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Artificial Intelligenece (Al) for precision medicine

1- Machine Learning @




Molecular classification of MDS by machine learning methods (Al)
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A new category of high -risk MDS is defined according to p53  dysfunction
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A new category of high -risk MDS is defined according to p53 dysfunction
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A new category of high -risk MDS is defined according to p53 dysfunction
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Artificial Intelligenece (Al) for precision medicine

1- Machine Learning @




"4 S8 (#) (*)+ #&-"&' ) %896)&()%.."0"$%&")1"2"%S$.-):
["4"0(56"#&)'#)7/+

| 1HSY&H (JH+,H)-./)"O)#12#+)03++)"#, 1456044 3'56 1" #."#,78:088')/#9)") #:5,#73<8.,)/#."#
=>20H#5" [#1"8 @H#?>H@) 5+ #85') +#85+9)#756)"#71738561" #A"B=C>>>D#:. (#0147+)()",.-)#08.".05
418)0385+#."21+456.)4¥# 5-5.85<8)#'1#), #08.". 058#,.9" *05"0)#5"/#.478)4)"'5<.8.' @#12#9)"14.0#
0+))". Ot

| EQO#H)-)8L74)"#12#.""1-56-)#5'5 :/+.-)"#.9.'58#()58'(#7+1/30" #5"/#,)+-.0),C#."#250'C#. #03++)"8@
81;)/#/3)#'1#8.4.)/#500), #'1F#5-5.85<.8. @# 1 MIGEGES 0(588)"9),."#)58'( /5'5#."083/)#
(5+41".1561" 7+1<8)4,5"#/5'54#7+.-50 @#AI%KLD#

| 1"H$9%& ) *+$+H), &)+, - (+/)*+$+)08H&, +$&*) 1")+#)+/02,.$%3)$, + #&*)$2)/&+ #)+//)$U
&AA&H +1)(Yo+,+($&,.4'(4)25)+),&+/)*+$+4&$6) T &)HES) *+$+)+,&)HE&.$%&,)+)(29")¢
&9, 8A8HS+2#)25)$%8&),&+/)*+$+6)! #(&)$%&")+,&)H#2$), &+/)*+$+)$%&")+,&)H2$),
19+,'(:/+,).3.5+'2#4)42)$%&") (+#) L&) & +4 /") +((&AAE*)+#*) 4%+ ,&*6

S SYNTHEMA



"H#'S%&" (#)(*)2,#&-"&'.)8%8&%6)&()%.."0"$%&") 1"2"%$.-
["4"0(56"#&)'#)7/+

| &@"().0#/5'5H05¥#9)")+5" ) [#<@#3, ."9#") 3+58#")": 1+ M, #AJ)")+F4A% 5+.588): 1+ M, CAIHDIG

+099'GHR2#'/6('0:9
el il oull & | 16(6)9&67":; ?QI+LD
e ¢ e [ e | M#699BE6#6:/3)6:AJ390#" ('0-0F)
1'99':; ":FO716('0:
x| | 16(6)6"13:(6('0: FOA367:":;.)
B6# A6('02"72093

Figure 2 Conditional Generative Adversarial Networks
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Pairwise associations among genes and cytogenetic abnormalities
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Global Concordance: 0.822; Std.err:0.013

Partial Concordance of risk components: 00
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Performance of Synthetic Data

DEMOGRAPHIC, CLINICAL

AND SURVIVAL DATA GENOMIC DATA ALL DATA
92.1% 90.2 % 70.6 %
SYNTHETIC CLINICAL FITNESS SYNTHETIC GENOMIC FITNESS PRIVACY PRESERVABILITY
Evaluated with distribution plot, Evaluated with mutation frequencies Evaluated considering the possibility of
Principal Component Analysis and and pairwise association. tracing real data from synthetic ones.
correlation matricies.
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Generation of Synthetic Data to accelerate
translational research In Hematology

The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Somatic SF3B1 Mutation in Myelodysplasia
with Ring Sideroblasts

E. Papaemmanuil, M. Cazzola, J. Boultwood, L. Malcovati, P. Vyas, D. Bowen,
A. Pellagatti, J.S. Wainscoat, E. Hellstrom-Lindberg, C. Gambacorti-Passerini,
A.L. Godfrey, |. Rapado, A. Cvejic, R. Rance, C. McGee, P. Ellis, L.J. Mudie,
PJ. Stephens, S. Mclaren, C.E. Massie, P.S. Tarpey, |. Varela, S. Nik-Zainal,
H.R. Davies, A. Shlien, D. Jones, K. Raine, J. Hinton, A.P. Butler, J.W. Teague,
E.J. Baxter, J. Score, A. Galli, M.G. Della Porta, E. Travaglino, M. Groves, S. Tauro,
N.C. Munshi, K.C. Anderson, A. El-Naggar, A. Fischer, V. Mustonen, A.J. Warren,
N.C.P. Cross, A.R. Green, P.A. Futreal, M.R. Stratton, and P.J. Campbell
for the Chronic Myeloid Disorders Working Group of the International
Cancer Genome Consortium
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Molecular International Prognostic Scoring System
for Myelodysplastic Syndromes
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Generation of Synthetic Data to accelerate
translational research In Hematology

IPSSM (real data, 2022) Syntetic IPSSM (synthetic data, 2013)

1.004 1.001
p < 0.0001 . p < 0.0001
0:751 > s
2 =
e o
s s
< o
S 050 50501
2 3
0 025
0.254
0.001
0.004 . : . i . . . i
; 2 P 72 % 120 1 188 152 . # " & + e e L i
Time (Months) Time (Months)
No. at risk - Bl AR
= - [ 312 266 193 109 45 15 2 0 0
= [ 1074 884 587 317 125 53 11 0 0 D o | 064 = e g i i ] . :
s = 379 267 155 70 23 9 0 0 0 L - 326 218 111 50 14 6 0 0 0
g =19 o p = s 3 4 9 . g m==| 286 172 72 30 13 2 0 0 0
@ =| 155 100 36 20 9 2 0 0 0 £ wm | 381 192 64 22 4 2 0 0 0
= | 236 133 58 19 6 0 0 0 0 S| 470 177 49 8 1 0 0 0 0
= 74.'6 3(.)8 9.1 2.1 :',)’ 2. c,) (.) c.) 0 24 48 72 96 120 144 168 192
0 24 48 72 % 120 144 168 192 Time (Months)

Time (Months)

H$%&" () (*+(,-.(0-%21&'- 003(4546.(%1(78+99 S SYNTHEMA



Generation of Synthetic Data 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 adult patients with transfusion -dependent anemia dueto very low-, low and intermediate -risk
myelodysplastic syndrome (MDS) with ring sideroblasts, who had an unsatisfactory response to or are ineligible for
erythropoietin -based therapy : a multicenter study by Fondazione Italiana Sindromi  Mielodisplastiche (FISIM)
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Realdata  Syntheticdata  Pvalue

RBC-TI>=8 weeks 1-24 | 56(31,5) 56 (31,5) 1.0

Longest Transfusion Independence Period (weeks), median (range) 195 (56-490) © 191 (56-490) ' 0.34
RBC-TI>=8 weeks 1-48 . 68(382) @ 61(343) = 050

RBC-TI>=12 weeks 1-24 | 36(20,2) @ 41(230) @ 060

RBC-TI>=12 weeks 1-48 . 51(28,7) | 46(258) @ 0.63

Reduction>= 4 RBC | 62(34,8) | 63(354) 1.0

Reduction>=50% | 77(433) | 72(404) = 0.66

AML Evolution ' 4(2,2) | 634 075

Discontinued patients 74 (41,6) 82 (46,1) 0.64
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Generation of Synthetic Data to accelerate clinical
research in Hematology

Overall Survival Longest Transfusion Independence Period
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Comparing endpoints of clinical trials using real and synthetic control arms. Real-world efficacy and safety of
luspatercept in adult patients with transfusion -dependent anemia dueto very low-, low and intermediate -risk
myelodysplastic syndrome (MDS) with ring sideroblasts, who had an unsatisfactory response to or are ineligible for
erythropoietin -based therapy : a multicenter study by Fondazione Italiana Sindromi  Mielodisplastiche (FISIM)
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From Synthetic data to Digital Twins vy fond

Synthetic Data (/’ | \A°e
Generation FRANCO MANDELLI
DIGITAL
PATIENT DATA MODELS TWIN
Different data Prediction and
layers : ﬁl&@ %%'{ simulation :
I Clinical @ 1010 | Diagnosis
I Genomic I Prognosis
I Images I Therapy
optimization
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LEUKEMIA/LYMPHOMA RESEARCH

Artificial Intelligence and real world data analysis to improve
patient care and advance medical research in hematology
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