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Disclosures

Research collaborations incl. funding, consultancy and speaker honoraria
— Pharma: Roche, Janssen, Bristol-Myers Squibb
— MedTech/Data: Varian - Siemens, Philips, Sohard, Mirada Medical, IQVIA
— Health insurance: CZ Health Insurance

Spin-offs and commercial ventures
— Maastro Innovations B.\V.
— Medical Data Works B.\V.
— Various patents on medical machine learning & Radiomics
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Predicting patient outcome
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Why predicting patient outcomes is hard
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Diagnostic imaging:
functional and anatomical

Proteomics and other
effector molecules

Functional genetics:
gene expression profiles

Structural genestics:
eg, SNPS, haplotypes

Decisions by
clinical symptoms

1990 2000 2010
Time (years)

2020

« Explosion of data
« Explosion of decisions

NSCLC (Lung Cancer)
2 year survival

158 patients « Explosion of ‘evidence’
5 MDs * Too much to read
Prospective e 3 % intrials, bias

AUC: 0.56 » Sharp knife

[ Beneficial
[ Likely to be beneficial

settings or their effectiveness in individual patients.

Oberije et al. , Radiother Oncol. 2014; 112: 37-43 / J Clin Oncol 2010;28:4268 / JMI 2012 Friedman, Rigby / BMJ Clinical Evidence
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[ Trade-off between benefits and harms
[ unlikely to be beneficial

[ | Likely to be ineffective or harmful
[ unknown effectiveness

Effectiveness of 3000 treatments as reported in randomised controlled trials selected by
Clinical Evidence. This does not indicate how oftentreatments are used in healthcare
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Learning health care system — From Evidence Based Medicine to Digital Twins

Evidence Based Medicine

Clinical trials, comparative \
effectiveness research, molecular \

and biologgagata Information-rich

patient-focused

data
Evaluation of

oulcomes

Patient

Digital Twin

4 L)

Transformat,fon of »
Subsequent care go

delivery agg‘fegaﬁon,
evidence

generation

J Clin Oncol 2010,28:4268
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A Digital Patient Twin

» Patient health simulations
« Data models and Al algorithms
« Lifelong data from diverse sources
» Real-time health information
« Continuous data comparison with:
* Population studies
« Data on specific pathologies
« Typical disease progress

» Medications and therapies for others

+ Informed by evidence, guidelines, economics

» Facilitates holistic, personalized treatments

https://www.siemens-healthineers.com/perspectives/digital-patient-twin
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Data is key for outcome predictions in Digital Twins
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Clin Transl Radiat Oncol. 2017;19:24-31.
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Liege (n=186) 0.61

Liege (n=186) 0.72

Liege (n=186) 0.68
Maastricht (n=52) Liege (n=186) 0.75
All 4 together (n=136) Liege (n=186) 0.77
All 5 together (n=322) World (n=inf) ?
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Building a data community
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Rare cancers
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* Radiotherapy and Oncology (2021) v159 p183-189,

https://doi.org/10.1016/j.radonc.2021.03.013
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Overall survival

Locoregional

Freedom from

control distant metastasis
Mean global model c-index 0.68 0.71 0.69
Mean leave-one-centre-out 0.67 0.68 0.66

validation c-index

Hazard ratio (95% CI)

Modal involvement
[N+ relative to NO)

1.45 (1.11-1.89)

1.24 (0.92-1.68)

2.09 (1.42-3.08)

T stage
(T3-4 relative to T1-2)

1.42 (1.07-1.89)

1.46 (1.05-2.03)

1.18 (0.80-1.74)

Sex
(Female relative to male)

0.65 (0.51-0.83)

0.56 (0.43-0.73)

0.82 (0.58-1.16)

Age at start of radiotherapy
(per 10 years)

1.20(1.07-1.34)

1.08 (0.96-1.22)

1.00 (0.86-1.16)

Gross tumour volume

© (em3)

2.02 (1.47-2.76)

2.47 (1.73-3.53)

2.14 (1.40-3.27)

Prescribed dose to primary tumour
{logse EQD2, per 10 Gy}

0.96 (0.71-1.29)

1.17 (0.82-1.67)

1.21 (0.79-1.36)

Histology
(Basaloid SCC relative to SCC)

0.88 (0.61-1.28)

0.64 (0.39-1.06)

1.04 (0.64-1.69)

Radiotherapy technique
(IMRT/VMAT relative to 3D-CRT)

0.96 (0.67-1.39)

1.55 (0.91-2.64)

MSA

Chemotherapy regimen
(all relative to no chemotherapy)
Mitomycin-based

Cisplatin-based
Other chemotherapy

0.35 (0.23-0.53)
0.32 (0.11-0.92)
0.81 (0.42-1.56)

0.67 (0.35-1.25)
0.72 (0.22-2.30)
0.83 (0.30-2.27)

0.59 (0.28-1.23)
0.80 {0.21-3.09)
0.94 (0.31-2.92)

P
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ARGOS - (AR)tificial intelligence for (G)ross tumour v(O)lume
(S)egmentation

Fully open-sourced code for federated deep . =
learning

* 24 institutional partners across 10 countries

« Executed legal agreements in multiple jurisdictions
incl EU, Switzerland, US, China and India

 Inclusivity and diversity — low resource threshold for
small clinics and LMICs; each contributes 200+
cases

 In-kind funding from participants
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Automated body composition analysis

3100 training and
cross-validation from
multicentre
international cancer
surgical dataset

2500 fully
independent external
test set

TRIPOD type 4
generalization study

680 independent test
cases from
polytrauma unit
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What makes patients similar?
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What makes patients similar?
C®RAL

Distributed Rapid-learning

Perform distribdted leaming fins S5 4k
Y g R

Create new run

Run ID % Algorithm Creation date 3 Status &
20732 Sat, 20 Oct 2018 10:27:59 GMT DONE
20732 Sat, 20 Oct 2018 10:26:13 GMT ERROR
20732 Thu, 18 Oct 2018 16:09:36 GMT
20742 Thu, 18 Oct 2018 16:08:05 GMT
312 20750 Wed, 17 Oct 2018 14:27:40 GMT DONE
20732 Wed, 17 Oct 2018 14:23:28 GMT DONE
305 20732 Wed, 17 Oct 2018 13:31:15 GMT ERROR
20742 Wed, 17 Oct 2018 13:29:39 GMT DONE
). 20742 Wed, 17 Oct 2018 12:30:18 GMT DONE
20750 wed, 17 Oct 2018 11:29:59 GMT
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What makes patients similar?

R1 (G3) S R2 (G3)
R3 (G4) % QO wng o
X R4 (G1) Qmetastases
; 3 M2a
. e 0
' = Chest-wall
[T — < M2b— metastasis
Lo N R6 (G1) Plrimary
- - umaor,
R7 (G4) RS (G4) [
L | ! Perinephric |
10cm f metastasis
M1

B Regional Distribution of Mutations
Ubiquitous Shared primary Shared metastasis Private

"There were more differences between
biopsies from the same tumor at the
genetic level than there were similarities”

[ |
C Phylogenetic Relationships of Tumor Regions D Ploidy Profiling
W Ubiquitous
Sha‘rlcd primary Rgl‘, R2 k2 R4
M Shared metastasis R -RRs]
W Private KDMSC (missense and frameshift) \PIEP Tetraploid
mTOR (missense )
SETDZ (fameshifi) T o 3 l_,\ JL'[L
PR SETD2 (splice site) 'g " ™Mb
z
143
r Dl=1.81]
" I
Komac apiee s w |, I
PreM Wiz Propidium lodide Staining
https://www.medscape.com/viewarticle/7598777?0=reg=1 N Engl J Med 2012; 366:883-892
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What makes patients similar?

A MatConvNet:32
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Similarity score
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MZ-twins LAL Non-LAL MZ-twins LAL Non-LAL MZ-twins LAL MNon-LAL
N=50 N=16 N=50 N=50 N=16 N=50 N=43 N=18 N=50

Joshi et al., 2022, Cell Reports 40, 111257
r’ o
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" MARGOT ROBBIE

NETEL

DUCATION

SEXE

The big sister is here.

FEB 2021
NETFLIX

Margot Robbie & Emma Mackey
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What makes patients similar?

A B C
Features Gender
:QF lor/sha i
ir color/shapa Language i i i i
Epe ;,;:; » Gk b eaaics Questionnaire Education Smoking
g 3 Citylvillage bor/residence P =0.00321 P = 0.000685 . F=0.03
hi 1 e | — 08 —_—
Woioni & Horont Lived elsewhere § 50 ' 0.8 H '
S 451 : : < :
Smoking Z : 0.6- : 06 ;
Num. Cigarretes/day Family status 0O 4.0 ] 1
Last cigarrete (years) Time Married/In couple c 0.4 | 0.4 H
@ 3.5 :
3 :
Blood group 2 30 ) ' 0.2 0.2
s Allergies et S : :
Rh Drinking alcohol w254 _i ] —_ g
Drinking soft drinks 0.0 0.0
L Distance Distance with Distance Distance with Distance Distance with
¥ within pairs ofher individuals within pairs ofher individuals within pairs other individuals
/ Handedness (inira-pair) (Extra-pair) (Intra-pair) (Extra-pair) (Intra-pain) (Extra-pair)
4 SNPs Height Weight
i |—E=0.00006 4 Y L P=0.01
§ 1180 - |L_.t_00004 0.5- e
§ 160 ; 0.15 ; o 5
.Q . . .
0 11404 H H 0.34 H
2 : 0.051 '
g 11004 : S—t— 0.14
w —_ ' '
10804 0.00 e s e e 0.0 b —_
m;:,s n&:ﬂm Distance Distance with Distance Distance with
{Intra-pair) (Exra-pair) within pairs oifier individuals within pairs olher individuals
{Intra-pair) (Exira-pair) (Intra-pair) (Exira-pair)

Joshi et al., 2022, Cell Reports 40, 111257
r o
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Nature?

« Similar genetics -> similar
facial features?

« Similar genetics -> Similar
education, smoking, height,
weight?

Nurture?

» Similar facial features ->
similar education, smoking,
height, weight?

« Similar education, smoking,
height, weight -> similar facial
features?
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What makes patients similar?

a | FaceAge Algorithm § o

Survival Probability [%6]

FaceAge — Age
=
l

100% 4

50% 4

-

23%

Technic 5 ch_rank
& o p < 0.0001
. 1 U -
I:I[!'il T T T T T T T
- Time (Years)
0 Number at risk
FaceAge <65 1385 1067 861 700 536 400 250 128
65 < FaceAge< 75 2035 1565 1300 1062 815 634 419 228
75 = FaceAge =85 1292 983 791 628 487 377 259 153
FaceAge = 85 194 143 114 88 64 49 32 17
Zalay et al. medRxiv. 2023 Sep 12;2023.09.12.23295132.
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From Digital Twin to Evidence Based Medicine?
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Turing Award 2011, Judea Pearl

From Correlation to Causality

9

XS

[ 3. COUNTERFACTUALS

ACTIVITY: Imagining, Retrospection, Undersmanding

QUESTIONS:  1What if I bad deme ...7 Wiy?
(Was it X thae caused Y7 Whart if X had not

Gccusced? What if 1 had acted diffecendy) Req uirements for causa [|ty

EXAMPLES: Was it the aspiin that stiopped my headacher
Would Kenoedy be alive if Oswald had nort

killed him? What if T had not smoked for the
lasrc 2 years? J

[ 2. INTERVENTION
ACTIVITY: Doing, Interven There is a significant
) N correlation ’ Variable A Variable B
QUESTIONS:  1i7har 3f 1do...8 Howt N Surveyed Surveyecl

(What would Y beafl Tdo X?

How can I make Y happen?) .‘
EXAMPLES:  If I take aspiric, will my headache be cured? [ ] [}

Whar if we han cigaretres?

e °°
[ ]
LA Profound
e o theory
1. ASSOCIATION ° -
L

ACTIVITY:  Seceing, Observing

QUESTIONS:  What if 1 see ...¥
(How are the vauables xelated?
How would seemg X change my belsel in Y?)

EXAMPLES: Whar daes a symprom rell me abour a disease?
What daes a survey rell us abour the
clecton results? J

S —
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Observational Data, Bayesian Networks & Causality
Active therapy in localized prostate cancer — Dutch Cancer Registry

« RCT15%, RCT2 0% 10Y-OS gain D0%
« SEER: ~10% 10Y-OS gain 00%
» Active therapy (n=1.950) vs. observation ";_E 8%
(n=2.171) S

« Causal Blacklist (PSA — age) & whitelist (Tx — E
10Y-0S) s %

2,

<

50% -
» Causal Diagram (Bayesian Network)
40% 4

« Confounders: Age & year of diagnosis S T o

3E'%dl"' e EEatas REsEa B I_IHadE?IPI ct?myl i |

« Bayesian Network: 1% 10Y-OS gain o 1 2 3 4 S5 6 7 8 9 1 N 1
« Cox corrected for confounders: 3% 10Y-OS gain Years of follow—up

Sieswerda et al. JCO Clin Cancer Inform 7:€220008 | NEJM 352:1977 (2005) | NEJM 375:1415 (2016) | Cancer 112:2456 (2008)
‘ | 4 i + b . . .
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From Sex Age Grade Location pT pN Comorbidities ASA  adj_therapy recfree_01y recfree_02y surv_01y surv_02y surv_03y surv_04y JQ]QJQJI n Lancer I n f orm. 239)(2 3 Sep : 7"e 3 0080
To
Age
Sex - ; ‘ X ; ; . : X X X
Age X X
Grade . ; - H X X X X i
(AN]
Location X X ’I" |
i 1
pT . . . 8 - X . : X X X |
pN . . ) . .- X X N
b B
';‘ 3. COUNTERFACTUALS
HRs—Adjuvant v Surgery Only (reference category) ". 'I ACTIVITY: 1 g, Remvepeciion, Unlootanding
1M
; i QUESTIONS:  1har if T had deme ...7 Wiy?
Unad]usted - \ 4 — (Was it X rhar caused Y? Whar if X had not
occurred? Whar :f 1 had acted differendy?)
AdJUStEd for Age T d EXAMPLES: Was ir the aspirin that stopped my headache?
T . Whoruld Kennedy be alive if Oswald had nor
g Adjusted for pN - & killed him? \What if T had not smoked for the
o i last 2 yearsy J
= Adjusted for pN and ASA Score - @
Adjusted for Age, pN, and ASA Score =
Adjusted for Propensity Score EN 2. INTERVENTION
T T T T T T T r T r ACTIVITY: Doing, Intervening
020 025 030 035 040 045 050 055 0.60 065 0.70 QUESTIONS:  WWhar if Ido ...7 How?
(What would Y be il 1do X?
H R I How can I make Y happen?)
EXAMPLES: If 1 take aspicce, will my headache be cured?
1 What if we han cigarerres?
Simplified—NPC—with constraints 4 Simplified—SM—with constraints J
Sex
Sex s
Comorbidities - ¥ e Comorbidiities —
] Age . g 1. ASSOCIATION
Location L = gocaton ACTIVITY:  Sceing, Observing
¥ ASA ASA QUESTIONS:  What if 1 see waf
Grade Grade {How acre the vanables relared?
‘b Bl * pT How would seemg X change my belsef i Y7?)
pN PN EXAMPLES: Whar does a symprom rell me abour a dicease?
What does a survey rell us about the
adj_therapy I adj_therapy L clection results? }
recfree_02y i recfree_02y

surv_05y surv_05y surv_0ly ———>» surv_02y —>» surv_ 03y —>» surv_0dy —> surv_05y



Key Messages

« Only RCT based evidence is not feasible, we need to have complementary
evidence

 Digital Twins are a collection of Als -> to build them we need a lot of diverse
data so sharing data effectively on a global scale is mandatory

 Digital Twins complement EBM but might even generate EBM using causal
theory
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