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A B S T R A C T

Multiscale agent-based modeling has shown promise in elucidating the mechanobiological 
mechanisms underlying atherosclerotic plaque formation and progression. However, the inte
gration of advanced models of low-density lipoprotein (LDL) transport in the lumen and across 
the endothelium with agent-based models (ABMs) of plaque growth remains underexplored. 
Furthermore, patient-specific applications are lacking.

This study introduces a novel agent-based modeling framework for atherosclerosis, integrating 
hemodynamics and LDL transport in the lumen through computational fluid dynamics simula
tions, a three-pore model of trans-endothelial LDL migration, and an ABM of lipid and cellular 
dynamics. For the first time, the framework was applied to a patient-specific coronary artery and 
validated against 1-year follow-up data. Furthermore, it was used to explore potential plaque 
evolution over 5 years and under elevated LDL concentration.

The calibrated model predicted the 1-year variation in wall area in two patient-specific coro
nary cross-sections with an error of less than 10%. Simulated scenarios indicated that variations 
in blood LDL concentrations can result in distinct plaque morphologies, from localized to diffuse 
patterns.

This study provided an innovative, advanced multiscale model of atherosclerotic plaque for
mation and progression. As the first patient-specific application of a multiscale agent-based 
modeling framework for atherosclerosis with initial validation, this study underscored the po
tential of the approach for deciphering the mechanobiological pathways driving coronary plaque 
progression. The developed model provided valuable insights into how the interplay between LDL 
transport and hemodynamics influences arterial wall cellular dynamics in a patient-specific 
context.
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1. Introduction

With approximately 8.9 million deaths annually worldwide, coronary artery disease (CAD) is the leading cause of vascular disease- 
related morbidity and mortality [1]. CAD is primarily caused by atherosclerosis, a chronic inflammatory disease that leads to the 
accumulation of fatty plaques in the arterial walls, narrowing the vessel lumen [2]. Atherosclerotic arterial remodeling occurs in two 
consecutive phases, known as Glagov’s phenomenon [3,4]: (i) initial outward compensatory enlargement, which maintains the lumen 
size despite plaque formation, and (ii) lumen narrowing, which begins when the plaque occupies 30-40% of the area enclosed by the 
internal elastic lamina [3]. Among the various biological, systemic, and biomechanical factors that influence the initiation and pro
gression of atherosclerosis, elevated plasma levels of low-density lipoproteins (LDL) are considered the primary driver of lesion 
development [2,5]. LDL infiltration and subsequent lipid accumulation in the arterial intima are hallmarks of early atherosclerosis [2,
6]. Animal and human studies suggest that atherosclerotic lesions commonly develop in regions where high LDL concentrations 
co-localize with near-wall flow disturbances, particularly low and disturbed wall shear stress (WSS) [7]. Hemodynamic disturbances 
impair endothelial function, increasing LDL uptake by the arterial wall and promoting atherogenesis [7–9].

Computational models have been proposed to study the critical role of LDL transport in both idealized and patient-specific arteries, 
including coronary [10], carotid [11], femoral arteries [12], and the aorta [13]. While these studies have contributed to elucidating 
some of the mechanistic links between disturbed hemodynamics and LDL intimal infiltration, most have overlooked arterial wall 
remodeling resulting from plaque growth [14]. Only a few studies have incorporated plaque growth into fluid-wall mass transfer 
models [12,15–21], providing a more accurate representation of the pathological process. These studies modeled the arterial wall as a 
continuum, using sets of partial differential equations to describe the dynamics of atherogenic species (e.g., LDL, inflammatory cells, 
cytokines, arterial cells). In contrast, multiscale agent-based modeling frameworks offer a more detailed representation of biological 
systems by incorporating morphological features, tissue heterogeneity, and the intrinsic randomness of biological phenomena [22]. 
However, the integration of LDL transport models in the lumen and across the endothelium with agent-based models (ABMs) of plaque 
growth remains underexplored [23], and patient-specific applications are lacking. In this context, the present study introduces a novel 
multiscale model that couples numerical simulations of hemodynamics and LDL transport with an ABM of arterial cellular dynamics. 
This approach enables the simulation of mechanobiological processes underlying atherosclerotic plaque initiation and progression in a 
patient-specific coronary artery. Building on a previous investigation [24], this study introduces several methodological 

Fig. 1. Multiscale computational framework. Starting from the coronary artery model, the framework (dashed red box) simulates plaque formation 
and progression over 1 year in a patient-specific left anterior descending coronary artery. The framework consists of three modules: (i) the he
modynamics module at the tissue-second scale, computing the time-average wall shear stress (TAWSS) through transient computational fluid dy
namics simulation, (ii) the low-density-lipoprotein (LDL) transport module at the tissue-second scale, computing the LDL trans-endothelial influx by 
combining a wall-free model and a three-pore model, and (iii) the tissue remodeling module at the cell-days scale, in which a bidimensional (2D) 
agent-based model (ABM) simulates plaque formation and progression in response to the TAWSS and the LDL influx, in three selected cross-sections 
(C, V1 and V2).
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advancements, integrating hemodynamics, LDL transport and agent-based modeling to simulate plaque growth and arterial wall 
remodeling. Furthermore, the proposed framework has been extended to patient-specific applications, including ABM calibration and 
model validation. Specifically, the present work introduces the following key methodological improvements over the previous study 
[24]: (i) transient computational fluid dynamics (CFD) simulations of blood flow, replacing the earlier steady-state approach; (ii) 
numerical simulation of LDL mass transport in the bloodstream, achieved by coupling CFD with advection-diffusion equations; (iii) a 
three-pore model of the endothelium that bridges the continuum description of LDL transport in the lumen with agent-based modeling 
of LDL infiltration into the arterial wall; (iv) an enhanced model of plaque growth that incorporates Glagov’s phenomenon to account 
for both compensatory enlargement and luminal narrowing; (v) refinements to agent activities, including the adoption of an optimized 
WSS-based input function—previously proposed and calibrated in our recent in-stent restenosis studies [25,26]—and the introduction 
of a lipid-induced inflammatory trigger influencing smooth muscle cell (SMC) and extracellular matrix (ECM) dynamics.

2. Methods

2.1. Multiscale framework

Fig. 1 illustrates the multiscale framework for atherosclerosis, adapted from a previous study by the research group [24], to 
incorporate (i) the effect of LDL concentration polarization at the lumen surface, computed via numerical simulation, (ii) LDL intimal 
infiltration, modeled using the three-pore theory to bridge the continuum-based description of LDL transport in the lumen with the 
agent-based LDL infiltration in the arterial wall, and (iii) Glagov’s phenomenon for arterial remodeling. Briefly, the framework takes a 
3D model of a coronary artery at baseline (T0) as input and it simulates hemodynamic- and LDL-driven plaque formation to generate 
the vessel geometry at 1-year follow-up (T1) as output. The framework integrates three key modules: (i) the hemodynamics module, 
which computes the WSS profile via CFD simulation, (ii) the LDL transport module, which includes a wall-free transport model to 
compute LDL polarization at the lumen surface and an adapted three-pore formulation to determine trans-endothelial LDL influx, and 
(iii) the tissue remodeling module, which uses a 2D ABM to simulate LDL intimal accumulation and the perturbed activity of intimal 
SMC and ECM in regions with low WSS and high LDL concentrations at the lumen surface.

The framework was applied to a patient-specific diseased left anterior descending (LAD) coronary artery, with an inlet lumen 
diameter of 6 mm, an outlet lumen diameter of 2.4 mm, and a length of 84 mm (Fig. 1) [27,28]. The LAD artery was imaged at T0 using 
computed coronary tomography angiography (CCTA) and intravascular ultrasound (IVUS), and at T1 by IVUS alone, as detailed in [28,
29]. The IVUS-derived variation in wall area (T1-T0) along the vessel centerline [27] was used to calibrate and validate the modeling 
framework at three selected cross-sections—the only regions that showed measurable arterial wall growth over 1 year of follow-up. 
Among them, one cross-section (C) was randomly selected for calibration, while the remaining two (V1 and V2) were used for vali
dation (Fig. 1).

2.1.1. Hemodynamics module

The 3D LAD geometry was reconstructed by combining CCTA and IVUS data as described elsewhere [30], and discretized using 
tetrahedral elements in the lumen and 30 layers of high-quality prismatic elements in the near-wall region, employing Fluent Meshing 
(Ansys Inc., Canonsburg, PA, USA) [13]. The Supplementary Materials provides further details on the boundary layer dimensions. 
Transient simulations of blood flow were performed using a finite volume code (Fluent, Ansys Inc.) with previously adopted CFD 
settings [27]. Blood was modeled as a homogeneous, incompressible Newtonian fluid with a constant density of 1060 kg/m3 and a 
dynamic viscosity of 0.0035 Pa⋅s [31]. A no-slip condition was applied at the arterial wall. In vivo ComboWire Doppler velocity 
measurements were used to derive the patient-specific inlet and outlet fluid dynamic boundary conditions [27]. Specifically, a 
parabolic time-dependent velocity profile was prescribed at the inlet, based on the most proximal Doppler velocity measurement. 
Flow-split was applied at the outlets, considering the difference between upstream and downstream Doppler velocity-based flow rate 
measurements. Details on the numerical schemes and convergence criteria are provided in the Supplementary Materials.

The simulation was run until the maximum local percentage difference in time-averaged WSS magnitude (TAWSS) between two 
consecutive cardiac cycles was less than 1%. At the end of the CFD simulation, the TAWSS profiles at the cross-sections C, V1 and V2 
were extracted for the ABM analysis.

2.1.2. LDL transport module
To simulate LDL transport within the lumen compartment, a wall-free model solving the advection-diffusion equation for LDL in 

flowing blood was employed. The CFD mesh detailed above was used and the LDL transport simulation was carried in ANSYS Fluent on 
top of the converged blood flow CFD simulation. LDL was assumed to be dissolved in the blood and treated as a passive, non-reacting 
scalar [27]. The following boundary conditions were imposed [13,27]: a uniform concentration profile at the inlet, set to the average 
value observed in the population that includes the investigated subject [28] (C0 = 2.84 mmol/L), a stress-free condition at the outlets, 
and a zero net LDL flux through the lumen surface, enforced via the mass conservation condition of Eq. 1: 

clsvls − Dl
∂cl

∂n
= 0, ∀x ∈ Γls, t > 0 (1) 

where cl and cls are the LDL concentrations in the lumen and at the lumen surface Γls, respectively, Dl = 5.983 ⋅ 10− 12m2s− 1 is LDL 

A. Corti et al.                                                                                                                                                                                                           Computer Methods in Applied Mechanics and Engineering 448 (2026) 118427 

3 



diffusivity in flowing blood, vls = 4 ⋅ 10− 8 m
s is the water filtration velocity at Γls. A uniform initial LDL concentration (C0) was applied 

to both the fluid domain and the lumen surface. The simulation was carried out until the maximum local percentage difference in 
normalized LDL concentration between two consecutive simulated cardiac cycles dropped below 1%. At the end of the simulation, the 
normalized LDL concentration (cls/c0) was extracted from the three cross-sections (C, V1, V2) for the ABM analysis.

To couple the wall-free transport model with the LDL influx in the ABM arterial wall, the three-pore model was adopted to represent 
the endothelium (Table 1) [32,33]. This model describes LDL transport through the endothelium via three mechanisms: the vesicular 
pathway (v), normal junctions (nj), and leaky junctions (lj), and embeds a WSS-dependent description of endothelial permeability. 
Specifically, the model was used to calculate the local LDL flux into the arterial wall Js, which serves as one of the inputs for initializing 
the ABM.

2.1.3. Tissue remodeling module
The tissue remodeling module involved a 2D ABM simulation in the MATLAB environment (MathWorks, Natick, MA, USA). It was 

used to simulate the atherosclerotic plaque development and arterial wall remodeling in response to TAWSS and the solute flux (Js) 
distributions. The general structure and working rules of the ABM are extensively detailed in previous studies [24,26,34]. Briefly, the 
ABM was implemented on a 350×350 hexagonal grid, with a scale factor of 37.5 µm per ABM site. The intima, media, and adventitia 
layers were defined using patient-specific lumen geometry, and circular internal elastic lamina, external elastic lamina, and outer 
border, along with layer thicknesses derived from literature [24,26]. Cells and ECM agents were distributed within the ABM according 
to layer-specific densities [24,35].

The ABM was initialized with inputs based on WSS and LDL (WSSinput and LDLinput, respectively), which determined the prob
abilistic behavioral rules of lipid and cellular activities (Table 2). WSSinput reflected the modulating effect of WSS on SMC dynamics, 
where increased synthetic and proliferative activities of SMCs occur in low WSS regions [36]. Specifically: (i) the TAWSS computed 
through the hemodynamic module was assigned to each lumen wall agent, (ii) a sigmoid function was applied to represent the inverse 
relationship between TAWSS and the hemodynamic triggering input (low TAWSS corresponds to a high input), and (iii) the input was 
propagated through the intima layer using a sinusoidal function (Table 2) [26]. LDLinput was defined as a normalized form of Js, 
calculated via the three-pore model, which depends on both the TAWSS and the LDL concentration at the lumen surface (Cl). To 
account for the inflammatory cascade triggered by lipid accumulation in the intima [37], an inflammatory state (I) was modeled in 
terms of a 2D Gaussian distribution, whose amplitude and intensity varied linearly with the lipid content in the intima (Table 2).

Probabilistic behavioral rules (Table 2) were defined to simulate LDL infiltration into the intima, cell mitosis/apoptosis, and ECM 
production/degradation, based on local levels of WSSinput, LDLinput and I. Specifically, the probability of LDL infiltration (ph

lip, the 
likelihood of a lumen wall site being an access point for LDL infiltration into the intima) increased in regions where LDLinput and I was 
higher. Proliferative and synthetic cellular activities (ph

division and ph
ECMproduction) were more pronounced in regions with higher WSSinput 

Table 1 
Three pore model equations.

Mass flux through the endothelium Js = PappCl

Total apparent permeability of the endothelium (Papp) Papp = Pv + Papp,nj + Papp,lj

Apparent permeability of the leaky junctions (Papp,lj) Papp,lj = PljZlj + Jv,lj
(
1 − σf,lj

)

Plj =
w2

3
4w∅
RCell 

σf,lj = 1 −

(

1 −
3
2

α2
lj +

1
2

α3
lj

)(

1 −
1
3

α2
lj

)

Zlj = Pelj/
(
ePelj − 1

)

Pelj =
[
Jv,lj
(
1 − σf,lj

)]
/Plj 

Jv,lj = Lp,lj Δpend 

Lp,lj =
w2

3μpllj
4w∅
RCell 

∅ =
#LC × πR2

Cell
Sunit 

#LC = 0.307+ 0.805 ⋅ (#MC)
#MC = 0.003797e14SI 

SI = 0.380e− 0.790TAWSS + 0.225e− 0.043TAWSS

Pv = 1.92× 10− 11m/s permeability of the vesicular pathway, Papp,nj = 0 apparent permeability of the normal junc
tions; Papp,lj apparent permeability of the leaky junctions (lj); Plj diffusive permeability; σf,lj solvent-drag reflection 
coefficient; Zlj fractional reduction factor in solute concentration gradient at the entrance of lj pore; Jv,lj volume flux; w 

= 20 nm half-width of lj; RCell = 15 μm radius of endothelial cell; αlj =
a
w 

with a = 11 nm (radius of LDL); Pelj 

modified Péclet number; Lp,lj hydraulic conductivity; Δpend = 2400 Pa pressure difference through the endothelium; llj 
= 2μm length of lj; μp = 10− 3Pa s plasma viscosity; #MC and #LC are the number of mitotic cells and leaky cells; Sunit 

= 0.64 mm2 periodic circular unit area; SI endothelial cells shape index; WSS (Pa) wall shear stress
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and I. In the media and adventitia layers, or in the intima layer when no external stimuli were present, baseline activities were set to 
maintain a balance between cellular mitosis and apoptosis, as well as ECM production and degradation. Parameter values were defined 
according to previous studies [24,26]. Additionally, parameters α2, α3, α7, α8 (Table 2) were calibrated to match observed arterial 
wall area variation over one year, as described in Section 2.2. Finally, parameters α5, α6 were related to parameters α2, α3 to balance 
ECM production relative to cell proliferation in the media layer, given the higher baseline ECM content compared to cellular content. 
Further details on the definition of probabilistic rule definitions can be found in previous studies [24,25,34].

The ABM simulation involves executing LDL and cellular activities at each time step. For LDL infiltration, 25% of lumen wall sites 
with ph

lip>0.0001 was processed per time step. These sites were ranked in descending order based on their probability, and they were 
designated as access sites for LDL if their probability exceeded a randomly generated number. If so, LDL entered the intima and was 
placed at a randomly selected site within a maximum distance of 6 sites from the access site. Once in the intima, LDL was treated as a 
lipid agent (i.e., the chemical processes LDL undergoes within the intima were not modeled). An aggregation algorithm was applied to 
promote lipid clusters formation: isolated lipids or clusters smaller than three lipids were identified and relocated to the nearest larger 
lipid cluster within a defined distance.

Regarding cellular activities, each agent was initialized with a random time within its biological cycle Tagent (Tcell=24 hours, 
TECM=4 hours), which was updated at each time step to ensure desynchronization of cellular activities [26,38]. When agents reached 
the end of their biological cycle, they became potentially active, and their internal time was reset at the next time step. At each time 
step, potentially active agents were identified, and agent-specific events (i.e., cell mitosis/apoptosis or ECM production/degradation) 
were tested. An event occurred only if the agent-specific event probability exceeded a randomly generated threshold. If the event was 
cell mitosis or ECM production, a new agent was generated, if the event was cell apoptosis or ECM degradation, the agent was removed.

LDL infiltration, along with the generation/removal of cells/ECM within the arterial wall, drives the reorganization of surrounding 
agents. Arterial wall remodeling was simulated by implementing (i) Glagov’s phenomenon in the intima, which involves a two-phase 
process — outward-oriented agent dynamics, followed by inward-oriented agent dynamics — and (ii) outward-oriented agent 

Table 2 
Agent-based model probability equations.

WSSinput D(TAWSS)i
= −

1
1 + eL1(TAWSSi − L2)

+ 1 

WSSinputh =

⎧
⎪⎨

⎪⎩

D(TAWSS)i lumen
∑

i
D(TAWSS)i

× Amp ×
(

1 + cos
(

π x
dist

))
intima

LDLinput
LDLinputi =

(
Jsi − Jsphysio

Jspatho − Jsphysio

)

⋅
(

Ci − Cmin

Cmax − Cmin

)

Inflammation
Ainf =

⎧
⎪⎨

⎪⎩

A0 +
Am

lipsat
• nlip 1 ≤ nlip ≤ lipsat

Amax nlip ≥ lipsat 

Intinf =

⎧
⎪⎨

⎪⎩

Int0 +
Intm
lipsat

• nlip 1 ≤ nlip ≤ lipsat

Intmax nlip ≥ lipsat

Intima dynamics
ph

division =

{
α1 + α2WSSinputh nlip = 0
α1 + α2WSSinputh + α3Ih nlip > 0

ph
apoptosis = α1

ph
ECMproduction =

{
α4 + α5WSSinputh nlip = 0

α4 + α5WSSinputh + α6Ih nlip > 0

ph
ECMdegradation =

α4

βint

Media/Adventitia dynamics ph
division = ph

apoptosis = α1

ph
ECMproduction = βmed/adv ⋅ ph

ECMdegradation = α4

Lipid infiltration
ph

lip =

{
α7LDLinputh nlip = 0
α7LDLinputh + α8Ih nlip > 0

Parameters α1 = 0.01; α2 = [0,0.2] TBC; α3 = [0,0.7] TBC; α4 = 0.0025; α5 =
α2

4 
α6 =

α3

4
; α7 = [0,0.5] TBC; α8 = [0,0.5] TBC 

βint = 1.55; βmed/adv = 2.5

Jsphysio= LDL influx computed through the three-pore model by considering WSS=1 Pa and C0=1.8 mmol/L; Jspatho= LDL 
influx computed through the three-pore model by considering WSS=0.4 Pa and C0=5.2 mmol/L; Cmin=1.8 mmol/L; 
Cmax=5.2 mmol/L; ph

division: probability of cell mitosis; ph
apoptosis: probability of cell apoptosis; ph

ECMproduction: probability of 

extracellular matrix (ECM) production; ph
ECMdegradation: probability of ECM degradation; I: inflammatory input; α1, α2, α3, 

α4, α5, βmed, βadv: parameters driving agent probabilities; TBC: To be calibrated.
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dynamics in the media and adventitia layers. According to Glagov’s phenomenon, lumen narrowing began once the area occupied by 
the growing atherosclerotic lesion reached 30% of the internal elastic lamina area (IEL) [39]. Therefore, at each time step, the stenosis 
value (stenosisGL) was calculated as follows [3]: 

stenosisGL(t) =
AIEL(t) − AIEL(0)

AIEL(t)
(2) 

where AIEL is the area of the IEL at time t and at the initial condition. Finally, smoothing algorithms were applied to maintain regular 
internal and external borders [25].

To account for ABM stochasticity, the simulation was repeated ten times, and the output minimizing the root mean square deviation 
of the lumen contour from the average was selected as the representative condition [24].

2.2. Agent-based model calibration and use-case scenarios

While the parameters used for the hemodynamics and LDL transport module were either derived from clinical measurements or 
from literature (as reported in Supplementary Table S1), the ABM parameters α2, α3, α7, α8 (Table 2) were calibrated by defining an 
optimization problem, as described in [25]. The goal was to: (i) minimize the difference between the simulated variation in wall area 
and the in vivo measurements, and (ii) maintain the physiological ECM/SMC ratio by imposing a final-to-initial ratio, ECM/SMCratio_int 
∈ [0.5 1.5], based on the assumption that the relative arterial ECM/cell composition cannot undergo extreme changes over time [25,
26,34]. Based on clinical data, the patient arterial wall area variation at 1 year was the only comparative data available in the cali
bration process. Mathematically, the objective and constraint functions were defined as follows: 

fA(x) =
⃒
⃒ΔAABM − ΔApatient

⃒
⃒ (3) 

fECM/cell(x) =
ECM/cell|1− year

ECM/cell|day 0

⃒
⃒
⃒
⃒
⃒
ABM

(4) 

where x is the vector of the ABM parameters; fA(x) is the optimization objective, with ΔAABM and ΔApatient being the cross-sectional 
variation of the wall area at 1 year predicted by the ABM and measured in the patient, respectively, and fECM/cell(x) is the 
constraint, expressed in terms of the 1-year normalized ECM/SMCratio_int predicted by the ABM. The constrained optimization problem 
was written as: 

Fig. 2. A) Time-average wall shear stress (TAWSS) and B) normalized low-density-lipoprotein concentration at the lumen surface and at the three 
selected cross-sections (C, V1, V2). Side branches are not shown.
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⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

min

x ∈ A
fA(x)

s.t :

⎧
⎪⎪⎨

⎪⎪⎩

0.5 < fECM/cell(x) < 1.5

A =

{
x = [α2, α3, α7, α8] : α2 ∈ [0, 0.2], α3 ∈ [0, 0.7], α7 ∈ [0, 0.5],

α8 ∈ [0, 0.5]

}
(5) 

The range of the ABM parameters was defined by considering extreme case scenarios, ensuring that the event probabilities did not 
exceed 1 [25]. The non-dominated sorting genetic algorithm (NSGA-II) was adopted (in MATLAB environment) to find the optimal 
solution.

For the calibration process, cross-section C of the 3D coronary artery model was selected, while the other two cross-sections V1 and 
V2 were used for validation by running the ABM with the parameter values identified in the calibration process. Once calibrated and 
validated, the model was used to explore predictions under two scenarios: a long-term follow-up period (5 years) and an elevated LDL 
concentration (C0 = 5.2 mmol/L) up to 1-year follow-up [17].

The Mann–Whitney U-test was applied to compare the wall area variation (ΔA) between the model and the patient case, with 
statistical significance set for p-values < 0.05. The statistical analysis was performed in MATLAB environment.

Fig. 3. A) 1-year arterial wall area variation (ΔA) in the three selected cross-sections (C, V1, V2) for the patient (p) and model (m) cases. As for the 
model case, results of ten simulations obtained by the calibrated agent-based model (ABM) are provided. B) ABM results at 6 months and at 1 year 
follow-up for the three selected cross-sections (C, V1, V2). For each cross-section, results were retrieved from one out of the ten ABM simulations, 
namely the one presenting the lumen configuration minimizing the root mean square deviation from the average one.
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3. Results

3.1. Model calibration and validation

Fig. 2 shows the TAWSS distribution and the normalized LDL concentration at the lumen surface, used to initialize the ABM of 
plaque formation and progression.

The calibration procedure for cross-section C identified the optimal ABM parameters vector x = [α2 = 0.013, α3 = 0.1, α7 = 0.05,
α8 = 0.05], which minimized the objective function while satisfying the constraint on fECM/cell, by performing 32 simulations. The ABM 

framework was then run using these optimal parameters. The goodness of the calibration was verified by performing ten simulations 
for cross-sections C, resulting in a 1.56% percentage difference between the ABM estimation and the real measurement for the 1-year 
ΔA. Similarly, ten simulations were run for cross-sections V1 and V2 to evaluate the model’s ability to predict the ΔA at 1 year. The 
model successfully predicted the median patient-specific 1-year ΔA, with percentage difference of 8.52% and 7.52% between the ABM 

Fig. 4. A) Arterial wall area variation (ΔA) along 5 simulated years in the three selected cross-sections (C, V1, V2), obtained by ten simulations of 
the calibrated agent-based model (ABM). B) ABM results at 1, 3 and 5 years of follow-up for the three selected cross-sections (C, V1, V2). For each 
cross-section, results were retrieved from one out of the ten ABM simulations, namely the one presenting the lumen configuration minimizing the 
root mean square deviation from the average one.
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estimations and the measurements, respectively. Fig. 3A presents the results of these simulations, showing the ΔA for cross-sections C, 
V1, and V2, along with comparisons to patient-specific data. Fig. 3B illustrates the ABM predictions at 6 months and 1 year of follow-up 
for each cross-section. In all three cross-sections, the increase in wall area led to outward expansion of the arterial wall without a 
reduction in lumen area (Glagov’s phenomenon). Indeed, the median stenosisGL levels at 1 year were 8%, 5%, and 9% for C, V1, and V2, 
respectively. Additionally, the ABM outputs showed asymmetric lipid plaque formation and intimal growth, localized in regions of low 
TAWSS and high LDL lumen polarization.

3.2. Long-term follow-up simulation

Over a 5-year follow-up, the calibrated ABM simulated a progressive increase in lipid content and intimal growth, resulting in a ΔA 
of 10-12 mm², compared to 1-1.5 mm² at 1 year (Fig. 4A). The remodeling process (Fig. 4B) exhibited outward arterial wall expansion 
up to year 3 in cross-sections C and V2, and up to year 5 for cross-section V1, which did not reach a stenosisGL of 30%. Cross-sections C 
and V2 exceeded this stenosis threshold at 3.5 years, reaching stenosisGL values of 50% and 54%, respectively, at 5 years. In contrast, 
cross-section V1 exhibited a stenosisGL of 31% at 5 years. Consistent with Glagov’s remodeling process, cross-sections C and V2 un
derwent lumen area reduction.

Fig. 5. A) 1-year arterial wall area variation (ΔA) in the three selected cross-sections (C, V1, V2), obtained by ten simulations of the calibrated 
agent-based model (ABM) in the high LDL scenario. B) ABM results at 6 months and 1 year of follow-up for the three selected cross-sections (C, V1, 
V2). For each cross-section, results were retrieved from one out of the ten ABM simulations, namely the one presenting the lumen configuration 
minimizing the root mean square deviation from the average one.
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3.3. Impact of high LDL concentration on simulation outcomes

Under high blood LDL concentrations, the 1-year ΔA increased significantly (p < 0.05) (Fig. 5A). Specifically, cross-section C 
showed a median ΔA of 2.62 mm², V1 of 3.60 mm², and V2 of 3.24 mm² (vs. 1.12 mm², 1.46 mm², 1.24 mm², respectively, in the 
baseline case). Although the 1-year ΔA in the high LDL scenario was similar to the 2-year variation in the baseline case, the intimal 
lipid content differed markedly between the two scenarios, as emerges comparing Figs. 4 and 5. At 1 year, the absolute lipid content in 
the high LDL case matched the levels observed at 4 years in the baseline scenario. However, the percentage of lipids in the intimal area 
was substantially higher in the high LDL case, reaching 35% at 1 year, compared to 19% at 4 years in the baseline case (a percentage 
that remained stable at 5 years). Additionally, the spatial distribution of lipid content within the intima differed between the two 
scenarios. In the high LDL concentration case, lipid clusters were more diffusely distributed along the circumferential direction. This is 
likely due to the relationship between lipid influx and intimal growth rate, which promotes a circumferential lipid organization as a 
consequence of the limited intima thickness.

4. Discussion

The present study marks an advancement in the multiscale mechanobiological modeling of atherosclerosis, introducing an agent- 
based modeling framework for coronary plaque progression that incorporates a sophisticated description of LDL transport through the 
endothelium, replacing previous phenomenological assumptions with a mechanistic approach of higher biological fidelity. To the 
authors’ knowledge, this is the first proof-of-concept application of such a framework in a patient-specific case, with initial validation.

Unlike previous agent-based modeling frameworks of atherosclerosis [24,40], which relied on simplified WSS-dependent proba
bilistic rules to estimate LDL infiltration, the present study adopts a physics-based approach that explicitly models both LDL transport 
in flowing blood and endothelial permeability. Specifically, LDL transport within the lumen is simulated through a mechanistic 
advection-diffusion model, while trans-endothelial flux is described through a three-pore model accounting for vesicular pathways, 
normal junctions, and leaky junctions. This integrated framework enables precise computation of LDL concentrations at the lumen 
surface and mechanistic estimation of LDL influx into the intima, thereby effectively bridging continuum-scale hemodynamics with 
ABM-driven arterial wall dynamics. While three-pore models have been widely employed to investigate trans-endothelial transport 
mechanisms [14], their integration into ABMs is relatively recent [23]. The strategy proposed in this study therefore represents a novel 
step toward multiscale, biologically faithful modeling of atherosclerosis. In addition, the present ABM incorporates biologically 
informed tissue remodeling dynamics. Notably, Glagov’s phenomenon was included to capture compensatory outward remodeling 
phase that precedes lumen narrowing. Furthermore, a lipid-driven inflammatory input was introduced to represent the downstream 
inflammatory cascades influencing SMC and ECM behavior. Cellular dynamics were refined through the use of a WSS-dependent 
sigmoidal function calibrated on patient-specific data [25], thereby enhancing biological realism compared to the earlier ABM of 
atherosclerosis [24]. Overall, the present approach introduces substantial advancements over the previously developed framework 
[24], addressing key limitations such as the reliance on simplified lipid infiltration rules, the lack of compensatory remodeling 
mechanisms, and the absence of lipid-driven inflammatory signaling. The current hybrid framework integrates physics-based LDL 
transport, compensatory arterial remodeling, and inflammation-driven dynamics, yielding a more mechanistic and biologically 
grounded representation of disease progression. While these advancements come with an increased computational cost, they markedly 
enhance biological interpretability and predictive capability, making the model more suitable for hypothesis testing and potential 
translational applications.

Differently from the hybrid approach proposed here, fully-continuum modeling frameworks have been developed to integrate fluid 
dynamics, LDL transport in the lumen, through the endothelium and in the arterial wall, and plaque growth models [15,16,20,41]. 
These fully-continuum frameworks solve transport equations for LDL, inflammatory species, and SMCs while incorporating plaque 
growth models that depend on species accumulation, ultimately resulting in remodeled vessel geometries over time. Although the 
quantitative results (e.g., plaque growth extent and lumen narrowing) from fully-continuum and hybrid frameworks may be similar, 
outcomes such as spatial species distributions and morphological features differ significantly. The approach proposed here uniquely 
embeds the intrinsic randomness of biological systems and captures morphological details and tissue heterogeneity that are often 
missed by fully-continuum models, such as lipid core formation, irregular arterial wall and plaque shapes, and tissue heterogeneity.

The application of the present framework to a patient-specific coronary artery, along with its validation and explored use-case 
scenarios, underscores its potential as a platform for deciphering the mechanobiological pathways driving coronary plaque progres
sion. Additionally, it offers a valuable tool for hypothesis generation and virtual population creation for in-silico trials (e.g., drug 
testing). The calibrated model predicted ΔA at 1 year in two patient-specific coronary cross-sections with an error of less than 10%. At 
1 year, the remodeling process appeared characterized by small plaque formation and dominant outward remodeling, consistent with 
Glagov’s phenomenon [3,4]. However, the 5-year simulation estimated potential patient-specific plaque evolution, suggesting in
creases in lipid core size and intimal thickness, ultimately leading to lumen area reduction due to sustained remodeling.

Additionally, the high blood LDL concentration scenario resulted in faster and more diffuse plaque growth. The model suggests that 
an increased LDL influx rate leads to a higher lipid-to-cell ratio in the intima, with an equivalent absolute lipid content, and promotes a 
more circumferential lipid distribution due to the intima’s limited thickness. These findings should be validated through in vitro or in 
vivo experiments to confirm the predicted relationship between LDL influx, lipid organization, and intimal thickness. Such validation 
would further demonstrate the framework’s value as a powerful hypothesis-generating tool. By providing predictions, the model can 
guide experimental designs and drive targeted investigations into the mechanisms of plaque development and lipid dynamics, bridging 
computational modeling with empirical research.
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Despite its contributions, this study suffers from limitations. First, only one patient was considered to initially validate the proposed 
multiscale model. It must be noted that the present study focused on the development of a novel, complex and sophisticated meth
odology for modeling atherosclerotic plaque formation and progression. Thus, the patient-specific application served as a proof-of- 
concept aimed at demonstrating the potential applicability of the proposed solution to real-case scenarios. Future efforts will be 
devoted on the validation on more patient-specific cases. Second, only three cross-sections of a patient-specific coronary artery were 
analyzed using the ABM, as these were the only regions exhibiting a plaque growth over the 1-year follow-up. While this choice is 
consistent with the proof-of-concept nature of the study, future applications should, where data are available, incorporate a broader set 
of regions with arterial wall growth to more thoroughly assess the model’s robustness. Additionally, to improve model generalizability 
and extend its applicability to vessel segments exhibiting wall thinning, future work should aim to investigate and integrate 
mechanobiological rules governing plaque regression, a phenomenon that is not currently captured, in the present framework. Third, 
validation was based solely on changes in arterial wall area. While this macroscopic validation implicitly supports the underlying 
mechanobiological rules, direct validation at the tissue composition or lipid content level would more robustly confirm the hypoth
esized cell-lipid dynamics and interactions driving plaque progression. With baseline and follow-up data detailing arterial wall 
composition (e.g., near-infrared spectroscopy), a multi-objective calibration could be conducted, including lipid content or plaque size 
alongside wall area variations. Nevertheless, it is important to emphasize that validating the model using the currently available 
patient-specific data, which include IVUS and CCTA imaging at multiple time points as well as blood velocity measurements, is itself a 
significant achievement, as such comprehensive longitudinal datasets are rare in clinical practice. Fourth, the three modules of the 
framework were coupled in a one-way fashion, with hemodynamic results from the CFD simulations serving as input to the ABM, while 
feedback effects of plaque growth on local hemodynamics were not considered. Although a two-way coupling framework has been 
previously developed and applied by our group for both atherosclerosis and restenosis applications [24–26,34], it was not imple
mented here for two main reasons: (i) within the 1-year follow-up considered for validation, Glagov’s phenomenon led to outward 
remodeling without lumen narrowing, thereby minimizing hemodynamic alterations; and (ii) inward remodeling and associated 
lumen reduction were observed only in an exploratory long-term simulation (after ~3.5 years for sections C and V2), for which no 
patient data were available for comparison. In this context, incorporating two-way coupling would have significantly increased 
computational cost without altering the main findings or interpretation of the proof-of-concept scenario. Nevertheless, we acknowl
edge that iterative coupling could modestly affect the timing of long-term predictions, such as delaying plaque progression beyond 3.5 
years, and represents a valuable improvement to pursue in future studies. Finally, plaque structural stress was not considered, despite 
its known association with compositional changes linked to vulnerability phenotypes [42]. Future work could integrate finite element 
analysis into the CFD-ABM framework, as done in [34]. This would enable the estimation of local plaque structural stress distributions 
and the exploration of its potential role in driving the mechanobiological rules within the ABM.

5. Conclusions

This study introduces a novel multiscale agent-based modeling framework for atherosclerosis, integrating LDL transport in the 
lumen through CFD simulations, a three-pore model of trans-endothelial LDL migration, and an ABM of lipid and cellular dynamics. 
The framework was applied to a patient-specific coronary artery and validated against follow-up data, significantly advancing the state 
of the art in modeling the mechanobiological pathways driving plaque growth. It provides valuable insights into LDL- and WSS-driven 
cellular dynamics in a patient-specific context. The simulated scenarios indicated that varying blood LDL concentrations can result in 
distinct plaque morphologies, ranging from concentrated to diffuse shapes. By enabling virtual experiments, the framework demon
strated its potential to accelerate scientific discovery by generating hypotheses that can guide or inform targeted in vitro or in vivo 
research.
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