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Reduced-Order Models
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∂A
∂t

+ ∂q
∂z

= 0

∂q
∂t

+ ∂
∂z ( 4

3
q2

A ) = − 8πν
q
A

+ ν
∂2q
∂z2 − A

ρ
∂p
∂z

p(z, t) = p0(z) + 4
3 (k1ek2r0(z) + k3) 1 − A0(z)

A(z, t)
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Constitutive Model:

One-dimensional Reduced-Order Models
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Pfaller et al. Automated generation of 0D and 1D reduced-order models of patient-specific blood flow. Int. J. for Num. Met in Bio. Eng. (2021)

Good

Bad

The problem
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Pfaller et al. Automated generation of 0D and 1D reduced-order models of patient-specific blood flow. Int. J. for Num. Met in Bio. Eng. (2021)

Physics-based zero/one-dimensional models may be inaccurate 
when (i) multiple junctions or (ii) severe pathological conditions 
are present.

The problem
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Available at www.vascularmodel.com

The Vascular Model Repository (VMR)
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Requirements

Data-driven treatment of junctions and pathological conditions 
 

 

Aneurysm Coarctation
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Requirements

Data-driven treatment of junctions and pathological conditions 
 

 

Flexibility with respect to geometry (one trained ML model - many patients)

time

Q
oI

VMR
Training

New patient

Quantity of interest

Aneurysm Coarctation
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Centerline nodes = graph nodes 

Associate features to each node and edge
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Graph representation of vasculatures
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Pfaff et al. Learning mesh-based simulation with Graph Networks. ICLR (2021)

MeshGraphNet
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Pfaff et al. Learning mesh-based simulation with Graph Networks. ICLR (2021)

MeshGraphNet
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3D simulation Integration over slices Graph generation

Add boundary 
edges

Main modifications w.r.t. original MeshGraphNet (1)
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3D simulation Integration over slices Graph generation

Add boundary 
edges
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We want to keep 
 as small as 
possible

L

Main modifications w.r.t. original MeshGraphNet (1)
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Add application-specific features (       : included in the original MeshGraphNet)

Main modifications w.r.t. original MeshGraphNet (2)
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Add application-specific features (       : included in the original MeshGraphNet)

Main modifications w.r.t. original MeshGraphNet (2)

Q

P
Pc

Rp

RdC
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3D simulation Integration over slices Graph generation

Data generation pipeline
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Goal: study error convergence as we consider more and more trajectories for training.

We performed 32 simulations with different boundary conditions for each of these geometries.

Results (1)

12
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Goal 1: train a single GNN on diverse anatomies. 
 
Goal 2: compare performance against physics-based one-dimensional models.

We performed 50 simulations with different boundary conditions for each of these geometries.

Results (2)

Aneurysm

Coarctation
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3D vs GNN

15
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Goal 1: train a single GNN on diverse anatomies.

Qualitative results
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Goal 2: compare performance against physics-based one-dimensional models.

Qualitative results
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Good agreement on aneurysm model
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Goal 2: compare performance against physics-based one-dimensional models.

Qualitative results
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Graph Neural Networks can be used as surrogate 
1D models. 

They perform better than 1D models when 
trained on sufficient data.
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