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1. Introduction
Aneurysmal subarachnoid hemorrhage (SAH) is
a severe cerebrovascular event caused by rupture
of an intracranial aneurysm and bleeding into
the subarachnoid space [1]. Despite represent-
ing only a small fraction of all strokes, it is as-
sociated with high mortality, long-term disabil-
ity, and reduced quality of life among survivors
[2–4]. After aneurysm securing, patients remain
at risk of secondary neurological deterioration,
among which delayed cerebral ischemia (DCI)
is one of the most serious complications [5]. Al-
though DCI is now recognized as a multifactorial
process, cerebral vasospasm is one of the ma-
jor mechanisms involved, consisting of sustained
narrowing of large and medium-sized intracra-
nial arteries, frequently affecting the proximal
vessels of the Circle of Willis [6]. This pro-
cess increases vascular resistance and may re-
duce downstream perfusion, potentially leading
to irreversible ischemic injury if timely interven-
tions are not applied.
The hemodynamic consequences of vasospasm
are strongly influenced by the anatomy of the
Circle of Willis [7]. This arterial network con-

nects the anterior and posterior cerebral circula-
tions and can provide collateral pathways when
one vascular territory becomes compromised, re-
distributing between hemispheres and between
the carotid and vertebrobasilar systems. How-
ever, the Circle of Willis is highly variable across
individuals: complete and symmetric configura-
tions are present only in a minority of subjects,
while hypoplastic or absent segments are com-
mon [8]. These anatomical differences directly
affect the capacity of the network to compen-
sate for localized arterial narrowing. Therefore,
the same degree of vasospasm may have differ-
ent hemodynamic consequences depending on
the patient-specific vascular configuration, col-
lateral availability, and distribution of vascular
resistance.
In clinical practice, a common management
strategy for symptomatic vasospasm and sus-
pected delayed cerebral ischemia is induced hy-
pertension [9]. This approach consists of de-
liberately increasing systemic arterial pressure,
often using vasopressor agents such as nora-
drenaline, with the aim of augmenting cere-
bral blood flow in territories at risk. However,
the treatment response is intrinsically patient-
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specific and heterogeneous, because it depends
on the location and severity of arterial narrow-
ing, the state of cerebral autoregulation, the
available collateral routes, and the risk of sys-
temic complications. As a result, the same pres-
sure target may improve perfusion in one vas-
cular territory but have limited benefit in an-
other, while excessive blood-pressure augmen-
tation may expose patients to cardiopulmonary
adverse events. Against this background, key
clinical uncertainty is whether increasing ar-
terial pressure will effectively improve down-
stream supply in the threatened territories, or
whether vascular anatomy and limited collateral
pathways will restrict flow redistribution despite
pressure support.
Current clinical tools provide essential but in-
direct information for this decision. Angiog-
raphy describes vessel narrowing, transcranial
Doppler provides velocity-based markers of va-
sospasm, perfusion imaging reflects tissue-level
consequences, and systemic pressure targets
guide treatment adjustment. However, these
measurements do not directly provide a rapid
and individualized quantification of how pres-
sure and flow are redistributed throughout the
Circle of Willis under alternative vasospasm or
pressure-support scenarios. Computational fluid
dynamics can fill this gap by simulating patient-
specific pressure, velocity, and flow patterns,
but its computational cost and preprocessing re-
quirements limit its use in time-sensitive settings
or for repeated evaluation of multiple possible
conditions in the same patient.
For this reason, surrogate modeling has gained
increasing attention as a way to approximate
CFD-derived hemodynamic quantities with sub-
stantially lower computational cost [10, 11].
Purely data-driven deep learning models can
learn complex mappings between vascular ge-
ometry, boundary conditions, and flow vari-
ables, but they often require large datasets
and may generate physically inconsistent predic-
tions. Physics-informed learning addresses this
limitation by incorporating physical constraints,
such as conservation principles, into the train-
ing process [12]. At the same time, the choice
of model architecture is crucial. Graph neural
networks provide a representation that is natu-
rally aligned with vascular anatomy: vessel seg-
ments and centerline points can be represented

as graph elements, and information can prop-
agate along physiologically meaningful connec-
tions.
The objective of this thesis is therefore to de-
velop and validate a physics-informed graph
neural network surrogate for near real-time pre-
diction of patient-specific hemodynamics in the
Circle of Willis under vasospasm-inspired con-
ditions and pressure-support regimes. Start-
ing from vascular reconstructions derived from
clinical imaging, the framework represents each
anatomy as a graph and predicts relative pres-
sure and normalized flow redistribution across
the vascular network. 3D CFD simulations
are used as ground truth during model de-
velopment, while physics-informed constraints
encourage physiologically plausible predictions,
particularly with respect to flow conservation.
In this context, the proposed framework aims
to bridge the gap between detailed computa-
tional hemodynamics and clinically deployable
decision-support tools for the management of
vasospasm after aneurysmal subarachnoid hem-
orrhage. The final surrogate provides near-
instantaneous predictions of pressure and nor-
malized flow redistribution in the Circle of
Willis, while avoiding dependence on clinically
unavailable boundary-condition quantities such
as outlet resistance and inlet flow fraction.

2. Materials and Methods
2.1. Dataset generation and va-

sospasm modeling
A patient-derived dataset of Circle of Willis
geometries was generated starting from the
TopCoW2024 dataset, which provides vascu-
lar segmentations and anatomical annotations
from CTA and MRA acquisitions. The origi-
nal volumetric geometries were converted into
a centerline-based representation, providing the
basis for both the definition of CFD boundary
sections and the graph neural network surrogate.
The dataset was designed to capture clini-
cally relevant anatomical variability of the Cir-
cle of Willis, including complete configurations,
unilateral or bilateral posterior communicat-
ing artery absence, fetal-type posterior cerebral
artery configurations, A1 hypoplasia, and ante-
rior communicating artery absence. The distri-
bution of these variants was chosen to approx-

2



Executive summary Camilla Balzarotti

imately reflect population frequencies reported
in the literature [8], while preserving the origi-
nal patient-derived geometry whenever possible.
To model post-subarachnoid hemorrhage
vasospasm-inspired conditions, controlled arte-
rial narrowing was introduced in 60 out of 125
patient-specific geometries. Since no reliable
data were available on vasospasm occurrence
across specific Circle of Willis variants, the
modified cases were selected to approximately
preserve the anatomical-variant distribution of
the cohort and limit selection bias. Vasospasm
was simulated by locally reducing the diameter
of selected arterial segments in the anterior
and posterior circulation. Narrowing severity
was classified as mild, moderate, or severe
using percentile-based criteria by comparing
the radius of each modified geometry with the
corresponding non-narrowed reference geometry
along the centerline. Moderate and severe
cases were intentionally enriched because they
were expected to produce more pronounced
hemodynamic alterations and therefore provide
more informative examples for model training
and evaluation.

2.2. CFD simulations and hemody-
namic targets

3D CFD simulations were performed in Sim-
Vascular to generate the reference hemodynamic
fields used as ground truth for the surrogate
model. Blood was modeled as an incompress-
ible Newtonian fluid and vessel walls were as-
sumed rigid. Under these assumptions, the
mathematical foundation is represented by the
incompressible Navier–Stokes equation. Three
steady-state hemodynamic regimes were simu-
lated for each geometry: patient-specific base-
line flow (Qbase), low noradrenaline-induced
flow increase (Qlow

NE), and high noradrenaline-
induced flow increase (Qhigh

NE ), mimicking in-
creasing pressure-support conditions. Total in-
flow was sampled from three increasing physio-
logical intervals and distributed among the basi-
lar artery and the internal carotid arteries ac-
cording to anatomical criteria. Outlet boundary
conditions accounting for distal vasculature were
prescribed through resistance-based Windkessel
models. Since patient-specific flow measure-
ments were not available for the training dataset,
outlet resistances were assigned from literature

values with controlled variability and kept con-
stant across simulation rounds and between cor-
responding healthy and vasospasm-induced ge-
ometries, consistently with the assumption of
impaired autoregulation. Simulations exhibiting
non-physiological pressure or velocity values, or
for which the solver failed to converge were sys-
tematically excluded from the final dataset.

2.3. AI Model Development

2.3.1 Graph representation and surro-
gate model

Each vascular anatomy was represented as a
graph (G = (V,E)), where nodes corresponded
to sampled centerline points and edges repre-
sented connectivity between consecutive center-
line points. In addition to physical centerline
edges, auxiliary edges were introduced to con-
nect internal nodes to their nearest boundary
nodes in terms of graph distance. Node features
encoded local geometry, topology, and pathol-
ogy, including cross-sectional area, node type,
centerline tangent, area reduction, and area gra-
dient. Edge features captured spatial and topo-
logical connectivity through normalized relative
position, shortest-path distance, and edge type.
A global-context vector was also incorporated
to describe patient- and simulation-level infor-
mation, including mean inlet pressure, anatomi-
cal variant, vasospasm severity, noradrenaline-
related pressure-support condition, and mean
inlet pressure increase.
As detailed in Figure 1, the surrogate model was
implemented as a physics-informed graph neural
network with an encode–process–decode struc-
ture. Separate encoders mapped node, edge,
and global-context features into latent repre-
sentations. The processor then performed 20
message-passing steps, during which edge and
node embeddings were iteratively updated us-
ing neighboring information and global con-
text. This allowed the model to learn both
local geometric effects and long-range hemo-
dynamic interactions across the vascular net-
work. Finally, the decoder mapped the updated
node embeddings to the predicted relative pres-
sure and normalized flow fraction. Both single-
decoder and double-decoder multi-task architec-
tures were evaluated.
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Figure 1: Schematic representation of the PiGNN architecture.

2.3.2 Training strategies, loss function
and evaluation

Patients were split into training, validation, and
test sets using a 60/20/20 partition. Impor-
tantly, this subdivision was performed at the
patient level to avoid data leakage between
anatomies or simulation rounds belonging to the
same patient, thus providing a more realistic es-
timate of generalization to unseen vascular ge-
ometries. Similarly, input features were stan-
dardized using statistics computed only on the
training set. The model was trained end-to-end
using regularization strategies including early
stopping, weight decay, and cosine learning-
rate scheduling. As reported in Equation 1,
the training objective combined a supervised
data-fitting term with a physics-informed mass-
conservation term:

L =
1

B

B∑
b=1

[
δL(b)

data + (1− δ)L(b)
phys

]
. (1)

The data term penalized the mismatch between
predicted and CFD-derived pressure and flow at
the node level, using a Huber loss for pressure
and a squared error for normalized flow, while
the physics component enforced global mass con-
servation by penalizing discrepancies between
the total predicted inlet and outlet flow frac-
tions.
Model performance was evaluated using graph-
wise metrics. Specifically, pressure accuracy was

quantified through the pressure relative error:

PRE(g) =

√√√√√√
∑Ng

i=1

(
preli,g − p̂reli,g

)2

∑Ng

i=1

(
MIPg + preli,g

)2 (2)

while flow accuracy was assessed using the mean
absolute error of the normalized flow fraction:

MAE
(g)
flow =

1

Ng

Ng∑
i=1

|q̂i − qi| . (3)

Beyond pointwise pressure and flow errors, phys-
ical consistency was assessed by checking mass
balance at the inlet and outlet boundaries, and a
graph was considered to violate mass conserva-
tion when the absolute difference between pre-
scribed and predicted total boundary flow ex-
ceeded 0.05.
Model definition was performed in sequential
steps. First, different multi-task architectures
were compared by evaluating single- and double-
decoder formulations, together with the po-
tential benefit of fine-tuning from a flow-only
pretrained network, rather than training from
scratch. After selecting the baseline architec-
ture, an ablation study was performed to de-
termine whether clinically unavailable quantities
could be removed without degrading predictive
performance or physical consistency, while also
quantifying the contribution of individual and
grouped input features. Finally, the robustness
of the final model was benchmarked against four
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external patient-specific geometries from Poli-
clinico di Milano, reconstructed from CTA im-
ages and simulated with patient-specific CFD
boundary conditions calibrated using available
clinical and transcranial Doppler information.

3. Results
3.1. CFD-derived hemodynamic be-

haviour
The CFD simulations were first analyzed to
verify that the generated dataset reproduced
the expected hemodynamic trends across the
three simulated pressure-support regimes and
between physiological and vasospasm-induced
geometries.
Absolute pressure distributions progressively
shifted toward higher values from Qbase to
Qhigh

NE , consistently with the imposed increase
in inlet flow. Across all simulated geometries,
mean absolute pressure increased from 128.3 ±
20.3 mmHg in Qbase to 147.8 ± 23.6 mmHg in
Qlow

NE and 166.0 ± 27.0 mmHg in Qhigh
NE . Beyond

this global pressure increase, vasospasm-induced
geometries exhibited larger spatial pressure het-
erogeneity within the vascular network. The ro-
bust pressure range, defined as the difference
between the 95th and 5th percentiles of center-
line pressure within each geometry, was indeed
consistently higher in vasospastic configurations
than in healthy ones.
Velocity fields showed a similar controlled re-
sponse with maximum velocities at inlet and
outlet sections raising progressively with the
increase inlet flow rate. Vasospasm-induced
configurations also showed broader velocity
distributions and included more high-velocity
cases, especially in the MCA and ACA outlets,
whereas PCA distributions remained more simi-
lar between non-narrowed and narrowed geome-
tries.
Overall, the CFD analysis confirmed that the
simulated dataset captured both the global ef-
fect of pressure-support regimes and the local
hemodynamic impact of vasospasm-induced nar-
rowing.

3.2. Model architecture comparison
and ablation-driven feature se-
lection

The architecture comparison evaluated the ef-
fect of decoder design and fine-tuning strategy
on joint pressure-flow prediction.
While the flow-only model achieved the lowest
flow mean absolute error, equal to 3.5 · 10−2,
it did not provide pressure predictions and was
therefore unsuitable for the final multi-task ob-
jective. Among the multi-task models trained
from scratch, single- and double-decoder archi-
tectures showed comparable pressure and flow
accuracy, with pressure relative error around 4.4·
10−2 and flow MAE around 5.1–5.2 ·10−2. How-
ever, both models exhibited high outlet mass-
conservation violation rates.
Fine-tuning from a flow-specialized model im-
proved the physical consistency of the predic-
tions. In particular, the fine-tuned double-
decoder model achieved a pressure relative error
of 4.7 · 10−2, a flow MAE of 5.2 · 10−2, and no
outlet mass-conservation violations. This con-
figuration was therefore selected as the baseline
architecture for the following analyses. Never-
theless, it still relied on the full feature set, in-
cluding outlet resistance and inlet flow fraction.
Since these quantities are not readily available in
routine clinical practice, an ablation study was
performed to evaluate whether they could be re-
moved without compromising predictive perfor-
mance.
The ablation results revealed that the effect of
feature removal differed between pressure and
flow prediction. Flow MAE improved across
the three hemodynamic regimes after several
feature removals, suggesting partial redundancy
among input features, while pressure was more
sensitive to the removal of features describing
vascular anatomy, vessel caliber, and pressure-
related global context, particularly under Qbase.
Furthermore, some ablations improved point-
wise accuracy while worsening mass conserva-
tion, confirming that numerical error and phys-
ical consistency capture complementary aspects
of model quality. Jointly considering target ac-
curacy, boundary-flow consistency, and clinical
applicability, the simultaneous removal of out-
let resistance and inlet flow fraction represented
the most appropriate compromise, since it pre-
served accuracy close to the full-feature baseline,
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Figure 2: Representative example of final-model predictions on a test graph with error close to the
median test performance. Ground-truth and predicted absolute pressure and flow fraction are shown
together with the corresponding error maps. Absolute pressure errors remain low over most of the
central vascular network, but localized higher discrepancies are visible in the ACAs, where the error
reaches values on the order of 10 − 12 mmHg. Flow-fraction errors are also spatially localized, with
the largest discrepancy observed near the R-ICA, reaching approximately 0.20. Additional errors can
be seen around the communicating or branching regions, with values roughly between 0.10 and 0.15.

while excluding two quantities that are not read-
ily available in routine clinical practice.

3.3. Final model performance
Since inlet mass-conservation violations re-
mained frequent, the model selected in the
ablation was further improved by incorporat-
ing an explicit inlet conservation term in the
loss function. This refinement substantially en-
hanced physical consistency at the inlet bound-
aries while preserving pressure and flow predic-
tion accuracy. Therefore, the final model was
defined as a fine-tuned double-decoder physics-
informed graph neural network trained without
outlet resistance and inlet flow fraction as input
features. A representative prediction example is
shown in Figure 2. As reported in Table 1, the
final model achieved a global pressure relative
error of 4.4 · 10−2 and a flow MAE of 5.2 · 10−2

on the internal test set. Performance remained
stable across the three simulation hemodynamic
regimes, indicating that the model generalized
consistently across the imposed hemodynamic

regimes. The average inference time was approx-
imately 3.5 · 10−2 s per sample, supporting the
use of the model for near real-time scenario eval-
uation.

Set PRE Flow MAE

Qbase 4.23×10−2 5.14×10−2

Qlow
NE 4.43×10−2 5.21×10−2

Qhigh
NE 4.62×10−2 5.34×10−2

Global average 4.43×10−2 5.23×10−2

Table 1: Final-model performance on the inter-
nal test set.

Compared with the reduced-feature model be-
fore inlet-loss refinement, the final model intro-
duced only a limited increase in flow MAE and
outlet violation rate, while reducing inlet mass-
conservation violations from 100% to 1.67%.
The final model was therefore selected because it
provided a more balanced compromise between
predictive accuracy, clinical usability, and phys-
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ical consistency at both inlet and outlet bound-
aries.

3.3.1 Performance across anatomi-
cal variants, node types, and
vasospasm severity

Performance was further analyzed across
anatomical variants, node types, and vasospasm
status to identify the most challenging pre-
diction settings. Complete Circle of Willis
anatomies showed the lowest pressure error,
with mean PRE around 1.6 · 10−2, while
non-complete variants exhibited higher pressure
errors and larger variability, especially when
communicating or posterior circulation path-
ways were altered. Flow prediction was less
sensitive to anatomical variation, remaining
within a narrower error range across variants.
Node-wise analysis showed that outlet nodes ex-
hibited higher and more variable pressure errors,
whereas flow errors were largest at inlet nodes
and junctions. This suggests that boundary re-
gions and branching locations remain the most
challenging areas, due to outlet pressure accu-
mulation, inlet-flow partitioning, and local flow
splitting.
Since vasospasm represents the main patholog-
ical scenario targeted by the framework, model
robustness was assessed on 30 matched healthy
and vasospasm-induced geometries. Vasospasm
increased PRE by an average of 5.28 · 10−2,
whereas flow MAE increased by only 9.56 ·
10−3. The pressure error increase was severity-
dependent, reaching 8.37 · 10−2 in severe cases,
while flow errors showed smaller variations.
These results indicate that the model remains
applicable to vasospasm-induced configurations,
although pressure prediction is more sensitive to
severe narrowing.

3.3.2 Benchmarking

On the external benchmark, PRE raised from
5.1 · 10−2, while flow MAE increased from 5.2 ·
10−2 to 8.2 · 10−2. Although outlet mass con-
servation deteriorated, the largest errors were
mainly localized in vessels outside the original
training domain, while predictive ability was
better preserved in the central Circle of Willis
region. A representative benchmarking predic-
tion is shown in Figure 3.

4. Discussion
4.1. Interpretation of the CFD-

derived dataset
The CFD analysis represents an essential val-
idation step, since the simulated pressure and
velocity fields constitute the reference data
used to train the graph neural network surro-
gate. As explained in Section 3.1, the gener-
ated dataset captured two clinically meaningful
hemodynamic effects: the progressive pressure
increase associated with the simulated pressure-
support regimes and the local redistribution ef-
fects induced by vasospasm-like narrowing.
Absolute pressure shifted progressively from
Qbase to Qhigh

NE , confirming that the simula-
tion design produced controlled hemodynamic
regimes with increasing pressure levels, with-
out implying a direct prediction of the in
vivo response to noradrenaline. Vasospasm-
induced geometries also exhibited larger within-
geometry pressure ranges, indicating increased
spatial pressure heterogeneity due to narrowing-
induced pressure losses, especially under higher-
flow regimes.
Velocity distributions further supported the
physiological consistency of the dataset.
Vasospasm-induced configurations showed
broader distributions and higher-velocity tails,
particularly in the MCA and ACA outlets,
coherently with lumen reduction. This same
principle underlies transcranial Doppler mon-
itoring of vasospasm, although CFD-derived
velocities should not be interpreted as direct
clinical Doppler values. Overall, the CFD
dataset provided a physically meaningful
ground truth for learning pressure and flow
redistribution.

4.2. Target formulation and model
behaviour

A central methodological choice of this work was
the definition of the model outputs as relative
pressure and normalized flow fraction.
Pressure was expressed relative to the mean inlet
pressure, because in incompressible flow the rel-
evant physical quantity is not the absolute pres-
sure offset, but the pressure gradient driving flow
through the network. This formulation reduces
sensitivity to absolute pressure scale differences
across simulations and focuses the learning task
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Figure 3: Representative prediction on an external benchmark geometry from Policlinico di Milano.
The first row shows ground-truth absolute pressure, predicted absolute pressure, and absolute pressure
error. The second row shows ground-truth flow fraction, predicted flow fraction, and absolute flow-
fraction error. The error maps show that the largest discrepancies are spatially located in branches
not represented in the original training geometries, while predictive ability is maintained in the central
vascular region. Absolute pressure errors locally increase up to approximately 20 − 25 mmHg in
distal vessels branching off the R-MCA and R-ACA. Flow-fraction errors are more pronounced in the
extended upstream vertical and carotid vessels, reaching a flow MAE of around 0.25-0.30.

on spatial pressure variations caused by vascular
geometry, vessel narrowing, and boundary con-
ditions.
Flow was expressed as a fraction of total in-
let flow rather than as an absolute volumet-
ric flow rate. This was motivated by the clin-
ical objective of the thesis, which is not sim-
ply to estimate the amount of blood passing
through one vessel, but to assess how avail-
able inflow is redistributed across the Circle of
Willis and its collateral pathways. Against this
background, normalized flow fraction provides
a scale-independent description of this redis-
tribution, making predictions more comparable
across patients and pressure-support regimes.
These target definitions strongly influenced both
model training and interpretation of the re-
sults. Since flow fraction is strongly constrained
by network topology and mass conservation, it
was generally more stable across hemodynamic
regimes, ablations, and vasospasm conditions.
Pressure, in contrast, remained more sensitive to

local resistance, vessel caliber, stenosis-induced
losses, and pressure-support level. Therefore,
the different behaviour observed for the two tar-
gets is consistent with their underlying physical
meaning.

4.3. Selection of the baseline architec-
ture

As detailed in Section 3.2, the comparison be-
tween model configurations was designed to as-
sess both the decoder layout and the training
strategy for multi-task pressure-flow prediction.
Single- and double-decoder multi-task architec-
tures trained from scratch achieved similar pres-
sure and flow errors, but still produced substan-
tial outlet mass-conservation violations. This
highlights that prediction accuracy alone was
not sufficient to identify the best surrogate, as
locally plausible pressure and flow values did not
necessarily guarantee a globally consistent flow
balance at the boundaries.
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Fine-tuning from a flow-only pretrained model
improved this behaviour by leveraging a sim-
pler preliminary task to initialize the subsequent
multitask problem. Since flow redistribution is
more directly constrained by graph topology and
mass conservation, the flow-only stage allowed
the network to learn a first mapping of flow re-
distribution. When this representation was used
to initialize the multi-task model, physical con-
sistency improved substantially, suggesting that
pretraining provided a more physically meaning-
ful starting point than random weights.
The advantage of the double-decoder design
can be interpreted in terms of task specializa-
tion. Pressure and flow are related hemody-
namic quantities, but they have different nu-
merical distributions and physical sensitivities.
A single shared decoder may therefore force
the two targets to compete at the output level,
whereas separate decoders allow the model to
share geometric and topological information in
the encoder and processor while using target-
specific mappings for the final predictions.
For this reason, the fine-tuned double-decoder
PiGNN was selected as the reference architec-
ture. At this stage, however, the reference model
still relied on the full simulation-derived feature
set. This motivated the following ablation study,
which assessed whether a more clinically realis-
tic input representation could be obtained with-
out losing the accuracy and physical consistency
achieved by the selected architecture.

4.4. Ablation study and final feature
set

The ablation study was performed with a
twofold objective: to determine whether the
model could rely only on clinically available in-
formation, and to assess feature importance.
This analysis is significant because some in-
puts used in simulation-based frameworks, such
as outlet resistance and inlet flow fraction, are
meaningful from a CFD perspective but are
not readily available in routine clinical practice.
Their use would require assumptions, empirical
estimation, or additional measurements, reduc-
ing the reliability and practical applicability of
the surrogate.
The ablation results reported in Section 3.2
highlighted that flow prediction often improved
after feature removal, suggesting partial re-

dundancy among geometric, topological, and
global-context inputs. This does not mean that
the removed features were physically irrelevant.
Rather, it indicates that similar information
could often be recovered from correlated descrip-
tors. For example, vessel area, resistance, area
reduction, and topological context all encode in-
formation related to the ability of a vascular seg-
ment to conduct flow. Removing redundant or
noisy inputs can therefore simplify the learning
problem and improve generalization. Pressure
prediction was more sensitive to feature removal,
consistently with the physical nature of pressure,
which depends more directly on local pressure
losses and boundary conditions.
The ablation study also confirmed that point-
wise accuracy and mass conservation must be
evaluated separately: some feature removals im-
proved PRE or flow MAE but worsened outlet
conservation.
Therefore, the final feature set was selected by
jointly considering predictive accuracy, inlet and
outlet conservation behaviour, and clinical ap-
plicability. Under this combined criterion, re-
moving outlet resistance and inlet flow frac-
tion represented the most appropriate compro-
mise. The resulting feature set preserved accu-
racy close to the full-feature baseline and im-
proved clinical usability, avoiding dependence on
quantities that would not normally be available
at inference time. However, this formulation was
further refined to address the remaining inlet
mass-conservation limitations.

4.5. Final model interpretation
The final model consisted of a fine-tuned double-
decoder PiGNN trained with the reduced, clini-
cally oriented feature set and a physics-informed
loss enforcing mass conservation not only at
the outlets, but also at the inlets. This re-
finement was introduced because the reduced-
feature model selected from the ablation study,
although representing a substantial step toward
clinical applicability, still exhibited high inlet
mass-conservation violations. An explicit inlet
mass-conservation term was therefore added to
the already present outlet constraint, encourag-
ing the model to learn inlet flow predictions that
were globally consistent with the expected total
inflow.
This modification substantially improved inlet
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mass conservation while maintaining pressure
and flow errors close to the reduced-feature base-
line. This result highlights the role of the loss
function as more than a numerical optimization
tool: it defines which types of errors are penal-
ized and therefore shapes the behaviour of the
learned model.
The analysis by anatomical variant, node type,
and vasospasm status clarified where the model
performs most reliably and where limitations
remain. Pressure prediction was more sensi-
tive to anatomical variability and severe va-
sospasm, while flow prediction remained com-
paratively more stable, being more strongly con-
strained by topology and conservation. Node-
wise errors further showed that boundary and
junction regions were the most challenging
locations, reflecting the difficulty of predict-
ing inlet-flow partitioning, outlet pressure ac-
cumulation, and local flow splitting at bi-
furcations. The matched comparison be-
tween healthy and vasospasm-induced geome-
tries demonstrated that the model remains ap-
plicable to the main pathological setting of the
thesis, but pressure predictions in severe nar-
rowing cases should be interpreted with greater
caution.

4.6. External benchmarking
The external benchmark on four Policlinico
di Milano geometries provided a particularly
demanding out-of-distribution robustness test.
These cases included a broader vascular domain
than the training set, with upstream carotid and
vertebral arteries and additional distal branches.
In this context, the moderate decrease in per-
formance should be interpreted in relation to
the substantially more complex anatomical and
topological setting, rather than as a loss of pre-
dictive capability. Indeed, pressure and flow es-
timates remained meaningful in the central Cir-
cle of Willis region, while the largest errors ap-
peared mainly in distal or extended vessels out-
side the original training domain.
This occurrance indicates that the model
learned transferable hemodynamic relationships
within the Circle of Willis, while also highlight-
ing the expected sensitivity of conservation and
flow redistribution to outlet multiplicity and
graph topology. For instance, the deteriora-
tion of outlet mass conservation in the bench-

mark cases is likely due to the increase in termi-
nal branches in the external geometries, allow-
ing small local flow-fraction errors to accumulate
into a larger global residual. Overall, the exter-
nal benchmark supports the robustness of the
proposed surrogate within its intended anatom-
ical domain, while indicating that future train-
ing on extended vascular reconstructions would
be required to further improve performance on
broader clinical geometries.

4.7. Clinical impact
The clinical value of the proposed framework lies
in its potential to support near-instantaneous
hemodynamic assessments once the patient-
specific vascular graph is available. Rather than
replacing clinical monitoring or high-fidelity
CFD, the tool is intended to support rapid ex-
ploration of different patient-specific scenarios.
This is particularly relevant in post-SAH man-
agement because the clinical question is often
time-sensitive and dynamically evolving. For ex-
ample, the surrogate could be used to rapidly
compare alternative pressure-support conditions
or plausible vasospasm configurations, without
requiring a new CFD simulation for each hy-
pothesis. By providing insight into pressure and
flow redistribution mechanisms in the individual
vascular anatomy, the model could complement
clinical decision-making during monitoring and
treatment assessment. In particular, it could
help interpret whether collateral pathways are
likely to preserve downstream supply, or whether
specific vascular territories may be exposed to
insufficient perfusion and therefore require closer
surveillance or treatment reassessment.
A second important contribution is the gen-
erated dataset itself, which combines patient-
derived Circle of Willis anatomies, systematic
anatomical variants, vasospasm-inspired nar-
rowing, and multiple pressure-support regimes.
Given the limited availability of large hemo-
dynamic datasets in cerebrovascular modelling
[13], this dataset represents a valuable basis for
future work on deep-learning surrogates for Cir-
cle of Willis hemodynamics.

4.8. Limitations and future work
Despite the promising performance of the pro-
posed surrogate model, some limitations should
be acknowledged.
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First, dataset composition may influence model
robustness. Rare anatomical variants were rep-
resented by fewer samples, since the dataset fol-
lowed population-inspired frequencies, and va-
sospasm was synthetically imposed rather than
derived from real longitudinal scans. Future
datasets should therefore enrich rare anatomical
variants and include patient-derived vasospasm
geometries when available, especially severe or
highly localized cases.
Second, the model is trained on CFD-derived
ground truth and therefore inherits the assump-
tions of the numerical simulations, including
rigid walls, Newtonian blood behaviour, steady-
state flow, boundary-condition uncertainty, and
the projection of three-dimensional fields onto
centerline-based graph quantities. Moreover,
while the graph representation is appropriate for
predicting pressure and flow redistribution, it
cannot recover full volumetric information such
as wall shear stress, secondary flows, or cross-
sectional velocity profiles.
Finally, the current framework assumes that the
vascular geometry and graph have already been
extracted from clinical images. Clinical transla-
tion would therefore require integration with au-
tomated image-to-graph processing tools, user-
oriented interfaces, and prospective validation
on independent clinical cohorts.

5. Conclusion
This thesis developed a physics-informed graph
neural network surrogate for fast prediction of
patient-specific pressure and flow redistribution
in the Circle of Willis under vasospasm-inspired
conditions and pressure-support regimes. Start-
ing from patient-derived vascular geometries, a
CFD-based dataset was generated to include
anatomical variants, controlled vasospasm-
induced narrowing, and multiple hemodynamic
rounds. The final model, defined through ar-
chitectural comparison and ablation analysis,
combined a fine-tuned double-decoder structure
with a clinically oriented feature set excluding
outlet resistance and inlet flow fraction. This
formulation preserved predictive accuracy while
improving applicability to realistic clinical work-
flows, where such boundary-condition quantities
are not directly available.
The results showed that the surrogate can ap-
proximate CFD-derived pressure and normal-

ized flow fraction with near-instantaneous in-
ference, while physics-informed constraints im-
prove boundary-flow consistency. External
benchmarking confirmed partial generalization
beyond the training domain, while highlighting
the need for broader anatomical coverage.
Overall, this work demonstrates the feasibil-
ity of graph-based physics-informed surrogates
for rapid Circle of Willis hemodynamic assess-
ment. Future developments should focus on au-
tomated image-to-graph integration, enrichment
of rare variants and severe vasospasm cases, and
prospective validation on independent clinical
cohorts.
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