant for human-in- m a metastatic melanoma. The liver is a common site for metastasis
the-loop differential a of melanoma, especially when it has spread from the skin.
- I I L.

Lu, Ming Y., et al. "A Multimodal Gencrative Al Copilot for Human Pathology." Nature (2024): 1-3.

Human

Human
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HOW we CAN BETTER EXPLAIN WITH
FOUNDATION MODELS



MULTIOMIC- FM-based Explainability in NSCLC patients
treated with 1O first line (PEOPLE study)

Fondazione IRCCS
Istituto Nazionale dei Tumori

POLITECNICO
MILANO 1863

Preparation phase

Sistema Socio Sanitario

Regione
Lombardia Genomics
EGFR, KRAS, BRAF, LKBT,

ALK, ROS1, RET

circulating immune
profiling features

Transcriptomics data
Nanostring immune panel

_Feature extraction-CNNs
. pre-trained on TGCA

histopathological ;*
digital slides

2 ~ _

Baseline CTRadiomics feature
scans extraction

Sslideflow

Extracted data

7 Binary genomics
features
(Hypothesis driven)

36 circulating immune
profiling features

770 transcriptomics
features

Over 1000 pathological

—_—

features

108 standardised
Radiomics features

Dimensionality
reduction

X

Feature selection:
Maximum Relevance —
Minimum Redundancy

DEA and Gene Set
—— Enrichment Analysis
(GSEA) e

UMAP or extraction of
20 last nodes from
CNN

Feature selection:
Maximum Relevance —
—— Minimum Redundancy

Analysis

(a) Features:

e outcome driven
association between
different modalities

High posilive
correlation

.

(b) Cost effective analysis

e economic cost of
various exams

data

No
photography

Explainability

GAN - based slides
with co-embedding,
visualisation of
different information
simultaneously




WE NEED TO BUILD DATA FOR Al



APOLLO 11 NETWORK

U\\\, ApolloT Wrcomols

Unity is Strength

£ Jin B X

News Rassegna stampa Domande frequenti Contatti

Centri di ricerca italiani per strategie terapeutiche avanzate per il tumore al polmone

Apollo 11

STRENGTH IS UNITY

https://apollo| | .network/

(&)

48 Centri di ricerca avanzata
sul tumore al polmone

Creazione di una rete di centri italiani che si occupano di pazienti affetti da
tumore del polmone NSCLC avanzati gia trattati o candidati a ricevere una
terapia a base di ICI

I

Biobanche

Sviluppo di una biobanca multilivello nazionale registrata con impostazione e
armonizzazione delle procedure operative per la raccolta, la conservazione e
la spedizione dei campioni biologici.

2016 > APOLLO
2020> APOLLO |1

FEDERATED NETWORK

S
Real world data
da tutti i centri attivi

v

Sviluppo di un database nazionale Real World per i pazienti affetti da tumore
del polmone trattati con TERAPIE INNOVATIVE (ad es. immunoterapia, terapie
target, anticorpi coniugati)

45

Intelligenza Artificiale

Creazione di un modello predittivo di intelligenza artificiale (Al) per
migliorare la previsione della risposta, portando in ultima analisi a una
migliore soprawivenza e qualita di vita dei pazienti oncologici


https://apollo11.network/

How we can build BIG DATA: Apollo || use case

/ ll \
Cancer Center 1: Local material and data Cancer Center 2: Local material and data
e | Apollo T | F1 2
* RWD/NGS data & : NI - p . s =I5
g l o ' J. | STRENGTH S UNITY 2 | ‘-l‘l |
. , E  Boank R
* Image/Digital path  collection |  — — —..7 T e
: d A S R P
* Decentralized Platform = S, ~— =
¢ BiOban king material Local material and data Al Cancer Center 4: Local material and data
: L »  REDCap »  REDCap
* Federated Learning (validation of| % | o' | . S e
Swarm Learning architecture) s | -, L 48 cancer | | § A |
E } Biobank centres 1 e eCRF | giopank
* Al analysis . =1 ; Ik
E ‘é\'/ | https://apollo| | .network/ E = ~ :/j
: Real Biobank 2 Real Biobank

BIOData Driven Model In Lung Cancer

Prelaj A, et al. APOLLO 1. Consortium in Advanced Lung Cancer Patients Treated With Innovative Therapies: Integration of Real-World Data and Translational Research.
Clin Lung Cancer. 2024 Mar;


https://apollo11.network/

PEOPLE interventional prospective trial: 2 host vs 2 tumor time-series
biomarkers to explore secondary resistance in 1O first-line NSCLC patients
treated with immunotherapy

Evaluation of the influence of longitudinal interventional
therapies: e.g., Steroids, antibiotics

r 5 ; 7
Radiomics ';9
‘ P ‘
liquid circulating
biopsy Immune
profiling
:/’>./7<;--. | 4 “““““ ;\\
IO AT I i SNEA)
Microbiome - \\fw / S ‘3 - \'M / ( ~ ,‘3
Point 1: Baseline data collection Point 2: After 210 cycle Point 3: After first evaluation Point 4: Data at progression @
No
photography

SC . | W NIH ) National Cancer Institute (NCI)



TRAINING AND EDUCTION



Al is FOUNDAMENTAL ESMD:= EVD _

REAL WORLD
DATA AND DIGITAL

ONCOLOGY
I

';kfia\partners Large lang e
.

A\ od@ - - s s = . .
. . e Oncology education in the age of artificial intelligence
__ o

Q,
,b"%”-.,_ A. Prelaj*?*, G. Scoazec®, D. Ferber®® & J. N. Kather®’:2
%
% -
3
2
g A Knowledge creation in 1. Al Principles: Understanding
H 7| themedical field methodology, feature selection, model
s : : validation, and bias management.
. g Information overload )
3 2 mitigation Interpreting
e 2 T | Streamiined daily 2. Al Data: Oncologists need to critically
& 2 ' assess Al outputs to avoid over-reliance.
' i Increased independence
H [ET) . . . .
o and active development 3. Al-Driven Research: Oncologists require
: advanced skills to collaborate with data

scientists on Al models.

4. Patient-Centric Al: Oncologists should
guide patients using Al tools for self-
assessment and health information.




Al CONGRESS

Hibrid Event organized by:

Sistema Socio Sanitario «""'NW

Fondazione IRCCS Regione % POLITECNICO
i i i W f s "_!,'k MILANO 1863
—

] \4 ,: / s A ’5 : = ’,‘, 3
o i | ® SR ¥ ‘ ]
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Invited speakers from:

Memorial Sloan Kettering

3rd edition , Cancer Center
ARTIFICIAL L ol o R
INTELLIGENCE  NP= SRR = cresoy
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«
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FIRST ESMO Al CONFERENCE

ESMO > Meeting Calendar

ESMO Al & Digital Oncology Congress 2025

Scientific Go-Chairs

ESESMO Al & DIGITAL
ONCOLOGY

Annual Congress

® Mireia Crispin Ortuzar, Cambridge, UK
® Rudolf Fehrmann, Groningen, Netherlands

® Jakob Kather, Dresden, Germany
BERLIN GERMANY
12-14 NOVEMBER 2025

Days Hours Minutes Seconds

o [\/\/AP Arsela Prelaj
e Content of this presentation is copyright and responsibility of the author. Permission is required for re-use.
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RWD: AUTOMATIC QUALITY CHECK BUILDING

* Data cleaning and automatic quality check coding

|. Free-text inputs: all misspellings corrected ”

2. Correct date inconsistencies ﬂ/\\i“

3. Remove inconsistencies from laboratory values and physical parameters 5] w;» >
(...waiting for automated data curation development...) s@'z"&&

2 independent groups (2 oncologists each) blind feature selection

extracted from eCRF hypothesis-driven selection “g
Review of discordancies by | experienced medical4r1c0\k>giit \
L R
|. Descriptive features

2. Features for model training

Hot-encoding, new features, e.g.: |) patient’s age at different time points;
2) DFIl, Time between treatments; 3) number of concomitant diseases, 4)

patient therapies, and 5) allergies, 6) body mass index (BMI); 7) composite
blood cell counts (NLR); 8) genomic pathways




REAL-WORLD SCENARIO

INT DWH

\

-

@)=|| Electronic
Health Records

Radiology
reports

\4

USING LLAMA
GPT4

»

Database query
&
Data collection

LLMs for RWD structure

INFORMATION EXTRACTION PIPELINE

Experimental design

Csv

TXT
PDF
Model input:

Ba

0ooo

O

Information to extract
Prompt engineering
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Comparison of multimodal Al for image analysis
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From Research to Clinic: Perspective
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