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European Virtual Human Twin

EDITH (EU consensus initiative)

aw

A digital twin is a virtual representation of an
object or system that spans its lifecycle,
which needs a continuous and real-time
coupling between the digital and physical

world to help decision-making.

https://www.edith-csa.eu/roadmap/
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A digital twin connects the physical with the virtual az\”

Data

Description Enabling technology

connection

Multimodal data: sequencing, medic
Patient Organ systems or patient as a whcimaging, electronic health record,
wearables

/ Multimodal \

Visualise disease

. . Convolutional neural networks,
. Multimodal data harmonisation anc .
Data connection autoencoders, vision and language

data fusion
transformers

Recurrent neural networks, ordinary
and partial differential equations,
physicsinformed neural networks

i hs

Physical object (patient)

Highfidelity organ, disease, or a
whole-body patient model

Patientin-silico

Patient-in-silico

Interpretation and querying of the Large language models, explainable

& Interface patientin-silico model by Al, cliniceparameter sensitivity analysis,
&L} AN teams, and patients uncertainty quantification
: )-/L‘" e Patientin-silico closely resembles Technologies that allow for frequent
Interface Twin synchronisation patient and is updated when new testing: wearables, liquid biopsy
data become available testing

ChristophSadée (2025)The Lancet
https://www.thelancet.com/journals/landig/article/P11S258B8500(25)0002&
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A digital twin combines knowledge and data

zh
aw
Model -based precision medicine

A Knowledge-driven: Mechanistic models
(first-principle) are reproducible

A Data-driven: Machine learning &
statistical models offer flexibility

A Surrogate models reduce complexity of
explicit mechanistic models (e.qg.
Gaussian Process, PINN)

A Hybrid approaches of knowledge&data
promise the best of both worlds

ChristophSadée (2025) he Lancet
https://ww.thelancet.com/journals/landig/article/Pl1S2588600(25)0002&

| DHZ webinar

Sven Hirsch Pigital Twins in Healthcare


https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7/fulltext
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7/fulltext
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(25)00028-7

Application fields of digital twins in healthcare

Personalized
/ Medicine \

Wellness Clinical Trials
vensgement | Digital Twins comater
7l for Health Ditcouery

Surgical Bio .

Planning manufacturing

/

Device Design
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A digital twin in healthcare is a virtual replica of a
physical entity , such as a patient, organ, medical
device, or healthcare system , created using real-time
data, simulations, and Al models.

It allows researchers, clinicians, and healthcare providers
to analyze, predict, and optimize outcomes in a safe, data-
driven environment.

A Personalized simulation

A Predictive analytics

A Medical device optimization

A Healthcare system management

https://www.nature.com/articles/s41748)24-010730
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EDITH i EU Coordination and Support Action zh
aw
Virtual Human Twin (VHT) is an integrated multi-scale, multi-

time, and multi-discipline representation of guantitative human
physiology and pathology.

EDITH Aims of EDITH

A To frame an ecosystem of digital twins in healthcare within the EU,
EDITH is conducting a mapping of actors, initiatives, resources, and
barriers in the digital twins.

A To build a roadmap towards an integrated Virtual Human Twin
(VHT), identifying the main research challenges and infrastructure

European Virtual Human Twin

o X needs.
o A To develop a federated and cloud-based repository of digital twins in
- > healthcare (data, models, algorithms, and good practices).
E YOA A A To outline a simulation platform , supporting the transition towards
an integrated VHT, that will be implemented as a public
https://www.edith-csa.eu/ Infrastructure.
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From biomedical simulation to digital zh
twin in healthcare aw

A ADTH is a medical device when used for
decision support. It requires MDR approval as
Software as Medical Device (SaMD).

A A DTH needs to fulfil credibility assessment in
respect to a defined Context of Use (CoU),
Verification, Validation, Uncertainty
Quantification (VVUQ) is required.

A For knowledge-driven DTH a validation LCEUEE A Models
framework exists: ASME VV40. For data-
driven DTH there is a draft VV70. Annotation on who, where, Context
- : : : when, what olnie ]
A Privacy & ethic restrain data collection &
A Clinical data are difficult to access; Iterative q"a"t'f'Ed observations

refinement of models and data is the key.

Validation, confirmation,
efficacy, impact

| DHZ webinar
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Challenges in Developing Digital Twins aw

Data link

Safe and secure data transfer?
The Physical s privacy preserved?
Which data can be used as input?
How robust are measurements?
Which data are relevant?
Are data accessible and reliable?”™

In Silico

Which modelling approach is suitable?
Which response time is required?
How to validate models?

e Are models robust?

Twin Synchronization
Is model update necessary?

How is the physical influence by i S Interface
decisions? el |deal feedback to inform decisiemaking?

How can clinical utility be assessed?

ecision making?
Development process Influence on shared d g

Coordination of iterative development?
. . . ) -
Medical device regulatlon Comp“ance_' lllustration: ChristophSadée (2025 he Lancet
Are data sources annotated and consistent? https://Awww.thelancet.com/journals/landig/article/Pll S2588500(25)00028
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Digital Twin in Healthcare companies emerge zh

A HeartFlow (US) FFRCT Fractional Flow Reserve Computed Tomography

A FEOps Uni Ghent (BE), Left Atrial Appendage Occlusion (LAAO)
AinHeart (FR) cardiovascular i electrophysiology interventions

Sven Hirsch Pigital Twins in Healthcare | DHZ webinar



Digital Twin for In -Silico Trials (IST) az‘”

1. Generation of Virtual Patients 2. Clinical Trial Simulation 3. Validation
Lifestyle Control Arm . .
@} O 0 O ayeuén
@ %) (%) %) Placebo Evaluation
OO0 + 2 Prediction of E@‘
.. . O 0 O i Outcome <
Genetic D:.g:.tal. T.w:l.n of DA % u 113)iiaS
. AI Models Participant ."#
Profile E
i — -
e H =
J'g ¢ ;Q; Active Arm " Comparison with
O 0O O . Real World Data
Continuous calanYan Intervention s o
Monitoring O O O + 2 %% \\\0
OO0 A\4
O O O Elet s
oo

&

[
Real-time Updates of Updates of Digital Tw \ “‘ “e
ine Upda ea\t fof

Digtal Twins Based on Pr- 2
‘“ O‘ fpxes
™ \P\a\.‘ 5‘6«\5 oot O
“‘a o‘ ‘a\ sq . o dg\:so eV (\i:ﬁo"o‘aﬂ
g™ oxed® PR SERIY S
“os s E:)«(\(5 wes? ‘d\h e v ¢ 0ese T e
Enhancing randomized clinical trials with digital twins = @Y™ e ™ e Tl e ™
https://www.nature.com/articles/s41548025-005920 N\a B d\‘i""; Oﬁm\w‘d 0% et
0% oy " (or
2%
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Developping digital twins in stroke
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EU GEMINI: Multi-Scale, Multi-organ Digital Twins of stroke azx

Aims

A Develop and deploy DTHs for both stroke
types: ischemic, hemorrhagic.

Proof of concept

[Ciinical trial|, Ethics '\ A One DTH will go through a clinical trial

(ischemic stroke)

Personalised
stroke models

A Improvement of patient selection for in
silico clinical trials

Etiology & prevention
Ischemic Onset & treatment Hemorrhagic

stroke models  WEe bl stroke models | Developing strategies for modular DTH

design. .
A A ';’v,' POLITECNICO \nsys
epatment o 7)) CERENOVUS W Amsterdom UMC () res ¥ @E@mStepse
B Systems . r P ErasmusMC

:.—I JI Galwa
% Johnson&Johnson [jrgd; ROFNTINS

University of Amsteroa— [Vied Tech

z Zurich University
- ? o

NICOLAR 0. sano
Smé&Cure |upf i""%%t"

https://dth -gemini.eu
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Intracranial Aneurysms i zh
frequent disease, mostly stable aw

branches of anterior cerebral art,

plfactory bulb
olfactory tract

e

4 optic chiasma

Epidemiology

A Prevalence is 3-5%

A Potentially devastating outcome when the
_{ |A ruptures, leading to brain hemorrhage.

== A |As are located in or around the Circle of

Willis.

-% V(2 N Management of the patient requires:
v S RN 1 TR A Longitudinal observatory of disease
AN (W LR progression

Ao o\ A Digital Biomarkers as predictors!

| DHZ webinar
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The state of current Risk Assessment Tools

EUROPEAN
STROKE JOURNAL

Guideiine

European Stroke Organisation (ESO)
guidelines on management of unruptured
intracranial aneurysms

jurnais tagepid combome e

SSAGE

Nima Etminan''"’, Diana Aguiar de Sousa', Cindy Tiseo!,
Romain Bourcier®, Hubert Desal®, Anttii Lindgren®™*,
Timo Koivisto™®, David Netuka’, Simone Peschillo'®'',
Sabrina Lémeret'*'”, Avtar Lal'?, Mervyn DI Vergouwen'
and Gabriel JE Rinkel""

Etminan, N. et al. European Stroke Organisation (ESO) guidelines on
management of unruptured intracranial aneurysms. Eur Stroke J
7,V (2022).

Greving, J. P. et al. Development of the PHASES score for prediction of
risk of rupture of intracranial aneurysms: a pooled analysis of six
prospective cohort studies. The Lancet Neurology 13, 597 66
(2014).

Etminan, N. et al. The unruptured intracranial aneurysm treatment
score: A multidisciplinary consensus. Neurology 85, 8811 889
(2015)

PHASES aneurysm risk score Points
(P) Population

North American, European (other than Finnish) 0

Japanese 3

Finnish 5
(H) Hypertension

No 0

Yes 1
(A) Age

</0years 0

=70years 1
(S) Size of aneurysm

<7-0 mm 0

7-0-9-9 mm 3

10-0-19-9 mm 6

=20 mm 10
(E) Earlier SAH from another aneurysm

No 0

Yes 1
(S) Site of aneurysm

ICA 0

MCA 2

ACA/Pcom/posterior 4

To calculate the PHASES risk score for an individual, the number of points
associated with each indicator can be added up to obtain the total risk score. For
example, a 55-year-old North American man with no hypertension, no previous
SAH, and a medium-sized (8 mm) posterior circulation aneurysm will have a risk
score of 0+0+0+3+0+4=7 points. According to figure 3, this score corresponds to
a 5-year risk of rupture of 2-4%. SAH=subarachnoid haemorrhage. ICA=internal
carotid artery. MCA=middle cerebral artery. ACA=anterior cerebral arteries
(including the anterior cerebral artery, anterior communicating artery, and
pericallosal artery). Pcom=posterior communicating artery. posterior=posterior
circulation (including the vertebral artery, basilar artery, cerebellar arteries, and
posterior cerebral artery).

Table 4: Predictors composing the PHASES aneurysm rupture risk score

Aneurysm

Treatment

Age (single)

Risk factor incidence
(multiple)

Clinical Symptoms related to
UIA (multiple)

Other
(multiple)

Life expectancy due to
chronic and/or malignant
Diseases (single)

Comorbid disease
(multiple)

Maximum diameter
(single)

Morphology
(multiple)

Location
(single)

Other
(multiple)

Age-related risk

(single)

Aneurysm size-related risk
(single)

<40 years
40-60 years
61-70 years
71-80 years
> 80 years

Previous SAH from a different aneurysm
Familial intracranial aneurysms or SAH

p Finnish, Inuit ethnicity
Current cigarette smoking
Hypertension (systolic BP > 140 mm Hg)
Autosomal-polycystic kidney disease
Current drug abuse (cocaine, amphetamine)
Current alcohol abuse

Cranial nerve deficit

Clinical or radiological mass effect
Thromboembolic events from the aneurysm
Epilepsy

Reduced quality of life due to fear of rupture
Aneurysm multiplicity

<5 years

5- 10 years

> 10 years

Neurocognitive disorder
Coagulopathies, thrombophilic diseases
Psychiatric disorder

<3.9mm

4.0-6.9 mm

7.0-12.9 mm

13.0-24.9 mm

225mm

Irregularity or lobulation

Size ratio > 3 or aspectratio > 1.6
BasA bifurcation

Vertebral/basilar artery

AcomA or PcomA

Aneurysm growth on serial imaging
Aneurysm de novo formation on serial imaging
Contralateral stenoocclusive vessel disease
<40 years

41-60 years

61-70 years

71-80 years

>80 years

<6.0mm

6.0-10.0 mm

10.1-20.0 mm

>20 mm

Aneurysm complexity-related High

risk

Intervention-related risk

Low

Constant*

S NN ON®E O=SN WA

U

- w s

0d

- N

OW O W=20 OdW=20 = Wh NPO =W BON=2O NN = N

PHASES (meta analysis based) UIATS (consensus based)

00 00
0d

©woo0 O

(O

Favors Favors UIA
UIA conservative
repair management
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DTH for intracranial aneurysm management : _ zh

zh
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collect & curate zh Mechanistic
- DTH
—_— model input > 5 rFalr']
extrac erfusion .
Hematoma — CSF Disease stage  Qol
} Mechanistic UNIVERSITY OF AMSTERDAM
Raw data ——
Stenting — m((;ltrilgjlI ifr?pr)u?w Monitored IA ~ Balanced Risk
extract
% Mechanistic l
| Intervention ezl
. Raw data ~ data for - aTv / Intervention
Wall mechanics — model input ) !
Radiomics| 4w :
\ Histology Rupture IA Prognosis
!
feature feature feature Optimal
Raw data | VY extract V extract v extract Vasospasm inferve ntion
» populd Features Features Features
Master DTH exuat Morphology o | - + 1t
Genetics
zh 3 generation Statistical DTH

aw

Vessel wall and
flow

Clot formation Perfusion

Existing multscale, multorgan models
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Statistical Clinical Data Modelling
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Challenges In (statistical) IA disease modelling

Framing Bias

3.3 % patients are diagnosed

240,300 8.9 M persons
2.7% 10 years

N 4.53M

incidental 50.9 %

4.37M

incidental 49.1%
1781 @ diag
735

SAH Im Undiagnosed IA Not affected population

Assumptions

Variables are not independent

X? test of independence

Sex

Fam. History- p — value < (.05

Age H; not rejected

Hypertension B H rejected
Smoking
Location
1A size-
Multiple TAs
Ruptured [A
o ch*"" o ‘\'_@\ \;F& o ¥ Nl ;}\?'
?z‘\-.- & o & N 3 @.Q\}' 4}@
o «z:"{f & @

Collaboration with FBijlenga(Neurosurgeon, HUG)

zh
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Surrogate factors

Principal factors

Structure

/ N\

Injury Repair

Surrogate Factors

Familial history
Sex

Age

Location

Size

Blood pressure
Smoking

Treatments
Interventions

Sven Hirsch Pigital Twins in Healthcare
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Data Modelling with Bayesian Networks az‘”

A A probabilistic graphical data-driven model
representing dependencies among variables

A Structure: a Directed Acyclic Graph (DAG)

A Nodes = random variables (e.g.,disease symptom,
exposure

A Arrows (edges) = direct probabilistic dependencies (or cause
links)

A Encodes conditional independencies between
variables

A Each node has a conditional probability distribution
(CPD) given its parents.

Collaboration with R. Furrer (Statistician, Uni Zurich))

Sven Hirsch Pigital Twins in Healthcare | DHZ webinar




Learning Bayesian Networks zh
from Data aw

Harmonization //*.

Structure Learning Parameter Estimation
’ ; O

.?

s

.....||"||"|||...,.

Collaboration with R. Furrer (Statistician, Uni Zurich))
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Structure Learning: Find most probable DAG
The most probable DAG

IS the one with the lowest (best) score
representing the most likely structure given the data.
Optimize the score.

BIC =120

BIC =140 BIC =90

BIC: Bayesian Information Criterion

Sven Hirsch Pigital Twins in Healthcare

) HEMT D [

2

| DHZ webinar

aw



Structure Learning:. Incorporate prior

Blacklisting : explicitly restricting certain edges
Whitelisting : explicitly forcing certain edges

+ prevents nonsense dependencies
(MRS at 1-year A mRS at diagnosis)
+ saves computational time
(less DAGs need to be computed)

gcofe

Sven Hirsch Pigital Twins in Healthcare

knowledge

| DHZ webinar

aw



Blacklisiting : Hierarchical Risk Factor Influence Exclusion aZ&

A Example: Minimal set of (proxy) risk
factors

A Qualitative and quantitative modelling of
hierarchical risk factor influence on IA
rupture

A Include prior knowledge by restricting
arcs & directions

-> Search space reduction

Direction restricted

S
non-modifiable risk
factors
Ag Fam. History
Hypertension Smoking motablarisk factors

Multiple |A

Aneurysm properties
Location |A Size
Ruptured IA Target

|A risk factors colored by risk factor category. Unrealistic
associations were restricted from the bottom up.

Delucchi et al., Computers in Biology and Medicine (2022)

Sven Hirsch Pigital Twins in Healthcare
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Bayesian Networks reveal the zh
networked structure of factors

SingleCenter

Non-modifiable
risk factors

5 Only few factors, i.e. IA location, IA
size, familial disease history and
patient age at diagnosis, are directly
associated with |IA rupture.
=> |A location and IA size are
proxies for all other risk factors

Modifiable
risk factors

Aneurysm
properties

. Target

[ ]| Dichotome

() Continuous

s The complexity of risk factor
Interdependencies contributes to
difficulty and controversies in
estimating the risk of 1A rupture! Ruptured A

{_> Multinomial

8

Single Center Study:
Additive Bayesian Network.

Delucchi et al., Computers in Biology and Medicine (2022)

Sven Hirsch Pigital Twins in Healthcare | DHZ webinar



Modelling treatment outcome

SingleCenter
< =R

Age at
Consultation

_
IA Location AN

1A Side

mRS
Baseline
mRS
Discharge
Family
History mRS 1-year
Follow-up
Non-modifiable ) [ Dichotome F 7 self-reported
@ ik ractors @ Arroperties
Modifiable . Quality of Life (O Continuous —> influence
Risk Factors (modified Rankin Scale) a priori
; ; .. apriori
O Multinomial > enforced arc

aw

Observed Patients

Imaging Consultation 1?:/8“

Treated Patients

: Consul- Treat- Dis- 1-year
tation ment charge FU
mRS Assessment

Baseline Discharge 1-year
(pre-treatment (post-treatment) FU

Modelling Outcome
A Selecting Relevant Subcohorts
A Asymptomatic, Solitary,
Incidental, Sacular IAs (ASIS)
AModel | i ng of pat
the ASIS-cohort (n=487).

Buhreret al., in review (2026)

Sven Hirsch Pigital Twins in Healthcare
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Multicenter modelling using mixed  -effect BN zh
Multi Center aw

Cohorts are inhomogeneous

A Large variation in detected
probabilistic dependencies between
centers

A Sparse data across centers
A Unbalanced sample sizes
A Subijectivity in labeling decisions

A Combination of allosteric and
epIStemIC u ncertalnty X =] Variations in the data sets can be visualized in

the DAGs of discrete BNs learned on the data
from each study center separately.
(unpublished, preliminary results)

Collaboration with International Stroke Genetics ConsortiurBjjlenga(neurosurgeon, HUG)

Sven Hirsch Pigital Twins in Healthcare | DHZ webinar



Accounting for Inter -center Heterogeneity zh

Complete Pooling A N

‘ N _/ —

No Pooling -

g

Partial Pooling

'

Delucchi et al., Journal of Open Source Software (2024)
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Mixed -effect BN Disease Model

Multi Center

Solitary ruptured IAs

Consensus completed partially
directed acyclic graphs (CPDAGS)
A parsimonious network is
proposed with few connections
Direct influence of sex on age,
smoking and |A size

Fam. History
1 Dichotom

.

HBP Awareness
ichotome
|A Size
(O Continuous

IA Location

\'

Delucchi et al., Computers in Biology and Medicine (2025)

Sven Hirsch Pigital Twins in Healthcare
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Graphical network as decision support zh
aw

Do calculus: locking factors, discrete case

Age_at_diag
— 13.20 A
— 9.79 B
— 13.54 C
— 14.81 D
— 14.47 E

— 1233 F Age at diag |

| E— 21.86 G ] 13.20 A
= (O HBP_sware B 9798
| —— 62.54 no ] 1354 ¢
| — 37.46 yes — 12 o
= (QE 1#loc ation = Inas E
— 8.75 law ] :
B ] 47.56 medium 1233 F
Sex 5 G
| — 43.69 high
= M 1asize | 31.39 male
[ Y NES.A1 female

I — 24.91 B

— 8.64 C
= {Z)M Pos_Fam_History

| — 82.53 no

Pos Fam History |

[C— 17.47 yes . INEF 3 no
= (DM Rupturedia Smoking ] 17.47 yes
| — 49.29 no E H

G216 not_current |

HBP aware [
N 37.84 current

| E— 50.71 yes

= (DM Sex E2.54 no
[ — 31.39 male I 37.46 ves
| E— 68.61 fernale

=0 Smoking
| — 62.16 not_curre
o — 37.84 current

= (H rultiplelA
| — 73.08 na

o — 26.92 yes multiplelA

IAlocation
[ ] 8.75 low
I 47.56 medium
I 43.69 high |

e 4929 no
P 50,71 yes
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Graphical network as decision su

Do calculus: locking factors, discrete case

port

= adme_fitted_wo_studysource_
- (M age_at diag
— 15.25 A
— 9.60 B
— 1282 ¢C
— 14.76 D
— 14.60 E
— 12.24 F

2074 G

- medium
100.00 high
= @l asize
100.00 A
—/ -B
-C
= ()M Pos_Fam_History
| —] 86.33 no
— 13.67 yes
= (M rupturedia
o — 29.57 no
| 70.43 yes
= @M sex
—/ - male
I 100.00 female
= @O smoking
100.00 not_curre
—/4 - current
= (@ multipleia
| — 77.39 no

| — 22.61 yes

0.00 male
female

’ e
Smoking @ | | 13.67 ves

SN ot current
0.00 current

multiplelA

T 39 o
[ | 22.61 yes

1Alocation
0.00 low

0.00 medium
I High

Pos Fam History |

Ade at diag

3 no

HBP aware [

{ IO 43 yes |

Sven Hirsch Pigital Twins in Healthcare
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Graphical network as decision support zh
aw

Do calculus: locking factors, discrete case

= adme_fitted_wo_studysource_
- (DM age_at_diag
— 1618 A
— 10,07 B
— 1316 C
— 14.63 O
— 14.33 E "
= user
—

1967 G

I 10000 low
—/ - medium

—— - high Sex
= @l asize 0.00 male
100,00 & IR fermale
—/ -B h
—/4 -C
= (M Pos_Fam_History .
._il " 7240 no Pos Fam History |
B 2760yes " [T 40 no
= (@ Rupturedia Smoking |Z| || 27.80 ves
] NS ot _current b ’ HBP aware X

— 1042 yes 0.00 current

= @l sex I o
— - male 0.00 yes
I 10000 fernals

= @0 smoking
BN 100.00 not_curre
—3 - current

= (D multiplela
| — 82.07 no
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Graphical network as decision support zh
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Medical image interpretation
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CoW plays a central role in the cerebral circulation zh

A Largest anastomotic structure in the brain

A Frequently involved in cerebrovascular pathologies
A Exhibits pronounced inter-person variability

A Complete in 20-40% of the population

A A physiologically active component

CoW visualized
and labeled in VR
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The CoW shows large inter -person variability zh

A Morphological

A Topological

[1
Forgoet al., 2018: Are the Variants of the Circle of Willis
Determined by Genetic or Environmental Factors?

s Anterior circulation
s Posterior circulation
[ Communicating Arteries

Sven Hirsch Pigital Twins in Healthcare | DHZ webinar



Automated image -based analysis of CoW variability az&

Goals:

1. Automated labeling of CoW segments in CTA and MRA

2. CoW variant classification and characterization

3. Use the method to address clinically meaningful questions in large-scale studies.

CoW as seen in 3D Segmentation mask of the
angiography same CoW
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How to encode CoW variants zh
aw

| Anterior Variant Graph

u
I I I 3rdeA2
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Posterior Variant Graph
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Virtual reality for annotation of 3D structures zh

A Allows for an efficient Cow annotation workflow:
A ROI around CoW to capture its architecture
A Voxellevel anatomical annotations
A Cross-verification using 2 imaging modalities

Adjust Threshold
for Vessels for VR Annotation

Thresholding Done. Ready

W15 3rd-A2

12: L-ACA 41 R ACA ;.

syGlass

Annotate with VR in 3D Annotated CoW Zoomed-in View of CoW with Labels

Dr. med. Yihui Ma
- T Fabio Musio
Kaiyuan Yang
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Bi-modal dataset from a stroke unit

A USZ stroke center patients

A 2 modalities for every patient:
A CTA
A MRA
A Available data:
A 260 (=130 pairs of) training images
A 140 (=70 pairs of) internal test images
A 86 external test images (multicentric)

A 13 labels for the different Cow segments
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MICCAI2024Y"

Make it a challenge! MICCAIRD2 Z
- _aW

it
CANADA

Topology-Aware Anatomical Segmentation of the
Circle of Wills for CTA and MRA
MICCAL 202 5

Bi-modal (CTA & MRAToWannotation challenge Challenge stats
2 tracks CTA, MRA

3 tasks Vessel segmentatiol;oWdetection, Annotation ~ /* Preprintcitations: 66

Two iterations of the TopCoW challenge A TopCoW training set downloads: 2,302
JulT Oct @ MICCAI 2023 & 2024 A TopCoW segmentation Docker downloads:
Challenge preprint: arxiv.org/abs/2312.17670 1,022

Sven Hirsch Pigital Twins in Healthcare


https://arxiv.org/abs/2312.17670
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Segmentation of communicating arteries and

34 A2 (group 2 vessel components)

A Dice scores of 40-6 0 %
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Metrics significantly improved on the group 2

vessel components

A Dice scores of 50-70%
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b( A Remains a difficult task!

Dice Scores of Group 1 & 2 CoW Components
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TopCoW data & models are available open access az&

d I‘(lV > ¢s > arXiv:2312.17670

Computer Science > Computer Vision and Pattern Recognition

[Submitted on 29 Dec 2023 (v1), last revised 8 Jul 2025 (this version, v4)]

Benchmarking the CoW with the TopCoW Challenge:
Topology-Aware Anatomical Segmentation of the
Circle of Willis for CTA and MRA

Kaiyuan Yang, Fabio Musio, Yihui Ma, Norman Juchler, Johannes C. Paetzold,

- AI?I\ADCL’:ri! I ”ri

TopCoW Training Data and External Testsets

.

Best Performing TopCoW Segmentation Dockers

TopCoW Challenge Organizers (Contact person) s&
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CoW Centerline & feature extraction zh

A Extraction of the centerline from the segmentation mask enables the computation
of a rich set of morphometric features

TopCoW segmentation mask Surface mesh and centerline graph
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Centerline Extraction Pipeline

A Skeletonization: Predict binary skeleton from multi-class segmentation mask using U-Net model
A Skeleton Refinement: Assign anatomical labels and reconnect broken segments using the A* algorithm
A Graph Extraction: Extract labeled centerline graph using Voreen tool

Musio, Fabio, et al. "Circle of Willis Centerline Graphs: A Dataset and Baseline Algorithm." Neuroscience Informatics (2026)
Dataset on Zenodo: zenodo.org/records/17358162
Code on GitHub: github.com/fmusio/CoW_Centerline_Extraction
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