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Abstract

Cardiovascular diseases often originate from localized vascular failures that
escalate to systemic complications. Modeling these failures, particularly vessel
rupture, is critical for early diagnosis and treatment planning. This study presents
a computational model of blood vessel deformation and rupture based on peri-
dynamics (PD), a non-local theory of solid mechanics that overcomes limitations
of classical continuum mechanics in handling discontinuities. We developed a
PD-based model of a single blood vessel, entitled PeriVessel, to simulate blood-
pressure-induced vascular rupture. The PeriVessel model was then integrated
with a prototype whole-body cardiovascular digital twin (CVDT) representing
approximately 34 billion vessels. The coupled PD-CVDT model was evaluated
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for computational feasibility by measuring execution time, floating-point oper-
ations, and memory usage across various scales. Results demonstrated that PD
could accurately model vessel rupture progression, with initiation observed at
physiological pressures consistent with experimental data. The integration of
the PeriVessel model with the Base CVDT required an increase in computa-
tional resources of less than 2%, indicating strong scalability and feasibility. This
represents the first demonstration of simulating vessel rupture within a proto-
type full-body CVDT, laying the groundwork for future predictive modeling in
clinical applications such as stroke risk assessment. The study underscores the
viability of combining high-fidelity biomechanical models with large-scale vascu-
lar simulations, advancing the realism and utility of digital twin technologies in
cardiovascular research.
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1 Introduction

Systemic changes in large physical systems can initiate localized failures at the micro-
scopic scale, particularly in networks governed by complex physical phenomena. These
microscopic failures can, subsequently, lead to further deleterious effects at the macro-
scopic scale [1]. Multiscale cascades of failures are especially relevant in the natural
history of cardiovascular diseases (CVDs). CVDs encompass many conditions affecting
the heart and blood vessels, which together comprise the leading cause of morbidity
and mortality worldwide [2]. A precursor to many systemic CVDs is the onset of local-
ized microscopic changes to blood vessels. Among vascular conditions with significant
multiscale effects, cerebral aneurysms are particularly dangerous. Aneurysms typically
arise from changes in blood flow that increase mechanical forces, such as hypertension,
progressively weakening the vessel wall [3]. As structural integrity deteriorates, histo-
logical changes further disrupt hemodynamic stability, impairing the vessel’s ability to
maintain homeostasis. This leads to increased blood pressure and continued dilatation,
which, if left untreated, can progress to rupture. The consequences of vessel rupture
are severe, including vascular dysfunction, chronic neurodegenerative disorders, stroke,
or even death [4, 5].

The ability to model and predict blood vessel rupture would be helpful for early
diagnosis, risk assessment, and treatment planning [6]. By understanding how local-
ized vascular failures propagate into systemic consequences, researchers can develop
more effective prevention and intervention strategies. Computational modeling has
proven to be a powerful tool for simulating the biomechanical behavior of blood
vessels [7]. Together with the emergence of cardiovascular digital twin (CVDT) tech-
nologies, biomathematical modeling has the potential to offer insights into vascular
health under various physiological conditions [8]. CVDTs are virtual representations of
the entire human circulatory system that, in theory, could provide real-time simulation

and predictive analytics [9]. Incorporating rupture mechanics into CVDTs will become



essential for personalized cardiovascular risk modeling but presents a challenging set
of computational problems [10].

The mechanical properties of blood vessels are well-understood from engineering
and biomedical research. Modeling of vessel deformation usually utilizes continuum
mechanics methodologies [11]. Classical continuum mechanics (CCM) is a mathemat-
ical formulation governing mechanical forces in deformable materials [12], in which a
material is modeled as a continuous medium, as opposed to a set of discrete parti-
cles. Continuum-based blood vessel constitutive relations have been effectively used in
biomechanical modeling applications, with the finite element method (FEM) being a
common numerical modeling approach. FEM divides a continuous medium into smaller
elements, typically employing mesh-based methods, to approximate solutions to dif-
ferential equations [13]. Several research groups, such as Raghavan and Vorp [14] and
Seshaiyer and Humphrey [15], have used FEM to model aneurysm mechanics. How-
ever, if vessel rupture is considered in the simulation, CCM methods can fail when
dealing with discontinuous features, such as a fracture [16, 17]. This is because these
methods rely on the use of spatial derivatives in the governing equations, which are
undefined at discontinuities, e.g., microscopic defects that can nucleate fractures.

Fracture mechanics is a well-established field of research concerned with material
failure [18]. FEM and a variety of related methods have been used to model mate-
rial failure and the propagation of cracks in solid media [19]. To circumvent issues
with discontinuities or singularities, these methods typically begin with a preexisting
initial tear at a predicted failure site [20, 21]. However, CCM methods often strug-
gle to predict tear initiation or the locations where cracks originate. An alternative
approach, called peridynamics (PD), was introduced by Silling in 2000 [16]. PD is a
non-local extension of CCM that is based on integro-differential governing equations,
making it especially well-suited for modeling fracture since it avoids the need for spa-

tial derivatives. Bond-based PD [16] represents material deformation through pairwise



forces that operate via bonds. Later, state-based PD was developed [22], in which
material deformation is represented through force states. The field has grown rapidly
since its inception [23] and has been applied to a multitude of fracture simulations.
In the context of biomechanical modeling, PD has proven to be capable of modeling
cortical bone fracture [24], biomembrane rupture [25], as well as tumor growth [26]
and shrinkage [27].

Compared to CCM methods, PD requires increased memory usage and compu-
tational resources due to its non-local interactions, leading to a higher number of
floating-point (FP) operations per time step [28, 29]. Recently, parallel computing
and GPU acceleration have been implemented in PD simulations to improve scal-
ability [30]. However, integrating PD into large-scale vascular models, such as the
whole-body CVDT previously reported by our laboratory [9], introduces additional
challenges related to increased execution time and handling of large amounts of data.
While the feasibility of a simplistic CVDT has been demonstrated, the coupling of PD
vessel damage simulations with a full-body vascular network is unexplored. A critical
question is whether PD can be feasibly integrated within a CVDT framework with
currently available computational resources.

This study aims to evaluate the feasibility of adapting PD to predict the origina-
tion and propagation of blood vessel fracture damage. To this end, we developed a
bond-based PD model of blood-pressure-induced vessel deformation and rupture called
PeriVessel. We assessed the PeriVessel model’s computational performance by measur-
ing metrics, such as execution time, number of FP operations, and memory usage. We
then coupled this model with our CVDT model and characterized the integrated PD-
CVDT model’s computational requirements and scalability. The study employs the
PD theory for fracture modeling and leverages high-performance computing (HPC)
techniques to optimize execution time. By analyzing the trade-offs between accuracy,

computational complexity, and integration feasibility, this research provides insights



into the potential for analyses of vascular damage and failure mechanics in digital twin
applications.

The principal innovation of this study lies in the development and incorporation of
a PD vessel model within our established CVDT framework. This coupling enables the
analysis of vascular damage and rupture within a whole-body system, which has not
been previously achieved in existing models. This paper is organized as follows. We first
present the results of the simulations in Section 2. In Section 3, we give an overview
of the methods, including the PD framework in Section 3.1, the PeriVessel model and
coupled PD-CVDT model in Sections 3.2 and 3.3, respectively, and a description of the
computational implementation and metrics for testing the performance in Section 3.4.
Finally, in Section 4, we provide conclusions and discuss future directions of this line

of work.

2 Results

In the PeriVessel simulation, the prescribed net pressure of 238 kPa ruptured the vessel
wall, as expected. The vessel exhibited a transmural rupture consistent with high
intraluminal pressure leading to outward extension and eventual rupture [31]. Figure 1
displays the simulation results at selected time points. The left column shows the vessel
with colors representing the computational particle’s displacement magnitude relative
to the reference configuration. The colors in the right column represent the particle’s
damage (described in (6)). The effect of the pressure is seen beginning at 1.85 ms,
causing radial expansion of the vessel wall with a maximum displacement magnitude
of approximately 0.5 mm. At this time, we also observe the initiation of the rupture
at the midline of the vessel, with particles exhibiting damage ranging from 20% to
30%. The rupture progressed from the vessel lumen to the superficial wall and began

propagating longitudinally in both directions until reaching a length of approximately



8 mm. At 2.25 ms, the particles on the edge of the rupture have a maximum damage
of 47%, with maximal vessel wall displacement magnitude of 2 mm.

The computational complexity and required resource usage, R(p), of our models
are plotted in Figure 2 along with the empirical fits using (10), with parameters
listed in Table 1. The computational resource usage for each model is governed by the
problem size, p. The Base CVDT and PD-CVDT models scaled in proportion to the
number of vessels in the vascular network, i.e., p = Ny in (10). However, Ny =1 for
the PeriVessel model. We, therefore, characterize the resource usage in the PeriVessel
model in terms of the number of compute nodes, i.e., p = N.. The graphs display
the execution node-time, Ry, number of FP operations, Rpp, and maximum memory
usage, Ry, in Figure 2(a), (b), and (c), respectively.

All models showed computational feasibility across the entire range of compute
nodes and network sizes considered. The Base CVDT model exhibited computational
complexity, and required resource usage consistent with previous studies from our
laboratory, on the order of O(Ny ) [9, 32]. The PeriVessel simulation was found to have
a computational complexity on the order of O(N,.). This is likely due to the parallel
programming ecosystem used by the model, i.e., as the number of compute nodes
increased, the amount of inter-node communication also increased. Resource usage for
the coupled PD-CVDT simulations was dominated by the Base CVDT model, also
exhibiting a computational complexity on the order of O(Ny).

For the PeriVessel model, the execution wall-clock time ranged from 384 s on one
compute node with 48 cores to 5.9 s on 1024 compute nodes with a total of 49,152
cores. This corresponded to a node-time of 0.11 and 1.68 node-hours, respectively. The
simulation required 1.27 x 102 FP operations, which remained approximately constant
for the range of compute nodes used. However, the maximum memory usage of the
simulation increased as the number of compute nodes increased, ranging from 0.89 GB

on one compute node to 165.8 GB on 1024 compute nodes. We believe this increase



Table 1 Fitted parameters from (10) to the required resources, R, for
each model. The problem size, p, corresponds to the parameter that
drives resource usage for each model: the number of vessels, Ny, for the
Base CVDT and PD-CVDT models, or the number of compute nodes,
N¢, for the PeriVessel model.

R a B P v

PeriVessel Time 0.106 1.54 x 10~3 N¢ 1.0
PeriVessel FP 1.27 x 1012 0.0 N. -

PeriVessel Memory 0.71 0.18 N 0.98
Base CVDT Time 0.0 1.47x10=° Ny 1.05
Base CVDT FP 0.0 1.21 x 108 Nvy 0.58
Base CVDT Memory 0.0 8.14 x 107 Ny 1.0
Coupled PD-CVDT Time 0.0 1.59 x 1072 Ny  1.04
Coupled PD-CVDT FP 1.27 x 1012 1.21 x 108 Ny 0.58
Coupled PD-CVDT Memory 0.0 822x10~7 Ny 1.0

in memory was a result of the parallel programming framework, which partitioned
particles across compute nodes. Near partition boundaries, each compute node stored
duplicates of neighboring nodes’ particles to capture nonlocal interactions, causing an
increase in total memory usage. The PeriVessel model comprised 54,973 particles.
For the coupled PD-CVDT model, the rate of growth of R(p) was also proportional
to Ny . The entire body simulation, with 34 billion vessels, required 9.2 minutes of wall-
clock time on 1024 compute nodes, corresponding to 157 node-hours. The maximum
memory usage, M, closely followed that of the Base CVDT model, ranging from
24.7 GB for 33 million vessels on one compute node to 29 TB for 34 billion vessels
on 1024 compute nodes (Figure 2(c)). The total memory usage for the coupled PD-
CVDT model was dominated by that of the Base CVDT model. However, the coupled
PD-CVDT model required only 0.57% more memory than the Base CVDT model.
Similarly, the coupled PD-CVDT model’s required node-time, T, was dominated by
that of the Base CVDT model, except for smaller network sizes (Ny < 1.35 x 108),
as seen in Figure 2(a). The coupled PD-CVDT simulation of the entire body required
only 1.9% more node-hours than the Base CVDT simulation. On the other hand, the

required FP operations for the coupled PD-CVDT model were dominated by those



of the PeriVessel model. This is particularly noticeable in Figure 2(b), where the fit
using (10) for the coupled PD-CVDT model has a much higher offset than the Base
CVDT model due to the PeriVessel model. The coupled PD-CVDT model required
79% more FP operations than the Base CVDT model alone, with a maximum of
2.91 x 10'2 FP operations.

The speedup of the PeriVessel model and the parallel efficiency of the Base CVDT
model are shown in Figures 2(d) and 2(e), respectively. The PeriVessel model exhibited
strong scalability across the range of compute nodes. Figure 2(d) plots the speedup fac-
tor, S, versus V.. The speedup factor, increasing from 1 to 65, sigmoidally approached
its theoretical limit of 70, as predicted by strong scaling theory [33, 34]. The Base
CVDT model also displayed weak scalability across the range of compute nodes, as
displayed in Figure 2(e). The parallel efficiency, ¢, ranged from 100% to 46% across

the range of vascular network sizes and compute nodes.

3 Methods

3.1 PD framework

Peridynamics (PD) is a non-local continuum mechanics theory [16], and a mesh-
free approach [35] is commonly used for large-scale engineering simulations. In this
approach, an elastic body is represented by a set of connected computational parti-
cles. Each particle 7 has a reference position x; and an associated region of volume
V;, defining the set of reference positions {x; € R%,i = 1,..., N} and the set of cor-
responding particle volumes {V; € R,i = 1,..., N}, where N is the total number of
particles in the domain and d is the spatial dimension. Here, d = 3, as our mod-
els are three-dimensional. The particle regions are non-overlapping, and the sum of
all particle volumes is approximately equal to the volume of the domain, V (i.e.,

fo\il V; = V) [28]. Each particle 4 interacts with all other particles within a non-local



neighborhood, Bj(x;), of radius 6 > 0 (this radius is referred to as the horizon), defin-
ing a family of interacting particles, F; := {j # i : ||x; — x;|| < 6}. The connection
between a pair of particles is called a bond.

PD can be considered a continuum analogue of molecular dynamics, which mod-
els the movement of atoms or molecules. In PD, however, upon discretization each
computational particle represents an aggregation of atoms or molecules, such that
the number of PD particles is significantly less than the number of atoms compris-
ing the body, while still being numerous enough to faithfully represent the object’s
geometry. Similarly, the chemical bonds between atoms or molecules are aggregated
into PD bonds. The material and bond aggregations reduce the computational cost of
the problem. Leveraging this analogy, the upscaling of molecular dynamics to PD was
demonstrated by Seleson et al. [36, 37], resulting in significant computational savings.
An illustrative diagram detailing PD particles, bonds, and interactions is displayed in
Figure 3.

We used the above-mentioned mesh-free discretization with the prototype microe-
lastic brittle (PMB) constitutive material model developed by Silling and Askari [35].
In the reference configuration, or initial undeformed arrangement, particles ¢ and j
are located at x; and x;, respectively. The bond between particles ¢ and j is defined
as §;; = x; — X;. After the body undergoes elastic deformation, particle i is located
at position y; in the deformed configuration, with displacement u; = y; — x;. The
relative displacement of particles i and j is denoted by n;; := u; — u;, and the bond
in the deformed configuration becomes §;; +n,;. The discrete PD equation of motion

for each particle i is:

p(xi)ia(xi, 1) = > £(x5,%:,1)V; + b(x, 1), (1)
JEF;
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where p(x;) is the mass density of particle i, (x;, t) is the acceleration of particle i at
time ¢, £(x;,x;,t) is the bond force density (with units of N/m??) acting on particle i
due to particle j at time ¢, V; is the volume associated to particle j, and b(x;,t) is a
prescribed body force density at particle ¢ at time ¢ [35]. The prescribed body force
density, b, represents external forces acting on all particles of the body, as opposed to
the internal forces between particles described by the bond force density, f [16, 38].
The PMB constitutive material model employs the following pairwise bond force

density function:

&;it+mji

Sgi TG 9
1€ + nll @

£(xj, xi,t) = p(x, x5, t)es(n;, €5i)
where c is the bond elastic constant, s is the bond stretch, and p is a history-dependent
Boolean-valued function that characterizes a bond as intact or broken [35]. An illus-
tration of the bond force density f given in (2) as a function of the bond stretch s
is provided in Figure 4. PD is material agnostic, and the constitutive material model
is provided by f. The bond stretch, s, is a unitless scalar equivalent to strain in one

dimension, and is defined as:

1€ +mll — €50 Nys — wall = 1% — x|
sy j gill _ 11Y3 j

S iy i) — 3
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The bond elastic constant characterizes the “stiffness” of the bond and is given by:

6L

€T T — 2w )

where F is Young’s modulus and v is Poisson’s ratio [35]. Because this constitutive

material model is bond-based, ¥ = 1/4 in 3D [35]. If a bond is stretched beyond its

elastic limit, the bond breaks and the force between the particles collapses to zero.
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This limit is called the critical stretch and is denoted by sg. The critical stretch is

accounted for in f through the Boolean-valued function p, defined as:

L if s(n;, &) < so forall 0 <t <,
w(xj,x5,t) == (5)
0 otherwise,

where n;i is the relative displacement at time ¢'. The damage at particle i at time
t, p(x;,1), is quantifiable by the fraction of broken bonds of particle 7 relative to the

total number of its initial bonds in the reference configuration [35]:

Eje]—'i N(Xj7xi7t)‘/}

@(Xiat) =1- (6)
A particle with all of its bonds intact has a damage value of 0, whereas a particle with

all of its bonds broken has a damaged value of 1.

3.2 PeriVessel model and rupture simulation

We developed a computational model of blood-pressure-driven deformation of a single
blood vessel based on the PD theory. For clarity, we refer to this single-vessel PD model
as PeriVessel. The PeriVessel model was designed with a general-purpose framework to
represent blood vessel deformation and damage as a standalone model or coupled with
a large-scale vascular network. To demonstrate this, we created two models: a model
of a single vessel under rupture conditions and a model coupled to our laboratory’s
prototype CVDT model (described in Section 3.3) [9, 39]. Here, we describe the design
of the PeriVessel computational model and rupture simulation.

The prescribed body force density, b(x;, t), represents pressures acting on the vessel

wall, as shown in Figure 5(a). Under elastic deformation conditions in equilibrium, we
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can describe the net pressure, P,e;, acting on the vessel-blood interface as:

Pnet:pheart"'Pg*Pt*Patm*Pcomm (7)

where Pjeart represents the pressure contribution from cardiac output, P, is the pres-
sure from acceleration of the body (e.g., gravity or g-force), P; is the pressure arising
from tension in the vessel wall and surrounding tissues, P,y is atmospheric pressure,
and Peopp is pressure from compressive forces, such as externally worn devices (e.g.,
tourniquet or g-suit). A diagram illustrating these pressures is shown in Figure 5(b).

The net pressure is a local boundary condition and is applied on the vessel-blood
interface at the internal surface of the vessel wall. Because of the non-local nature of
PD, local boundary conditions require special considerations [40]. One option is to
apply the boundary condition in an extended artificial boundary layer, as proposed by
Macek and Silling [41]. This approach has been demonstrated by groups such as Lipton
and Jha [42] and Birner et al. [43]. We created this layer of thickness 4, extending
inward from the vessel’s internal radius, rg, to apply the force resulting from the

pressure (see Figure 5(c)). The body force density was, therefore, calculated by:

1 ~ .
=Pieenn(x;) ifrg — 6 < r(x;) < o,
b(xi,t) =4 ®)

0 otherwise,

where n(x;) is a unit normal at particle ¢ that points radially outward from the center
of the vessel and r(x;) is the radial distance of particle i from the center of the vessel.

The standalone blood vessel model was developed to probe the PD simulation
under physiological conditions known to cause rupture, thereby providing a bench-
mark validation case. Therefore, we designed this model to represent a segment of the

cerebral artery, with diameter and wall thickness taken from Mandell et al. [44]. The

13



initial vessel geometry, in the reference configuration, was modeled as a cylinder with
a luminal radius of 1.5 mm, an outer radius of 2.0 mm, and a length of 100 mm. We
assigned the wall a density of 1.3 g/cm? [45] and an elastic modulus of 3.5 MPa [46].
Figure 5(d) illustrates the vessel geometry used in the PD simulation.

The parameters of the simulation are listed in Table 2. We used a particle spacing
of Az =100 pm and a horizon of § = 350 pm. The values of § and Az were selected
to balance numerical accuracy and computational efficiency [35, 47]. After discretizing
the continuous vessel, the total number of particles was N = 54,973. In the reference
configuration, each particle shared bonds with a maximum of 178 other particles. We
set the critical stretch value to sg = 0.25. For time marching, we used explicit time
integration with the velocity Verlet scheme [48], using a time step of At = 500 ns.
The simulation was run for a total of 4500 time steps, corresponding to a simulation
interval of 2.25 ms, to capture damage initiation and rupture propagation in the model
under hypertensive vessel-rupture conditions. The pressure required to cause vessel
rupture is highly situation-dependent. However, post-mortem experiments by Ciszek
et al. [31] found an average rupture pressure of 238 kPa (1785 mmHg) for intracranial
arteries. We therefore assigned a net outward pressure of P, = 238 kPa, applied as a
uniform load using (8), within the artificial boundary layer adjacent to the vessel-blood
interface. We executed the simulation on HPC systems and analyzed the initiation of

blood vessel damage and the propagation of the rupture.

3.3 PD-CVDT model

Our laboratory previously introduced a prototype CVDT model capable of generat-
ing the vasculature of the entire human body, approximately 34 billion vessels, and
simulating the steady-state hemodynamics [9, 39]. We refer to this prototype model
as the Base CVDT model, which serves as the foundation upon which to build sup-

plemental multi-physics models. The generation of the vascular geometry utilized a
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Table 2 Simulation parameters for the PeriVessel model.

Parameter Symbol Value Source
Luminal radius To 1.5 mm [44]
Outer radius r1 2 mm [44]
Vessel length L 100 mm This work
Total number of particles N 54,973 This work
Density p 1.3 g/cm? [45]
Elastic modulus E 3.5 MPa [46]
Particle spacing Ax 100 pm This work
Horizon 6 350 pum This work
Critical stretch S0 25% This work
Time step At 500 ns This work
Total simulation time ty 2.25 ms This work
Net pressure Poet 238 kPa [31]

recursive fractal algorithm based on the principles of graph theory, following [32, 49].
In this method, the vessels are represented as rigid cylinders connected at junctions.
The algorithm created vascular trees starting from a single vessel, in which each ves-
sel bifurcated into two additional vessels. Two symmetric trees were created for each
network, representing arterial and venous trees, and the bifurcation process repeated
until the trees join at the midplane. An illustrative example network with 30 vessels
is shown in Figure 6(a). For each vessel, we created a data structure to store its start
and end coordinates, luminal radius, outer radius, length, and indices of connected
junctions.

The hemodynamics were based on the Poiseuille equation [50],

4
Ty
Q —

= AP 9
N )

where @ is the blood flow rate in the vessel, rq is the vessel’s luminal radius, L is the
vessel’s axial length, 7 is the blood viscosity, and AP is the pressure drop across the
vessel. We assembled a system of equations representing the net flow at each vessel

junction based on conservation of mass. The blood pressures at each junction were
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then solved using iterative linear algebra methods [51], followed by calculation of the
flow rate in each vessel using (9).

We coupled the PeriVessel model with the Base CVDT model, together referred to
as the PD-CVDT model, to create an integrated CVDT model capable of modeling
vascular deformation and damage. We select a vessel in the vascular network, and the
vessel data is subsequently shared with the PeriVessel model (Section 3.2) to perform a
deformation simulation. An illustrative diagram of the PD-CVDT coupling procedure
is shown in Figure 6. The Base CVDT vascular network (Figure 6(a)) determines
each vessel’s dimensions, blood flow rate, and blood pressure. The Base CVDT model
shares the vessel dimensions (i.e., luminal radius, outer radius, and length) and the
blood pressure at the vessel endpoints with the PeriVessel model (Figure 6(b)), which
then creates a discretized model of the selected vessel and simulates pressure-driven
deformation to analyze damage and rupture. To maintain computational efficiency
for vessels scaling in length and radius, the PeriVessel model is discretized so that
it has the same total number of particles, IV, approximately 55,000, regardless of
the vessel dimensions. This is accomplished by setting the particle spacing as Az =
(m(r? —r2)L/N)*/3. The horizon is then selected as § = 3.5Az. Following Section 3.2,
the pressure is applied as a body force density within an artificial boundary layer
adjacent to the vessel-blood interface. All other simulation parameters are the same
as those of the single vessel model (see Table 2). We performed coupled simulations
of vascular networks ranging in size from 33 million to 34 billion vessels to determine

the limits of computation feasibility.

3.4 Computational methods and their characteristics

We implemented the algorithms in the C++ programming language using a freely
available compiler (the GNU Compiler Collection 12) running on an open-source oper-

ating system (Linux, kernel 4.18). We utilized a PD code, CabanaPD (version 0.3),
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developed at Oak Ridge National Laboratory [52, 53]. CabanaPD is GPU-enabled,
performance-portable, and exascale-capable, and it provides parallel computing func-
tionality through the Message Passing Interface (OpenMPI, version 5.0.5) and Kokkos
ecosystem (version 4.5.1) [54]. Although the PeriVessel model is GPU-enabled through
CabanaPD, we leave this for future studies and only analyze CPU-based simulations
here.

Simulation data was written to a file every 50 time steps using the Hierarchical
Data Format (HDF5, version 1.14.3). The output files contained data on each parti-
cle’s position, displacement, applied forces, strain energy density, and damage. The
simulation results were then postprocessed using an open-source data analysis and
visualization application (ParaView, version 5.13.0 [55]). Simulations were executed on
the Supercomputer Fugaku HPC system at the RIKEN Center for Computational Sci-
ence [56], the 6 ranked fastest supercomputer at the time of this study (top500.org).
At the time of this study, Supercomputer Fugaku contained 158,976 1.8-GHz compute
nodes (i.e., CPUs), each with one 48-core processor (ARM A64FX), with a double-
precision performance of 2.76 TFLOP/s, 32 GB of shared memory, and an energy
efficiency of 54 GFLOP/W.

To determine the computational feasibility of the coupled PD-CVDT model for
various vascular network sizes, we followed methods previously described by our labo-
ratory in order to characterize the required computational resources, the complexity,
and the scalability of our models [9, 39]. Computational complexity refers to classifying
the computational load of an algorithm in terms of its problem size [57]. The problem
size, p, represents the input parameter that governs computational resource usage. For
instance, the problem size of the Base CVDT model is proportional to the number of
vessels in the network, Ny, resulting in a computational complexity of approximately

O(Ny) [9, 39]. The computational complexity can be determined by analyzing the

17



amount of computational resources required for a given problem size, R(p) [34]. There-
fore, we used an open-source profiling tool (Linux perf [58]) to measure the required
resources for the PeriVessel model and the coupled PD-CVDT model, and compared
the results to those found by previous studies for the Base CVDT model. Specifically,
we measured the execution node-time (Ryr), the number of FP operations (Rpp), and
the maximum memory usage (Rjys). Node-time is defined as the wall-clock execution
time multiplied by the number of compute nodes used. We fit the measured values of

each resource to a power-law equation of the form

R(p) = a+ Bp7, (10)

where «, (3, and vy are scalar constants representing the offset, scaling factor, and rate
of increase, respectively, for each metric. The Base CVDT and PD-CVDT models scale
in proportion to the number of vessels in the vascular network, i.e., p = Ny in (10).
However, Ny = 1 for the PeriVessel model. We, therefore, characterize the resource
usage in the PeriVessel model in terms of the number of compute nodes, i.e., p = N,.

We determined the scalability of the models, which characterizes their ability to
utilize additional computing power, typically in the form of supplemental compute
nodes [34]. When the problem size is constant while the number of compute nodes
increases, it is referred to as strong scaling. We measured strong scaling with the
speedup factor,

Tw(1)

5= TN ()

where Ty, (1) is the wall-clock time required to execute an algorithm with fixed problem
size using a single compute node, and T, (N..) is the wall-clock time required to perform
the same task using N, compute nodes. On the other hand, when both the problem

size and the number of compute nodes increase proportionally, it is known as weak
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scaling [59]. We characterized weak scaling with the parallel efficiency,

T,(1
o ¥ -
where T, (1,pg) is the wall-clock time required to execute a task of problem size p
using a single compute node, and T,,(N., N.pp) is the wall-clock time required to
execute a task of problem size N, pg using N, compute nodes.
All measurements, for both computational complexity and scalability, were exe-
cuted while varying the number of compute nodes as N, = 2%, where k € {0,1,...,10}.

The Base CVDT model and the coupled PD-CVDT model were executed with vascular

networks ranging in size from 33 million vessels to 34 billion vessels.

4 Conclusion

In this study, we investigated the feasibility of incorporating biomechanical blood
vessel modeling in a cardiovascular digital twin (CVDT) containing the total number
of vessels in the average human body. We developed an elastic vessel model based
on peridynamics (PD), a non-local theory of solid mechanics, to show blood-pressure-
induced damage initiation and propagation, ultimately leading to failure of the vessel
wall. The major finding of this study is that, for the first time, modeling blood vessel
damage and rupture within a whole-body CVDT was shown to be computationally
feasible. Additionally, we ascertained the computational resources required to run
these simulations. Notably, we found that the coupled PD-CVDT model, with 34
billion vessels, required a computational cost increase of less than 2% in execution
time and memory usage compared to the Base CVDT.

The implication of these findings is that it is possible to include all physiologically-
relevant mechanisms needed to model stroke in an entire-body CVDT. Integrating

vessel rupture modeling in the Base CVDT necessitated only a modest addition in
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terms of computational cost, while providing a significant increase in realism and
applicability. A hypothetical use case of this model is for a patient diagnosed with a
risk of hemorrhagic stroke. The Base CVDT simulation may be used to identify a ves-
sel of interest, i.e., a vessel with an obstruction, weakened vessel wall, arteriovenous
malformation (AVM), or other condition. The PD-CVDT then creates a high-fidelity
model of this vessel to determine the probability of rupture as a function of blood pres-
sure, bolstering informed decision-making and preventative measures. Our approach
to incrementally add biophysical realism suggests that a fully-realized, general-purpose
CVDT model may soon be achievable. Such a capability will open new frontiers in
cardiovascular disease research, in which models will include the whole cardiovascular
system and all physical phenomena.

At the time this paper was written, few other papers regarding PD simulations
of rupture in biological structures were available. We therefore discuss the relation
of our work to the few existing studies. PD simulations of rupture in phospholipid
biomembranes were performed by Taylor et al. [25], although their method utilized
a state-based PD approach based on the linear peridynamic solid (LPS) constitutive
material model from [22]. However, the numerical framework and simulation param-
eters used in their work were similar to those in this study. Both studies considered
an elastic constitutive material model and used comparable values for material and
simulation parameters. Additionally, Sun et al. [60] developed a fluid-structure inter-
action model by incorporating Fung’s hyperelastic material model into bond-based PD
to simulate aneurysm rupture in vessels. While this model showed good accuracy in
modeling single, isolated blood vessels, there has been no work to show vessel rupture
or damage in a multi-vessel network. Computationally, we found the complexity and
scalability of the models to be similar to those reported by previous studies from our

laboratory [9, 39, 61].
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A major strength of this study is the focus on the computational aspects of the
PeriVessel model. We performed extensive analyses of resource use, computational
complexity, and scalability to characterize the tradeoffs between simulation fidelity
and computational cost. This information is critical for the future of CVDT research,
as striking a judicious balance between realism and efficiency is paramount when scal-
ing vessel mechanics simulations to include the entire vasculature of the human body.
A possible limitation of this study is the choice of constitutive material model for
the blood vessel. Studies such as those by Fung et al. [62] have found that the ves-
sel wall typically behaves mechanically as a hyperelastic material. We used the PMB
constitutive material model because it is computationally more efficient than the LPS
model. However, the elastic response of the PMB model is restricted to a Poisson’s
ratio of ¥ = 1/4 in 3D [35], which limits the underlying hyperelastic behavior. Nev-
ertheless, we do not consider this a significant limitation because CabanaPD already
implements the LPS model, which removes the restriction on Poisson’s ratio; there-
fore, this study could be readily extended to use the LPS model. Note that the goal
of this study was to assess computational feasibility rather than to model rupture
with maximal physiological accuracy. Additionally, in this study, we only considered
deformation due to pressure on the vessel wall. However, vasodilation and other bio-
physical mechanisms may influence the deformation of a vessel wall due to changes in
the mechanical properties of the wall. Our laboratory is currently working on modeling
nitric-oxide-mediated vasodilation in vascular frameworks.

Although we utilized some biological simplifications, this work achieved promising
results and provides a general strategy and computational benchmark for modeling
vessel rupture within a whole-body CVDT. Future improvements to the model must
be made in order to achieve a clinically-applicable model, such as using a more sophis-

ticated, state-based PD constitutive material model. Future work in this area may
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involve implemented GPU-based calculations through CabanaPD and probing the pos-
sible computational performance boosts, as mentioned in Section 3.4. Additionally,
more work must be done to improve the predictive capabilities of the models. It is
not feasible to model all vessels of the human body with PD. It would be, therefore,
necessary to use a heuristic model or an artificial intelligence algorithm, implemented
with the Base CVDT model, to identify at-risk vessels to be modeled by the PeriVessel
model. Although this study demonstrated coupling of our prototype Base CVDT with
a biomechanical deformation model, a fully-realized CVDT must include integration
of multiple models of biophysics to analyze the relationships involved in physiological

processes.
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Fig. 1 PeriVessel rupture simulation at four time points. The left column displays computational
particles with colors representing the magnitude of their displacement, and the right column depicts
the same particles with colors representing their damage.
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Fig. 2 Computational resource usage and scalability of the models, including (a) node time, T'; (b)
floating point, F'P, operations; (c) maximum memory, M; (d) speedup factor, S; and (e) parallel
efficiency, €. The markers represent measured values, while the lines show the empirical fit to (10).
Results are shown for the PeriVessel model in purple, for the Base CVDT model in red, and for the
coupled PD-CVDT model in green. In (a)-(c), the bottom x-axis is the number of vessels, Ny, while
the top x-axis shows the number of compute nodes used, N.. The resource usage of the Base CVDT
model and the coupled PD-CVDT model were directly proportional to Ny . However, the PeriVessel
model only ever includes one vessel, and thus has no relation to Ny . Therefore, the resource usage of
the PeriVessel model is shown in proportion to the number of compute nodes used, N.. The strong
scalability of the PeriVessel model is seen in (d), which plots S versus N, while the weak scalability
of the Base CVDT model is seen in (e), which plots ¢ versus Ne.
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Fig. 3 Illustration showing the peridynamic formulation highlighting two particles, ¢ and j, within
an elastic body undergoing deformation. The dashed line represents the neighborhood of 4, Bs(x;),
with the horizon, §, denoted by the red arrow. On the left is the reference (undeformed) configuration,
in which the particles are represented by the yellow circles. The particle at x; interacts with the
particle at x; through the bond §;;. On the right is the body in the deformed configuration, where
the bond between the particles, now at their deformed positions y; and y;, is stretched and has
become §;; + n;;, where n;; is their relative displacement. The blue arrows represent intrinsic bond
force densities acting between the particles, where f}; is the force density from particle j acting on
particle 4, and f;; is the force density from particle 7 acting on particle j.
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Fig. 4 Illustration of the relationship between the magnitude of the bond force density, f, and the
bond stretch, s, in the PMB constitutive material model described by Silling and Askari [35]. The
slope of the graph in the elastic regime is the bond elastic constant, ¢, from (2). The bond force
density increases as the bond stretch increases, while the bond is intact (= 1), until it reaches the
critical stretch, so, at which point the bond breaks (1 = 0) and the bond force density goes to zero.
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Fig. 5 PeriVessel model and acting pressures (figures not to scale). (a) Axial view of the PeriVessel
model with arrows showing the forces applied at the vessel-blood interface, denoted by the green
dashed line. (b) Illustrative diagram of pressures acting on the vessel-blood interface from (7). (c)
the PeriVessel model showing the net pressure, Ppet, applied to the boundary layer,
represented by the green region with thickness 6. (d) Illustration of the vessel geometry used in the

Axial view of

(a) (b)

Ambient
Atmosphere

Compression Device|
(worn externally)

PD simulation.

Fig. 6 Ilustrative example of the coupled PD-CVDT model. (a) Vascular network with 30 vessels
from the Base CVDT model. The red cylinders represent arteries and the blue cylinders represent
veins. (b) Depiction of the PeriVessel model, simulating a single vessel of interest from the Base

CVDT model.
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