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Overview of MDS Use Case

Challenges of Rare Hematological Diseases

In MDS, defects in the bone marrow microenvironment and the hematopoietic cells lead to ineffective hematopoiesis. Its
classification relies on momphological features and genetic abnormalities (defined by the Revised International Prognostic
Scoring System).

FEATURES MANAGEMENT ISSUES

Current prognostic classification systems fail to
capture individual patient heterogeneity

Clinical Heterogeneity

Varied Genomic Background f ! The majority of patients fail first-line therapies

Hematopoietic stem cell transplantation (HSCT) is the
only potentially curative option but not all patients
are eligible

¥

Personalized Risk-adapted
Treatment Strategy

Multifactorial Disease
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GenoMed4All Mission

Development of Al Solutions to Improve MDS Clinical Management through a
Personalized Precision Medicine Approach

MDS Prevention Based Omics-based Classification Omics-based Clinical
on Genomic Screening and Prognosis of MDS Decision Making in MDS
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MDS Prevention Based on Genomic Screening

MOSAIC: An Artificial Intelligence-based Framework for Multi-Modal Analysis, Classification
and Personalized Prognostic Assessment in Rare Cancers

Data-driven, harmonized classification
system for MDS: a consensus paper
from the International Consortium for

Myelodysplastic Syndromes, Lanino L et - & = S— N - Mlm Artificial-Intelligence, Data-Driven,
al. The Lancet Hematology. 2024 (in press) & — (( Comprehensive Classification of
e ) L clustering methods }{ Patient groups ‘ L “;:z:lﬁ?z‘?:'}};";:o: Myel0|d Neoplasms Based on
] { Hierarchical Dirichlet }{ s ‘ e =4 Genomic, MorphOlOgical and
A Molecular-Based Ecosystem to \ ] R ) | N | Histological Features: the TITAN
ImprovePersonalized Medicine in 6] e = ) | G oral resen?r:;i)rl) at the 66th
Patients with ChronicMyelomonocytic ncaonres | ] { vl pognost H anssts 30 ocion J gty P :
: —s e ~ | American Society of Hematology
Leukemia (CMML) & y |
Oral presentation at the 661" e imputaion of . — (ASH) Conference (7-10 Dec. 2024)
(:;n[-;;n(_c'ggfzfecrl,izy(;g-o’eg e‘z_tozloo%) D’Amico S et al. |CO Clin Cancer Inform. 2024. 8:e240('3m008.
) doi: 10.1200/CCl.24.00008.
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Omics-based Classification and Prognosis of MDS
Real-World Validation of the Molecular International Prognostic Scoring System (IPSS-M)
for MDS Risk Stratification s
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The IWG for prognosis in MDS* proposed a new

clinical-molecular prognostic model, the Molecular ™ B very Low
International Prognostic Scoring System [IPSS-M] . o
to improve the prediction of clinical outcomes of

- Moderate High
the currently available tool (Revised Intemational " ::q: High
Prognostic Scoring System [IPSS-R]).

IPSS-R IPSS-M \

Density

Age, sex S msen
Blood Parameters *Bernard E et al. 2022. NEM] '
Cytogenetic Alterations .

Somatic Mutations on
31 MDS-related genes
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Omics-based Classification and Prognosis of MDS

Real-World Validation of the Molecular International Prognostic Scoring System (IPSS-M)

for MDS Risk Stratification m s )
e '

GenoMed4All cohort

On behalf of the GenoMed4All consortium™*, we

provided extensive validation of the IPSS-M in a
real-world MDS cohort (n=2,876), addressing its :
clinical implementability by: A A

Accuracy Loss (%)

11 ) Time (months) & GenoMed4All Cohort
m Validating the IPSS-M prognostic value W HSCT
22s Investigating the IPSS-M prognostic power in i B R = B —
“=/ patients receiving disease-modifying treatments I s
- ) Testing the prediction’s accuracy with missing i ol HMA
£/ genomicinformation 3 "
| —
*Sauta E et al. | Clin Oncol. 2023;41(15):2827-2842. "=

doi: 10.1200//C0.22.01784 TN EEEEE




Omics-based Classification and Prognosis of MDS
IPSS-M Clinical Implementability

e . Validating the IPSS-M prognostic value
Compared to IPSS-R, the IPSS-M resulted in improved prognostic accuracy across all clinical endpoints.

Investigating the IPSS-M prognostic power in patients receiving disease-modifying treatments

. IPSS-M significantly improved the risk prediction of relapse and of the probability of
w 8 ) post-transplantation survival, helping the identification of patients with high risk of transplantation failure.

S/ |PSS-M failed to stratify individual probability of response; additional factors other than gene mutations
can beinvolved in determining sensitivity to HMA.

Testing the prediction’s accuracy with missing genomic information

e ) Testing the robustness of IPSS-M when molecular information was missed, we defined a minimum set
Q@& \/ of 15 relevant genes ensuring a risk prediction accuracy greater than 70%.
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Omics-based Classification and Prognosis of MDS
Multi-omics Analysis For Personalized Medicine in MDS

DATA MODALITIES CLINICAL DECISION MAKING
()
y W =) MULTIMODAL PATIENTS TAILORED
Nl INTEGRATIVE
— MODEL DIAGNOSIS
GENOMIC @ggﬁ k
f-r '--. . :' "R
TRANSCRIPTOMIC ‘@: i”_%:_ PROGNOSIS
i) o
—
IMMUNOMIC Wr
— 'I&"D TREATMENT
DIGITAL

PATHOLOGY =i

GEN@MED

4ALL



Omics-based Classification and Prognosis of MDS

Combining Gene Mutation with Transcriptomic Data Improves Outcome Prediction in MDS

We performed an integrative analysis using conventional statistical methods (Gerstung M et al. Nat Comm 2015) to

evaluate the prognostic contribution of cytogenetic, transcriptomic, genomic, clinical and demographic features in predicting
clinical outcomes in MDS. We assessed the relative contribution of each data layer comparing the obtained accuracy with the
current standard prognostic scoring systems, IPSS-R and IPSS-M.

| b (Pros: Accessible interpretation 4
e
o) ragrephics

0.84

e
=

Concordance [C-index)

04 Cons:
*  Alimited number of input features
: : ¢ «Manual» features extraction
021 | Senomicfestures +  Non-scalable model

Sauta E et al. Blood 2023; 142 (Supplement 1): 1863. doi:
https://doi.org/10.1182/blood-2023-186222
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Omics-based Classification and Prognosis of MDS
Multimodal Al-driven Platform for Precisione Medicine in MDS
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Omics-based Classification and Prognosis of MDS
Multimodal Al-driven Platform for Precisione Medicine in MDS

Data Layer @ Molecular © Histopathology @ Multi-modal Integration
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Sauta E et al. accepted as oral presentation at the 66th
ASH conference (7-10 Dec.2024)

Multi-Modal Fusion

H&E Images

Demogr.+Clinical+Cytogen.+Genom.+Transcriptomics

Demographics+Clinical+Cytogenetics+Genomics

Demographics+Clinical+Cytogenetics

Demographics+Clinical

IPSS-R IPSS-M
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Omics-based Clinical Decision Making in MDS

Clinical and Genomic-Based Decision Support System to Define the Optimal Timing of
Allogeneic Hematopoietic Stem-Cell Transplantation in MDS

STEP 1—Model of the disease natural history

ﬂalsclcn\mrlnmollntmn: Define time-to-event models \ 4 i ! -\
S AN RELAPSE
— PSS-M i PRE-HSCT *POST- Q
MDS HSCT
-
Observational *Additionally adjusted by: DEATH DA »
registry data Disease-modifying therapy , B
\ T / Profile-specific
| optimal
transplantation
. . . . . . . policies
STEP 2 Simulation of the target trial STEP 3 Microsimulation scenario \ J
Gss-u to age groups Define patient profiles  Define trial arms \ (Dn:lllon model through microsimulation
Randomize each nt at MDS wmer amouns | wser 1z mowres MBET 74 MoNTHS o
@ vorrion 88% Age: 61+ diagno::swracepa:SCT after x . HSCT: 4 MONTHS HSCT: 12 MONTHS Hscmmggm?;c
@ Hon @3 montns: o | s e e AN N
et 2" . Wt &
@ Moderate high 8 Age: 56-60 5.{'“3 ”35.' I:DS ; o . Y i e MR SR M A
8 = " —>|i e T | A \——
Tining of HECT: Observe patients l pk 8 years | Ny Uty L AT LAl | SR I B St
. Moderate low — l:)’r'n‘OI‘lh o 36 from MDS diagnos ADl b, 3 Post-HSCT - ‘:‘? PostHSCT ) posubser
\. Low Age: 4055 Patient profiles Record the survival time. ) R L o @
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Average survival time (Months)

Omics-based Clinical Decision Making in MDS

Clinical and Genomic-Based Decision Support System to Define the Optimal Timing of
Allogeneic Hematopoietic Stem-Cell Transplantation in MDS

80+

60+

404

F®&= low == moderate low =8= moderate high =#= high B8= very high

Age:40-55 Age:56-60 Age:61+

Under an IPSS-M based policy, in the patients
with either low- and moderate-low risk
benefited from a delayed transplantation
policy, while in those belonging to moderate-
high, high- and very-high risk categories
immediate transplantation is recommended

T T T T T T =T T T T T T T =T T T T T T T
0 6 12 18 24 30 36 0 6 12 18 24 30 36 0 6 12 18 24 30 36

HSCT Time from MDS diagnosis (Months)
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Omics-based Clinical Decision Making in MDS

Clinical Decision Support System for Transplantation in MDS - WEB TOOL

™ 0~ @ ecdss-webserver.shinyapps.io @ [N -] @ M +
Home IPSS-M
Below, it is possible to obtain the suggested optimal transplantation The Revised International Prognostic
policies obtained by the DSS, based on a given subject's age and Scoring System (IPSS-R) for Myelodysplastic
CENIERIEON IPSS-R he ti f MDS di i Synd Risk As: Calcul;
L ACCELERATING -R score at the time of iagnosis. yndromes Risk Assessment Calculator
Z LEUKEMIA/LYMPHOMA Age tyeare) using hematological parameters and
X RESEARCH B N = . cytogenetic abnormalities can be calculated
at the following link:
C. AL R.  oaviiimiees e corwand A
AL e e 4 43 46 9 52 55 58 61 64 &7 0 woerwamds-Faundation.or i i
pss calculator Gregorio Cetal. JCO Clin Cancer Inform.
e ermedste ’ 2024;8:¢2300205. doi: 10.1200/CCI.23.00205
best timing for
The decision model based on . )
micosimultion can e thought of Tentori Cetal. ] Clin Oncol.2024.42(24)2873-2886.
— as simulating a hypothetical .
About: z — randotized clinical trial where d . / j
s _ § - ; vial where 0i: 10.1200/JC0.23.02175
Al Center: www.humanitas.eu F --- subjects are randomized to receive
. 2 soq HSCT at different time points upon
CALR: www humanitas. eu/calr s diagnosis of MDS (in x-axis)
g
MOX POLIMI: www.mosxpolimi.it H Results were used to estimate the
s average survival time (in the y-axis)
Contact: g over a 8 years time horizon. The
Matteo Della Porta (matteo.della_porta@hunimed.eu) H optimal transplantation policy was
Francesca leva {francesca.ieva@poli defined as the 5% confidence
204 interval for the timing that
Caterina Gregorio (caterina.gregorio@polimi.it) T T - p ps s maximized the average survival
. " time (denated with a solid line).
Saverio D'Amico (saverio.damico@humanitas.it) HSCT Time from MDS diagnosis (Months) é:‘fid?ustmmwr; W::’"'m;:ijy
Acknowledge: incorporating utilities into the
GenoMed4All (www.genomeddall.eu) estimation of average survival
time.
Synthema (www.synthema.eu) Suggested transplantation policy: delayed HSCT,
AIRC (www.airc.it)
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Synthetic Data & D|g|ta

Overview and applications in ML



Increased access to real-world evidence (RWE) data is needed
to accelerate innovation in hematology

Main reasons

Privacy limitations
(GDPR)

Lack of data
harmonization from
different sources

Data are not structured
and are dispersed

of healthcare data

remains unused

Source: Deloitte 2023
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Synthetic data to capture RWE in hematology

Synthetic data are artificial data generated by an algorithm trained to learn all the essential
characteristics of a real dataset:

«  The new data are neither a copy nor a representation of the real data

« Since they are not real data, they are not regulated by particular limitations; therefore, they

Properties and possible applications
«  Data sharing (privacy/GDPR)
noise Z
> «  Classes balance and resolution of missing

information (data harmonization)

can be easily accessed and shared

Conditional Generative Adversarial Networks architecture

«  Data augmentation

--> Realt +  Algorithms training and validation
Real data [
X

«  Generation of new evidence

Source: D’Amico et al, JCO CCl, 2023
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Synthetic vs. real patients: Comparison of clinical and molecular features in MDS
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Synthetic vs. real patients: Comparison of clinical and molecular features in MDS
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Synthetic vs. real patients: Comparison of clinical and molecular features in MDS

v @ Sythetic Data Platiorm X G comesilasceenshotpc- Cere X | 4
. . .
Real patients S etic patients ¢ > o Clmn—————— C
1.0 — Very low 10 — Vary low x .
—_— Low —_— Low
= Intermediate = Intermediate

= 8 —— High = 8 —— High . .

= = Very high = —veryhion {0 Synthetic Data Generation

© ©

CENTER FOR ACCELERATING

S 6 | 6 LEUKEMIA/LYMPHOMA RESEARCH

2 =4 Generate synthetic myeloidysplastic syndrome cohort from a pre-trained model

o a Pt s i i s b gy

2 4 g a T —

c c q .

= = Synthetic Data Generation 3000 -

(%] w

2 2 Select page
H Generator
0 25 B0 75 100 125 150 175 o 2 4 6 8 10 12 e Synthetic Data Generated G
Time (years) Time (years)
" N Al Center: www.humanitas.eu
No. st risk: No. st risk: SYNTHETICL 2 MDS-MLD
Very low 197 118 57 24 9 3 1 0 Very low 255 163 96 55 16 3 2
P — P

Low 578 329 174 68 18 3 2 0 Low 656 379 194 90 42 16 4
Intermadiate 328 126 56 21 2 0 ] 0 Intermediate 451 170 87 38 17 4 1
High am 55 14 4 1 0 0 0 High 406 82 39 19 7 4 1
Very high 215 6 [ 0 0 0 0 0 Very high 134 13 4 1 0 0 0

Probability of survival stratified by IPSS-R! Data augmentation: From 2,043-7,118 patients™2
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Performance of synthetic data
2021 WHO guidance on ethics and governance of Al for health

Demographic,
clinical, and Genomic data?3 All data23
survival data?3

Transparency of models:

oy N N A

Reliability of models: 92.1% 90.2 % 70.6 %
independent validation of

generated AI mOdels SYNTHETIC CLINICAL FITNESS SYNTHETIC GENOMIC FITNESS PRIVACY PRESERVABILITY
Eva_l uat.ed with Evaluated with E\{alugted
Protection of data and Prinoipal Component  Mulation frequencies _ ORsderne e
data sharing: Compliance Analysis, and and pairwise el clela Sorr
with GDPR (EU) correlation matrices association synthetic ones

Source: D’Amico et al, JCO CCl, 2023
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Synthetic Data (from RWE) to accelerate clinical research in hematology

Comparing endpoints of clinical trials using real and synthetic control arms

Real-world efficacy and safety of luspatercept in patients Primary endpoints"
with transfusion-dependent anemia due LR-MDS-RS, who

Overall Survival

had an unsatisfactory response to or are ineligible for T T ———
erythropoietin-based therapy: A multicenter study by FiSiM'2 § 3

RBC-TI = 8 weeks 1-24 56 (31.5) 56 (31.5) 1.0 Zom o
Longest transfusion e i
independence period, 195 (56-490) 280 (56-490) <0.05 000 T 20250300 390 400 a0
weeks, median (ra nge) s Longest Transfusion Independence Period
RBC-TI = 8 weeks 1-48 68 (38.2) 61(34.3) 0.50 = 0w
RBC-TI = 12 weeks 1-24 36 (20.2) 41 (23.0) 0.60 £ on
RBC-TI = 12 weeks 1-48 51 (28.7) 46 (25.8) 0.63 & o4 |
Reduction = 4 RBCs 62 (34.8) 63 (35.4) 1.0 a o — -
Reduction = 50% 77 (43.3) 72 (40.4) 0.66 B S e R

Time (days)

Source: D’Amico et al, JCO CCl, 2023
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

Limitations and pitfalls of randomized clinical trials (RCTs)

RCTs may have major limitations in some clinical scenarios, including:
Rare and ultrarare diseases (few patients available to be enrolled into a clinical trial)?

Patients with major unmet clinical needs in which best available therapy is not effective (ethical
concerns to treat these patients with best available therapy)?

Patients with major unmet clinical needs in which most of the trials are failed (urgent need to
accelerate the evaluation of the effectiveness of new treatment options)?

Diseases arising in elderly people (limited opportunity to be enrolled into a conventional clinical
trial)’

Diseases in which the lan f standard treatment is rapidly changing and therefore it is
not easy to define an appropriate control arm (challenge in defining the study design)?
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Synthetic data (fromm RWE) in clinical trials: Status of regulation and next plans

Alectinib obtained conditional EU approval as a treatment for lung cancer in 2017, with
acceptance of a synthetic control arm of 67 patients as a trial, thus accelerating drug's
availability in the EU by 18 months'

Avelumab for the treatment of Merkel cell carcinoma, approved in 2018, used data from
electronic medical records in a synthetic control arm’

Accelerated approval was obtained for blinatumumab for the treatment of leukemia from the
FDA in 2014 and the EMA in 2015, using a comparator arm of historical data from 694
patients, based on 2,000 patient records for the Phase 2 study’

The FDA and the scientific community are forming an alliance for the no-placebo initiative
to use external comparison arms to study new therapies for Gl stromal tumor and other rare
cancers, facilitating drug trials and regulatory approvals?
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g)eon ALl




Synthetic data and images generation

Patient 1D

SYNTHETICL

SYNTHETIC2

SYNTHETIC3

SYNTHETIC4

SYNTHETICS

SYNTHETICG

SYNTHETICT

SYNTHETICS

SYNTHETIC9

SYNTHETIC10

Patient 1D

SYNTHETICL

SYNTHETIC2

SYNTHETIC3

SYNTHETIC4

SYNTHETICS

SYNTHETICG

SYNTHETICT

SYNTHETIC8

SYNTHETIC9

SYNTHETIC10

Age at diagnosis (years)

Age at diagnosis (years)
68
66.1

378

Gender (M=1/F=2)

2

Gender (M=1/F=2)
2

1

WHO2016 Class
MDS-MLD
MDS-MLD
MDS-SLD
MDS-5LD
MDS-SLD

MDS 5Q-
MDS-5LD
MDS-MLD

MDS 5Q-

MDS-MLD

WHO2016 Class
MDS-MLD
MDS-MLD
MDS-SLD
MDS-5LD
MDS-SLD

MDS 5Q-
MDS-5LD
MDS-MLD

MDS 5Q-

MDS-MLD

Hemoglobin (g/L)

1356

848

1182

1119

Hemoglobin

1356

848

1182

Neutrophils (10 9/L)
0.6
21
19
23

4.7

e
a

=
N

]
@

Neutrophils (10 9/L)

13
24
0.7
T4

0.6

Q)

Synthetic

data

generation
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The importance of training

Prompt. Generate cell

images of a patient of )

80 years old with acufte
leukemia

stability ai

Generalistic Stable Diffusion Models

Prompt: Generate cell

imc:ges of a po’rien’r of ) Custom model trained )

80 years old with acute on medical data
leukemia
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Generation of synthetic images from textual information

Clinical Text Description:

“BM cellularity 55% with preservation / - :
— s

of the L:E ratio and by maturational : ; .
progression of hematopoietic lines in S ‘
the absence of relevant aspects of

cytoarchitectural dysplasia. Generative Model
Proportion of CD34+ precursors

<1%. Expression of p53 in less than

2% of the total cells. Absence of BM

fibrosis.”

SYNTH IMAGE

REAL IMAGE

GEN@MED

zyeon @Al




Clinical validation on imaging data: features extraction

Morphological
Areq
Perimeter

Color
@ Mean RGB
Mean HSV

Haralick
> Enfropy

Contrast
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Clinical validation on imaging data: prognosis

Cox's proportional hazards model to predict individual probability of overall
survival in patients affected with myeloid neoplasms.

] C-INDEX (95%)
Population 0.55 0.60 0.65 0.70 0.75 0.80 0.85

SYNTH O

- REAL EEEN182

SYNTH O
REAL | 294

SYNTH B 112

- REAL EEEEE 182

SYNTH /112
REAL 1 294 ' )

Model 4

0 200 400 Source: Asti et al, Blood, 2023
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https://ascopubs.org/doi/full/10.1200/CCI.23.00021

MOSAIC Framework

A

Input data Analysis Evaluation New patient

Classification \ / v \
e N
Al-based P
: - Patient groups Classification model for
glustering methods assigning new patients to
N .. K a clinical group
< ) ExplainAbility of the Al
Hierarchical Dirichlet Pati models
clustering methods GRSl e
: P
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MOSAIC Framework for Comprehensive Classification of Myeloid Neoplasms
Based on Genomic, Morphological and Histological Features: the «TITAN» study
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In the TITAN study, we retrospectively studied 20,054 patients with MN in
which clinicaland morphological data, together with cytogenetics,
mutational screening and outcome were available.

Weincluded 7104 AML, 8410 MDS, 2986 MDS/MPN and 1554 MF. We used
MOSAIC, an Al-based framework to define unsupervised clusters according to
homogeneous morphological and genomic features.
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Data-driven, harmonised classification
system for myelodysplastic syndromes: a
consensus paper from the International
Consortium for Myelodysplastic
Syndromes
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From data collection to digital twin with synthetic data
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Digital Twin Platform for MDS
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