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HIGHLIGHTS

+ A hybrid CFD-transport-ABM framework was validated in porcine coronaries.

+ The model linked baseline hemodynamics to later plaque progression patterns.

+ Predicted outputs included stenosis progression and arterial wall thickening.

+ Low-WSS regions were associated with lipid accumulation and eccentric growth.
+ The framework reproduced the locations of lipid-rich and necrotic regions.

ARTICLE INFO ABSTRACT

Keywords: Atherosclerosis is a chronic inflammatory and metabolic disease primarily driven by systemic lipid imbalances,
Atherosclerosis with plaque localization and progression further modulated by local hemodynamic and cellular factors within
Computational fluid dynamics the arterial wall. Here we present a validation study of a hybrid multiscale model that couples computational
Mass transport fluid dynamics (CFD), mass-transport-driven low-density lipoprotein (LDL) maps, and an agent-based model
:{ﬁz;:iﬂioddﬁg (ABM) of cell behavior to predict coronary plaque initiation and progression. Validation employed adult minip-
Porcine coronary arteries igs carrying a low-density lipoprotein receptor (LDLR) mutation—an established preclinical analogue of human
hypercholesterolemia—using longitudinal in vivo imaging data collected within the BIOCCORA study, with 1-
year follow-up capturing plaque initiation and evolution. By linking wall shear stress (WSS)-dependent LDL
filtration with cytokine-guided smooth muscle cell (SMC) activity, the model mechanistically reconstructs the
plaque microenvironment rather than fitting outcomes post hoc. Tested on four imaging-derived porcine coro-
nary arteries tracked over time, the model anticipates where and how fast plaques grow and how lipid pools evolve
across cross-sections, showing strong concordance with experiments. These results position hybrid multiscale in
silico models as promising predictors for disease progression and could aid in future treatment decision-making.

1. Introduction Atherosclerosis is considered a progressive inflammatory disease
characterized by the accumulation of lipids, immune cells, and extra-
cellular matrix (ECM) within the arterial wall. Triggered by endothelial
dysfunction and increased vascular permeability, an innate immune re-
sponse drives arterial remodeling and plaque development [13]. The
resulting structural alterations typically involve an early phase of com-
pensatory outward remodeling, known as Glagov remodeling, which
preserves luminal area despite plaque growth, followed by a later stage

Atherosclerosis is widely recognized as the leading cause of car-
diovascular diseases (CVDs), accounting for approximately 32% of all
deaths globally [1-3]. Its progression is modulated by genetic predispo-
sition and modifiable risk factors such as dyslipidemia, hypertension,
diabetes, smoking, and obesity [4-8]. These factors critically affect
endothelial cell (EC) function, increasing the propensity for endothelial-
to-mesenchymal transition and barrier disruption [9-12].
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in which inward remodeling leads to progressive lumen narrowing and
clinical consequences [14].

From a biomechanical perspective, disturbed blood flow generates
regions of low wall shear stress (WSS), which are consistently associated
with atheroprone patches. As WSS decreases, endothelial permeabil-
ity increases, facilitating the expression of adhesion molecules and the
release of pro-inflammatory cytokines, thereby amplifying leukocyte
recruitment and vascular inflammation [15,16].

The earliest stages of plaque formation begin with the subendothelial
retention of low-density lipoproteins (LDL) and their subsequent oxida-
tion into oxLDL. This process activates endothelial cells and stimulates
the expression of adhesion molecules [17], which recruit circulating
monocytes into the intima where they differentiate into macrophages
(MCs) [18]. MCs internalize oxLDL and secrete pro-inflammatory cy-
tokines, driving local inflammation [19]. Once their lipid uptake ca-
pacity is overwhelmed, MCs transform into foam cells (FCs). The accu-
mulation and secondary necrosis of these FCs ultimately constitute the
plaque’s lipid-rich necrotic core [20,21]. Concurrently, vascular smooth
muscle cells (vSMCs) in the media layer become activated. Normally,
these cells maintain vascular tone in a quiescent, contractile phenotype
(cSMCs). However, during plaque formation, they switch to a synthetic
phenotype (sSMCs), acquiring the ability to migrate, proliferate, and
produce extracellular matrix (ECM). Together, continuous FC accumula-
tion and the sSMC-mediated immune response drive plaque expansion,
resulting in arterial wall thickening and luminal narrowing [22-25].

Computational modeling has emerged as a powerful tool to in-
vestigate the mechanobiological processes underlying atherosclerosis.
Foundational approaches rely on the Navier-Stokes and continuity
equations to describe luminal blood flow and its coupling with mass
transport theories [26]. Building on this, personalized computational
fluid dynamics (CFD) simulations have been extensively used to clar-
ify the interrelation among altered hemodynamics, LDL accumulation,
and hypoxia in patient-specific geometries, explaining the localization of
plaques in predilection sites [27-30]. Beyond traditional mass transport,
recent clinical and computational efforts have focused on identifying
robust biomechanical predictors of plaque progression. While time-
averaged WSS (TAWSS) is widely studied, novel metrics such as the
topological shear variation index (TSVI) better capture the variabil-
ity of contraction and expansion actions on the endothelium. When
combined with intravascular imaging (e.g., NIRS, OCT, IVUS), the
synergistic effect of high TSVI, low TAWSS, and a lipid-rich pheno-
type has been shown to strongly predict enhanced plaque progression
[31]. To further understand lipid infiltration, advanced mechanobi-
ological models have coupled luminal hemodynamics with arterial
wall mechanics. These frameworks typically employ Darcy’s law and
the Kedem-Katchalsky equations for endothelial filtration, alongside
convection-diffusion-reaction equations to describe substance transport
within the wall [32-34]. Such models, driven by extensive sensitiv-
ity analyses [34], have demonstrated how biomechanical factors like
hypertension—modeled through hyperelastic constitutive laws (e.g.,
Yeoh’s model)—increase plaque volume via wall compaction [32].
Furthermore, incorporating dynamic geometric and hemodynamic up-
dating has allowed these models to reproduce complex disease progres-
sion features, such as the double-stenosis phenomenon [33]. While these
continuous approaches—typically based on partial differential equations
(PDEs)—have profoundly clarified the relationship between disturbed
hemodynamics, mechanical stress, and lipid infiltration, they represent
biological entities as continuous concentrations. Consequently, many do
not explicitly resolve the discrete, cellular-level biological responses—
including inflammation, cellular migration, and tissue remodeling—that
ultimately drive plaque growth [35].

To overcome this limitation, Agent-Based Models (ABMs) have been
introduced as a bottom-up modeling methodology, where simple rules
defined at the individual level allow for the understanding of complex,
higher-level phenomena. In an ABM framework, the system is composed
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of autonomous and heterogeneous agents—such as distinct immune and
vascular cells—that make decisions and take actions based on their inter-
nal state and local microenvironment. Through continuous interactions
among themselves and with their environment, these agents generate
emergent behavior: the global macroscopic dynamics of the plaque are
not pre-programmed, but rather arise naturally from local cellular in-
teractions. In the context of atherosclerosis, this approach is highly
advantageous, as it allows the assignment of specific, rule-based bio-
logical behaviors (e.g., macrophage phagocytosis, smooth muscle cell
phenotype switching, and apoptosis) to individual cells. As highlighted
in recent comprehensive reviews [36], multiscale frameworks based
on ABMs offer a biologically realistic representation by naturally cap-
turing morphological heterogeneity, localized cell-cell and cell-matrix
interactions, and the stochastic nature of biological processes.

Importantly, hybrid multiscale coupling strategies combining con-
tinuum hemodynamics and transport with ABM-based descriptions of
tissue adaptation have also been conceptualized in related vascular re-
modeling contexts (e.g., restenosis and vascular adaptation), providing
further support for the rationale of hybrid modeling [37-39]. Ultimately,
this bottom-up strategy enables the simulation of emergent tissue-level
phenomena, such as the formation of the necrotic core, which are
fundamentally difficult to capture with conventional PDEs [40].

Despite substantial progress in computational modeling of
atherosclerosis, coupling hemodynamics and mass transport to ABM-
driven plaque development remains scarce. Alongside our previously
published foundational framework [41], very recent and valuable efforts
have begun to apply these hybrid methodologies to evaluate plaque pro-
gression in human coronary arteries [42]. Notably, [42] represents an
important step forward by providing validation against human coronary
imaging data, demonstrating the clinical applicability of such hybrid
frameworks. Nevertheless, a complementary validation challenge
remains: testing these coupled models against controlled, time-resolved
in vivo data of early plaque initiation, a phase that is inherently difficult
to capture longitudinally in human cohorts. This validation challenge
arises from the multifactorial nature of atherosclerosis and the limited
availability of longitudinal, high-resolution biological data [20]. In
humans, ethical and practical constraints preclude prospective studies
focused on the earliest stages of lesion development, and most clinical
datasets capture plaques only after they are already established. In
this context, porcine models are particularly valuable because their
coronary anatomy and pathophysiology resemble those of humans,
while enabling controlled serial imaging and histological assessment of
plaque development over time [43]. Although interspecies differences
remain and are beyond the scope of this work, such models provide
a uniquely suitable platform for validation of mechanobiology-based
multiscale frameworks.

Starting from our previously published framework [41], we extended
the model and performed its calibration and longitudinal validation
against porcine experimental data in a preclinical coronary setting. First,
we replaced the former steady-state flow assumption with fully transient
CFD simulations of pulsatile coronary hemodynamics, enabling a more
physiological representation of flow-driven stimuli. Second, the model
was applied to imaging-derived porcine coronary geometries obtained
from a longitudinal intravascular study providing serial medical imag-
ing, reconstructable coronary geometries, and associated hemodynamic
information over long-term follow-up—a combination of data that is
seldom available for validation of computational models of atheroscle-
rosis. These serial in vivo measurements enable direct validation of
the coupled hemodynamic-transport-agent-based framework against
plaque progression over time, rather than static end-point observations.
Together, these developments allow a mechanobiologically consistent
reproduction of plaque initiation and progression and, to the best of
our knowledge, establish one of the first hybrid frameworks that inte-
grates hemodynamics, LDL transport, and agent-based tissue remodeling
within a single multiscale model for porcine coronary atherosclerosis.



R. Caballero, M.A. Martinez, .J.J. Wentzel et al.

Paper organization. The remainder of this manuscript is structured as
follows. The Methods section describes the experimental dataset and the
hybrid multiscale modeling framework, detailing the 3D hemodynamics
module, the 2D mass-transport model, and the cellular dynamics com-
ponents, as well as the coupling and validation strategies. The Results
section presents the parameter calibration and the qualitative and quan-
titative validation results, including the assessment of spatial patterns
of wall thickening and lipid accumulation across different hemody-
namic scenarios. The Discussion section analyzes the clinical relevance
of the framework, its current limitations, and future directions for model
enhancement. Finally, the Conclusions section summarizes the main
contributions and findings of this study.

2. Methods

Originally calibrated for humans [41], the framework was adapted
for porcine validation on the BIOCCORA dataset [44], which offers
in vivo coronary flow waveforms across the cardiac cycle together with
one-year longitudinal imaging. This enabled qualitative and quantita-
tive evaluations. Time scales, parameters, and coupling cadence were
recalibrated to match the dataset’s acquisition schedule and temporal
resolution.

2.1. Experimental dataset

The BIOCCORA project generated a longitudinal in vivo porcine
imaging dataset capturing key hemodynamic and pathological features
of coronary atherosclerosis. The experimental design, animal prepara-
tion, and the specific dataset utilized in this work are comprehensively
described in key previous publications [43,44]. Briefly, a cohort of adult
familial hypercholesterolemic minipigs carrying a homozygous LDL re-
ceptor (LDLR) mutation was maintained on a high-fat diet for over one
year to induce plaque formation. Intravascular imaging was performed
at baseline (T1, three months after diet initiation), at an intermediate
follow-up (T2, nine months), and at the endpoint (T3, twelve months),
enabling longitudinal tracking of lesion development in vivo (Fig. 1).

At each imaging session, the animals were anesthetized and in-
strumented for coronary catheterization. Serial pullbacks combining
intravascular ultrasound (IVUS) and optical coherence tomography
(OCT) were acquired along the major coronary arteries, complemented
by Doppler velocity and pressure measurements (ComboWire) at multi-
ple axial locations. IVUS provided full-wall cross-sectional information
for lumen and external elastic lamina (EEL) segmentation, while OCT
offered micrometric resolution of the intimal surface, enabling identi-
fication of lipid-rich regions as signal-poor areas with diffuse borders
and characteristic attenuation. These were annotated as binary lipid
indicators for each frame.
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For this validation study, we selected four coronary arteries from
two pigs enrolled in the BIOCCORA cohort: two left anterior descending
(LAD) and two right coronary arteries (RCA). The original study com-
prised ten animals, five of which developed mild coronary disease and
five exhibited advanced coronary disease. From this latter subgroup, we
selected two pigs that showed the highest burden of lipid-rich plaque,
as identified by OCT, in order to focus the validation on arteries with
pronounced pathological remodeling and clear longitudinal progression
between baseline and follow-up. Although the original study included a
twelve-month time point, the present analysis focused on the first nine
months (T1-T2) to ensure consistent comparison, as one animal did not
reach the final session. For this study, each artery was discretized into
50 cross-sections. This sampling was chosen to approximately match the
longitudinal resolution of the intravascular dataset (about one frame ev-
ery ~3 mm), to provide a sufficiently large number of spatial validation
points for statistical analysis, and to support accurate 3D reconstruc-
tion. CFD-derived hemodynamic and transport fields were mapped onto
these sections for subsequent 2D ABM simulations. For qualitative il-
lustration, however, only n = 3 representative cross-sections per artery
are highlighted in the Results section. These cross-sections were chosen
to illustrate distinct phenotypic scenarios: one with substantial plaque
growth, one with moderate progression, and one with minimal or no
change. Fig. 2 summarizes the imaging and computational workflow,
from coronary segmentation and Doppler-informed CFD analyses to the
extraction of morphometric metrics, namely stenosis ratio (SR) and wall
thickening (AW T) between T1 and T2.

2.2. Hybrid multiscale model overview

Our hybrid multiscale computational framework couples processes
spanning temporal (seconds to months) and spatial (molecules to or-
gan) scales by integrating three coupled components (Fig. 3): (i) a
CFD module that resolves 3D coronary hemodynamics at the organ-
tissue level and yields TAWSS over the cardiac cycle (seconds); (if)
a 2D mass-transport module that models convection, diffusion, and
reaction underlying endothelial filtration of LDL and the subsequent in-
tramural accumulation and oxidation (molecular scale, seconds to days);
and (iii) a 2D ABM that captures cell-level inflammatory and immune
dynamics—MCs recruitment, vSMCs migration and proliferation, FCs
formation, and ECM turnover—driving tissue-level remodeling (cellular
to tissue scales, days to months). Information flows through well-defined
coupling variables (Fig. 4): TAWSS maps from CFD modulate endothelial
permeability and hence LDL influx in the transport module; the result-
ing spatiotemporal fields of oxLDL serve as input to the ABM; and the
ABM outputs (e.g., local wall thickening and evolving plaque morphol-
ogy) feed back to update lumen geometry and flow boundary conditions
in the continuum models, thereby closing the multiscale feedback loop

Follow-up
_ - e = T] _/,/"
* Serial CT ST
+ NIRS-IVUS
* OCT Imaging
« Intracoronary flow e
measurements - =T LDLR mutation
-4 = T3 n=10
| Histopathology
n=5 Mildly-diseased pigs € S P n=5 Advanced-diseased pigs

Fig. 1. Overview of the BIDCCORA study design. LDLR mutated pigs were maintained on a high-fat diet for one year to induce coronary atherosclerosis. Intravascular
imaging was performed at three time points: baseline (T1, 3 months after diet initiation), intermediate follow-up (T2, 9 months), and endpoint (T3, 12 months).
Invasive imaging techniques employed included CT, NIRS-IVUS, OCT, and intracoronary flow measurements, enabling longitudinal tracking of plaque development.

After sacrifice, histopathological analysis was performed for validation.
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Fig. 2. Overview of the experimental imaging and simulation pipeline used to generate the validation dataset. (A) imaging workflow: Computed Tomography
coronary Angiography (CTCA) was used to identify the target segment and obtain the centerline, followed by NIRS-IVUS imaging to quantify plaque burden and
tissue composition. IVUS pullbacks were reconstructed into 3D lumen and vessel-wall geometries after co-registration with CTCA. (B) simulation workflow: baseline
(T1) lumen and wall contours were used to perform transient CFD analyses to obtain TAWSS maps. Intravascular Doppler measurements were processed to derive
subject-specific flow information and were used to prescribe the inlet inflow waveform and, when applicable, to constrain outlet flow splits in the CFD boundary
conditions. Corresponding IVUS-OCT contours at baseline and follow-up (T2) enabled quantification of morphometric changes such as SR and AWT.
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Fig. 3. Schematic representation of the multiscale framework of atherosclerosis.
The figure integrates two dimensions of analysis: the spatial scale (molecu-
lar, cellular, tissue, and organ levels) and the temporal scale (from seconds
to months). The main pathophysiological processes are distributed across these
scales, while the colored boxes indicate the computational models used to repro-
duce them: CFD (blue), transport phenomena (green), and ABM (red). Together,
these approaches capture the multiscale nature of plaque development and vas-
cular remodeling. Within this framework, hemodynamics are placed at the organ
level because they depend on systemic cardiac function, whereas the vessel wall
itself is represented at the tissue level, where structural remodeling occurs.

and linking molecular and cellular mechanisms to macroscopic vessel
remodeling.

2.3. 3D hemodynamics (CFD)

The objective of the 3D hemodynamic model is to obtain reliable
distributions of TAWSS that can serve as input for the subsequent
2D mass-transport simulations. Time-dependent CFD simulations on
the baseline (T1) 3D coronary geometries were performed within the
BIOCCORA study using ANSYS Fluent (v.17.1, ANSYS Inc., Canonsburg,
PA, USA), following the workflow and numerical settings previously
described [45]. In the present work, these CFD results were not re-
computed; instead, we post-processed the baseline BIOCCORA CFD
outputs to extract cross-sectional 2D TAWSS maps used as inputs for
the mass-transport and ABM modules.

Governing equations and material properties. Blood was modeled as
an incompressible, homogeneous Newtonian fluid with density p =
1050 kg/m? and dynamic viscosity g = 0.0035 Pa - s. Vessel walls were
assumed to be rigid with a no-slip boundary condition. The unsteady
Navier-Stokes equations were solved as

au
p (E f@- V)u) = —Vp+uvlu,

V-u=0,

(6}

where u is the velocity field and p is the pressure.

Boundary conditions.  Pig-specific, time-varying inlet and outlet bound-
ary conditions were derived from in vivo ComboWire Doppler velocity
measurements, as previously described [44,45]. The most proximal
high-quality Doppler waveform was applied at the inlet as a time-
dependent flat velocity profile. For each side branch, the flow split



R. Caballero, M.A. Martinez, .J.J. Wentzel et al.

Computers in Biology and Medicine 210 (2026) 111715

= 3D Geometry
No

simulation |

——| Meshing

Boundary Conditions
= - Inlet mass flow
- Outlet Pressures

CFD

Navier-Stokes equations
Laminar
- Stationary
Incompressible

¥
2D Cross-Section

Wss distribution

t=t+1

t=t_sim
Segmentation
‘ |
Reconstruction 3D geometry Yes
L
Final
Geometry

- Meshing

Mass | [
transport ‘

|

—= - Inlet plasma velocity
\\ - Pressure in adventitia

Convection - diffusion - '
reaction equations
2D Cross-Section

oxLDL distribution

Import geometry
and oxLDL

Mesh matching

Cellular dynamics i

» - Recruitment MCs
- MCs' activity
- vSMCs activity

w Tissue remodeling

Fig. 4. Workflow diagram of the fully coupled multiscale framework for plaque growth reproduction. The process begins with a 3D geometry of a healthy artery. CFD
simulations calculate TAWSS. Mass transport simulations determine oxLDL distribution. An ABM simulates cellular dynamics to compute plaque growth and vessel
remodeling. The iterative process updates the 3D geometry until the final simulation time is reached. Figure reproduced from our previous work [41].

was calculated from the difference between upstream and downstream
Doppler-based flow measurements and imposed as the outflow condi-
tion.

Mesh generation. Computational domains were discretized using un-
structured, curvature-based tetrahedral meshes including five boundary
layers adjacent to the lumen to adequately resolve near-wall gradients.
Mesh resolution was selected based on a mesh-sensitivity analysis tar-
geting less than 1% variation in TAWSS metrics, yielding meshes of
approximately 6 x 105 elements on average and a characteristic element
size of ~ 0.05 mm [45].

Numerical setup. The BIOCCORA transient simulations were run over
multiple cardiac cycles until a periodic state was reached [45]. Spatial
discretization employed second-order accuracy for both momentum and
pressure, using the COUPLED pressure-velocity coupling scheme [45].
Time integration used a backward Euler implicit scheme with a fixed
time increment, with each cardiac cycle discretized using 100 time steps.
In the present work, the cardiac periods were T = 1.03 s for Pig #1 and
T = 0.67 s for Pig #2 (i.e., At = 0.0103 s and At = 0.0067 s, respec-
tively). Convergence at each time step was achieved when continuity
and momentum residuals fell below 107 [45].

Hemodynamic post-processing. To avoid residual start/end effects in
waveform-driven transient simulations and to ensure that time-averaged
indices were computed under periodic conditions, we extracted data
over the final 1.5 cardiac cycles of each simulation. Hemodynamic met-
rics were then computed over the last full cardiac cycle within this
window (i.e., after discarding the preceding half-cycle).

Hemodynamic metrics. The hemodynamic index analyzed was the
TAWSS, computed on the luminal surface as

T
TAWSS = l/ || dt 2)
T Jo

where 1,(t) is the instantaneous WSS vector and T is the duration of
one cardiac cycle. The integral was evaluated pointwise over the vessel
wall surface using the final periodic cardiac cycle extracted as described
above.

2.4. Mass transport model

A 2D mass transport model was implemented on cross-sectional ar-
terial domains extracted from the 3D geometries. The computational
domain represented the arterial cross-section and comprised the lu-
men together with the wall layers: endothelium, intima, IEL, media,
and EEL. This choice was motivated by the scope of the present trans-
port and ABM modules, which focus on intima-media mechanisms of
plaque development. Atherosclerotic lesions originate in the intima,
where lipid accumulation, endothelial dysfunction, and inflammatory
cell recruitment primarily occur, with subsequent involvement of the
media during plaque growth and remodeling [46]. Although the ad-
ventitia may contribute to vascular inflammation, particularly through
vasa vasorum-associated pathways, these outside-in mechanisms were
beyond the scope of the present framework and were therefore not ex-
plicitly modeled. Therefore, omitting the adventitia allowed us to restrict
the model to the layers directly involved in luminal-driven transport and
intima-media immune responses while reducing computational com-
plexity. Although the endothelium is often considered part of the intima
in anatomical classifications, it was explicitly modeled here as a distinct
functional layer. Together with the IEL, it was treated as a porous bar-
rier regulating the transwall transport of substances through its pores,
with permeability and selectivity modulated by local conditions.

Plasma and LDL transport across the arterial wall was modeled with
a porous-media formulation, originally proposed by [28], that couples
plasma filtration with LDL convection-diffusion-reaction. The governing
equations are discussed below and summarized in Tables 1 and 2.

The interstitial plasma velocity u, was obtained from Darcy’s law
(Eq. 3), relating it to the pressure gradient (VP), local hydraulic per-
meability (k,), and plasma viscosity (u p]" At the endothelium, the
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Table 1
Plasma filtration equations and relationships.
Definition Equation
Plasma filtration velocity in the wall (layer #) k.
u, = Y VP, ¢ e {int,med} (3)
L4
Filtration flux (Starling’s la
ation flux (Starling’s law) J, = L,AP “@
Three-pore decomposition of plasma flux
Iy, = qu' + JDJ'J‘ +% ©)
Flux through normal junctions
e ! Tumj = LppnjBFeng ©®
Hydraulic conductivity due to normal junctions
Lonj = ®nj Lomj )
Flux through 1 junctions
ugh leaky j Jyyj = Ly APug ®
Hydraulic conductivity due to leaky junctions
Loy = O Ly, ©
Area fraction of normal junctions o, = 1-o, 10)
Area fraction of leaky junctions Ay 4wy
°Ij = A_J = R_ L (11)
T cell
Endothelial area fraction occupied by leaky cells LC .- xR2
e a2
Leaky cells as a function of mitotic cells 3
LC = 0307 + 0.805MiC (13)
Mitotic cells it function of ind
c cells per unit area as a n of shape index MiC — 0003797 MBS a4
Shape Index as a function of TAWSS ST =0.380 e OTOTAWSS | 995 003 TAWSS (a5)

transendothelial plasma flux J, followed a simplified Starling’s law
driven by the transmural pressure drop AP,,; and the hydraulic con-
ductivity (L,), neglecting osmotic terms (Eq. 4).

Endothelial permeability was represented through the three-pore
theory [47], which decomposes the overall volumetric plasma flux into
normal junctions (J,,;), leaky junctions (J,;;), and vesicular path-
ways (J,,,,,)- The vesicular contribution was considered negligible, so
that plasma flow occurs primarily through normal and leaky junctions
[29] (Eq. 5). Regions exposed to low TAWSS are known to promote
a pro-atherogenic endothelial phenotype, including impaired mechan-
otransduction and altered cell morphology, which has been associated
with increased endothelial permeability [12]. Specifically, endothelial
dysfunction was incorporated through an empirical relation between
TAWSS and the endothelial shape index (SI) (Eq. 15). The endothelial
SI is a dimensionless descriptor of cell morphology, commonly defined
from projected area A and perimeter P (e.g., SI = 4xA/P?), where
higher values indicate more rounded shapes and lower values indicate
more elongated shapes [48]. This index determines the density of mitotic
cells (Eq. 14) and leaky cells (Eq. 13), thereby modulating the area frac-
tion of leaky junctions (Eq. 11) and ultimately the hydraulic conductivity
of the endothelium (Eq. 9).

The transport of LDL within the intima was governed by a
convection-diffusion equation (Eq. 16) that included both convective
fluxes driven by J, and molecular diffusion with effective diffusivity
D;:'BL (Table 2). At the endothelial surface, LDL flux was defined by
the Kedem-Katchalsky formulation [49] (Eq. 17), accounting for both
diffusive and convective contributions modulated by the selective per-
meability of the endothelium. Following the three-pore theory [47], the
dominant LDL transport mechanisms were the leaky-junction and vesic-
ular pathways, with the latter contributing approximately 10% of the
leaky-junction flux (Eqgs. 19-21).

Boundary conditions. For plasma, at the endothelium we impose the
transwall flux J, given in Eq. (4) (positive from lumen to wall). Across
the IEL, hydraulic continuity is enforced:

Joo o =J7

vIEL pJEL Ly1er. APy,

APpy, = Pintima — Predia
At the EEL, a fixed extramural pressure is prescribed, P = Py, . For
LDL, at the endothelium the convective-diffusive flux J,;p, follows the
Kedem-Katchalsky formulation (Eq. 17). Across the IEL, continuity of
solute flux is enforced:

sLDLIEL = J_:LDL,[EL
ensuring mass conservation between intima and media. At the EEL, a
prescribed LDL concentration is imposed,

_ ~FEEL
Cipr = Cipy.

according to experimental data [50]. Within each layer, LDL oxidation
is modeled as a first-order sink term:

RLDL = _dLD]. CLDL

where R;p; represents the reactive sink term accounting for LDL oxi-
dation, and d,,, denotes the corresponding oxidation rate constant. All
parameters used in the mass-transport model are summarized in Table 3.

2.5. Cellular dynamics (ABM)

The ABM represents cellular processes governing wall growth and
remodeling driven by oxLDL and cytokine fields through a set of bio-
logically inspired rules implemented in NetLogo 6.1 [58]. It operates
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Table 2
LDL filtration and transport equations and relationships.
Definition Equation
L oC
LDL temporal evolution in the wall dlrm +V (= D% VO ) + kg iU, - VO, = f(oe, Gl o) (16)
LDL flux across the endothelium (Kedem-Katchalsky) P _
I, = P,_AC{ﬁ} + I,(1-op€ an
Peclet number T, (11—
pe = =ep) (a8)
Three-pore decomposition of LDL flux
P pos T, = L+ g+ gy (19)
LDL flux through vesicular pathwa;
ug patways Ty = 00T, (20)
LDL flux through leaky junctions Pey; _
Ty = PLJ;-AC{Gqu — } + Ty (l—op)C (21)
Diffusive permeability of leaky junctions Dy;
P = 51 Oy (22)
Effective diffusivity within leaky slits Dy )
Do = {l—a;j]{l—1.0043;j+0,41301j—0.16aﬂ] (23)
Steric hindrance ratio @, = oL (24)
] wy
Assuming C; = C,, (simplified concentration gradient) AC = €, (25)

on a regular two-dimensional 300 x 300 lattice representing the cross-
sectional geometry of the arterial wall, with each patch covering an area
of 20 x 20 ym. This grid resolution was selected to match the charac-
teristic length scale of individual vascular cells (on the order of tens
of micrometers), enabling explicit single-cell representation and ade-
quate resolution of intimal thickness while maintaining computational
tractability for long-term simulations and repeated coupling with the
transport model. Each lattice patch is classified either as lumen or as ar-
terial wall, and wall patches are further labeled according to the tissue
layer they represent (intima or media). Physiological interfaces (en-
dothelium, IEL, and EEL) are encoded as barrier attributes on patches,
reproducing layer-specific permeability.

Each lattice patch enforces single-occupancy constraints consistent
with cell volume: ECs, FCs, and vSMCs are restricted to one cell per
patch, whereas MCs may temporarily co-occupy a patch already con-
taining another cell during phagocytosis to facilitate growth dynamics.
The ABM follows a stochastic-deterministic formulation: continuous
processes such as diffusion are described deterministically, whereas
discrete cellular events (e.g., migration, proliferation, phenotype switch-
ing) are governed by probabilistic rules summarized in Table 4, where
p(x) denotes the probability of a cellular event occurring. Each rule
includes quantitative parameters (migration probability, phagocytosis
rate, cytokine secretion rate, ECM production rate, etc.) derived from
experimental and literature data (Table 5).

Inputs and domain initialization. At the beginning of each ABM sim-
ulation, which spans a coupling interval of duration At,., the oxLDL
field computed by the mass-transport model is projected onto the ABM
lattice via mesh-to-grid averaging and held constant as a quasi-static
pro-inflammatory stimulus throughout A¢,. Cytokines are generated by
MCs during oxLDL phagocytosis and diffuse across the lattice accord-
ing to an explicit 2D finite-difference scheme. The ECM density is a
patch-level state variable updated at each step by sSMC-mediated ECM
synthesis and by degradation arising from baseline turnover or MMP
activity. Time advances in discrete steps (At = 1 day), with all agents
and state variables updated at each iteration. This temporal resolution
is consistent with the characteristic timescale of vascular cellular events

(with a typical eukaryotic cell-cycle duration on the order of ~24 h [59])
and with established ABM formulations of early atherogenesis, in which
agent attributes are updated on a daily basis [37,60,61].

Event logic and stochasticity. At each time step, the model updates:
(i) the local oxLDL field; (ii) MCs dynamics—recruitment in response
to excess oxLDL, lipid phagocytosis, cytokine secretion, and either
lipid-overload transition to FCs or senescence-driven death upon a 100-
day lifespan; (iii) vSMCs behavior—cSMC—sSMC switching, migration
toward cytokine-rich regions, proliferation, apoptosis, and ECM syn-
thesis; and (iv) ECM turnover (basal degradation and MMP-mediated
degradation) and cytokine transport (decay and diffusion) (see Fig. 5).

Event triggering is probabilistic (Table 4). To map continuous lo-
cal stimuli (e.g., oxLDL burden, or cytokine level) into bounded event
probabilities, we adopt rule-specific sigmoidal response functions that
impose saturation and limit event rates. In general form, the probability
of an event driven by a stimulus X is defined as

P'I'I'JﬂK
P(X)= —— %

|1 etlx) %

where P, defines the upper bound, Xy, is the half-activation threshold,
and k controls the sensitivity of the response around X 55. This formula-
tion provides a smooth transition between basal and maximal activity,
avoids discontinuities associated with step functions, and prevents un-
realistically fast immune activation by ensuring bounded probabilities.
Similar sigmoidal mappings have been used in ABM formulations of
early atherogenesis and vascular adaptation [37,60,61].

Migration and remodeling algorithm.  Cell migration and the local re-
organization that follow cell proliferation were implemented through
a modified A* search on the lattice [62] (see Fig. 6 which provides
a simplified schematic example using 4-neighbour connectivity for il-
lustration purposes only). A* is a graph-based path-finding algorithm
that iteratively expands nodes by minimizing an evaluation function
f(n) = g(n) + h(n), where g(n) is the accumulated cost from the ori-
gin, and h(n) is a heuristic estimate of the remaining distance to the
target. Lipid-rich necrotic core regions are treated as impassable ob-
stacles. In our implementation, the domain corresponds to the discrete
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Table 3

Parameters for plasma and LDL flow through the endothelium.
Parameter  Description Value Reference
Physical Properties
K Intima permeability 22107 m? [511
Koot Media permeability 2010718 m? [51]
[ Intima porosity 0.983 [51]
Emed Media porosity 0.258 [51]
Ly Normal junction conductivity 20193 . 107% ﬁ;ﬂg o Is2]
Hy Plasma dynamic viscosity 0001Pa-s [53]
P Plasma density 1050 X2 [53]
Diee LDL diffusion coeff. (free) 1-107% [541
Dy LDL diffusion coeff. (wall) 5-10-0% [28]
K fg 101 Solute lag coefficient of LDL 0.893 [54]
dipy. LDL oxidation rate 2.85- 1074 57! [51]
Dimensions
Ay Unit area 0.64 mm’ [29]
1 Length of a leaky junction 2um [55]
Ry Endothelial cell radius 15 um [55]
w, Half width of a leaky junction 20nm [55]
FloL LDL radius 11nm [56]
Pressures
Py, Pressure at the EFL 30 mmHg [51]
AP, Pressure drop in the endothelium ~ 21.6364 mmHg"* [52]
Concentrations
Cim LDL concentration in the lumen 4914 % [571
cH LDL concentration at the EEL 00678 23 [50]

" The value of the parameter is dependent on the considered artery (Table value

for coronary arteries).

** The value of the parameter is dependent on the intraluminal pressure (Table

value of 110 mmHg).

Table 4

Summary of ABM rules governing cellular behavior. Deterministic rules compute concentration changes, while
stochastic rules determine event probabilities using sigmoid functions.

Agent Event Rule
Monocytes/MCs  Recruitment and differentiation Poroducene = M
o 1 +?—l’{cm.n|.-c¢mu)
oxLDL{, . = oxLDLYV 4 r  oxtDLY Y
Phagocytosis of oxLDL and cytokine secretion Mc . Mc T Tphago . Loutcn
cyto' = eyt +r . . OXLDL 2
i
FC transition if OXLDL,,. > OXLDLy,. = { e e
- switch to FC
Death if tyigo > tyjgopan — die
.
VSMCs Phenotypic switching (cSMC — sSMC) P = %
SMC Proliferati i
s oliferation P e
Porolit = | S Cou oy 7+
. . 1
sSMC Migration . -
Prigrate 1+ e Cam o +d
sSMC Apoptosis Papop = Tapop

sSMC ECM production

-1
ECM' = ECM' ™" +rgn

arterial wall, discretized with 8-neighbour connectivity and step costs
of 1 (orthogonal) or V2 (diagonal). Using this algorithm to compute
the shortest path is consistent with the minimum-energy principle de-
scribed by [63], in which cells choose trajectories that minimize the
energy required to reach their target (i.e., to drive tissue remodeling).
We further modified this path-finding algorithm by incorporating the in-
fluence of the ECM into the cost function, thereby mimicking how cells
mechanosense their surroundings to decide which trajectory to follow.
This ECM-dependent term was conceived as a mechanistically motivated
proxy for the local resistance imposed by the extracellular environment
during tissue reorganization. Experimental studies indicate that cell mi-
gration depends on local matrix stiffness gradients, ECM composition,
collagen density, pore structure, and confinement, all of which can af-
fect migration speed and directional bias [64,65]. Accordingly, regions

with higher ECM density were assumed to be less permissive and were
therefore assigned a higher migration/remodeling cost. Consequently,
newly generated or migrating sSMCs tend to select less resistant and
therefore energetically favorable routes toward an admissible site.

Coupling time.  To ensure consistency with the temporal resolution of
the BIOCCORA porcine dataset and the faster dynamics of plaque evo-
lution in this model, we set a single coupling interval of nine months.
In our previous human-based framework, multi-year coupling was suf-
ficient given the slower progression of atherosclerosis [41]. However,
in pigs under a high-fat diet, plaque remodeling occurs within a much
shorter timescale. The nine-month interval was chosen because (i) it
corresponds to the second imaging time point (T2) available in the study,
enabling data-anchored model updates and validation, and (ii) some
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Table 5

Global ABM parameters.
Parameter Description Value Reference
Fapp @1 Differentiation rate from cSMCs 1 [30]

to sSMCs

Faaiy (d hy Proliferation rate 0.24 [66]
Fapop (d hy Apoptosis rate 1.9008x 10~ [67]
T pempen @™ ECM generation rate 21384 % 107" [68]
Faegpene (@71 ECM degradation rate 1/30 -
C ppomo Howd (mol/m*)  Monocytes in blood 550 % 10° [69]
m, (d") Monocyte recruitment rate 6.636 x 107* [70]
my (@) Monocyte differentiation rate 9.94 % 1072 [28,71]
P, @™ Secretion rate of cytokines 2.592 % 1073 [28]
Taer,,, (@) Degradation rate of cytokines 2 [28,72]
L C Secretion rate of MMPs 2.592x 106 —
T desue, @h Degradation rate of MMPs 2 -
oxLDLye_ (mol)  Maximum phagocytic capacity ~ 6.7x 1075 -
F phago (@) Phagocytosis rate 21168 % 10718 —

animals did not reach the 12-month follow-up, making earlier couplings
(e.g., at six months) unsupported by imaging data and potentially un-
reliable. Accordingly, this validation study used the baseline (T1) 3D
reconstruction as a fixed CFD domain and applied a sequential cou-
pling (CFD — transport — ABM) without 3D remeshing. This setup thus
provided a realistic temporal synchronization between simulated and
experimental plaque development.

Parameter calibration. Model calibration was performed to adjust the
agent-based rules governing oxLDL phagocytosis and maximum MC up-
take capacity, which were considered the most directly linked to the
accelerated porcine progression rate. All other rules and parameters
were retained unchanged, so that the underlying mechanobiological
structure of the model remained consistent with the human-based
framework.

Calibration was conducted through a structured iterative manual
procedure guided by quantitative agreement between simulations and
experimental observations. A fully automated optimization algorithm
was not implemented due to the hybrid architecture of the frame-
work, which couples 3D CFD, 2D mass transport, and ABM modules
executed across two different software environments, with substantial
computational cost per simulation. Under these conditions, a manual
calibration strategy was considered methodologically appropriate and
computationally feasible.

First, the model was run on a representative coronary geometry from
the porcine dataset (Pig #1-LAD), using baseline parameters [41] as
initial estimates. Second, the parameters controlling MC activity were
progressively adjusted to reduce the discrepancy between simulated and
experimental AWT and SR at nine months. In addition to matching
these continuous metrics, the presence or absence of lipid-pool forma-
tion was used as a qualitative consistency criterion to ensure that the
model reproduced the observed plaque phenotype.

Calibration runs were executed using ten stochastic simulations per
parameter set to account for the probabilistic nature of the ABM. The
average response was compared with the experimental trends, and the
parameter set yielding the lowest error was retained (see Section 3.1).

2.6. Validation strategy

After calibration on the Pig #1-LAD artery, the model was evaluated
on the remaining three coronary arteries selected from the BIOCCORA
dataset (Pig #1-RCA and Pig #2-LAD/RCA). This ensured that vali-
dation was performed on vessels not used during calibration, thereby
providing an independent assessment of the model’s predictive ability.

The validation was performed by comparing model predictions at
T2 with experimental measurements obtained at that same time point,
using T1 as the baseline geometry. In this context, validation is defined
as the model’s ability to reproduce key geometric and biological features
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of plaque progression observed in vivo. Specifically, we evaluated the
model’s accuracy through the following steps:

+ Qualitative comparison. We performed a qualitative evaluation by
comparing simulated plaque progression with OCT-based contours
for different cross-sections. This included assessing overall plaque
morphology, eccentric growth patterns, and lipid-rich necrotic core
formation across different TAWSS levels, ensuring that the model
captures the key spatial trends observed experimentally.
Quantification of SR, computed as the relative reduction in lumen
area with respect to the baseline geometry, and compared be-
tween the simulated and experimental results. SR was analyzed at
three representative cross-sections (CS1-CS3) per artery, each cor-
responding to regions of high, intermediate, and low TAWSS. This
targeted approach enables a direct comparison between the model
and experiment across the distinct hemodynamic environments
that drive heterogeneous plaque evolution.

Quantitative assessment of AWT, defined as the change over time
(from T1 to T2) in the radial distance between the lumen and the
EEL, measured at corresponding angular positions and compared
between the model and the OCT-derived contours. Angular corre-
spondence was ensured by aligning the IVUS/OCT cross-sections
with the centerline used for model input, maintaining consistent
angular references during both segmentation and simulation.

Together, these validation steps aim to assess the model’s qualita-
tive and quantitative ability to predict plaque morphology, composition,
and growth patterns. The entire computational pipeline required about
eight hours per artery on a workstation with an Intel(R) Core(TM) i7-
10700K CPU @ 3.80GHz (8 cores/16 threads). This computational time
includes the full workflow: post-processing of 3D CFD simulations, 2D
LDL/oxLDL mass-transport analyses, and execution of the ABM across
the selected cross-sections over the nine-month progression.

2.7. Statistical analysis

Here, we performed a statistical comparison between simulated out-
puts and experimental measurements across all analyzed cross-sections
to evaluate the consistency of model predictions with experimental data.
To assess the model’s predictive capabilities, we separated the dataset
into a calibration set (Pig #1-LAD) and an independent validation set
(Pig #1-RCA, Pig #2-LAD, and Pig #2-RCA). For SR, we compared
simulated outputs across 50 coronary cross-sections for the calibration
artery (n = 50) and 50 cross-sections for each of the three validation
arteries (total validation n = 150).

For AWT, we evaluated the agreement between simulations and ex-
periments using a sector-level database. Each of the 50 cross-sections per
artery was partitioned into 8 circumferential sectors, yielding n = 400
sectors for the calibration set and n = 1200 sectors for the independent
validation set. Sector values were stratified into TAWSS tertiles (low,
medium, high). For both SR and AWT, we computed the global mean
bias (Sim-Exp) and the Mean Absolute Error (MAE) separately for the
calibration and validation sets. Paired agreement was assessed using the
two-sided Wilcoxon signed-rank test, appropriate for non-normal paired
differences; statistical significance was set at p < 0.05.

All statistical computations and visualizations were performed in
Python 3.10 using pandas and scipy.

3. Results

This section presents the outcomes of the multi-level validation de-
signed to assess the predictive performance of the hybrid model. Results
are structured following the validation strategy described in Section 2.
First, we summarize the parameter calibration procedure. Second, we
provide a qualitative assessment of plaque progression by compar-
ing simulated geometries with OCT-based reconstructions, focusing on
spatial patterns of growth relative to TAWSS. Next, we quantify model
performance for both SR and AW T. Representative SR comparisons are
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Fig. 5. Workflow diagram of the ABM. The process begins with the 2D cross-section from the mass transport model. For each loop until the simulation time of the
ABM is reached, if there is a pathological concentration of oxLDL, the model computes the probability of production of MCs and their dynamics. The formation of
FCs leads to the appearance of a lipid-rich necrotic core, and the secretion of cytokines triggers the vSMC activity.

shown for selected cross-sections, whereas the global statistical assess-
ment is based on all analyzed sections (and all sector-level measurements
for AWT). Finally, we report the results of the statistical analyses eval-
uating the global agreement and the consistency of global trends. For
clarity, results are organized by pig. Figs. 7, Fig. 9(A) and (B), and
Fig. 10(A) and (B) summarize the validation results for pig #1, while
Figs. 8 and 9(C) and (D), and Fig. 10(C) and (D) correspond to pig #2.

3.1. Calibration results

The final calibrated parameters for MC dynamics are summarized
in Table 6. Compared with the original human-based configuration,
the porcine calibration required a higher phagocytosis rate and a re-
duced maximum phagocytic capacity, reflecting the faster lipid turnover
and plaque expansion observed experimentally. These adjustments
preserved a consistent ratio between the amount of oxLDL internal-
ized per MC and the temporal scale of the phagocytic process, ensuring
biological plausibility.

Fig. 7(A) illustrates the qualitative comparison between simulated
plaque progression and OCT data. In CS1 (high TAWSS), both the
experiment and simulation indicated negligible growth, consistent
with the protective role of elevated shear stress. CS2 (intermedi-
ate TAWSS) displayed moderate thickening, which the model repro-
duced, although with a slight overestimation. In CS3 (low TAWSS),
the simulation captured pronounced eccentric growth and the forma-
tion of a necrotic lipid-rich plaque, closely matching the experimental
lipid distribution after 270 days. Both CS2 and CS3 exhibited inward
and outward remodeling, in agreement with the Glagov phenomenon
[14].

Quantitatively, SR analysis for the three representative sections
(Fig. 9(A)) confirmed these trends: errors were minimal in CS1 (=2%)
and CS2 (~2%), and higher in CS3 (14.8%). The overall accuracy met-
ric for this artery was MAE = 6.24%. These results suggest that most of
the mismatch stems from the reconstruction of lipid cores in low-TAWSS
regions.
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Fig. 7. Qualitative comparison of simulated plaque progression in pig #1. (A) LAD and (B) RCA. Baseline geometry is color-coded by TAWSS (saturated at 1 Pa). Three
representative cross-sections (CS1-CS3) illustrate regions of high, intermediate, and low TAWSS exposure. Simulated temporal evolution (t = 0,90, 180, 270 days) is

compared with OCT-derived measurements at r = 90, 270 days.

The sector-based evaluation of wall-thickness variation (Fig. 10(A))
reinforced these findings. The model reproduced the magnitude and spa-
tial variability of AWT with good agreement, successfully capturing
the overall trend (MAE = 0.091 mm), which corresponds to approxi-
mately 4-5 ABM grid cells (patch size: 20 pm) and remains well below
the experimentally observed thickening in low-TAWSS sectors (typically
~0.20-0.25 mm over 9 months). Moreover, this error magnitude is on
the order of the axial resolution of IVUS, indicating that discrepancies
approach the intrinsic measurement limits of the validation data.

3.2. Validation results

3.2.1. Pig#l

RCA artery. Fig. 7(B) shows the qualitative comparison for the RCA.
In CS1, located in a high-TAWSS sector, the model predicted no growth,
similar to the experimental outcomes, and consistent with the protec-
tive effect of elevated shear stress. In CS2, under intermediate TAWSS,
the simulation predicted moderate progression, in close agreement with

12

the experimental contours. In CS3, exposed to low TAWSS, the model
reproduced plaque formation and lipid accumulation, aligning with
OCT data, but slightly overestimated the extent of lipid-rich regions.
Importantly, asymmetric growth localized to the low-TAWSS side of the
circumference was accurately captured by the model.

Quantitative SR analysis (Fig. 9(B) showed errors of ~2% in CS1,
22.6% in CS2, and 20.7% in CS3, yielding an overall MAE of 15.10%.
In CS1, the prediction is in very close agreement with the experimen-
tal data: minimal growth was expected under high TAWSS and was
accurately reproduced by the model. By contrast, CS2 and CS3 exhib-
ited larger discrepancies, indicating that although the model captures
the direction of disease progression, quantitative prediction of lumen
narrowing remains more challenging in more developed lesions. In
CS2, the experimental SR at intermediate TAWSS exceeds the simulated
value, while the AWT prediction is in good agreement (Fig. 10(B), con-
sistent with negative remodeling—i.e., concurrent luminal narrowing
not driven by wall thickness growth—thereby elevating SR without a
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Fig. 8. Qualitative comparison of simulated plaque progression in pig #2. (A) LAD and (B) RCA. Baseline geometry is color-coded by TAWSS (saturated at 1 Pa). Three
representative cross-sections (CS1-CS3) illustrate regions of high, intermediate, and low TAWSS exposure. Simulated temporal evolution (+ = 0,90, 180,270 days) is

compared with OCT-derived measurements at = 90, 270 days.

notable increase in AWT. In CS3, the discrepancy is consistent with
a systematic bias stemming from the lack of quantitative experimental
data on necrotic core morphology. Since the experimental dataset only
provided binary information regarding lipid presence, the volumetric
growth and mechanical expansion of the simulated necrotic core are
numerically unconstrained during calibration. This may lead to an over-
estimation of inward remodeling toward the lumen, thereby inflating the
SR estimates in sections where lipid-rich regions are prominent. Despite
these local deviations, the AW T comparison showed good overall agree-
ment (MAE = 0.159 mm), with residual mismatches largely attributable
to growth overestimation in CS3, while the global trend was captured.

3.2.2. Pig#2

LAD artery. Fig. 8(A) illustrates the results for the LAD artery
of pig #2. In CS1 (high TAWSS), both simulation and experiment
showed negligible changes, with excellent agreement. CS2, exposed to

13

medium-low TAWSS, exhibited moderate thickening, closely reproduced
by the model. In CS3, located in a low-TAWSS region, the simulation pre-
dicted marked wall thickening and lipid accumulation, consistent with
OCT data, although the extent of progression was overestimated. In this
case, the model detected asymmetric growth, but it was less pronounced
than in the experimental observation. Moreover, the circumferential
plaque growth was slightly overestimated.

Quantitative SR comparison (Fig. 9(C)) revealed errors of 3.0% in
CS1, 2.0% in CS2, and 26.0% in CS3. The overall MAE was 10.33%. The
error in CS3 was higher probably due to the overestimation of plaque
formation. Wall thickness analysis (Fig. 10(C)) supported these obser-
vations, showing that the model reproduced the spatial distribution of
thickening with a global MAE of 0.123 mm and correctly localized the
maximum AWT to the low-TAWSS region. In addition, the difference
between experimental and simulated AWT in the low-TAWSS group
was moderately small, in contrast to the discrepancies observed in SR
predictions. This points to a generally good agreement for wall growth.
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Fig. 9. Quantitative comparison of SR between experimental measurements (red) and model predictions (gray) at the three representative cross-sections (CS1-CS3)
selected for each artery. Gray bars represent the mean simulated SR across repeated stochastic ABM realizations, and error bars indicate the corresponding standard
deviation. Panels correspond to: (A) #1-LAD, (B) #1-RCA, (C) #2-LAD, (D) #2-RCA. Black arrows indicate the absolute difference between the mean simulated and
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Fig. 10. Quantitative comparison of wall thickness variation (AW T) between experimental measurements (red) and model predictions (gray) across all the sectors

stratified into TAWSS tertiles (low, medium and high). Panels correspond to: (A)

RCA artery. The qualitative comparison for the RCA (Fig. 8(B))
showed stable conditions in CS1 (high TAWSS), with no de-
tectable progression in either the experiment or the simulation. CS2
(intermediate TAWSS) exhibited moderate wall thickening that the

#1-LAD, (B) #1-RCA, (C) #2-LAD, (D) #2-RCA. MAE is reported for each artery.

model reproduced with good accuracy. In CS3 (low TAWSS), both the
model and the experiment revealed extensive plaque progression and
lipid accumulation.

14
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Table 6
Calibrated parameters for MC dynamics in the porcine BIOCCORA
dataset.

Parameter Human calibration  Porcine calibration

Maximum phagocytic capacity 6.7 % 10~'5 mol 3.1 10~ mol

(oxLDLyc__)

Phagocytosis rate (r ) 2.1 10-18 g-! 30 x 1018 g-!
Table 7

Error metrics (bias and MAE) and Wilcoxon signed-rank test re-
sults for simulated vs experimental SR and AW T. Bias is reported
as (Sim-Exp). Results are separated into the calibration case (Pig
#1-1AD) and the independent validation set (pooled across Pig
#1-RCA, Pig #2-LAD, and Pig #2-RCA).

Metric Set n Bias MAE  p-value
SR (%) Calibration 50 +1.98 12.7 0.461
SR (%) Validation 150 +1.41 15.6 0.431
AWT (mm) Calibration 400 —=0.02 0.09 0.336
AWT (mm) Validation 1200 —=0.05 0.13 0.501

Quantitative SR analysis (Fig. 9(D) confirmed this behavior, with
very small errors in CS1 (<1%) and CS2 (2.5%), and a moderate error in
CS3 (15.0%). However, the discrepancy in CS3 is not negligible. While
the experimental lesion developed eccentrically, the simulated growth
followed a more concentric pattern, thereby underestimating the lesion’s
asymmetry and the resulting luminal narrowing. This underestimation
of asymmetry is a natural limitation when the local hemodynamic
triggers are relatively uniform circumferentially, leading the model to
distribute wall thickening more evenly than in the biological reality.
Global performance was the best among all arteries, with MAE = 6.1%.
Predictions of AWT (Fig. 10(D)) also demonstrated excellent agree-
ment with experimental data in both magnitude and spatial distribution,
showing a MAE of 0.106 mm.

3.3. Statistical analysis

The results of the statistical analysis are summarized in Table 7. For
SR within the validation set, the model showed a generally good agree-
ment with experimental measurements. The validation bias was slight
(+1.41%), and errors remained reasonably low (MAE = 15.6%). As
expected, the calibration set exhibited a lower MAE (12.7%) because
global model parameters were tuned using this geometry; its slightly
higher bias (+1.98%) is likely influenced by the fact that calibration
relies on a single vessel, whereas the validation metrics reflect pooled
behavior across three independent arteries. In general, the model tended
to slightly overestimate SR at higher stenosis levels and slightly under-
estimate it at lower ones, while maintaining errors that remain well
contained and acceptable for this type of analysis. The Wilcoxon test
confirmed no significant paired bias in the validation set (p-value =
0.431), consistent with the small mean difference (+1.41%). Overall,
the model captures the key trends of SR progression and reliably identi-
fies regions prone to lumen narrowing, but cases of pronounced growth
still require refinement.

For AWT, the agreement in the validation set was stronger, with
minimal bias (—0.05 mm), and moderately low errors (MAE =
0.13 mm). Consistent with the SR evaluation, the calibration MAE for
AWT was lower (0.09 mm), reflecting the expected fit performance
on the calibration artery, while the independent validation results re-
mained comparable in magnitude. Importantly, paired statistical testing
revealed no significant difference between simulated and experimental
AWT values for the validation cases (p-value = 0.501).

4, Discussion

This validation study confirms that our multiscale hybrid model—
coupling CFD, mass transport, and agent-based dynamics—captures the
essential features of atherosclerotic plaque evolution observed in the
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BIOCCORA porcine dataset. Across the four arteries analyzed, the model
consistently reproduced the expected phenotypes by hemodynamic ex-
posure, including eccentric thickening and lipid-rich regions localized
to low-TAWSS sectors. In line with pathophysiological mechanisms, our
framework converted TAWSS into spatially localized wall remodeling
in atheroprone regions [15,16,20,22]. Key observations reinforce the
biological plausibility of the model: low-TAWSS sectors preferentially
developed wall thickening and lipid accumulation, whereas high-TAWSS
sectors remained comparatively protected.

The emergence of both outward and inward remodeling, in agree-
ment with the Glagov phenomenon [14], illustrates the ability of the
framework to reproduce emergent behaviors that were not hard-coded
but arose naturally from the coupled biophysical and cellular rules.
Specifically, this remodeling behavior is a consequence of the A*-based
tissue reorganization used in the model. When new plaque-related mass
is generated, the algorithm relocates cells by seeking the lowest-cost free
path, where the path cost combines distance with an ECM-dependent
penalty. In early stages, many newly formed sSMCs arise radially out-
side the growing lipid-pool, and the lowest-cost relocation path typically
points toward the exterior, promoting expansion of the outer wall rather
than immediate luminal encroachment. As sSMCs progressively occupy
positions closer to the lumen, the lowest-cost available paths more fre-
quently connect to the interior, and inward remodeling becomes more
prevalent. This mechanism thereby provides a plausible explanation for
the transition from compensatory enlargement to luminal narrowing.

Predictions of SR reproduced the expected spatial trends and TAWSS
hierarchy across arteries. Localized but non-negligible SR discrepancies
nevertheless remained in a subset of advanced cross-sections. Because
SR jointly reflects wall thickening and lumen remodeling, it may devi-
ate even when AWT is reasonably reproduced. The largest mismatches
were concentrated in low-TAWSS, lipid-rich, highly eccentric lesions,
where the experimental dataset provided lipid information only as a bi-
nary OCT-based presence/absence feature rather than as a quantitative
reconstruction of lipid-core geometry or burden. This limits calibration
and validation of the modeled necrotic core in advanced plaques. In
addition, cross-sections undergoing negative remodeling may exhibit
substantial lumen reduction without a proportional increase in AWT,
thereby increasing SR while preserving relatively good agreement in
wall-thickness predictions. Beyond these localized discrepancies, qual-
itative comparisons showed good alignment with the distribution of
lipid-rich regions and with the overall patterns of wall growth and
remodeling. Agreement in AWT further supports the mechanobiolog-
ical consistency of the framework, through the explicit representation
of endothelial permeability, macrophage activation, vSMC phenotypic
switching and migration, hyperplasia, and lipid-core development. In
this context, the global AWT error magnitude (MAE = 0.13 mm) re-
mains consistent with a quantitatively accurate sector-level description
of wall remodeling. The statistical analysis further corroborated that
the model distinguished atheroprone from atheroprotective scenarios
according to TAWSS.

Hybrid multiscale frameworks are increasingly used in vascular
modeling because plaque evolution arises from tightly coupled mech-
anisms acting across scales. Compared with studies relying exclusively
on CFD-derived inflammation [40], our framework extends predictive
capacity by incorporating downstream biological processes and geomet-
ric feedback. While continuum growth and remodeling models have
successfully reproduced remodeling patterns at larger scales [73,74],
they provide powerful tools to describe arterial adaptation through
constitutive evolution laws, often under homogenized material assump-
tions and without explicitly incorporating cellular-level mechanisms.
In contrast, agent-based approaches in the literature have largely fo-
cused on simplified vascular geometries or early lesion stages [60]. By
integrating ABM with CFD and mass transport in a temporally cou-
pled loop, our framework bridges these approaches. A recent hybrid
framework has similarly coupled CFD, LDL transport, and ABM-based
cellular dynamics in the context of atherosclerosis [42], representing
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an important and complementary advance in multiscale modeling of
coronary plaque progression. A structured comparison along the main
methodological axes helps to delineate the specific contributions of each
study. Regarding the CFD strategy, both frameworks employ transient
simulations with patient- or subject-specific Doppler-derived boundary
conditions and model blood as a Newtonian fluid. The present work
used pre-computed CFD outputs from the BIOCCORA study on porcine
geometries, while [42] performed CFD directly on a single human LAD
artery reconstructed from CCTA and IVUS data. The LDL transport for-
mulations differ more substantially. The present framework employs a
2D multi-layer convection-diffusion-reaction model of intramural trans-
port, resolving LDL and oxLDL concentration fields within the wall layers
(intima and media) via Darcy flow and Kedem-Katchalsky endothelial
filtration, with oxLDL explicitly tracked as the pro-inflammatory trig-
ger. In contrast, [42] adopt a wall-free 3D advection-diffusion model for
luminal LDL polarization, coupled to a three-pore model that computes
the trans-endothelial LDL flux as a scalar input to the ABM, without
resolving intramural transport or oxidation. Both approaches share the
three-pore framework for endothelial permeability, but differ in whether
intramural dynamics are explicitly resolved. Regarding ABM implemen-
tation, both models operate on 2D cross-sectional lattices and represent
SMC and ECM dynamics. The present framework additionally tracks
macrophage recruitment, oxLDL phagocytosis, foam cell formation, and
cytokine-mediated signaling as explicit agents, with an A*-based tissue
reorganization algorithm that incorporates ECM-dependent migration
costs. The ABM in [42] represents lipid infiltration probabilistically as
a function of LDL influx, and SMC and ECM dynamics as functions
of WSS and a Gaussian-based inflammatory input, without explicitly
modeling macrophage agents or foam cell formation. Finally, the val-
idation strategies reflect different but complementary objectives. [42]
performed the first proof-of-concept patient-specific validation in a hu-
man LAD artery, comparing wall area variation at three cross-sections
against IVUS data at one-year follow-up. The present study adopts a dif-
ferent design, evaluating the framework across four porcine coronary
arteries using longitudinal IVUS and OCT data over nine months, with
sector-level assessment of both SR and AWT stratified by TAWSS ter-
tiles. This controlled preclinical setting enables access to early phases
of plaque initiation that are difficult to capture prospectively in human
cohorts. Together, these differences delineate the specific methodologi-
cal niche of the present work: advancing the mechanistic resolution of
intramural oxLDL dynamics through explicit multi-layer wall transport,
macrophage-foam cell signaling, and cytokine-mediated tissue remod-
eling, and providing longitudinal validation in a controlled preclinical
setting that enables direct access to early plaque initiation.

4.1. Clinical relevance

From a translational perspective, the framework has the potential
to act as a patient-specific predictor of plaque initiation and vascular
remodeling. By modeling with reasonable fidelity the cellular events
that underlie wall remodeling, the model provides a mechanistic basis
to anticipate spatial patterns of disease progression and, in the future,
to support in silico testing of therapeutic strategies. While the current
implementation is not yet prepared for such applications, it establishes
the foundation for probing how targeted interventions might alter dis-
ease trajectories. For instance, if chronic inflammation is hypothesized to
contribute to unstable plaques through exaggerated immune activation,
the framework could be used to explore the potential effects of reducing
macrophage recruitment, slowing vSMC proliferation or migration, or
modulating cytokine-mediated feedback.

An additional clinically relevant extension concerns calcification, a
complex process involving multiple proposed mechanisms that are not
explicitly represented in the current model. Although processes such
as sSMC death and impaired efferocytosis may contribute to its devel-
opment [75], they are unlikely to fully account for this phenomenon.
Even so, by representing key cellular and biochemical interactions
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involved in plaque progression, the present framework may offer a useful
starting point for future extensions aimed at incorporating calcification.
Such developments, however, will require further mechanistic refine-
ment and dedicated quantitative validation as more specific data become
available.

More generally, the framework estimates the tendency of wall re-
modeling, lumen stenosis, and necrotic core formation in low-TAWSS
regions, all of which are key for identifying high-risk segments. Although
TAWSS is not the sole driver of atherosclerosis—systemic comorbidities
such as diabetes, smoking, or obesity are also major contributors—the
established link between TAWSS, endothelial permeability, and oxLDL
infiltration provides a mechanistic substrate that remains valid under
different comorbid conditions. In this context, the added value of our
framework lies in its capacity to move beyond the mere identification
of atheroprone zones from static TAWSS maps: it mechanistically re-
constructs the evolving plaque microenvironment, enabling predictions
not only of lesion location but also of internal composition (e.g., spa-
tial distributions of macrophages, sSMCs, ECM, and lipid-rich necrotic
cores) and of emergent feedback between hemodynamics, oxLDL accu-
mulation, and tissue expansion.

4.2. Limitations

Despite its strengths, the present framework is subject to several
limitations that should be considered when interpreting the results.
Validation was restricted to a nine-month follow-up in four porcine
arteries, which limits statistical power and prevents extrapolation to
longer-term disease dynamics. Longer longitudinal follow-up under
comparable in vivo conditions would help clarify the true time scales
of plaque progression and enable tighter parameter calibration. The pri-
mary limitation of the present study is the limited number of animals
and vessels, a constraint largely imposed by the availability of high-
resolution invasive imaging and Doppler-based flow measurements.
Although the validation was spatially extensive within each artery, com-
prising 50 cross-sections per artery (n = 200 for SR) and 8 sector-level
comparisons per cross-section (n = 1600 for AWT), these observations
should be interpreted as within-artery replication rather than as an
increase in cohort size. Accordingly, larger cohorts and external val-
idation datasets will be required to quantify inter-subject variability,
test generalizability, and strengthen statistical inference. In addition,
the OCT-derived dataset provided only binary information on plaque
presence in certain sections, precluding detailed calibration of plaque
morphology and composition.

Furthermore, the current mass transport module uses TAWSS as
the hemodynamic input to modulate endothelial permeability. While
this choice is consistent with the adopted permeability formulation
and is widely used in the literature [28-30,51], it does not fully cap-
ture the multidirectional and oscillatory nature of coronary shear.
Complementary descriptors such as the Oscillatory Shear Index (OSI),
Relative Residence Time (RRT), or transverse WSS (transWSS) are
known to better characterize disturbed flow [31], and their integra-
tion into the present framework should be investigated in future work.
Moreover, coronary motion was neglected and vessels were modeled
as rigid, fixed geometries. Because LAD and RCA are epicardial arter-
ies subjected to cardiac motion, dynamic deformation may influence
instantaneous shear patterns. Although the use of TAWSS mitigates
sensitivity to transient geometric variations, incorporating vessel mo-
tion or fluid-structure interaction frameworks could further refine local
hemodynamic predictions in future studies.

The framework also lacked specific experimental measurements of
key cellular parameters in porcine coronary arteries, such as cytokine
secretion rates, proliferation rates, or migration speeds of vSMCs un-
der pathological oxLDL exposure. As a result, some rules relied on fitted
parameters and therefore remained calibration-dependent rather than
independently validated. Similarly, macrophage-related processes—
including recruitment dynamics, phagocytosis rates, and maximum
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oxLDL uptake capacity—could not be directly constrained, and ECM
production could not be validated against quantitative measurements.
This limitation is shared by most mechanistic or multiscale models of
atherosclerosis, which often rely on experimentally reported ranges or
human-derived estimates for macrophage kinetics and ECM turnover
[36,41,61]. Finally, the model necessarily simplifies cellular dynamics
due to both data scarcity and computational cost. Cytokines were repre-
sented only as pro-inflammatory signals rather than as individual pro-
and anti-inflammatory species with distinct effects, which limits the fi-
delity of immune regulation. Taken together, these limitations imply
that, although the framework robustly captures macroscopic features
of disease progression, the underlying cellular mechanisms remain only
partially constrained and should therefore be interpreted with caution.

4.3. Future directions

Looking forward, several improvements could further enhance the
framework. On the biological side, incorporating macrophage hetero-
geneity (e.g., M1 pro-inflammatory and M2 anti-inflammatory pheno-
types) would allow the model to address regression and stabilization
processes that were outside the scope of the present study but are
highly relevant for therapeutic development. Rules for fibrous-cap com-
position and ECM turnover have already been implemented, but they
require dedicated validation against experimental data to increase con-
fidence in predictions of plaque vulnerability. Extending the framework
to incorporate calcification would also represent an important step to-
ward capturing more advanced lesion phenotypes. In addition, future
extensions could leverage molecular measurements when available. For
instance, transcriptomic or proteomic profiles of lesional tissue may pro-
vide independent constraints to inform macrophage polarization, vSMC
phenotypic switching, and inflammatory signaling intensity, thereby
reducing reliance on fitted rules and improving biological specificity.

From a hemodynamic and mechanical perspective, future work could
refine the representation of vascular loading and flow disturbance. In
particular, integrating complementary hemodynamic descriptors such as
OSI, RRT, or transWSS into the mechanobiological coupling equations
could provide a more nuanced representation of disturbed coronary
flow and help determine whether these indices improve predictive
performance beyond TAWSS alone. Likewise, coupling the framework
with models that compute wall stresses and strains could improve es-
timates of structural loading and cap rupture risk, while incorporating
coronary motion or fluid-structure interaction may further refine local
hemodynamic predictions.

In parallel, future work would benefit from a formal multiscale un-
certainty quantification strategy. While the CFD and mass-transport
submodels rely on previously validated formulations and calibration
was restricted here to selected ABM parameters, a component-wise
error decomposition coupled with global sensitivity analysis would
help quantify how uncertainties propagate across scales and identify
the dominant contributors to prediction error. Although the present
study performed calibration and validation at the cross-sectional level
to remain consistent with the dimensionality of the available NIRS-
IVUS and OCT measurements, future developments could explore full
3D calibration and validation strategies as volumetric compositional
datasets become available. Hybrid multiscale frameworks addressing
other vascular pathologies have successfully implemented full-artery 3D
calibration approaches [37,38], demonstrating the feasibility of such
strategies when volumetric ground truth is accessible. Extending the
present framework toward volumetric compositional validation would
enable direct assessment of longitudinal plaque evolution and further
strengthen its multiscale predictive capability. Finally, larger valida-
tion datasets combining long-term longitudinal imaging with molecular
characterization will be essential to better constrain intermediate cellu-
lar processes, reduce reliance on fitted parameters, and support future
translation toward patient-specific predictive applications.
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5. Conclusions

This validation study indicates that our multiscale hybrid
framework—combining 3D hemodynamics to compute TAWSS, 2D
mass transport to quantify LDL filtration and oxLDL accumulation
within the arterial wall, and an ABM to simulate the main cellular
events underlying atherosclerosis—can translate baseline hemody-
namic patterns into realistic predictions of stenosis progression and
wall thickening.

The simulations stratified arterial sectors according to their hemody-
namic exposure: low-TAWSS regions preferentially developed eccentric
wall growth, lumen narrowing, and lipid accumulation, whereas high-
TAWSS regions remained comparatively stable. The framework also
proved valuable in recapitulating the localization of lipid-rich seg-
ments and in predicting the emergence of necrotic cores in low-TAWSS
regions.

Overall, the results highlight the potential of such multiscale hy-
brid models as tools for preclinical research. With further validation and
targeted extensions—including improved calibration of cellular param-
eters, validation of ECM and fibrous-cap dynamics, and incorporation
of advanced lesion features such as calcification—the framework could
evolve into a predictive platform for patient-specific risk assessment and
for virtual testing of therapeutic strategies.
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