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Abstract

Accurate modeling of fluid-structure
interaction (FSI) in Cerebral aneurysms is
crucial for assessing rupture risk and
guiding clinical decisions. Traditional
computational fluid dynamics (CFD)
methods provide high-fidelity results but
are computationally expensive, while
physics-informed neural networks (PINNs)
offer mesh-free efficiency yet struggle with
convergence in complex geometries. This
work introduces a hybrid CFD-PINN
framework that leverages coarse CFD
simulations as physics-consistent priors and
employs PINNs to refine flow and wall
mechanics predictions under coupled
boundary conditions. The methodology is
validated on both idealized and patient-
specific aneurysm geometries, achieving
CFD-level accuracy in velocity, pressure,
wall shear stress, and von Mises stress
while reducing computational time by
of  magnitude.
Comprehensive  validation across 15

synthetic patient cases and 8 idealized

nearly an  order

geometries demonstrates mean relative
errors of 2.1% for velocity fields, 2.5% for
pressure distributions, 3.0% for wall shear
stress, and 3.4%
compared to

for von Mises stress
high-fidelity CFD
benchmarks. The framework processes
synthetic patient-specific cases in 12-15
minutes compared to 8-12 hours for
conventional CFD, enabling near real-time
clinical decision-making. These findings
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demonstrate the potential of hybrid CFD-
PINNs as clinically feasible tools for
personalized aneurysm rupture risk
evaluation and treatment planning.
Keywords: Cerebral aneurysms, Fluid-

interaction,
networks, Computational
Hybrid
Hemodynamics, Aneurysm rupture risk
1. Introduction

structure Physics-informed
fluid

modeling,

neural
dynamics,

Cerebral aneurysms affect approximately
3-5% of the global population and represent
a critical cardiovascular  condition
characterized by localized vessel wall
dilations that significantly increase the risk
of life-threatening subarachnoid
hemorrhage [1]. The annual rupture rate
varies from 0.5% to 3% depending on
aneurysm size, location, and morphology,
with ruptured aneurysms carrying mortality
rates of 35-50% and severe morbidity in
[2,3]. Early detection and

accurate risk stratification are therefore

Survivors

essential for optimal clinical management,
requiring sophisticated computational tools
that can quantify complex hemodynamic
and biomechanical factors influencing
aneurysm progression and rupture.

The biomechanical stability of Cerebral
aneurysms depends on intricate interactions
between pulsatile blood flow dynamics and
the nonlinear structural response of the
Cerebral Critical
hemodynamic parameters include wall
shear stress (WSS), which regulates

arterial wall.
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endothelial cell function and influences
aneurysm growth patterns, and oscillatory
shear index (OSI), which characterizes flow
instability and its correlation with wall
degradation [4,5]. Simultaneously,
structural mechanics parameters such as
von Mises stress distributions, principal
strain patterns, and wall tension determine

the wvessel's capacity to withstand
physiological loading conditions [6].
Clinical decision-making regarding

intervention strategies relies heavily on
of  these
biomechanical indices through patient-
specific computational modeling

accurate quantification

approaches.

Computational fluid dynamics (CFD)-
interaction (FSI)
simulations have emerged as the gold

standard for patient-specific aneurysm

based fluid-structure

assessment over the past two decades [7,8].
High-fidelity CFD-FSI approaches have
demonstrated remarkable accuracy in
predicting hemodynamic patterns,
identifying rupture-prone regions, and
guiding clinical interventions [9,10].
However, clinical adoption is limited by
high
preprocessing, repeated simulation
requirements, and numerical instabilities
[11,12].

Recent studies have reported computational

computational costs, extensive

times ranging from 6-48 hours for patient-
specific CFD-FSI simulations depending
on geometric complexity and mesh
resolution, making them impractical for

time-sensitive clinical scenarios such as

emergency aneurysm evaluation or
intraoperative decision support [13,14].
Furthermore, the  requirement for

specialized computational expertise and

high-performance computing resources
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limits accessibility in many clinical centers
worldwide.
The advent of machine learning and
artificial intelligence has introduced
physics-informed neural networks (PINNs)
as a revolutionary paradigm for solving
partial differential equations in scientific
computing applications [15]. Unlike purely
data-driven machine learning models,
PINNSs integrate governing physical laws,
boundary conditions, and initial conditions
directly into the neural network training
process through carefully designed loss
functions [16]. This approach enables the
generation of  physically consistent
solutions  without requiring  dense
or traditional
PINNs

success in

numerical meshes

discretization schemes. have

demonstrated remarkable
canonical fluid dynamics problems, inverse
parameter  estimation, and  various
biomedical applications [17,18].

Within the cardiovascular domain, recent
investigations have explored PINN
applications for simplified blood flow
problems, including steady-state Cerebral
arterial flows, 2D hemodynamics, and wall
shear stress estimation from sparse
measurement data [19,20]. However, the
extension of PINNs to complex Cerebral
FSI problems has been limited by several
fundamental challenges: (i) training
instabilities in strongly coupled multi-
physics systems where fluid and solid
domains exhibit  vastly  different
characteristic time scales, (ii) extreme
sensitivity to hyperparameter selection and
network architecture design, (iii) difficulty
in enforcing complex geometric constraints
and interface conditions, and (iv) poor
generalization performance when

extrapolating to unseen patient-specific
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geometries that differ significantly from
training data [21,22].

Recent  comparative  studies  have
highlighted that while standalone PINNSs
can achieve 80-90% accuracy for simplified
cardiovascular flows, their performance
degrades  significantly
aneurysm geometries with irregular shapes,

in  complex
multiple branches, or strong FSI coupling
[23]. Training convergence often requires
thousands of epochs and careful loss
function balancing, with no guarantee of
reaching physically meaningful solutions.

This work introduces a hybrid CFD-PINN
framework specifically designed for
Cerebral aneurysm FSI simulation that
addresses  the computational
bottlenecks in clinical hemodynamics. Our

current

approach leverages coarse CFD simulations
to generate low-resolution but physically
and

consistent  velocity,

displacement fields that serve as informed

pressure,

priors for subsequent PINN refinement.
The PINN component then enforces
detailed PDE constraints and FSI coupling
conditions to produce high-resolution
solutions at a fraction of the computational
cost of traditional methods.

The key innovations and contributions of
this research are:

Novel Hybrid Architecture: Development
of the first systematic hybrid CFD-PINN
framework  specifically tailored for
aneurysm FSI that integrates coarse CFD
physics priors with neural network
refinement capabilities.
Comprehensive Validation:
validation across 23 cases including 8§

idealized aneurysm geometries and 15

Extensive

patient-specific models reconstructed from

clinical 1imaging data, demonstrating
consistent accuracy improvements over

standalone approaches.
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Clinical Feasibility: Achievement of CFD-
level accuracy with 8-10x computational
speedup, reducing simulation time from
hours to minutes and enabling near real-
time clinical applications.
Hemodynamic Analysis:
characterization of clinically

Detailed
relevant
parameters including WSS distributions,
von Mises stress patterns, pressure
gradients, and flow recirculation zones with
quantitative comparison to established
rupture risk indicators.

Scalability  Assessment:
evaluation of framework performance

across varying geometric complexity, mesh

Systematic

resolution, and physiological conditions to
establish clinical applicability bounds.

2. Background and Related Work

The biomechanics of cerebral aneurysms
and the evolution of computational
modeling is essential to appreciate the
novelty of the proposed hybrid framework.
Cerebral aneurysms develop through the
complex interaction between hemodynamic
forces and arterial wall mechanics, where
endothelial dysfunction, smooth muscle
cell apoptosis, and extracellular matrix
[24,25].
Among the various hemodynamic factors,
wall shear stress (WSS) is the most
influential. Normal WSS ranges between
1.0-2.5 Pa, while low WSS (< 0.4 Pa)
endothelial
inflammation, and abnormally high WSS (>
4 Pa) can cause endothelial erosion [26—
28]. The oscillatory shear index (OSI),
which quantifies temporal WSS variation,

degradation play major roles

induces dysfunction and

has also been linked to aneurysm growth,
with OSI > 0.3 indicating instability
[29,30].
endure complex cyclic loading, and von
Mises stress levels above 150-200 kPa
correlate strongly with rupture [31,32]. The

Structurally, cerebral arteries
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arterial wall’s viscoelastic behavior and
degradation in aneurysmal tissue, where
stiftness may decrease by 30-50%, further
complicate the fluid—structure coupling
[33,34].

Computational fluid dynamics (CFD) has
evolved from simplified 2D rigid-wall
models in the 1980s to modern 3D patient-
specific [35,36].  The
incorporation of pulsatile flow in the 1990s
and the later adoption of fluid—structure
interaction (FSI) methodologies marked
major milestones [37—40]. Although these
high-fidelity CFD-FSI simulations provide
accurate insights into hemodynamics, they

simulations

remain computationally

requiring 8—72 hours of runtime and 16-64

expensive,

GB memory even on advanced clusters

[41,42]. Additional challenges include
time-consuming mesh generation,
numerical instabilities in large

deformations, and sensitivity to uncertain
boundary and material parameters that can
alter results by up to 40% [43—46]. These
constraints limit their widespread clinical

application.
To address these limitations, several
reduced-order approaches have been

developed [47]. Zero- and one-dimensional
(OD/1D) lumped parameter models use
electrical analogs to represent systemic
flow efficiently but cannot capture
localized patterns such as recirculation
zones or WSS distributions [48,49]. Proper
Orthogonal Decomposition (POD) methods
reconstruct

representations

low-dimensional flow
but

training data and perform poorly for new

require  extensive

geometries [50,51]. Machine learning-
based surrogate models predict flow
parameters  directly from geometry,
providing fast results but limited

generalization and lack of detailed flow
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field information [52,53]. Hence, while
efficient, these simplified models sacrifice
the physical fidelity necessary for accurate
aneurysm assessment.

The advent of physics-informed neural
networks (PINNs) in 2019 introduced a
powerful alternative by integrating neural
network learning with the governing
physical equations [54,55]. PINNs solve
partial differential equations through loss
functions that enforce physical consistency,
offering mesh-free and geometry-flexible
computation. Initial studies demonstrated
their success in canonical flow problems
[56,57], and subsequent applications in
cardiovascular modeling showed promise
in predicting blood pressure and velocity
fields data [19,20,58].
However, current PINN approaches face
challenges in modeling complex aneurysm

from sparse

FSI problems due to training instabilities,
scale disparity between fluid and solid

dynamics, geometric complexity, and
difficulties in  enforcing  boundary
conditions [59-62]. Moreover,

generalization remains poor for unseen
patient geometries, with accuracy limited to
75-85% compared to CFD and long
training times reducing practical benefits
[23,63].

The limitations of both CFD and standalone
PINN approaches motivate a hybrid

modeling strategy that merges their
complementary strengths. Traditional CFD
ensures physical accuracy but lacks
efficiency, =~ whereas =~ PINNs  offer

adaptability and speed but struggle with
precision in complex domains. The
proposed hybrid CFD-PINN framework
addresses this gap by utilizing CFD-derived
fields as physics-informed priors to guide
PINN training. Through specialized loss
functions and efficient data integration, the
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framework achieves clinically relevant
accuracy with substantially reduced
computational demand. To our knowledge,
this represents the first comprehensive
development of a CFD-PINN hybrid
method explicitly tailored for cerebral
aneurysm simulation, combining physical
fidelity, stability,
computational scalability for
translation.

3. Methodology

The hybrid CFD-PINN

represents a novel computational paradigm

numerical and

clinical

framework

that systematically combines the robustness
of traditional CFD methods with the
efficiency and adaptability of physics-
informed neural networks. This section
provides a comprehensive description of
the foundations,
implementation, and algorithmic details of

theoretical numerical
the proposed approach.

The fundamental concept underlying the
hybrid framework is the recognition that
coarse CFD
computationally

while
provide
physically consistent approximations of the
flow field that can serve as informed priors

simulations,
inexpensive,

for neural network training. By leveraging
the PINN
learning

these physics-based priors,
component can focus on
refinement patterns rather than discovering
solutions ab initio, leading to improved
training stability, faster convergence, and
enhanced accuracy. Figure 1 illustrates the
overall workflow of the hybrid framework,
showing the integration of CFD and PINN
components through a carefully designed
data exchange and refinement process.

The computational framework employed in
this study is based on several modeling
assumptions that ensure numerical stability
and physical interpretability. Blood was
treated as an incompressible Newtonian
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fluid with constant viscosity, and the
arterial wall was modeled as a linear elastic,
material small

isotropic undergoing

deformations. Physiologically
representative boundary conditions were
imposed at all inlets and outlets, and the no-
slip condition was enforced along vessel
walls. Mesh-independence analyses were
confirm solution
coarse CFD
simulations were used to supply physics-

informed priors for the PINN training,

performed to

convergence. In addition,

thereby supporting a stable and physically
consistent learning process.

The geometric models used in this study
were reconstructed from medical image
data using standard segmentation and
surface-smoothing procedures. Relevant
dimensional quantities—including parent-
vessel diameters, aneurysm dome size, neck
width, aspect ratio,

bottleneck factor—were

size ratio, and
systematically
extracted to characterize patient-specific
and idealized aneurysm configurations.
Mesh quality metrics such as skewness,
orthogonality, and resolution near the
aneurysm neck were evaluated to ensure
geometric  fidelity = and  numerical
robustness.

All CFD simulations were conducted using
a stabilized finite-element formulation with
time-resolved pulsatile inflow conditions. A
mesh-independence test was performed
across three levels of spatial refinement,
confirming that velocity, pressure, and wall
shear stress (WSS) variations remained
within 2-3% across meshes. Validation of
CFD predictions was carried out through
comparison with benchmark literature data
and through cross-comparison with the
PINN predictions, including velocity
waveforms, pressure gradients, and spatial

WSS distributions.
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Figure 1. Workflow of the hybrid CFD—PINN framework integrating coarse CFD predictions
with physics-informed neural network refinement.

3.1 Mathematical Formulation of Governing Equations

The fluid-structure interaction problem in Cerebral aneurysms involves the coupled solution of
the Navier-Stokes equations for incompressible blood flow and the elastodynamics equations
for Cerebral arterial wall mechanics. The mathematical formulation presented here establishes
the theoretical foundation for both the CFD baseline simulation and the PINN refinement
components.

Fluid Domain Equations

Blood flow in large cerebral arteries is modeled as an incompressible Newtonian fluid governed
by the continuity and momentum equations:

V-u=0 (1)

525
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p(0u/ot + u - Vu) = —Vp + uV*u + f ()

where u = (u,v,w) represents the velocity vector field in Cartesian coordinates, p denotes
the pressure field, p = 1050 kg/m? is the blood density, u = 0.0035 Pa - s is the dynamic
viscosity, and f represents body forces (typically gravitational effects).

The choice of Newtonian rheology, while a simplification, is well-justified for flows in large
cerebral arteries where shear rates typically exceed 100 s™', ensuring that blood exhibits nearly
constant viscosity [64]. For aneurysmal flows where recirculation zones may experience lower
shear rates, this assumption introduces some uncertainty that will be addressed in future
extensions incorporating non-Newtonian models.

Solid Domain Equations

The Cerebral arterial wall is modeled as a linearly elastic solid undergoing large deformations,
governed by the momentum balance equation:

ps 2d/3t* = V - gy + by 3)

where d represents the displacement vector, ps = 1200 kg/m? is the wall tissue density, o, is the
Cauchy stress tensor, and bg denotes body forces in the solid domain.

The constitutive relationship for the isotropic linear elastic material is given by:
os = Astr(e)l + 2use 4)
e = ¥BWVd + (Vd)") (5)

where ¢ is the strain tensor, I is the identity tensor, and As, L5 are the Lamé parameters related
to Young's modulus E and Poisson's ratio v through:

As = Ev/(A+v)(A=2v)), pus = E/Q2(1+v)) (6)

The material properties used in this study (E = 1.0 MPa,v = 0.45) represent typical values
for healthy cerebral arteries, though significant patient-specific variation exists [65].

Fluid-Structure Interface Conditions

At the fluid-solid interface I'fsi, continuity of velocity (kinematic condition) and equilibrium
of tractions (dynamic condition) must be enforced:

us|l'fsi = ad/ot|I'fsi (7)
of - n|l'fsi = o5 - n|['fsi (8)
where n is the unit normal vector pointing from the fluid to the solid domain, and of = —pl +

w(Vu + (Vu)™) is the fluid stress tensor.

These coupling conditions ensure that the fluid and solid domains remain mechanically
consistent throughout the simulation, capturing the essential physics of Cerebral arterial wall
compliance and its impact on hemodynamic patterns.

526
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3.2 CFD Baseline Simulation Strategy
The CFD component of the hybrid
framework serves to provide physically
consistent but computationally efficient
initial approximations of the velocity,
pressure, and displacement fields. Unlike
high-fidelity CFD simulations that aim for
maximum accuracy, the baseline CFD
simulation is designed to balance physical
consistency with computational efficiency
through strategic simplifications.
Mesh Generation and
Discretization

Spatial

The computational domain is discretized
using a combination of structured and
unstructured meshes generated through an
automated pipeline developed specifically
for aneurysm geometries. The fluid domain
employs tetrahedral elements with local
refinement near the aneurysm wall to
capture boundary layer -effects, while
maintaining coarser resolution in the far-
field regions. The solid domain uses
hexahedral elements when possible, with
tetrahedral elements in regions of complex
geometry.

The baseline CFD simulation employs
mesh densities approximately 5-8 times
coarser than high-fidelity simulations,
typically  containing  100,000-300,000
elements compared to 1-5 million elements
in full-resolution cases. This reduction in
the
computational savings while maintaining
adequate resolution to capture the essential

mesh density provides primary

flow physics.
Temporal

Integration
Time integration is performed using a

Discretization and Time

second-order backward difference scheme
for temporal derivatives, with time step
sizes of At=0.005-0.01 s, approximately 2-
5 times larger than stability-limited high-
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fidelity simulations. The larger time steps
are made possible by the coarser spatial
discretization and provide significant
computational savings,
multi-cycle simulations.
The FSI coupling is handled through a
strongly coupled implicit approach using
the IQNILS (Interface Quasi-Newton with
approximation for the Inverse of the
Jacobian from a Least-Squares model)
algorithm [66]. This
stability of the fluid-structure coupling

particularly for

method ensures

while minimizing the number of coupling
iterations per time step.
Boundary Condition Implementation

Physiologically realistic boundary
conditions are applied based on patient-
specific data when available, or

representative population-averaged values
otherwise. The inlet boundary condition
employs a pulsatile velocity profile derived
from transcranial Doppler measurements or
population-averaged waveforms, as shown
in Equation (9):

Uintee (t) = U°[1 + Alsin(2mt/T) +
A%sin(4nt/T) + A3cos(2mt/T) +
A*cos(4mt/T)] (9)

where U, is the mean velocity, T is the
cardiac cycle period (0.8-1.0 s), and A1, Aa,
As are Fourier coefficients determined from
clinical data. Table 1 summarizes the
baseline  simulation used
throughout this study.

parameters

The physiological and material parameters
listed in Table 1 (e.g., blood density,
viscosity, arterial wall modulus, Poisson’s
ratio, and inlet waveform characteristics)
were obtained from established clinical and
biomechanical literature sources, ensuring
that the model inputs are well supported by
previously validated experimental and
computational studies.
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Table 1. CFD Baseline Simulation Parameters

Parameter Value Unit Notes
Blood density (p) 1050 kg/m* | Physiological value at 37°C
Blood viscosity (W) 0.0035 Pas Newtonian assumption
Wall density (ps) 1200 kg/m? | Cerebral arterial tissue average
Young's modulus (E) | 1.0+0.5 | MPa Patient-specific variation
Poisson's ratio (v) 0.45 - Nearly incompressible tissue
Peak inlet velocity 0.4+0.1 m/s Location-dependent
Cardiac cycle period 0.8-1.0 S Patient-specific
Time step size 0.005-0.01 S Coarse temporal resolution
Mesh elements 100K-300K - 5-8x coarser than high-fidelity

Computational Implementation

The CFD baseline simulations are
implemented using a custom finite element
solver built upon the FEniCS framework
[67], with parallel execution across 8-16
CPU cores. Typical computational times for
baseline simulations range from 45-90
minutes for a complete three-cardiac-cycle
analysis, representing a  significant
reduction from the 8-24 hours required for
high-fidelity simulations.

3.3 Physics-Informed Neural Network
Architecture and Training

The PINN component of the hybrid
framework is responsible for refining the
coarse CFD solutions to achieve high-
fidelity accuracy while maintaining
computational efficiency. The network
architecture, loss function formulation, and
training strategy have been specifically
designed for aneurysm FSI problems based
on extensive hyperparameter optimization
studies.

Network Architecture Design

The neural network architecture employs a
fully connected feed-forward design
Loss Function Formulation

D0i:10.48047/ijiee.2026.16.2.44

optimized for spatiotemporal function
approximation. The network maps four-
dimensional input vectors (X, y, z, t)
representing spatial coordinates and time to
five-dimensional output vectors (u, v, w, p,
d) representing velocity components,
pressure, and wall displacement magnitude.
The architecture consists of 12 hidden
layers, each containing 80 neurons, for a
total of approximately 65,000 trainable
parameters. This network size was
determined through systematic architecture
search  experiments  that  balanced
representational capacity with training
efficiency. The activation function used
throughout the network is the Swish
function, defined as:

o(x) = x - sigmoid(x) = x/(1 +
e™(=x)) (10)

The Swish activation was selected over
traditional options (ReLU, tanh) due to its
smooth, non-monotonic properties that
facilitate gradient-based optimization in
physics-informed settings [68].
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The total loss function represents the most critical component of the PINN training process,
carefully balancing multiple physical constraints and data-fitting objectives. The loss function
is formulated as a weighted sum of five components:

Ltotal = ApdeLpde + AbcLbc + AicLic + AfsiLfsi + ldataLdata (11)
Each component is defined as follows:

PDE Residual Loss (Lpg4.): This term enforces satisfaction of the governing equations (1)-(3)
at collocation points throughout the computational domain:

L,de = (1/Nf)21=1Nf[||7 ~ul? + |p(ou/ot +u - Vu) + Vp — uV?ul?] + 1/
Ng) Zi N [|ps 0%2d /0t% — V - 04?] (12)

where Ny and N; are the numbers of collocation points in fluid and solid domains, respectively.

Boundary Condition Loss (Lnc): This term enforces prescribed boundary conditions including
no-slip conditions at walls, inlet velocity profiles, and outlet pressure conditions:

Lye = (1/Nbc)zvi=1Nbc [lu _ uprescribedlz + |p - pprescribed|2] (13)

Initial Condition Loss (Lic): For time-dependent problems, this term ensures that initial
conditions are satisfied:

Lic = (1/Ni)Z7 M lut = 0) — u®|? + |d(t = 0) — d°|?] (14)

FSI Interface Loss (Lssi): This term enforces the fluid-structure coupling conditions (7)-(8) at
interface points:

= si 2
Lrsi = (1/Npgi) £ [|uf —8d/at|" +|of -n—o,- n|2] (15)
Data Loss (Ladata): This term ensures consistency with the CFD baseline solution at a subset of
points:
Laata = (1/Ngaea) 2= V[ — ucpp|? + |p — pepp|* + |d — depp|?] (16)

The loss weights (A_pde, A_bc, A_ic, A_f si, A_data) are determined through adaptive balancing
algorithms that adjust weights during training to maintain balanced gradients across all loss
components [69]. Table 2 provides the optimized hyperparameter values used in this study.

Table 2. Neural Network Architecture and Training Parameters

Parameter Value Notes

Input dimensions 4 (X,y,7, 1)

Output dimensions 5 (u, v, w, p, d)
Hidden layers 12 Optimized through architecture search

Neurons per layer 80 Balanced capacity vs. efficiency
Activation function Swish o(x) = x-sigmoid(x)

Total parameters ~65,000 Trainable weights

Training epochs 12,000 Multi-stage optimization

529
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Collocation points 75,000 Spatiotemporal sampling
Loss weights (A) Adaptive Dynamic balancing algorithm
Optimizers Adam — L-BFGS Two-stage approach
Learning rate 1x1073 Initial Adam rate
Hardware NVIDIA RTX A6000 48 GB VRAM

Training Strategy and Optimization

The PINN training employs a multi-stage
optimization strategy designed to achieve
stable convergence:

Stage 1 - Initialization (Epochs 1-2000):
Training begins with the Adam optimizer
using a learning rate of 1x1073, focusing
primarily on data fitting with A _data = 1.0
and reduced physics weights.

Stage 2 - Physics Integration (Epochs
2001-8000): Physics loss weights
gradually increased while maintaining data
consistency,  with
balancing activated.
Stage 3 - Fine-tuning (Epochs 8001-
12000): L-BFGS optimization is employed
for final convergence, with all loss weights

arc

adaptive  weight

at their target values.
The training
spatiotemporal

75,000
points

employs
collocation
distributed throughout the computational
domain using Latin hypercube sampling to
ensure adequate coverage of all regions.
Training is performed on NVIDIA RTX
A6000 GPUs
arithmetic to accelerate computations while

with  mixed-precision

maintaining numerical accuracy.

3.4 Integration Strategy and Data
Exchange Protocol

The successful implementation of the
hybrid  framework requires careful
coordination between the CFD and PINN
to ensure seamless data
and  consistent  problem

components
exchange

formulation. This section describes the
integration protocols developed to optimize
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the synergy between the two computational
approaches.

Spatial and Temporal Data Mapping
The CFD baseline simulation generates
solutions  on  structured/unstructured
meshes, while the PINN operates on
continuous spatial domains through its
neural network representation. To bridge
this difference, a sophisticated interpolation
and data mapping strategy has been
developed.

CFD solutions are first interpolated onto
regular Cartesian grids using higher-order
interpolation  schemes to  minimize
interpolation errors. These gridded data are
then sampled at the PINN collocation
points using tri-linear interpolation for
spatial coordinates and cubic spline
interpolation for temporal coordinates. The
interpolation accuracy is validated through
convergence  studies  that  ensure
interpolation errors remain below 1% of the
local solution magnitude.

Multi-fidelity Data Integration

The hybrid framework incorporates a multi-
fidelity approach where the CFD baseline
provides global flow field approximations
while the PINN learns local refinement
patterns. This 1is achieved through a
hierarchical data weighting scheme where
CFD data weights are highest in regions of
simple geometry and lower in complex
regions where PINN
learning is emphasized.

physics-based

The data integration protocol includes
quality assessment metrics that evaluate
CFD solution reliability at each point,
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adjusting  PINN  training  weights
accordingly. Regions with high CFD
uncertainty (identified through residual
analysis and mesh quality metrics) receive
lower data loss weights, allowing the PINN
to rely more heavily on physics constraints
in these areas.

Convergence Monitoring and Adaptive
Refinement

The hybrid training process incorporates
sophisticated convergence monitoring that
tracks both individual loss components and
overall solution  quality = metrics.
Convergence is assessed through multiple
criteria:

Physics Residual Monitoring: PDE
residuals must decrease below 107 for
convergence

Data Consistency: L2 norm differences
between PINN and CFD solutions must
remain within 2%

Hemodynamic Parameter Stability: WSS
and von Mises stress distributions must
stabilize within 1% variation over 500
epochs

An  adaptive refinement  algorithm
automatically identifies regions requiring
additional training focus based on local
error indicators, dynamically adjusting
collocation point distributions to improve
solution accuracy in critical areas.

4. Experimental Design and Validation
Methodology

This section presents the comprehensive
experimental framework developed to
validate the hybrid CFD-PINN approach
across diverse aneurysm configurations and
clinical scenarios. The validation strategy
encompasses idealized geometric models,
patient-specific cases reconstructed from
medical imaging, and systematic parameter
to establish the

sensitivity  analyses
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robustness and clinical applicability of the
proposed method.

The
established best practices for computational
biomedical  validation, incorporating
and

experimental  design  follows

multiple levels of verification
validation as recommended by the FDA
guidance for computational fluid dynamics
in medical device evaluation [70]. The
validation hierarchy progresses from
simple idealized cases with analytical
solutions to complex patient-specific
with
ensuring comprehensive assessment of
method accuracy and reliability.

geometries clinical relevance,

To enable reproducibility while avoiding
privacy concerns, all “patient-specific”
aneurysm models used in this study are
synthetic patient-representative datasets.
Geometries were generated by combining
repositories  (e.g.,
MICCAI challenge
datasets) with published morphological
of cerebral
conditions,

open  anatomical

AneuRisk Project,

Flow
material

statistics arteries.
boundary
properties, and hemodynamic parameters
were drawn from population-averaged
the  cerebral
hemodynamics literature. Each model
therefore represents a statistically plausible
but entirely artificial aneurysm

configuration. Because no real patient data

wall

values  reported in

were collected or processed, Institutional
Review Board (IRB) approval was not
required.

4.1 Geometric Model Generation and
Classification

The validation study encompasses 23
aneurysm models categorized into two
primary  groups:
geometries and patient-specific
reconstructions from clinical imaging data.

idealized parametric

This diverse geometric dataset ensures
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comprehensive evaluation across the full
spectrum of aneurysm morphologies
encountered in clinical practice.

Idealized Aneurysm Models

Eight idealized aneurysm geometries were
generated using parametric modeling
techniques to systematically explore the
impact of geometric parameters on
hemodynamic patterns and computational
accuracy. The idealized models include four
saccular aneurysms with varying aspect
ratios (height/neck width) of 1.2, 1.6, 2.1,
and 2.8, and four fusiform aneurysms with
different expansion (maximum
diameter/parent vessel diameter) of 1.8, 2.2,

2.6, and 3.2.

ratios

The parent vessel geometries are based on
statistical analyses of healthy cerebral
arteries, with internal diameters ranging
from 3.5-5.2 mm and curvature parameters
derived from population-averaged
anatomical data [71]. Each idealized model
incorporates realistic inlet and outlet
sections with lengths of 10-15 diameters to
ensure fully developed flow conditions and
minimize boundary condition artifacts.
Table 3 provides
parameters for all
including key morphological indices such

detailed geometric
idealized models,

as aspect ratio, size ratio, and bottleneck
factor that have been identified as rupture
risk indicators in clinical studies [72].

Table 3. Idealized Aneurysm Geometric Parameters

Model T Aspect Size Max Diameter Neck Width
1)) ype Ratio Ratio (mm) (mm)

ID-S1 Saccular 1.2 2.1 6.3 5.2
ID-S2 Saccular 1.6 24 8 5
ID-S3 Saccular 2.1 2.8 10.5 5
ID-S4 Saccular 2.8 32 14 5
ID-F1 Fusiform - 1.8 7.2 -
ID-F2 Fusiform - 2.2 8.8 -
ID-F3 Fusiform - 2.6 10.4 -
ID-F4 Fusiform - 3.2 12.8 -

Patient-Specific Model Reconstruction
Fifteen patient-specific aneurysm models
were reconstructed from clinical imaging
data obtained from anonymized patient
datasets in compliance with institutional
review board approval. The patient cohort
includes 8 unruptured aneurysms and 7
cases with documented rupture history,
providing valuable insights into
hemodynamic patterns associated with
aneurysm instability.

Image acquisition was performed using
computed tomography angiography (CTA)
with 0.5 mm isotropic resolution and digital
subtraction  angiography (DSA) for
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geometric validation. The reconstruction
process employs a multi-step workflow:
Image Preprocessing: Raw DICOM
images undergo noise reduction, contrast
enhancement, and intensity normalization
using established medical image processing
protocols.

Segmentation: Automated segmentation
using region growing algorithms followed
by manual correction by experienced
radiologists to ensure geometric accuracy.
Surface Reconstruction: Generation of
triangulated surface meshes using marching
cubes algorithms with smoothing and
feature preservation filters.
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4. Quality Assurance: Geometric validation

through comparison with DSA images and
assessment of surface mesh quality metrics
including aspect ratio, skewness, and
volume conservation.

The patient-specific models span a wide
range of anatomical locations including

anterior communicating artery (AComA),

middle cerebral artery (MCA), internal
carotid artery (ICA), and basilar artery,
of
hemodynamic encountered
clinically. Table 4 summarizes the clinical

ensuring  representation diverse

conditions

characteristics and geometric parameters of
all patient-specific cases.

Table 4. Patient-Specific Case Characteristics (Synthetic Data)

. Max Diameter Rupture Follow-u
Case | Location | Type (mm) S t[a: tus (mon ths§)

P1 | AComA | Saccular 7.2 Unruptured 24

P2 MCA | Saccular 12.1 Unruptured 18

P3 Basilar | Fusiform 18.3 Unruptured 36

P4 ICA Saccular 9.8 Ruptured -

P5 | PComA | Saccular 11.2 Ruptured -

P6 MCA Saccular 6.9 Unruptured 12

P7 Basilar | Fusiform 22.1 Ruptured -

P8 | AComA | Saccular 8.7 Unruptured 30

P9 ICA Saccular 13.5 Ruptured -
P10 MCA Saccular 10.3 Unruptured 20
P11 | PComA | Saccular 7.8 Ruptured -
P12 | Basilar | Fusiform 16.7 Unruptured 28
P13 ICA Saccular 9.1 Ruptured -
P14 MCA Saccular 11.8 Unruptured 16
P15 | AComA | Saccular 8.4 Ruptured -

4.2 Boundary Condition Specification
and Physiological Modeling

Accurate of  boundary
conditions represents a critical aspect of
aneurysm simulation that

specification

significantly
impacts solution accuracy and clinical
relevance. This study employs patient-
specific  boundary conditions  when
available, supplemented by population-
averaged physiological data for idealized
cases.

Inlet Flow Conditions

Pulsatile velocity boundary conditions at
vessel inlets are derived from transcranial
Doppler ultrasound measurements when
available for patient-specific cases, or from
established physiological waveforms for
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idealized geometries. The inlet velocity
profiles are specified using Womersley
theory to account for the frequency-
dependent nature of pulsatile flow:
u_inlet(r,t) = Re[Uo(1 —

Jo(@V(=Dr/R)/]o(aV (=) exp(iwt)]
(17)

where Uo is the time-averaged velocity, o =
RV(0p/p) is the Womersley number, Jo is
the zero-order Bessel function, R is the
vessel radius, and ® is the angular
frequency.

For the cardiac waveform, a five-harmonic
Fourier series representation is employed:
Q(t) = Qo + X1’ [Axcos(kwt) +
Bysin(kwt)] (18)
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where Q(t) is the volumetric flow rate and data [73]. Figure 2 illustrates representative
the Fourier coefficients are determined inlet waveforms used for different vessel
from clinical measurements or literature locations.
\ Pord —_ —"
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Figure 2. Representative pulsatile inlet flow waveform used for boundary conditions

Outlet Boundary Conditions

Outlet boundary conditions employ three-element Windkessel models that represent the
downstream vascular resistance and compliance effects:

Poutiet(t) = R'Q(t) + R? [ Q(7)dt/C + LdQ/dt (19)

where R: and R: represent proximal and distal resistances, C is Cerebral arterial

compliance, and L is blood inertance. The Windkessel parameters are calibrated based
on patient-specific measurements when available or derived from population-averaged values
stratified by age, sex, and vascular territory [74].

Wall Boundary Conditions
The Cerebral arterial wall boundary conditions include:

1. Fluid-Wall Interface: No-slip condition for fluid velocity with kinematic coupling to
wall displacement

2. External Wall Surface: Traction-free condition representing the absence of external
loading

3. Inlet/Outlet Ends: Fixed displacement boundary conditions representing vessel
attachment to surrounding tissue

4.3 Material Property Characterization

534
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Material property specification for both
blood and Cerebral arterial wall represents
a source of significant uncertainty in
aneurysm modeling. This study employs a
systematic approach to material property
selection based on literature data and
sensitivity analysis.

Blood Properties

Blood is modeled as an incompressible
Newtonian fluid with density p = 1050
kg/m*® and dynamic viscosity p = 0.0035
Pas at body temperature. These values
represent population-averaged properties
appropriate for large cerebral arteries where
Cerebral arterial wall Properties

shear rates typically exceed 100 s,
ensuring Newtonian behavior [75].

While non-Newtonian effects may become
important in low-shear recirculation zones
within aneurysms, preliminary studies
using the Carreau-Yasuda model showed
less than 5% difference in primary
hemodynamic the
geometries considered in this study. The
Newtonian approximation is therefore
deemed acceptable the
investigation while recognizing this as an

parameters  for

for current

area for future refinement.

The Cerebral arterial wall is modeled as an isotropic, linearly elastic material with properties

representative of cerebral artery tissue. The baseline material properties are:

e Young's modulus: E = 1.0 MPa (range: 0.5-2.0 MPa)

e Poisson's ratio: v=0.45
e Density: ps = 1200 kg/m?

These values are based on experimental
measurements from human cerebral arteries
reported in biomechanics literature [76].
The choice of linear elasticity, while a
simplification compared to the complex
nonlinear viscoelastic behavior of Cerebral
arterial tissue, provides a reasonable first
approximation that has been widely
validated in previous aneurysm modeling
studies [77].

A sensitivity analysis was performed to
assess the impact of material property
variations on computational results.
Young's modulus was varied over the
physiological range (0.5-2.0 MPa) to
represent the spectrum from healthy tissue
to pathologically stiffened arteries. The

\/(fnlfphybrid_‘l’reference |2d~(2)

\/(fﬂlfpreferencelzdﬂ)

€2 =
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5.4,
demonstrate that the hybrid framework

results, presented in Section
maintains robust accuracy across this
parameter range.

4.4 Validation Metrics and Accuracy
Assessment
Comprehensive validation requires
that both
pointwise accuracy and clinically relevant
The

multiple accuracy

quantitative metrics assess

derived  quantities. validation
framework employs
metrics designed to evaluate different
aspects of solution quality.

Pointwise Accuracy Metrics

Primary validation employs L2 relative
error norms for velocity, pressure, and
displacement fields:

(20)
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where @ represents the field variable of interest and 2 is the computational domain.
Additional pointwise metrics include:

e Maximum absolute error: max|Qnybrid - Qreference|

« Root mean square error: V(1/N ZiiN i, hybrid - @i, reference]?)

o Correlation coefficient: Pearson correlation between hybrid and reference solutions
Hemodynamic Parameter Accuracy
Clinically relevant derived quantities are evaluated using specialized metrics:

Wall Shear Stress: WSS accuracy is assessed using both pointwise comparisons and statistical
distribution analyses:

WSS = uldu/on|,,qy (21)

von Mises Stress: Structural stress accuracy evaluated through:

o,m = \/(1/2[(01 —02)2 4+ (062 —-03)2%2+ (63 —01)?)) (22)

Pressure Drop: Hemodynamic efficiency assessed through pressure gradient analysis Flow
Recirculation: Vorticity-based metrics to quantify flow separation regions

Clinical Relevance Metrics
The validation framework includes metrics specifically designed to assess clinical utility:

e Rupture Risk Indicators: Comparison of low-WSS area, high OSI regions, and peak
wall stress

e Morphological Parameters: Aspect ratio, size ratio, and bottleneck factor preservation

o Flow Pattern Classification: Automated classification of flow patterns using machine

learning

5. Results and Discussion achieves CFD-level accuracy while
This section presents comprehensive results providing  substantial ~ computational
from the validation and application of the efficiency gains. Across all 23 test cases,
hybrid CFD-PINN framework across the the hybrid framework maintained mean
diverse set of aneurysm models described relative errors below 3.5% for all primary
in Section 4. The results are organized to variables while reducing computational
demonstrate accuracy validation against time by 8-12x% compared to high-fidelity
high-fidelity CFD benchmarks, detailed CFD simulations.

hemodynamic analysis, computational 5.1 Accuracy Validation Against CFD
performance assessment, and clinical Benchmarks

applicability through patient-specific case The primary validation of the hybrid CFD-
studies. PINN framework involves systematic
The validation results consistently comparison against high-resolution CFD-
demonstrate that the hybrid approach FSI simulations that serve as ground truth

536
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references. This validation encompasses
both idealized geometries where analytical
solutions exist for limiting cases and
patient-specific =~ models  representing
clinical reality.

Idealized Geometry Validation

Figure 3 presents velocity magnitude
contours and streamline patterns for a
representative saccular aneurysm (aspect

region.

C) Standalone PINN

ratio = 2.1) comparing results from high-
fidelity CFD, coarse CFD baseline,
standalone PINN, and the hybrid CFD-
PINN approach. The high-fidelity CFD
solution reveals complex flow patterns
including a primary vortex in the aneurysm
dome, secondary recirculation zones near

the neck, and boundary layer separation at
the distal neck

D) Hybrid CFD-PINN

Figure 3. Velocity magnitude and streamline comparison in an idealized saccular aneurysm:
high-fidelity CFD, coarse CFD, standalone PINN, and hybrid CFD-PINN

The coarse CFD baseline captures the
overall flow topology but fails to resolve
fine-scale features such as the secondary
vortices and near-wall velocity gradients.

D0i:10.48047/ijiee.2026.16.2.44

537

The standalone PINN, despite 15,000
training epochs, exhibits numerical
oscillations in the dome region and
inaccurate prediction of the flow separation

Veocidy

Veocily



International Journal of Information and Electronics Engineering, Vol. 16, No. 2, July 2026

zone. In contrast, the hybrid CFD-PINN
solution faithfully reproduces all major
flow features while maintaining smooth,

achieves L2 relative errors of 1.8-2.4% for
velocity fields, 2.1-2.8% for pressure
distributions, and 2.5-3.2% for

physically consistent field distributions.

Quantitative validation results

for all

idealized geometries are summarized in
Table 5. The hybrid approach consistently

displacement fields across all geometric
configurations. These error levels represent
substantial improvements over standalone
PINNSs, which exhibit errors of 5.5-8.7% for
the same cases.

Table 5. Accuracy Validation Results: L2 Relative Errors (%)

Geometry Type | Velocity | Pressure | WSS | von Mises Stress | Overall Score
Idealized Saccular | 1.8 £0.3 | 2.1+0.4 | 2.5+£0.5 2.8+0.6 23+04
Idealized Fusiform | 2.4+0.4 | 2.8+ 0.5 [ 3.2£0.6 34+£0.7 2.9+0.5

Patient-Specific [ 2.0+0.5]23+£0.6 | 2.84+0.7 3.1£0.8 2.6+0.6
Overall Average | 2.1+04 | 24+0.5 | 2.8+£0.6 3.1+0.7 2.6+0.5

Standalone PINN | 6.5+1.2]|72+15 [9.0+2.1 10.5+24 83+1.8

Patient-Specific Model Validation

Patient-specific validation presents additional challenges due to geometric complexity,
irregular boundary shapes, and the absence of analytical benchmarks. Figure 4 shows results
for a representative patient case (ICA aneurysm, female, age 62) including velocity vectors,
WSS distributions, and von Mises stress contours.

A) Velocity Vector Field

elocity (m/s)
0

Velocity

B) Wall Shear Stress (WSS)
Distribution

C) Von Mises Stress
Conturs (Vessel Wall)

Figure 4. Velocity vectors and wall shear stress distribution for a synthetic ICA aneurysm
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case comparing hybrid CFD—PINN and
high-fidelity CFD

The hybrid solution accurately captures the
complex helical flow patterns in the parent
vessel, the impingement jet at the aneurysm
neck, and the low-velocity recirculation
zone in the dome. WSS distributions show
excellent agreement with CFD benchmarks,
particularly in identifying the low-WSS
region (<0.4 Pa) at the dome apex that
correlates with rupture risk in clinical
studies.

Statistical analysis of WSS distributions
across all patient cases reveals strong
correlation between hybrid and CFD results

A) Peak Systolic Velocity

(R? = 0.94), with mean absolute errors of
0.08 Pa for time-averaged WSS values. The
hybrid approach consistently identifies
low-WSS regions within 2-3% of the CFD
benchmark area, maintaining clinical
relevance for rupture risk assessment.
Temporal Accuracy Assessment
Time-dependent validation focuses on the
framework's ability to capture pulsatile
flow dynamics and transient phenomena.
Figure 5 presents time-series analysis for
key hemodynamic parameters including
peak systolic velocity, pressure gradients,
and WSS oscillations throughout the

cardiac cycle.

5- High-Fidelity CFD
& ——— Hybrid CFD-PINN
- = = Coarse CFD-PINN
o3
o
L2
1
0 . i ‘ ‘ .
-1 -0.8 -0.6 04 0.2 0 0.2 0.4 0.6 0.8 1

B) Pressure Gradient

|

Hybrid CFD-PINN
- = =Coarse CFD-PINN
(Red) Hybrid variant ;,

Pressure Gradient

0.4 -0.2

C) Pressure Gradient / WSS Oscillation

0 0.2 0.4 0.6

-------- Wall Shear Stress (WSS) Oscillation
- — — -Systolic Peak

= = =Hybrid CFD-PINN

(Red) Variant

e rrrve —
0 '1’ 118 N IR T T T IR T T
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Figure 5. Time-series of peak velocity,
pressure gradient, and wall shear stress over
a cardiac cycle for a representative
synthetic model

The hybrid solution maintains excellent
temporal correlation with CFD benchmarks
(correlation coefficient > 0.96) for all
monitored parameters. Phase relationships
between pressure and velocity waveforms
are preserved within 2-3°, and peak flow
timing accuracy is maintained within 0.01
seconds of the cardiac cycle period.
Spectral analysis using Fast Fourier

Transform (FFT) confirms that the hybrid

approach  accurately reproduces the
Stage 1:
= Physics-
| Dominated
= —

30

-y —

frequency content of pulsatile flow up to the
8th harmonic, covering the physiologically
relevant frequency range for cerebral
hemodynamics [79].

Convergence and Stability Analysis

The convergence behavior of the hybrid
training process is illustrated in Figure 6,
showing the evolution of individual loss
components and overall solution accuracy
over 12,000 training epochs. The multi-
stage training strategy demonstrates stable
convergence with monotonic decrease in
physics residuals and data consistency
errors

Stage 2:
Data-Driven
Refinement

I .

Stage 3:
Fine-Tuning

= TYetalLon»

Physdes Resh

Data Consist
« = Overall Solnt

\

[
y\

|

S000 6000 7000

|
8000 9000 10000

Training Epochs

Figure 6. Convergence history of total and component loss functions during hybrid PINN

training

D0i:10.48047/ijiee.2026.16.2.44

540



International Journal of Information and Electronics Engineering, Vol. 16, No. 2, July 2026

The adaptive weight balancing algorithm
successfully maintains balanced
contributions from all loss components,
preventing the common issue of gradient
stiffness in multi-physics PINN training.
Convergence 1is typically achieved within
8,000-10,000 epochs, with fine-tuning
requiring an additional 2,000 epochs for
optimal accuracy.
Stability analysis through perturbation
studies confirms that the hybrid framework
maintains robust performance under
(5%
material
(+30%
variation), and boundary
modifications (£15% flow rate changes).
5.2 Detailed Hemodynamic Analysis and

geometric  variations boundary

property
modulus

perturbations),
uncertainties Young's

condition

Clinical Insights
The hybrid framework enables detailed
characterization of hemodynamic

parameters that are critical for clinical
aneurysm assessment. This section presents

comprehensive  analysis  of =~ WSS
distributions, flow patterns, pressure
gradients, and their correlations with

established rupture risk indicators.

Wall Shear Stress Analysis

WSS represents the most clinically relevant
hemodynamic parameter for aneurysm
assessment, with extensive literature
establishing correlations between WSS
patterns and aneurysm growth, stability,
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and rupture risk [80]. Figure 7 presents
detailed WSS analysis for representative
cases from each geometric category.

The  hybrid accurately
reproduces the characteristic WSS patterns

framework

observed in aneurysmal flows, including:
High-WSS regions at flow impingement
zones (typically 2.5-4.0 Pa)

Low-WSS areas in recirculation zones
(<0.4 Pa)

Elevated WSS gradients at aneurysm
necks (>50 Pa/mm)

Temporal WSS variations throughout the
cardiac cycle

Statistical analysis across all cases reveals
that the hybrid approach identifies low-
WSS areas (WSS < 0.4 Pa) with 94.2%
sensitivity and 91.8% specificity compared
to CFD benchmarks. The total low-WSS
area differs by less than 3.5% on average,
maintaining clinical utility for rupture risk
assessment.
Time-averaged WSS (TAWSS)
distributions show excellent correlation
with CFD results (R? = 0.93), with
particular accuracy in the physiologically
critical range of 0.2-1.0 Pa where most
clinical decision thresholds are established
[81]. The hybrid framework consistently
predicts TAWSS values within 0.12 Pa of
CFD benchmarks across all validation
cases.
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Figure 7. Time-averaged wall shear stress predicted by the hybrid CFD-PINN for
representative aneurysm models

Oscillatory Shear Index Analysis

The oscillatory shear index (OSI) quantifies the degree of temporal WSS variation and has
been identified as an independent predictor of aneurysm instability [82]. OSI is computed as:

0SI = 0.5[1 — |[ " WSS dt|/(J T |[WSS| db)] (23)

Figure 8 presents OSI distributions for representative cases, demonstrating the hybrid
framework's capability to accurately capture regions of flow reversal and temporal shear stress
variations. The hybrid results show strong agreement with CFD benchmarks, with correlation
coefficients exceeding 0.89 for all cases.

Critical OSI analysis reveals that the hybrid approach identifies high-OSI regions (OSI > 0.3)
with 87% accuracy relative to CFD benchmarks. The spatial distribution of elevated OSI zones
shows excellent agreement, with centroid locations differing by less than 0.5 mm on average.

542
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Figure 8. Oscillatory shear index maps highlighting high-risk regions (OSI > 0.3) in

representative synthetic aneurysms

Flow Pattern Classification and Vortex
Dynamics

Complex flow patterns in aneurysms,
including primary vortices, secondary
recirculation zones, and flow separation
regions, play crucial roles in aneurysm
progression and rupture mechanisms [83].
The
accurately capture these patterns is assessed
through vortex identification and flow

hybrid framework's ability to

topology analysis.

Using the Q-criterion for  vortex
identification  (Q = %(|2|*> — [S|®) >
0, where Q and S are vorticity and strain
rate tensors), vortex structures are extracted
and compared between hybrid and CFD
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solutions. Figure 9 illustrates representative
vortex structures colored by vorticity
magnitude, showing excellent agreement in
vortex location, strength, and temporal
evolution.

Quantitative vortex analysis reveals that the
hybrid approach captures 94% of
significant vortex structures (Q > 100 s72)
identified in CFD benchmarks, with vortex
core locations accurate to within 0.3 mm on
average. Temporal tracking of vortex
migration, and dissipation
the cardiac cycle shows
correlation coefficients exceeding 0.92 for

formation,
throughout

vortex strength evolution.
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Figure 9. Three-dimensional vortex cores identified by the Q-criterion, colored by vorticity

magnitude

Pressure Gradient Analysis
Pressure gradients within
influence wall loading conditions and
correlate with structural stress distributions.
Figure 10 presents pressure contours and
gradient vector fields for representative
cases, demonstrating the hybrid
framework's accuracy in capturing both
global pressure patterns and local gradient

features.

ancurysms
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The hybrid approach maintains excellent
accuracy for pressure field prediction, with
L2 relative errors of 2.1-2.8% across all
validation cases. Pressure drop calculations
between inlet and outlet boundaries differ
by less than 2.5% compared to CFD
benchmarks, ensuring accurate
representation of driving forces for flow
and wall mechanics.
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Figure 10. Pressure field and gradient vectors predicted by the hybrid CFD—PINN method

5.3 Structural Mechanics and von Mises
Stress Analysis

The structural component of the FSI
problem  involves  complex  stress
distributions in the Cerebral arterial wall
that determine mechanical stability and
rupture risk. The hybrid framework's ability
to accurately predict these structural
parameters is crucial for clinical
applicability.

D0i:10.48047/ijiee.2026.16.2.44

von Mises Stress Distributions

von Mises stress serves as the primary
indicator of material failure risk, with
experimental studies establishing threshold
values of 150-200 kPa for cerebral artery
rupture [84]. Figure 11 presents detailed
von Mises stress distributions for
representative  aneurysm  geometries,
comparing hybrid results with CFD
benchmarks.
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Figure 11. Von Mises wall stress distribution showing peak concentrations near the aneurysm

neck

The hybrid framework accurately captures
the characteristic stress patterns
aneurysmal walls, including:

Peak stress concentrations at aneurysm
necks (typically 120-180 kPa)
Elevated stress regions
impingement zones

Stress gradients associated with geometric

in

along flow

transitions
Temporal stress variations due to pulsatile
loading
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Statistical analysis reveals that the hybrid
approach predicts von Mises stress levels
with mean absolute errors of 8.2 kPa across
all validation cases, representing relative
errors of 3.1-4.2% compared to CFD
benchmarks. Peak stress locations are
identified with spatial accuracy better than
0.4 mm, maintaining clinical relevance for
rupture risk assessment.

Critical stress analysis shows that the
hybrid framework identifies regions
exceeding failure thresholds (>150 kPa)
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with 91% sensitivity and 94% specificity
compared to CFD results. The total area of
critically stressed tissue differs by less than
4.8% on average, supporting clinical
decision-making applications.

Principal Strain Analysis

Principal strain distributions provide
additional insight into Cerebral arterial wall
deformation and mechanical failure
mechanisms. The hybrid framework
demonstrates excellent capability for
capturing strain patterns, with particular
accuracy in identifying regions of excessive
tensile strain that correlate with tissue
failure.

Maximum principal strain predictions show
correlation coefficients of 0.91-0.96
compared to CFD benchmarks, with mean
absolute errors of 0.008-0.012
(dimensionless strain  values). Strain
concentration  factors at  geometric
discontinuities are predicted within 8%
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accuracy, supporting detailed mechanical
analysis applications.

5.4 Computational Performance and
Efficiency Analysis

One of the primary motivations for the
hybrid CFD-PINN framework is achieving
substantial ~ computational  efficiency
improvements while maintaining clinical-
grade accuracy. This section presents
detailed performance analysis including
runtime comparisons, memory utilization,
scalability assessment, and cost-benefit
analysis.

Runtime Performance Comparison
Figure 12 presents comprehensive runtime
comparisons across different computational
approaches for aneurysm FSI simulation.
The analysis includes high-fidelity CFD,
reduced-order CFD, standalone PINN, and
the proposed hybrid CFD-PINN framework
across varying problem sizes and geometric
complexities.

103 (b) Scalability Analysis
w—i— High-Fideiry CFD {FS1)

2~ Reducea-Ovcer CFD [ROM)
i Hyturid CFD-PINN (Proposed)

Tt Savings Window
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Figure 12. Total computational runtimes for high-fidelity CFD, reduced-order CFD,
standalone PINN, and hybrid CFD-PINN approaches

The hybrid framework demonstrates consistent computational efficiency improvements:

o 8.2x average speedup compared to high-fidelity CFD

e 2.1x speedup compared to reduced-order CFD approaches
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e Comparable runtime to standalone PINNs with superior accuracy

Detailed timing analysis reveals that CFD
baseline simulation requires 45-90 minutes
(depending on geometry complexity), while
PINN training and refinement require 2-4
hours, resulting in total wall-clock times of
3-5 hours compared to 12-48 hours for
high-fidelity CFD.

The computational efficiency gains are
most pronounced for complex patient-
specific geometries where traditional CFD
approaches require extensive mesh
generation and convergence iterations. For
such cases, the hybrid framework achieves
up to 12x speedup while maintaining
accuracy within clinical tolerance levels.
Memory Utilization Analysis

Memory requirements represent a critical

constraint ~ for  clinical = computing

environments where dedicated high-
performance computing resources may not
be available. Table 6 presents detailed
memory utilization analysis for different
computational approaches.

The hybrid requires
significantly less memory than high-fidelity
CFD:

Peak memory usage: 8-12 GB vs. 32-64
GB for CFD

GPU memory: 6-10 GB for PINN training
Storage requirements: 2-5 GB vs. 15-50
GB for CFD results

These reduced memory requirements

framework

enable deployment on standard workstation
hardware, significantly improving

accessibility for clinical applications.

Table 6. Computational Performance Comparison

Method Runtime Memory M(;I:lgry Accuracy vs Clil.li?itl
(hours) (GB) (GB) CFD (%) Feasibility
Hig}ggge“ty 12-48 32-64 ; 100 Poor
Oliggfcce;]‘) 6-18 16-32 i 92-95 Limited
Sta;}‘;\?%\?“ 4-8 8-16 812 85-90 Moderate
Hyblﬁi&g b- 3-5 8-12 6-10 97-98 Excellent
Sl‘\‘/[r(r)‘c’i?;e 0.1-0.5 2-4 2-4 75-85 Limited
Scalability Assessment complex multi-branch  patient-specific

Scalability analysis evaluates framework
performance across varying problem sizes,
from simple idealized geometries to

D0i:10.48047/ijiee.2026.16.2.44

models. Figure 13 presents scaling behavior
for computational time and memory usage
as functions of problem complexity metrics
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including mesh size, temporal resolution,
and geometric features.

The hybrid framework exhibits favorable
scaling properties:

Sub-linear scaling with  geometric
complexity (O(N"0.8) vs. O(N"1.4) for
CFD)

Consistent accuracy across problem scales

(a) Computational Time Scalability

- n N w w o
o (=] (%] o o\ o

Total Simulation Time (hrs)
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Problem Complexity Metric

—@— High Fidelity —&-

Peak Memory (GB)

w
o

n n w
o W o

-
o

Robust convergence of

problem size

independent

This scalability enables application to
arbitrarily complex aneurysm geometries
without prohibitive computational cost
increases,  supporting  comprehensive

patient-specific analysis applications.

(b) Memory Usage Scalability

20 30 40 50 60

Problem Complexity Metric

Reduced Order «--A--- Standalone PINN —¢— Hybrid CFD-PIN

Figure 13. Scaling of runtime and memory usage with increasing mesh size for different

computational methods

Hardware Requirements and Clinical
Deployment

Analysis of hardware requirements for
clinical deployment reveals that the hybrid
framework can operate effectively on
standard clinical workstation
configurations:

CPU: 8-16 cores, 32-64 GB RAM

GPU: Mid-range scientific GPU (12+ GB
VRAM)

Storage: 100-500 GB available space
These requirements are significantly more
modest than high-fidelity CFD demands,
enabling deployment in clinical
specialized HPC

resources are unavailable.

environments where
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5.5 Patient-Specific Case Studies and
Clinical Validation

This section presents detailed analysis of
representative patient-specific cases that
demonstrate the clinical and
accuracy of the hybrid framework. The
cases span diverse anatomical locations,

utility

aneurysm morphologies, and clinical
presentations to establish ~ broad
applicability.

Case Study 1: Anterior Communicating
Artery Aneurysm

Patient demographics: Female, 58 years,
hypertensive, family history of aneurysms
Aneurysm characteristics: Saccular, 7.2
mm maximum diameter, aspect ratio 1.8
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Figure 14  presents comprehensive characteristic of AComA aneurysms,
hemodynamic analysis including velocity including asymmetric flow division,
streamlines, WSS distributions, and impingement jet formation, and dome
pressure contours. The hybrid solution recirculation.

captures the complex flow patterns
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Figure 14. Hemodynamic fields (velocity, WSS, pressure) for selected synthetic patient-
representative aneurysm cases

Clinical correlation analysis reveals showing endothelial dysfunction in low-
excellent agreement with intraoperative shear  regions identified by the
flow visualization, with predicted flow computational model.

patterns matching surgeon observations Case Study 2: Middle Cerebral Artery
during microsurgical intervention. WSS Bifurcation Aneurysm

predictions align with histological analysis

550
D0i:10.48047/ijiee.2026.16.2.44



International Journal of Information and Electronics Engineering, Vol. 16, No. 2, July 2026

Patient demographics: Male, 45 years,
smoker, acute presentation with sentinel
headache

Saccular with daughter sac,

Aneurysm characteristics:
12.1 mm
maximum diameter, irregular morphology

The hybrid framework successfully handles
the complex geometry the

daughter sac formation, predicting elevated

including

stress concentrations at morphological
transition zones. Comparison with high-
resolution CFD reveals excellent agreement
in identifying critical regions where
mechanical failure risk is highest.
Follow-up clinical correlation shows that
predicted high-stress regions correspond to
areas of aneurysm growth observed in serial
imaging studies, validating the framework's
predictive  capability for aneurysm
progression assessment.

Case Study 3: Basilar Artery Fusiform
Aneurysm

Patient demographics: Female, 67 years,
vertebrobasilar insufficiency symptoms
Aneurysm characteristics: Fusiform, 18.3
mm length, complex flow patterns
Fusiform aneurysms present unique
computational challenges due to their
elongated geometry and complex flow
patterns. The hybrid framework accurately
captures the helical flow patterns, multiple
recirculation zones, and asymmetric WSS
distributions characteristic of fusiform
morphology.

Clinical validation through 4D flow MRI
demonstrates excellent correlation between

predicted and measured velocity patterns,

D0i:10.48047/ijiee.2026.16.2.44

551

with correlation coefficients exceeding 0.88
for velocity magnitude comparisons
throughout the cardiac cycle.

5.6 Sensitivity Analysis and Uncertainty
Quantification
Understanding

computational

of
input

the sensitivity
predictions  to
parameters and model assumptions is
crucial for clinical application and
reliability assessment. This section presents
comprehensive sensitivity analysis
covering material properties, boundary
conditions, and geometric variations.
Material Property Sensitivity

The impact of Cerebral arterial wall

material property variations on
computational results was assessed by
varying Young's modulus over the

physiological range (0.5-2.0 MPa). Figure
15 presents sensitivity analysis results
showing the relationship between material

stiffness and predicted hemodynamic
parameters.
Key findings include:

WSS predictions show low sensitivity
(<5% variation) to wall stiffness changes
Pressure distributions exhibit moderate
sensitivity (8-12% variation)

von Mises stress shows strong sensitivity
(25-40% variation) to material properties
These results indicate that hemodynamic
predictions remain clinically reliable
despite material property uncertainties,
while structural predictions require careful
material characterization for quantitative
accuracy.
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Figure 15. Sensitivity of predicted hemodynamic quantities to Cerebral arterial wall stiffness

Boundary Condition Uncertainty
Inlet flow waveform variations (x£15% peak

flow, +10% waveform shape) were
systematically  evaluated to  assess
robustness to  boundary  condition

uncertainties commonly encountered in
clinical practice.

Results demonstrate that the hybrid
framework maintains robust predictions
under boundary condition variations:

Flow patterns: Maintain qualitative
similarity with <10% quantitative changes
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WSS distributions: Show <8% variation in
spatial patterns and magnitudes

Critical parameter identification:
Remains consistent for clinical decision-
making

Geometric Sensitivity

The impact of geometric variations due to
image and
reconstruction errors was assessed through
systematic perturbation studies. Surface

boundary variations of +£0.2 mm (typical

segmentation uncertainties
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segmentation accuracy) were applied to
evaluate geometric sensitivity.
Analysis reveals that the hybrid framework

exhibits  robust performance under
geometric uncertainties, with critical
hemodynamic  parameter  predictions

varying by less than 6% for typical
segmentation-induced geometric
variations. This robustness supports clinical
application where perfect geometric
accuracy cannot be guaranteed.

5.7 Comparison with Alternative
Computational Approaches

To establish the relative advantages of the

hybrid CFD-PINN framework,
comprehensive comparisons were
performed against alternative
computational  approaches  including

reduced-order CFD methods, surrogate
modeling techniques, and other machine
learning approaches.

Comparison with Reduced-Order CFD
Methods

Reduced-order CFD approaches including
proper orthogonal decomposition (POD)
and reduced basis methods were evaluated
on the same validation dataset. Table 7
presents comparative results for accuracy,

computational efficiency, and clinical

The hybrid framework demonstrates
superior performance across multiple
metrics:

Higher accuracy (2.5% vs. 5-8% L2 errors
for reduced-order CFD)

Better generalization to new patient

geometries
Comparable computational efficiency
Robust performance across diverse

geometric configurations

Comparison with Surrogate Modeling
Approaches

Data-driven surrogate models based on
convolutional neural networks (CNNs) and
graph neural networks (GNNs) were trained
on the same dataset for comparison. While
surrogate models achieve faster inference
times (seconds vs. minutes), they exhibit
significant limitations:

Lower accuracy (8-15%  errors)
particularly for complex geometries
Poor extrapolation to unseen

morphological variations

Limited physical interpretability of
predictions

Requirement for extensive training
datasets

The hybrid framework's physics-informed
approach provides superior reliability and

applicability. interpretability  crucial  for  clinical
applications.
Table 7. Clinical Parameter Prediction Accuracy
Parameter Hybrid Standalone Reduced- Clinical
Framework PINN order CFD Threshold
Low-WSS area 94.2% 78.5% 85.2%
. . . <0.4 Pa
identification sensitivity sensitivity sensitivity
‘oho 0 0 0
High stregs zone 91:Q A) 73:8 A) 82..1. A) ~150 kPa
detection sensitivity sensitivity sensitivity
1 1 0 0
Flow recirculation 89.6% accuracy 71.2% 79.8% Qualitative
zones accuracy accuracy
Pressure gradient 2.3% mean 8.7% mean 5.4% mean e
.. Quantitative
prediction error error error
OSI distribution R2=0.91 R2=0.74 R?=0.83 >0.3 critical
553
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Performance Summary and Clinical
Implications

Figure 16 presents a comprehensive

performance radar chart comparing all
evaluated computational approaches across
key metrics including accuracy, speed,

Accuracy
6

generalizability, clinical utility, and
implementation complexity. The hybrid
CFD-PINN  framework  consistently
demonstrates  superior competitive

performance across all evaluation criteria.

or

W High-Fidelity CFD

I Reduced-Order Model (ROM)
[El Standalane PINN

B Hybrid CFD-PINN (Proposed)

Figure 16. Performance comparison of computational approaches across accuracy, speed,

generalizability, clinical utility, and complexity

The clinical implications of these
performance characteristics are significant:
Improved diagnostic confidence through
higher accuracy predictions

Enhanced workflow integration via
reduced computational requirements
Better patient coverage through robust
generalization capabilities

Reduced infrastructure barriers through
modest hardware requirements
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6. Discussion and Clinical Implications

The comprehensive validation and analysis
presented in Section 5 establishes the
hybrid CFD-PINN framework as a
significant advancement in computational
aneurysm modeling with substantial
implications for clinical practice. This
section discusses the broader significance
of these results, current limitations, and
future research directions that can further
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enhance the clinical utility of physics-
informed machine learning approaches in
cardiovascular medicine.

The demonstrated capabilities of the hybrid
framework address several critical barriers
that have historically limited the clinical
adoption of computational fluid dynamics
in aneurysm management. The
achievement of CFD-level accuracy with
near real-time computational performance
represents a paradigm shift that enables
integration  into  clinical ~ workflows
previously constrained by computational
limitations.

Immediate Clinical Applications

The computational efficiency
improvements demonstrated by the hybrid
framework (8-12x speedup with <3.5%
accuracy loss) enable several immediate
clinical applications:

Pre-operative Planning: Surgeons can
now obtain detailed hemodynamic analysis
within the timeframe of surgical planning
sessions (2-4 hours), enabling optimization
of intervention strategies based on patient-
specific flow patterns and wall stress
distributions. The ability to rapidly evaluate
multiple treatment scenarios (clipping
angles, stent configurations) provides
unprecedented decision support capabilities
[85].

Intraoperative Decision Support: The

reduced computational time  opens
possibilities for real-time hemodynamic
analysis during surgical procedures.

Integration with intraoperative imaging
could provide dynamic assessment of flow
patterns and treatment effectiveness,
though additional validation in surgical
environments is required.

Risk Stratification Enhancement: The
framework's demonstrated accuracy in
identifying low-WSS regions (94.2%
sensitivity) and elevated stress zones (91%
sensitivity) supports improved rupture risk
stratification protocols. Integration with
existing clinical risk scores could enhance
prediction accuracy and support evidence-
based treatment decisions [86 - 87].
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Personalized Treatment Planning: The
ability to rapidly evaluate patient-specific

geometries enables comprehensive
assessment of individual aneurysm
characteristics, supporting personalized
treatment approaches based on

hemodynamic and biomechanical factors
rather than purely morphological criteria.
Long-term Clinical Impact Potential
Beyond immediate applications, the hybrid
framework establishes a foundation for
transformative changes in aneurysm care:
Population-Scale Analysis: The
computational efficiency enables large-
scale epidemiological studies of aneurysm
hemodynamics, potentially revealing new
relationships between flow patterns,
morphology, and clinical outcomes across
diverse patient populations.

Precision Medicine Integration:
Combined with genetic, imaging, and
clinical data, the framework could support
development of comprehensive precision
medicine  approaches for aneurysm
management, tailoring treatment strategies
to individual patient risk profiles.
Treatment Outcome Optimization:
Longitudinal application could enable
optimization of treatment outcomes
through systematic analysis of
hemodynamic changes following
interventions, supporting development of
improved surgical techniques and device
designs.

7. Conclusion

This work presents a novel hybrid CFD-
PINN framework for fluid—structure
interaction modeling in cerebral
aneurysms, achieving CFD-level accuracy
with significantly reduced computational
time. Validated across 23 idealized and
patient-specific cases, the framework
effectively combines the physical rigor of
computational fluid dynamics with the
efficiency of physics-informed neural
networks, reducing simulation time from
12-48 hours to about 3-5 hours on
standard hardware. The method accurately
captures key hemodynamic and structural
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parameters, including wall shear stress and
von Mises stress distributions, thus
enabling rapid and clinically feasible
aneurysm assessment. These results
demonstrate that hybrid CFD—PINN
modeling can bridge the gap between
research-grade simulations and real-time
clinical decision support.

Beyond its application to aneurysm
biomechanics, this study highlights the
broader potential of physics-informed
machine learning to advance computational
medicine. By integrating  physical
principles with data-driven learning, the
proposed framework establishes a scalable
pathway toward personalized, efficient, and
clinically  deployable  modeling of
cardiovascular systems. Future
developments incorporating non-
Newtonian blood rheology, nonlinear wall
mechanics, and longitudinal clinical
validation could further enhance predictive
accuracy and accelerate translation into
precision healthcare.
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