Computer Modeling in & Tech Science Press
Engineering & Sciences ]

D0i:10.32604/cmes.2025.067039

ARTICLE Check for

updates

Computational Modeling to Predict Conservative Treatment Outcome for
Patients with Plaque Erosion: An OCT-Based Patient-Specific FSI Modeling
Study

Yanwen Zhu"’, Chen Zhao™", Yishuo Xu’, Zheyang Wu’, Akiko Maehara’, Liang Wang,
Dirui Zhang’, Ming Zeng’, Rui Lv’, Xiaoya Guo’, Mengde Huang', Minglong Chen’, Gary S. Mintz’,
Dalin Tang""", Haibo Jia’ and Bo Yu”"

'School of Biological Science and Medical Engineering, Southeast University, Nanjing, 210096, China

*State Key Laboratory of Frigid Zone Cardiovascular Diseases (SKLEZCD), Key Laboratory of Myocardial Ischemia, Chinese
Ministry of Education, Department of Cardiology of the Second Affiliated Hospital, Harbin Medical University, 246 Xuefu Road,
Nangang District, Harbin, 150086, China

3Mathematical Sciences Department, Worcester Polytechnic Institute, Worcester, MA 01609, USA

“The Cardiovascular Research Foundation, Columbia University, New York, NY 10022, USA

>Department of Cardiac Surgery, Shandong Second Provincial General Hospital, Jinan, 250022, China

8School of Science, Nanjing University of Posts and Telecommunications, Nanjing, 210023, China

"First Affiliated Hospital, Nanjing Medical University, Nanjing, 210029, China

*Corresponding Authors: Dalin Tang. Email: dtang@wpi.edu; Bo Yu. Email: yubodr@163.com

*These authors contributed equally to this work

Received: 23 April 2025; Accepted: 08 July 2025; Published: 31 August 2025

ABSTRACT: Image-based computational models have been used for vulnerable plaque progression and rupture
predictions, and good results have been reported. However, mechanisms and predictions for plaque erosion are under-
investigated. Patient-specific fluid-structure interaction (FSI) models based on optical coherence tomography (OCT)
follow-up data from patients with plaque erosion and who received conservative antithrombotic treatment (using
medication, no stenting) to identify risk factors that could be used to predict the treatment outcome. OCT and
angiography data were obtained from 10 patients who received conservative antithrombotic treatment. Five participants
had worse outcomes (WOG, stenosis severity > 70% at one-year follow-up), while the other five had better outcomes
(BOG, stenosis severity < 70% at one-year follow-up). Patient-specific 3D FSI models were constructed to obtain
morphological and biomechanical risk factor values (a total of nine risk factors) for comparison and prediction. A
logistic regression model was used to identify optimal predictors with the best treatment outcome prediction accuracies.
Our results indicated that the combination of wall shear stress (WSS), lipid percent, and thrombus burden was the best
group predictor according to the mean area under the curve (AUC) of 0.96 (90% confidence interval = (0.85, 1.00)).
WSS was the best single predictor with mean AUC = 0.70 (90% confidence interval = (0.20, 1.00)). Thrombus burden
was the only risk factor showing statistically significant group difference, suggesting its crucial role in the outcomes of
conservative anti-thrombotic therapy. This pilot study indicated that integrating morphological and biomechanical risk
factors could improve treatment outcome prediction accuracy in patients with plaque erosion compared to predictions
using single predictors. Large-scale patient studies are needed to further validate our findings.

KEYWORDS: Plaque erosion; fluid-structure interaction; optical coherence tomography; wall shear stress; anti-
thrombotic therapy
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1 Introduction

Image-based computational models have been used for vulnerable plaque progression and rupture
predictions, and good results have been reported [1-5]. Initial research showed that flow wall shear stress
(WSS) and local fluid dynamics are associated with plaque progression [6-10]. Mechanisms and predictions
for plaque erosion are under-investigated. Some pioneering computational fluid dynamics (CFD) papers
for plaque erosion have been published, indicating that WSS conditions may be related to plaque erosion
[11-14]. Fluid-structure interaction (FSI) models for plaque erosion are lacking in the current literature.
With the acceptance of conservative antithrombotic therapy (non-stenting) for patients with plaque erosion,
clinicians, patients, and researchers faced two challenging questions: (1) Which patient group would get a
better outcome from the conservative treatment? (2) Which risk factors and prediction methods could be
used to predict the treatment outcome? The objective of this paper was to introduce FSI models based on
optical coherence tomography (OCT) follow-up data from patients with plaque erosion and who received
conservative antithrombotic treatment (using medication, no stenting) to identify risk factors that could be
used to predict the treatment outcome. This would also help to differentiate patients with better outcome
(BOG, diameter stenosis (DS) < 70% at follow-up, no stenting needed) from patients with worse outcome
(WOG, DS > 70% at follow-up, revascularization interventions such as stenting still needed). We would like
to show that combining multiple risk factors could have better prediction accuracy for treatment outcome
than single predictors. We are advancing the CFD approach for plaque erosion in the current literature to the
FSI approach so that our investigation would include both structural stress and strain and flow shear stress,
and may lead to a better understanding of mechanisms linked to plaque erosion. The research is novel since
our methods would help to predict clinical conservative treatment outcomes and identify patients who may
benefit from conservative medication treatment without stenting.

Acute coronary syndrome (ACS) involves a group of conditions where blood flow to the heart muscle
is suddenly reduced, leading to unstable angina and possible heart attack (myocardial infarction), with
major underlying mechanisms including plaque rupture and plaque erosion [15]. Autopsy and intravascular
OCT studies revealed that ~30% to 40% of ACS cases were caused by plaque erosion [16-18]. Stenting is a
popular treatment strategy for ACS patients. However, it is expensive and involves high risk and subsequent
complications. One big question for clinical practice is: can doctors use conservative treatment (using
medication) for ACS patients and avoid stenting? Conservative antithrombotic therapy is a treatment that
prevents or treats blood clots or thrombosis using medications without stenting. OCT has a high resolution
(10~20 pm), allowing it to identify plaque erosion and rupture in vivo [19]. Plaque erosion usually has
intact fibrous caps, large lumen diameters, and white thrombus with rich platelets, different from plaque
rupture [20-23]. Several studies suggested that conservative anti-thrombotic therapy without stenting may
be effective for ACS patients with plaque erosion [22,24]. Prati et al. compared ACS patients with plaque
erosion treated with conservative anti-thrombotic therapy and stenting and their findings revealed that
both groups remained asymptomatic at the two-year follow-up, indicating that conservative anti-thrombotic
therapy was as efficacious as stenting [25].

The EROSION study (Effective Anti-Thrombotic Therapy Without Stenting: Intravascular Optical
Coherence Tomography-Based Management in Plaque Erosion, PIs: Yu & Jia) was a single-center project to
assess the safety and feasibility of conservative treatment avoiding stenting in erosion-related ACS culprit
lesions [26,27]. At one-year follow-up, while some patients exhibited favorable clinical outcomes (DS < 70%),
some other patients had less desirable outcomes (DS > 70%) and needed treatment with stenting [26,27].
In response to the inconsistent outcome of conservative anti-thrombotic therapy on patients, clinicians and
researchers would like to find patient characteristics and risk factors to identify patients who are more
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suitable to receive conservative treatment. Computational models and predictive methods to achieve those
goals are lacking in the current literature.

Image-based modeling for vulnerable plaques has become an important and useful tool in recent years,
and a good review can be found in [28]. Patient-specific 3D FSI carotid and coronary plaque models based
on in vivo image data were first introduced in the early 2000 s with new mesh generation and geometry pre-
shrink and stretch techniques [29]. It has been demonstrated that plaque regions experiencing high plaque
wall stress (PWS) correlated with compositional alterations indicative of increased plaque vulnerability,
whereas areas with low WSS were associated with more plaque growth in progressing regions [2,12,13,30].
Plaque erosion became a more active research focus recently due to the development of OCT imaging,
which made identification of plaque erosion in vivo possible, and a recent review can be found in [28,31-33].
McElroy et al. constructed CFD models of 17 patients with OCT-defined plaque erosion to investigate the
flow environment permissive for plaque erosion and found that the majority of erosions occurred where
the endothelium is exposed to elevated flow shear stress conditions [11]. Franck reviewed recent literature
related to plaque erosion and indicated that neutrophils may promote thrombosis and platelet activation [34].
Hakim et al. investigated the correlation between plaque erosion and WSS by comparing eroded plaques
and stable plaques, and their results showed that eroded plaques had higher WSS and WSS gradient [31].
Ahmed et al. used CFD models to investigate the relationship between endothelial shear stress (ESS) and
culprit lesion proinflammatory/proatherogenic cell activities in coronary plaque erosion in patients with
ACS. Their results showed that eroded plaques were associated with low ESS and high ESS gradient [32].
Those findings demonstrated the importance of biomechanics for erosion research. It should be noted that
CFD models were limited to fluid mechanics, and the role of solid mechanics and the interaction between
solid and fluid models could not be included. Plaque erosion happens on the lumen surface where both flow
forces and structural stress/strain are involved in the process. FSI models could be used for the study of plaque
erosion to find out if structure stress and strain do play a role in the erosion process. Wang et al. constructed
OCT-based patient-specific FSI models with different thrombus volumes and showed that thrombus volume
would elevate WSS and impact coronary hemodynamics and solid mechanics conditions [35]. Zhu et al.
made 3D FSI models of coronary plaques with and without erosion and tried to predict which plaques were
likely to have erosion. They found that plaques with erosion had higher WSS values (in agreement with prior
publications). In addition to that, their results indicated that combining biomechanical and morphological
risk factors could help better identify patients with potential plaque erosion [33]. These studies suggested
that solid mechanics also has an impact on plaque erosion, which provided a new perspective for the study
of plaque erosion.

In this paper, FSI models were introduced based on OCT follow-up data from patients who received
conservative antithrombotic therapy to identify risk factors which could be used to differentiate patients
who do not need further stenting (DS < 70% at follow up, conservative treatment considered successful)
from patients who still need revascularization interventions such as stent implantation (DS > 70% at follow
up). In the current clinical guidelines, a stenosis degree of 70% is recommended as the standard for whether
patients need to undergo revascularization interventions such as stent implantation. While DS < 70% is
for the No-Stenting group and DS > 70% is for the Stenting group, for simplicity, Better-Outcome-Group
(BOG, DS < 70%) and Worse-Outcome-Group (WOG, DS > 70%) were used in this paper as shorter
notations. Ten sets of OCT and angiography data (5 for BOG; 5 for WOG) were obtained at baseline
and one-year follow-up. Patient-specific 3D FSI models were constructed using baseline data to obtain
morphological and biomechanical risk factor values for comparison and prediction analyses. A logistic
regression model was used to identify optimal predictors for conservative antithrombotic therapy outcome
and obtain prediction accuracies.
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This study has the following novelties: (1) To the best of our knowledge, this should be the first
publication identifying morphological and biomechanical risk factors and using them to predict the con-
servative treatment for patients with plaque erosion, which will further optimize secondary prevention for
patients with plaque erosion; (2) By using patient-specific 3D models with fluid-structure interactions, we
demonstrated that combining morphological factors, plaque wall stress and strain and wall shear stress would
lead to better prediction accuracies for treatment outcome, which provides evidence for the development of
intervention strategy in the mechanical perspective. This is only a pilot study and further large-scale studies
are needed to validate our findings.

2 Data, Model, and Methods
2.1 OCT and Angiography Data Acquisition and Patient Group Division

De-identified data from 10 patients (mean age 52; 9 m) with plaque erosion and treated by conservative
anti-thrombotic therapy using medication without stenting (called conservative treatment thereafter) were
selected from the EROSION study for this research. The inclusion criteria of the EROSION study were
briefly summarized as follows: (1) ACS patients aged 18 to 75 years; (2) Culprit lesion located in a native
coronary artery; (3) Thrombolysis in myocardial infarction (TIMI) flow grade 3 with diameter stenosis < 70%
on angiography; (4) Plaque erosion identified by OCT. Angiography and OCT imaging were performed at
baseline and one-year follow-up. For the 10 patients, 5 patients had diameter stenosis (DS) > 70% (WOG, or
Stenting-Group, see an example in Fig. 1) and received further treatment with stenting, while the other 5 had
diameter stenosis (DS) < 70% (BOG, or No-Stenting-Group, see an example in Fig. 2) and the conservative
treatment was considered successful. Patient demographic data are shown in Table 1. All participants in the
EROSION study provided written informed consent, and the study was approved by the Ethics Committee
of the Second Affiliated Hospital of Harbin Medical University (Harbin, China, IRB number KY2014-001).

(a) Angiography and OCT slices of a sample patient from WOG at baseline.

1 year Follow-up

Figure 1: Angiography and selected OCT slices from a sample patient in WOG. At one-year follow-up, angiogram
(lower left) showed a 75% stenosis, and serial OCT images showed significant lesion progression. A-D and A2-D2
marked matched OCT slice locations
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(a) Angiography and OCT frames of a sample patient from BOG at baseline.
L ——

1 year Follow-up

Figure 2: Angiography and selected OCT slices from a patient in BOG. At one-year follow-up, angiogram (lower left)
showed a 42% stenosis, and serial OCT images showed significant lesion progression. A-D and A2-D2 marked matched
OCT slice locations

Table 1: Patient demographic and group information

Group Patient Age Gender BP (mmHg) DS (BL,%) DS (1-Year FU, %) Vessel

P1 42 M 110/60 55.0 73.0 LAD

p2 41 M 97/56 53.0 71.0 LAD

wWOG P3 56 M 106/57 32.0 75.0 LAD
P4 43 M 132/90 59.0 76.0 LAD

P5 65 M 127/81 38.0 72.0 LAD

P6 55 M 110/70 52.0 44.0 LAD

p7 46 M 136/88 52.0 45.0 LAD

BOG P8 59 F 121/71 41.0 42.0 LAD
P9 67 M 125/80 53.0 33.0 LAD

P10 46 M 93/63 50.0 21.0 LAD

Note: BP = Blood pressure; DS = Diameter stenosis severity; BL = Baseline; FU = Follow-up; M = Male; F
= Female; LAD = Left anterior descending; WOG = worse outcome group; BOG = better outcome group.

2.2 Image Acquisition, Segmentation, Co-Registration, and 3D Reconstruction

The OCT images were acquired in the culprit vessel with a frequency-domain OCT system (C7-XR or
ILUMIEN OPTIS, St. Jude Medical, St. Paul, MN, USA) with the OCT catheter (C7 Dragonfly™; LightLab
Imaging Inc./St Jude Medical, Westford, MA, USA). The OCT catheter was deployed in the distal segment of
the infarct-related vessel to the culprit lesion. The images were acquired using automated pullback at 20 mm/s
(C7-XR, 100 frames/s) or 36 mm/s (ILUMIEN OPTIS, 180 frames/s). OCT image analysis was performed
using the Offline Review Workstation (St. Jude Medical). OCT plaque segmentation was done manually by
two independent investigators blinded to each other using the plaque classification method proposed by Jia
and his co-workers [17]. For segmentations from the two people with differences greater than 10%, a senior
investigator (also blind to the previous two) would perform the segmentation again. The final results were
then determined by the senior investigator. Segmented vessel tissue and plaque components included fibrous
tissues, lipid core, calcification and thrombus. In addition to these components of atherosclerotic plaques,
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lumen and media-adventitia boundary (external elastic membrane, EEM) were also segmented and used as
vessel inner- and outer-boundaries, respectively.

The vessel centerline was obtained from X-ray angiography using Image] v1.54h software. Coronary
angiography was performed through a radial or femoral access with the use of a 6F or 7F sheath after
intracoronary administration of 100-200 mg nitroglycerin.

Co-registration between OCT slices and angiogram was conducted to identify OCT slice locations
on the vessel centerline. That was necessary for 3D FSI model construction. Details of the co-registration
process can be found in [35]. Primarily, the information on vessel branches and stenosis was used for
registration. Based on branch information, the OCT slices with branches were identified and matched with
the corresponding locations of the branches in the angiogram. The same method was applied to assist in
co-registration between OCT and angiogram based on stenosis (vessel narrowing) information. For vessel
3D reconstruction, segmented OCT slices were placed vertically along the centerline using co-registration
information [29]. In practice, once the locations of the beginning and ending slices were determined, all
the other slices would be placed evenly along the vessel centerline. Fig. 3 shows selected OCT slices from a
sample plaque with corresponding contours segmented based on the criteria above. Since this is a follow-
up study investigating the outcome of patients who received conservative treatment (called anti-thrombotic
therapy), we removed thrombus components from the baseline OCT images to get the vessel geometry after
anti-thrombotic treatment [27].

(a) Selected OCT slices with segmented contours of lumen, thrombus, ca, and the leading edge of the lipid.

(b) Segmented OCT contours with thrombus.
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(c) Segmented OCT contours with thrombus removed for model constructlon.

T e EEm ¥ e, /7
(D GO CON DD () () 7
Lss /o (s /) ) ((si8)) [{s30)] [ \s22) /)
W S6 /n) W\ S8/J]] \l S16 )] (( S18 ) | S30 ) .S32 | N\, S41 )
\ / / V \\&‘/ 74 \\"\.x N 4] \~/ R“_//“ N o )
P o5 it/ oo =/ \_ S }\ /
Lumen Lipid Calcification Outer-boundary
(d) Angiography frame. (e) Reconstructed vessel 3D geometry. (f) Plaque stress and flow velocity plots
—_— Flow —p-
Inlet /
Outlet o -]
Inlet S41 Outlet S1 Min Universal Scale Max

Figure 3: Selected OCT slices and angiography from a sample patient with plaque erosion and 3D geometry recon-
struction. (a) Selected OCT slices with segmented contours of the lumen, thrombus, calcification, and the leading edge
of the lipid; (b) Segmented OCT contours with thrombus. (c) Segmented OCT contours with thrombus removed for
model construction. (d) Angiography frame. (e) Reconstructed vessel 3D geometry. (f) Plaque stress and flow velocity
plots. Green line: lipid contour; Blue line: vessel lumen and outer boundary; Magenta line: thrombus contour; Black
line: calcification contour
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2.3 The 3D FSI Model and Model Construction Procedures

In this study, 3D patient-specific FSI models were constructed to obtain plaque wall stress (PWS),
plaque wall strain (PWSn), and wall shear stress (WSS) values for analysis and prediction of anti-thrombotic
therapy outcome.

FSI models may help to investigate the impact of full biomechanics on the conservative antithrombotic
therapy outcome without stenting. Plaque erosion happens on the lumen surface where plaques are exposed
to the blood, and both flow forces and structural stress/strain may be involved in the erosion process.
In the current literature, CFD models have been popular for plaque erosion investigation. However, CFD
models only consider fluid mechanics, neglecting the role of solid mechanics and the interaction between
solid and fluid models. Using FSI models for the study of plaque erosion, we are adding structural stress
and strain in our investigation to find their roles in the erosion process. We could investigate all the risk
factors (morphological, solid, and flow risk factors) which may influence the outcome of the conservative
antithrombotic therapy treatment and identify those which could be used to predict the treatment outcome
trom the perspective of solid and fluid mechanics and plaque morphological characteristics.

For the structural models, vessel wall and plaque components were assumed to be hyperelastic, nearly
incompressible, and homogeneous. Vessel fibrous tissues were assumed to be anisotropic, while plaque
components (mainly lipid-rich core and calcification) were assumed to be isotropic. Modified Mooney-Rivlin
material models were used to describe the material properties. The strain energy density functions are shown
below:

W = Wiso + Waniso (1)
Wiso = ¢1(li =3) + c2 (I = 3) + Dy [exp (D2 (I = 3)) — 1] )
Waniso = % {exP [KZ(I4 - 1)2] - 1} (3)
Il:Z(Cii);Iz=1/2[112_Cijcij] (4)

where C = [C;;] = X" X is right Cauchy-Green deformation tensor. X = [ X;;]| = 9x;/0a;, (a;) is the original
position, (x;) is the current position. I; and I, are the first and second invariants of C. C;, D;, and K; are
material parameters, Iy = C;; (nc); (1) ;> and n is the unit vector in the circumferential direction of the
vessel. Material constants of anisotropic and isotropic Mooney-Rivlin models from existing literature were
used: Lipid: ¢; = 0.5 kPa, ¢; = 0 kPa, Dy = 0.5 kPa, D, = 1.5; Calcification: ¢; = 920 kPa, ¢, = 0 kPa, D; = 360
kPa and D, = 2.0; Vessel/Fibrous tissue: ¢; = —515.6 kPa, ¢, = 45.05 kPa, D, = 247.3 kPa, D, = 2.0, K; = 14.1kPa,
K, = 23.5. The values are consistent with the data available in the literature [35,36], and the material curves
are shown in Fig. 4.

For the flow model, blood was assumed to be laminar, viscous, incompressible, and Newtonian. No-
slip boundary and force balance conditions were imposed on the blood-vessel and vessel-plaque component
interfaces. The arbitrary Lagrangian-Eulerian Navier-Stokes equations were used in the model to handle the
freely moving boundaries. The complete FSI model is given below [29]:

u
o (51 + ((e-us) 9)u) = ~vp+ uvs ©)
V-u=0 (6)
85,. aaij 12123 . )
— = =T »>L)=1L4,5 m T
pat2 axj j sum over j
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Y 2 (aai aa] aa,- aa] J ( )
_ifow aw o
E 2 as,-j asj,-
Oij* njlouterfboundary =0 (10)
O-irj ’ nj'interface = O'isj ’ nj|interface (11)
ov du
u|r = a’ $|inlet, outlet =0 (12)
(13)

P|inlet = Pin (t) ’P’outlet = Pout (t)

where u and p are fluid velocity and pressure, y is the dynamic viscosity, u, is the mesh velocity, v is the
solid displacement vector, I' represents blood-vessel interfaces, ¢ is the stress tensor (superscripts indicate
different materials), ¢ is the strain tensor, a is the initial location, x is the location after deformation, W is
the strain energy function (given by Eq. (2) or Eq. (3)), n is normal vector, the superscripts r and s indicate
different materials. P;, and P, represent the pressure at the inlet and outlet of the vessel segment. Patient-
specific arm pressure values were used to prorate pressure profile from the literature to generate inlet pressure
curve. Fig. 5 gave the model pressure conditions imposed at the inlet and outlet from a sample patient. The
outlet pressure was adjusted to produce flow rate matching the flow rate obtained from angiography data.
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Figure 4: Stress-stretch curves derived from Mooney-Rivlin models of fibrous tissues, lipid, and calcification used in
finite element modeling. o.: Circumferential stress; o,: Axial stress
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Figure 5: Pressure conditions imposed at the inlet and outlet for a sample patient
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Since plaques have complex geometries with component inclusions, a finite element mesh could not be
generated automatically by ADINA (Adina R & D, Watertown, MA, USA), which is a commercial software
used to solve our FSI models. A finite volume component-fitting technique was introduced to generate a
mesh for the plaque models in this paper [29]. With this technique, the 3D plaque domain was divided into
some small “volumes” with regular geometries to fit different plaque components with irregular geometries.
This made it possible for ADINA to generate a finite element mesh for our plaque models. Fig. 6 shows the
process of component-fitting mesh generation using 2 slices containing one lipid core. First, slices 1 & 2 were
divided into 3 matched layers, with the lipid core becoming part of the middle layer. The three layers were
further divided into 8 parts (sometimes more if more components were present). Now, the vessel wall of the
slice was divided into 24 parts. The two slices were then stacked vertically (as Fig. 6 shows, the real direction
should be the vessel axial direction) to form “volumes”, with the corresponding parts in Slices 1 & 2 serving
as the top and bottom of the small volume they formed. The process continues until all slices are used and
the whole vessel is divided into many component-fitting small volumes. ADINA was then used to generate
a finite element mesh for the calculation.

(a) Slice 1 showing component-fitting  (b) Slice 2 showing component-fitting
curves and surfaces curves and surfaces

(c) Stacking Slices 1 and 2 to form (d) Meshes with different materials
volumes

Figure 6: The process of component-fitting mesh generation. (a,b) Slices 1 and 2 with lipid core (red) and numerically-
generated component-fitting curves and surfaces to form volumes; (c¢) Component-fitting volumes formed by stacking
slices and connecting corresponding areas; (d) Component-fitting mesh generated with plaque component inclusion.
The distance between two slices was enlarged for better viewing

Another technique we used was the preshrink-stretch process to obtain plaque no-load geometry for
our models. Computer programs normally start from a no-load geometry with zero stress/strain conditions.
However, OCT and angiography data were obtained under in vivo conditions with pressure and stress/strain
distributions. Therefore, axial and circumferential shrinkage (plaque volume was conserved) were applied
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to obtain the zero-load state of the vessel segment so that the plaque could recover its in vivo state after
applying axial stretch and blood pressure. Fig. 7 gives a flowchart of the iteration program for the pre-shrink-
stretch process. Some details of the iteration program is as follows: (a) calculate the circumference C of
inner-boundary in vivo before iteration; (b) assume 5% axial shrinkage, which will not be changed during
the iteration process; (c) start from an initial radial shrinkage of inner-boundary R; = 0.9, calculate the
outer-boundary shrinkage R, based on conservation law of volume; (d) apply the shrinkage to the slice
to obtain its initial no-load geometry; (e) construct the finite element model using the no-load geometry,
use ADINA to solve the model with axial stretch and in vivo pressure conditions applied; (f) calculate the
circumference C; of the slice inner-boundary obtained above which is under pressure and with axial stretch;
(g) calculate the relative difference AC = |C; — C|/C; h) check if AC < Cyy; (Cyo; =1%), if AC < Cyyy, the
iteration ends, the final shrinkage R; and R, are obtained, the slices were used to construct the model to
obtain biomechanical data; if AC > C,,;, then adjust R;, update R,, and iterate again until AC < C,,;. With
this process, proper stress/strain conditions could be achieved for the model under loaded condition. In
this study, the axial shrinkage was assumed to be 5% for all plaques, while the circumferential shrinkage
was determined iteratively so that the vessel would match its in vivo morphology. More details about the
preshrink-stretch process could be found in [37].

Apply 5% axial shrinkage; Start with an initial radial shrinkage of inner-boundary R; = 0.9;
Calculate the outer-boundary shrinkage R, based on conservation law of volume;
Perform pre-shrink to the slice obtain initial no-load geometry.

le
&

Constructing finite element model using no-load vessel geometry;
Solve the model using ADINA with axial-stretching and pressure applied;
Obtain slice geometry with stress/strain conditions

|

Calculate the circumference C; of the slice inner-boundary obtained
above which is under pressure and with axial stretch;
Calculate the relative difference AC = |C; — C|/C,

C'is the circumference of inner-boundary in vivo

Adjust R;
Update R,
Iterate again

AC < Crol
et Ctal =1%

Iteration ends, determine final R; and R,
Calculate the model, extract biomechanical data

End
Figure 7: Flowchart of the preshrink-stretch process

A commercial finite element software, ADINA 9.6, was employed to solve the 3D FSI models using
nonlinear incremental iterative procedures. Mesh analysis was performed by refining mesh density by 10%
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until changes in solutions became less than 2%. Solutions from the settled meshes were used to extract data
for analyses.

2.4 Data Extraction, Comparison, and Correlation Analysis

Once the solutions of the FSI models were obtained, morphological and biomechanical risk factor
values were extracted for comparison and prediction analyses. We aimed to identify potential predictors
based on their ability to predict conservative anti-thrombotic therapy outcome. With our past experiences
for vulnerable plaque research and correlation analysis of risk factors and treatment outcome, the following
nine risk factors were selected in our prediction analysis: maximum PWS, maximum PWSn, maximum
WSS, diameter stenosis (DS) severity by angiography, thinnest fibrous cap thickness (FCT), maximum lipid
percentage (LP), plaque burden (PB), maximum lipid angle (L-arc), and thrombus burden (TB) [38,39]. A
large lipid core is known to be associated with plaque vulnerability. Lipid percentage and lipid angle are two
measures of lipid core size. Definitions of these risk factors are shown in Table 2.

Table 2: Risk factors used in the study and their definitions

Risk factor Definition

PWS The maximum principal stress of the vessel wall at maximal pressure.

PWSn The maximum principal strain of the vessel wall at maximal pressure.

WSS Flow maximum principal shear stress at the lumen surface.
DS DS = (1 - minimal lumen diameter/reference lumen diameter) * 100%.

FCT The distance between points at the inner boundary and the leading edge of

the lipid.

LP Lipid percent = (Lipid Area/Plaque Area) * 100%.
PB Plaque burden = (1 - lumen area/wall area) x 100%.

L-arc The angle between the two ends of the lipid arc [38,39].
TB Slice thrombus burden = (Thrombus Area/Lumen Area) * 100%, where the

thrombus area is the area inside the thrombus.
The mean slice TB was taken as the TB for the plaque.

PWS, PWSn and WSS on the lumen surface were extracted from the FSI models using a Four-Quarter-
Even-Spacing method illustrated by Fig. 8. Each slice was divided into 100 points and model results were
extracted from these points for comparison and prediction use. The relative difference of a parameter values
between two groups was calculated with the equation below:

Results of WOG — Results of BOG

Relative Dif ference =
11 Results of BOG

x 100% (14)

Spearman’s correlation analysis was applied to identify possible correlations between the risk factors and
the anti-thrombotic therapy outcome, defined as the diameter stenosis severity by angiography at follow-
up. The Kolmogorov-Smirnov test was used to test whether the data conformed to the normal distribution.
To test for significant differences between the data of two groups, Student’s ¢ test was used for normally
distributed data, and the Wilcoxon rank sum test was used for data that significantly deviated from the
normal distribution.
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Figure 8: Sketch for the Four-Quarter-Even-Spacing method for data extraction showing definitions of quarters (Ql-
Q4), minimum FCT, and lipid using a Four-Quarter-Even-Spacing method. FCT = fibrous cap thickness; Q = quarter

2.5 The Prediction Method

A logistic regression model was used to fit the predictor data and predict the binary status of the
conservative anti-thrombotic therapy outcome. All patients in the study were assumed to be independent.
Nine risk factors (Section 2.4) were selected as predictors in the prediction model. To limit model overfitting
due to the small sample size, we restricted our analysis to models with at most three predictors, resulting in 9
single-predictor models, 36 two-predictor models, and 84 triple-predictor models. The best combination of
predictors is the one whose model yields the highest prediction accuracy, as defined by the measure described
below. Specifically, the logistic regression model was defined as:

logit E (yx) = Bo + BiPredictorl + B, Predictor2 + J3Predictor3 (15)
E(yx) =P(ye=1) (16)

where y is the Bernoulli-distributed binary response indicating group membership (i.e., yx =1 denotes
WOG and y; = 0 denotes BOG). E (i) is the probability that the kth patient belongs to the WOG group.
The logit link function is logit(P) = log(:%5). Bo, B1 B2, B represent the intercept and coefficients of three
risk factors Predictorl, Predictor2, and Predictor3 used in the prediction process. The logistic regression
model was fitted using R function glm, based on classical model-fitting algorithms [40].

To stabilize the prediction accuracy measures given the small sample size, we calculated the mean AUC
value using repeated 5-fold cross-validation. Specifically, in each 5-fold cross-validation process, the data
were randomly divided into 5 parts. Each time, 4 parts (8 patients) were used as training data to fit the
predictive model, while the remaining part (2 patients) served as testing data. Each part served once as the
testing set. To reduce potential bias and overfitting from a single random split, the 5-fold cross-validation was
repeated 10 times, and the mean AUC was computed across all iterations. To further address the small sample
size and assess the statistical reliability of the prediction accuracy, we obtained a 90% bootstrap confidence
interval for the mean AUC value by performing 100 rounds of bootstrap resampling.
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3 Results
3.1 Combining Multiple Predictors Led to Better Prediction Accuracy Than Single Predictors

Table 3 gave the mean AUC values averaged over 100 rounds of bootstrap random-sample simulations,
and the results showed that the combination of multiple risk factors had better prediction accuracies than
single predictors. The combination of WSS, LP, and TB had the best prediction AUC [Mean AUC = 0.96,
90% confidence interval = (0.85, 1.00)]. PWSn + WSS + FCT and PWS + PWSn + WSS were the second
and third best combination predictors. WSS was the single predictor with the best AUC [Mean AUC =
0.70, 90% confidence interval = (0.20, 1.00)] among the nine predictors considered. Fig. 9 gives the receiver
operating characteristic (ROC) curves for the best combination and single predictors based on the prediction
outcomes from all 100 rounds of bootstrap random-sample simulations. The results indicated that using FSI
models and combining morphological and biomechanical factors may provide better prediction accuracies
for conservative anti-thrombotic therapy outcomes than single predictors.

Table 3: Mean AUC and 90% confidence interval based on 100 rounds of bootstrap random-sample simulations show
the combination of multiple risk factors have better prediction accuracies

Risk factors Mean AUC 90% confidence interval

Group predictors

WSS+ LP+TB 0.96 (0.85,1.00)

PWSn + WSS + FCT 0.94 (0.83,1.00)

PWS + PWSn + WSS 0.93 (0.81,1.00)

WSS + L-arc + TB 0.91 (0.73,1.00)

PWSn + WSS + LP 0.88 (0.76, 1.00)

PWS + PWSn + DS 0.87 (0.71,1.00)

PWS + WSS + TB 0.86 (0.69,1.00)

PWSn + WSS + TB 0.86 (0.69,1.00)

PWSn + WSS + L-arc 0.86 (0.69,1.00)

WSS + LP + PB 0.85 (0.67,1.00)
Single predictors

WSS 0.70 (0.20, 1.00)

TB 0.66 (0.09,1.00)

LP 0.66 (0.18, 1.00)

PWSn 0.52 (0.1, 1.00)

FCT 0.50 (0.07,0.84)

PWS 0.49 (0.04, 1.00)

L-arc 0.46 (0.07,0.96)

PB 0.46 (0.06, 0.92)

DS 0.38 (0.03,0.84)

Note: DS: Diameter stenosis severity by angiography; FCT = Fibrous cap thickness; PB: Plaque burden;
LP: Lipid percent; L-arc: Lipid angle; TB: Thrombus burden; PWS: Plaque wall stress; PWSn: Plaque wall
strain; WSS: Wall shear stress.
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Figure 9: Receiver operating characteristic for predicting conservative anti-thrombotic therapy outcome. The ROC
curves for the best triple-factor model (WSS + LP + TB; Mean AUC = 0.96) and the best single-factor model (WSS;
Mean AUC = 0.70) based on the cumulated prediction outcomes from all 100 rounds of bootstrap random-sample
simulations. AUC = area under the curve; WSS = wall shear stress; LP = lipid percentage; ROC = receiver operating
characteristic; TB = thrombus burden

3.2 Morphological and Biomechanical Risk Factor Comparisons Indicated That Thrombus Burden Was
the Only Risk Factor Showing a Statistically Significant Group Difference

The morphological risk factor comparison results were presented in Table 4. The mean thrombus burden
(TB) from WOG was 65.9% higher than that from BOG (23.8% vs. 14.3%, p = 0.004), indicating a significant
group difference. In the comparison of maximum LP and L-arc, substantial differences were noted between
the two groups (LP: 66.7%; L-arc: 46.6%). The thinnest FCT for WOG was 24.5% less than that of BOG,
suggesting that WOG had a thinner plaque cap. The DS severity by angiography for WOG was only 4.4%
lower than that of BOG. Similarly, the relative difference in PB between the two groups was also slight (6.3%).
However, those differences were not statistically significant.

Table 4: Morphological comparison for conservative anti-thrombotic therapy outcome. Group differences were
calculated used BOG values as base values

Variables Patient DS (BL,%) FCT (um) PB (%) LP (%) L-arc (°) TB (BL, %)
1 55.0 53.0 81.4 41.8 318.5 20.8
2 53.0 115.0 81.1 40.0 223.7 24.8
3 32.0 137.0 69.9 34.2 174.1 15.8
woG 4 59.0 202.0 874 40.8 313.5 19.3
5 38.0 142.0 80.3 274 120.7 38.2
Mean + 474 £ 11.7 130.0 + 80.0+6.4 36.8+6.1 2301 + 23.8 £ 8.7
SD 53.0 86.5
6 52.0 223.0 75.7 14.2 84.7 10.7

(Continued)
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Table 4 (continued)

Variables  Patient DS (BL,%) FCT (um) PB (%) LP (%) L-arc (°) TB (BL, %)

BOG 7 52.0 175.0 89.9 28.5 210.6 13.7
8 41.0 137.0 65.9 42.9 319.6 52
9 53.0 120.0 80.2 0.0 0.0 l6.1
10 50.0 206.0 65.1 24.9 169.8 25.8
Mean +  49.6 £4.9 172.0 + 753 + 22.1+16.1 156.9 + 143+ 7.6
SD 44.0 10.4 121.8
Difference -4.4% -24.5% 6.3% 66.7% 46.6% 65.9%
p Value 0.722 0.310 0.310 0.222 0.421 0.004

Note: BL = baseline; DS = diameter stenosis; FCT = fibrous cap thickness; L-arc = lipid angle; LP = lipid percentage;
PB = plaque burden; SD = standard deviation; TB = thrombus burden; WOG = worse outcome group; BOG = better
outcome group.

Table 5 gives the biomechanical plaque stress, strain, and wall shear stress comparison results. The mean
maximum WSS from WOG was 98.0% higher than that from BOG (p = 0.095), suggesting that WSS may be
of greater importance to outcomes of conservative anti-thrombotic therapy. The mean maximum PWS from
WOG was 12.9% higher than that from BOG, indicating a minor difference. Additionally, the maximum
PWSn comparison result showed that the mean value from WOG was 11.4% lower than that of BOG, which
was still a small difference.

Table 5: Biomechanical comparison for conservative anti-thrombotic therapy outcome

Variables Patient PWS (kPa) PWSn WSS (dyn/cm?)
1 290.7 0.1630 225.06
2 182.2 0.1391 96.21
3 182.6 0.1862 543.46
WoG 4 201.2 0.1473 306.94
5 172.6 0.1603 231.67

Mean + SD 205.9 + 48.5 0.1592 + 0.0180 280.67 + 165.28
6 127.0 0.1542 193.46
7 302.7 0.2337 111.41
8 167.1 0.1715 80.27
BOG 9 180.5 0.1847 224.01
10 134.2 0.1541 99.43

Mean + SD 182.3 £ 70.9 0.1796 + 0.0329 141.72 £ 63.11

Difference 12.9% -11.4% 98.0%
p Value 0.222 0.380 0.095

Note: WSS = wall shear stress; PWS = plaque wall stress; PWSn = plaque wall strain; SD = standard deviation; WOG
= worse outcome group; BOG = better outcome group.
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3.3 Correlation Results

Table 6 shows the correlation results of nine risk factors with patients’ treatment outcomes at follow-up.
The results showed that WSS had the most considerable Spearman coeflicient value (0.7212) with a p-value of
0.024, followed by PWS (coefficient = 0.6242, p = 0.060). Due to the limited data size, the correlation results
should be understood cautiously, and a large sample size is needed to get more solid correlation results.

Table 6: Risk factors correlations with the diameter stenosis severity by angiography at follow-up

Risk factors Spearman coefficient p Value
WSS 0.7212 0.024
PWS 0.6242 0.060

PB 0.5515 0.104
LP 0.5030 0.143
L-arc 0.3818 0.279
DS 0.1829 0.613
FCT -0.1636 0.657
TB 0.1515 0.682
PWSn -0.0788 0.838

Note: DS = diameter stenosis; FCT = fibrous cap thickness; WSS = wall shear stress; L-arc = lipid angle; LP = lipid
percentage; PB = plaque burden; PWS = plaque wall stress; PWSn = plaque wall strain; TB = thrombus burden.

4 Discussion

The EROSION study assessed the safety and feasibility of conservative treatment, avoiding stenting
in erosion-related ACS culprit lesions [19]. At one-year follow-up, while some patients exhibited favorable
clinical outcomes (diameter stenosis (DS) < 70%) and the conservative treatment was considered successful,
some other patients had fewer desirable outcomes (diameter stenosis (DS) >70%) and treatment with stenting
was still needed [19-21]. This study was conducted to seek predictors that could be used to identify patients
who would be more likely to get successful conservative treatment. This is a pilot study to predict the outcome
of conservative treatment without stenting. Our study included three parts: (a) prediction of the outcome of
conservative treatment without stenting using morphological and biomechanical risk factors; (b) comparison
of morphological and biomechanical risk factor values between BOG group (treatment successful, no
stenting needed) and WOG group (treatment unsuccessful, stenting still needed); (c) correlation between
risk factors with the treatment outcome. Due to our small sample size, our results were preliminary and
should be taken with caution as they were true only for our data set. Further explanations are given in the
following Section 2.4.

4.1 Combining Multiple Risk Factors May Provide Better Treatment Outcome Prediction Accuracies than
Using Single Predictors

We started with two challenging questions: (1) Which patient group would get a better outcome from
the conservative treatment? (2) Which risk factors and prediction methods could be used to predict the
treatment outcome? Plaque morphology obtained from OCT frames was utilized to construct FSI models,
which were used to obtain plaque wall stress, strain, and wall shear stress conditions for prediction and
comparison analysis. Patients’ conservative treatment outcomes at follow-up served as the gold standard for
prediction models. FSI models were used so that we could have a complete list of risk factors, including
morphological factors and both structural stress and strain and flow wall shear stress. Our results indicated
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that the best prediction was achieved by the combination of WSS, LP, and TB, with mean AUC = 0.96, 90%
confidence interval = (0.85, 1.00), while WSS was the single predictor with best AUC (mean AUC = 0.70, 90%
confidence interval = (0.20, 1.00)). There is a 37.1% improvement in the mean AUC value. While our results
are limited by our small data size and should be further validated by large-scale studies, it did demonstrate
that combining morphological and biomechanical risk factors could improve the accuracy for identifying
patients with potentially worse outcomes of conservative anti-thrombotic therapy without stenting.

It should be emphasized that conservative treatment without stenting is very desirable. However, its
feasibility and patient suitability need further investigation and large-scale patient study validations. Our
work will fill a gap in the current literature and will be helpful in erosion treatment strategy improvements.

4.2 New Morphological Risk Factors Thrombus Burden, Lipid Percent, and Lipid Arc, Are Helpful in
Getting Better Predictions

Compared to our previous prediction work, new morphological risk factors, including thrombus
burden, lipid percent, and lipid arc, were added to our predictor list, and they helped to achieve better
prediction accuracy. The best triple-predictor combination included WSS, LP, and TB and delivered a mean
AUC = 0.96. The second-best triple-predictor combination consisted of PWSn, WSS, and FCT and its mean
AUC was 0.94. The fourth best triple-predictor combination was made of WSS, L-arc, and TB, with its mean
AUC = 0.91. These results indicated that those risk factors may be related to treatment outcome and should
be monitored closely.

4.3 Higher Wall Shear Stress May Be Associated with Worse Outcomes of Conservative Treatment

Our results showed that the WSS mean value from WOG was 98.0% higher than that from BOG
(280.67 vs. 141.72 (dyn/cm?), p value = 0.095). This result suggested that higher WSS may be associated
with worse outcomes of conservative anti-thrombus therapy, which may assist in the clinical treatment
decision-making process. It could be explained that plaque erosion starts with the apoptosis and abscission
of vascular endothelium, and higher WSS may promote injury to the endothelial cells. Due to the small
data set used in this study, large-scale studies are needed before we can come to conclusions of clinical and
statistical significance.

4.4 Plaque Wall Stress and Strain Had Smaller Differences between the WOG and BOG

Unlike WSS, plaque wall stress and strain had smaller differences between WOG and BOG, and the
differences were not statistically significant, as shown in Section 2.4. The comparison results suggested that
it is hard to draw any conclusion about the impact of plaque wall stress and strain on the conservative anti-
thrombotic therapy outcome. That being said, PWS and PWSn appeared in the triple-predictor combinations
and provided the second and third best prediction accuracies with joint effort from other predictors. This
means even though the PWS and PWSn had small differences between BOG and WOG, they could still have
good contributions in achieving good prediction results. The results above indicated that plaque stress and
strain may have some impact on conservative anti-thrombotic therapy outcome and may help to improve
prediction accuracies.

4.5 Small Sample Size Limitation and Prediction Accuracy and Reliability

We acknowledge our small sample size limitation due to the difficulty in obtaining clinical data from
patients with plaque erosion who received conservative medication treatment and also had one-year follow-
up data. OCT data manual segmentation and 3D FSI model construction were also very time-consuming
(this is why 3D FSI model papers are relatively rare in the literature). Even with these difficulties, results from
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the EROSION study pointed to an important research direction: predicting conservative treatment outcome
and identifying patients who may be suitable to receive conservative treatment without further stenting.
While a 10-patient data set is not enough to draw conclusive clinical conclusions, this paper was intended as
a pilot study to get preliminary results so that our research team could seek funding for further investigations
using a larger data set.

Consequently, the data analysis took into account the small sample size and aimed to mitigate its impact
by using mean AUC measures obtained through repeated cross-validation, along with bootstrap confidence
intervals to assess the statistical reliability of the prediction measures. Nevertheless, we acknowledge that
these measures are specific to the given dataset, and we caution against over-extrapolating them as indicators
of population-level predictive accuracy. These measures are more appropriate for relative comparison among
different predictor combinations. Overall, based on the available data, the main takeaway is that combining
appropriate predictive factors can lead to better predictions than using individual factors alone. However,
the true predictive accuracy at the population level remains to be evaluated using larger datasets.

4.6 Limitation of Plaque Material Properties

We acknowledge that patient-specific material properties were not available for this study since our
data were from a clinic study (Erosion Study, PIs: Yu and Jia) where additional data collection for patient-
specific vessel material properties was not allowed. Plaque material parameter values were taken from
existing literature [35]. Most plaque modeling papers would not have patient-specific material properties
since that requires additional measurements (often invasive) from patients. Tang et al. studied the sensitivity
for material properties and indicated that stiffness variations of vessel materials and plaque components (50%
reduction or 100% increase) may affect maximal stress values by 20%-50% [41]. The results indicated that
the material property limitation should be kept in mind when interpreting our model results.

4.7 Limitation of not Including Residual Stress

Residual stress was not included in our models since the vessel opening angle needed to include residual
stress was not available in our study. In general, clinical data were from live patients, and vessel samples could
not be removed from patients so that vessel rings could be made and cut open to get opening angles. Even
when opening angles could be made available, methods for opening and closing up 3D curved coronary
vessels are not available in the current literature.

Modeling papers using clinical data normally do not have patient-specific vessel material properties
and the opening-angle data to include residual stress. Even with the limitations of patient-specific plaque
material properties and lack of residual stress, results from our models can still be used to provide group
comparative studies since all patients would be using the same model assumptions. This is like using a scale
with error to weigh patients in a hospital. The absolute weight may be off. However, the weight differences
between patients would be meaningful.

4.8 Future Directions

We will continue our effort with our available resources to increase our sample size to gain stronger
statistical power and better clinical relevance. One important part of our work procedure is the automation
of OCT segmentations. We started automatic OCT segmentation using machine learning a few years ago
and will continue that effort. Another bottleneck of our research for potential clinical implementation is the
model construction manpower cost. It is impractical for a modeling approach that costs 1-2 weeks for model
construction to be implemented for clinical use. Rather than making the models more complicated, we could
try to combine a 3D CFD model and a 2D structure model to get values for all biomechanical risk factors and
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compare the prediction results with those from FSI models. Automation of model constructions for CFD
and 2D structure models is far easier than that for 3D FSI models. With automation, it is possible to achieve
a one-hour turnaround time to deliver model analysis results to clinicians for diagnostic use. Those are some
items for our future efforts.

5 Conclusions

Patient follow-up OCT data and OCT-based patient-specific FSI models were utilized to identify
possible biomechanical and morphological predictors for the conservative treatment outcome of plaque
erosion. We are advancing the CFD approach for plaque erosion in the current literature to the FSI approach
so that our investigation would include both structural stress and strain and flow shear stress, and may lead
to a better understanding of mechanisms linked to plaque erosion. Our preliminary results based on our data
set indicated that combining morphological and biomechanical risk factors had better prediction accuracy
for conservative medication treatment outcome than that obtained by single predictors. The approach could
be used to identify patients who are more suitable to receive conservative antithrombotic therapy without
stenting. Thrombus burden was the only risk factor that had a statistically significant group difference
(among the 9 risk factors compared). A large cohort of patients is required to advance this study and validate
our findings.
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