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ABSTRACT

Introduction Most acute coronary syndromes (ACS)
originate from coronary plaques that are angiographically
mild and not flow limiting. These lesions, often
characterised by thin-cap fibroatheroma, large lipid

cores and macrophage infiltration, are termed ‘vulnerable
plagues’ and are associated with a heightened risk of
future major adverse cardiovascular events (MACE).
However, current imaging modalities lack robust predictive
power, and treatment strategies for such plaques remain
controversial.

Methods and analysis The PREDICT-AI study aims

to develop and externally validate a machine learning
(ML)-based risk score that integrates optical coherence
tomography (OCT) plaque features and patient-level
clinical data to predict the natural history of non-flow-
limiting coronary lesions not treated with percutaneous
coronary intervention (PCI). This is a multicentre,
prospective, observational study enrolling 500 patients
with recent ACS who undergo comprehensive three-
vessel OCT imaging. Lesions not treated with PCI will be
characterised using artificial intelligence (Al)-based plaque
analysis (OctPlus software), including quantification of
fibrous cap thickness, lipid arc, macrophage presence and
other microstructural features. A three-step ML pipeline
will be used to derive and validate a risk score predicting
MACE at follow-up. Outcomes will be adjudicated blinded
to OCT findings. The primary endpoint is MACE (composite
of cardiovascular death, myocardial infarction, urgent
revascularisation or target vessel revascularisation). Event
prediction will be assessed at both the patient level and
plaque level.

2 Fabrizio D'Ascenzo,! Claudio Chiastra,®
,* PREDICT-AI group

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Vulnerable coronary plaques not undergoing revas-
cularisation are a major cause of future adverse
events. While intracoronary imaging, particularly
optical coherence tomography (OCT), can identify
high-risk plague features, no validated model exists
to predict outcomes in these patients based on im-
aging findings.

WHAT THIS STUDY ADDS

= This study introduces the first machine learning-
based model integrating high-resolution OCT data
to predict future cardiovascular events from un-
treated coronary plaques with improved accuracy
over traditional approaches.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= By leveraging artificial intelligence for risk stratifica-
tion, this model opens new avenues for personalised
management and proactive secondary prevention,
setting the stage for data-driven decision support in
coronary artery disease.

Ethics and dissemination The PREDICT-AI study will
generate a clinically applicable, Al-driven risk stratification
tool based on high-resolution intracoronary imaging. By
identifying high-risk, non-obstructive coronary plaques,
this model may enhance personalised management
strategies and support the transition towards precision
medicine in coronary artery disease.
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INTRODUCTION

In the setting of acute coronary syndrome (ACS), most
of the lesions triggering an acute ischaemic event, usually
defined as ‘culprit lesions’, are not angiographically
severe, but present with mild stenosis.' However, when
evaluated at autopsy or with intracoronary imaging, these
lesions often show a prothrombotic pattern, with thin-cap
fibroatheroma (TCFA), soft plaques and thrombus, prone
to rupture. Typically, at coronary angiography, these
coronary artery stenoses appear mild, with non-flow-
limiting stenosis, but pathologically contain large plaque
burden with an organised lipid-rich necrotic core that is
separated from the lumen by a thin fibrous cap. These
TCFAs place patients at risk for future unstable angina,
acute myocardial infarction (MI) and cardiac death, and
they have been termed ‘vulnerable plaques’.*™®

Optical coherence tomography (OCT) is the latest
advancement in intravascular coronary imaging. In
analogy to intravascular ultrasounds (IVUS), OCT
provides cross-sectional images of the vessel. However,
instead of using ultrasounds, OCT employs near-infrared
light for tissue analysis, enabling visualisation of the coro-
nary lesions with a resolution in the order of 10 pm. Over
the last years, OCT has been widely employed to evaluate
and characterise plaque features in both chronic coro-
nary syndrome and ACS.”

Recent studies have used OCT to confirm the dynamic
nature of coronary atherosclerotic disease. Specifically,
OCT has shown that TCFAs are highly prevalent at
various stages of coronary atherosclerotic disease. Addi-
tionally, plaque ruptures are often found away from the
culprit lesions, suggesting that vulnerability is widespread
throughout the coronary tree.

Moreover, intravascular imaging has revealed subclin-
ical plaque ruptures in 4-79% of patients with coronary
artery disease, with up to 75% of ‘vulnerable plaques’
evolving to stability within 12 months due to cycles of
rupture and healing.* As a result, flow-limiting thrombi,
which manifest as ACS, may be the exception rather than
the rule following plaque disruption. While these patho-
physiological findings have led to a shift towards a more
holistic concept of the ‘vulnerable patient’, the contri-
bution of a vulnerable plaque profile in contributing
to the risk of clinical events—whether from the plaque
itself or the patient—remains unclear.” Additionally, it is
still unclear whether preventive revascularisation of non-
flow-limiting vulnerable plaques could improve patient
prognosis. "’

To date, both invasive and non-invasive imaging
techniques have shown modest sensitivity and posi-
tive predictive value in predicting future major adverse
cardiovascular events (MACE) in patients with vulnerable
plaques. Additionally, the treatment of non-flow-limiting
stenosis with high-risk features remains a subject of intense
debate."' While the presence of high-risk coronary lesion
features confers a higher and exponential risk of adverse
events, there are currently no imaging or clinical-based

risk scores that can predict the risk of MACE in patients
with non-flow-limiting coronary artery stenosis.

In recent years, artificial intelligence (AI) has been
extensively developed and integrated into clinical prac-
tice, including applications in cardiovascular (CV)
medicine for interpreting numerical data, images and
videos."*™* AI enables the identification and prediction
of specific patterns associated with clinical outcomes
that are undetectable by the human eye. It encompasses
a broad spectrum of technologies and methods, each
with varying levels of complexity, potentials and applica-
tions. These technologies empower computers to learn
efficient data representations, facilitating the detection
and quantification of relationships among variables. This
capability has significant implications for CV medicine,
ultimately aiming to improve patient care. Risk predic-
tion is a cornerstone of precision medicine, and in the
context of Al technologies, machine learning (ML)
offers a unique opportunity. ML is progressively being
applied across various CV domains, where it has shown
superli91rity over traditional, validated risk stratification
tools.”” °

METHODS AND ANALYSIS

Study aims and outcome measures

The goals of this project are as follows:

» Use ML to predict the natural history of non-flow-
limiting coronary artery stenoses that are not under-
going coronary stenting. We aim to estimate the risk
of adverse events based on the different characteris-
tics of coronary artery plaques.

» Develop and validate an ML-based risk score to predict
the likelihood of MACE at follow-up. This score will
be based on OCT findings from non-culprit lesions
and the clinical characteristics of the patients.

Ultimately, we aim to develop a robust and user-friendly
tool that cardiologists can easily access and use in the
catheterisation laboratory to help guide the treatment of
non-flow-limiting, high-risk coronary plaques.

The primary endpoint of the study includes:

» MACE: defined as a mutually exclusive composite
endpoint of CV death, MI, urgent revascularisation
(UR) or target vessel revascularisation (TVR).

The secondary endpoint includes:

» MACCE: defined as a mutually exclusive composite
endpoint of all-cause death, MI, UR or TVR.

» The individual components of the primary endpoint
will be analysed as secondary endpoints as well as
target lesion revascularisation (TLR).

All the analyses will be conducted first at patient level,
and then an exploratory lesion-level analysis including
TLR and target lesion MI will be conducted.

All patients will attend scheduled clinical visits with
a trained physician at 12 months and then during
follow-up according to each centre protocol. Follow-up
is conducted through a combination of structured outpa-
tient visits, telephone interviews and hospital record
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THE PREDICT-AI MODEL
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Figure 1

reviews. Endpoints will be assessed at the longest available
follow-up, with a minimum of 12 months of follow-up.
Clinical events will be adjudicated by an independent
Clinical Event Committee, blinded to OCT and Al-de-
rived imaging data. A central committee composed of
principal investigators (PIs blinded to patient and OCT
data will review all the adjudicated outcomes and, where
necessary, endpoints will be readjudicated. Outcomes will
be defined according to the Academic Research Consor-
tium guidelines.l7 Participating centres are reported in
figure 1.

Study design

Patient characteristics

Clinical variables (such as the burden of CV risk factors

and clinical presentation) will be collected, along with

angiographic data (including the site of lesions, number
of diseased vessels/lesions and whether revascularisation
is complete or incomplete), as well as OCT features.

The following methodologies and definitions will be
employed:

1. Type of presentation: Presentations will be classified
according to the FEuropean Society of Cardiology
guidelines,' including ST-elevation myocardial infarc-
tion, non-ST-elevation myocardial infarction and un-
stable angina.

2. Plaque analysis: Each plaque identified by OCT and
enclosed by at least 5mm of healthy vessel surrounding
it will be analysed individually. The mandatory inclu-
sion criterion is that the OCT assessment must cover
at least 30 mm of an untreated proximal coronary seg-

Participating centres in the PREDICT-AI study. OCT, optical coherence tomography.

ment. Definitions and cut-offs for OCT parameters will
be based on available consensus documents and major
IVUS/OCT studies.'®>% High-risk plaque markers will
include: minimum lumen area <3.5mm® measured
along the entire assessed segment (this threshold is de-
rived from the 4.0 mm® cut-off used in the PROSPECT
clinical study® and adjusted for IVUS overestimation);
minimum fibrous cap thickness <75 pm, defined as a
signal-rich, homogeneous band overlying a lipid core,
measured at its thinnest portion; lipid plaque with
lipid arc extension >180°, defined as a signal-poor
region diffusely bordered by overlying signal-rich
bands corresponding to a fibrous cap; and presence
of macrophage clusters, identified visually as signal-
rich, distinct or confluent punctate regions exceeding
background speckle noise intensity. Additional OCT
features will include: intimal vasculature, defined as
sharply delineated signal-poor voids visible in multiple
contiguous frames; intraplaque layered tissue, defined
as deeper tissue layers with a clearly layered structure;
cholesterol crystals, defined as thin, linear regions of
high intensity; and calcified nodules, defined as an ac-
cumulation of nodular calcification with fibrous cap
disruption on the calcified plate.

. Medications and laboratory data: Data on medications

(such as dual antiplatelet therapy and lipid-lowering
drugs) at baseline and discharge will be collected,
along with inflammatory markers and baseline labora-
tory examinations.**
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The PREDICT-Al machine-learning risk model
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Figure 2 Three-phase machine learning approach to define the risk score for stratification of patients presenting with non-
flow-limiting coronary plaques from OCT images. Al, artificial intelligence; MACE, major adverse cardiovascular events; OCT,

optical coherence tomography.

4. Angiographic and physiology analysis: All the angiog-
raphies will be centrally reviewed by a core laborato-
ry and fraction flow reserve (FFR) and instantaneous
wave-free ratio (iFR) values for each stenosis will be
calculated using ML with the STARFLOW system.”

ML-based analysis

A three-step ML-based strategy will be implemented to
develop a risk score for stratifying patients presenting
with non-flow-limiting coronary plaques based on OCT
images (figure 1). The strategy will be implemented
using a dataset split into a derivation cohort and a testing
(external validation) cohort (eg, 80-20%split). Sepa-
rate analyses will be conducted at both patient level and
plaque level. The three ML-based approach steps of the
proposed approach are described below.

Step 1: extraction of OCT features

The OCT features identified as markers of high-risk
plaques will be automatically extracted using the OctPlus
software (V.2.0, Pulse Medical, Shanghai, China) by an
independent and blinded central core laboratory.**The
software includes an Al-based model for automatic and
standardised plaque characterisation, which has been
previously described and validated.* Briefly, the Al-based
model consists of a convolutional neural network with an
encoder-decoderstructure (designed and fed with consec-
utive OCT cross sections), incorporating the informa-
tion extracted from adjacent cross sections of the vessel.
The Al-based model automatically delineates the lumen
and media contours, classifying the tissue in between
as fibrous, lipidic or calcified plaque (figures 2 and 3).

Figure 3 OCT image analysis with OctPlus software (V.2.0) with plaque characterisation. LAD, left anterior descending; LM,
left main; MLA, minimum lumen area; OCT, optical coherence tomography; OFR, OCT-based FFR; ROI, region of interest.
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Additionally, inflammatory markers of macrophages and
cholesterol crystals are also identified. This analysis will
be conducted on the entire dataset.

In addition to the previous analysis, a subgroup of
OCT pullbacks will be manually annotated by two expert
readers from our clinical centres. These annotations will
serve as labels for developing new ML-based approaches
to automatically classify atherosclerotic plaques into
subcategories (eg, lipid, fibrous, calcium or mixed) and
identify other key arterial wall characteristics, such as thin
fibrous caps and macrophage accumulation.

Step 2: risk score definition based on patient characteristics and
OCT features

An Ml-based risk score for MACE at follow-up for each
patient will be developed. The input for this risk score will
include the patient’s baseline characteristics and OCT
features related to plaque vulnerability (as listed above),
which are obtained through the OctPlus software analysis.
Various ML algorithms will be tested, including naive Bayes,
logistic regression, linear discriminant analysis, feedforward
neural networks, random forests, support vector machines
and K-nearest neighbour.27 To mitigate potential issues with
irrelevant or noisy data, dimensionality reduction techniques
will be applied, such as principal component analysis or
feature selection methods (eg, genetic algorithms, random
forest feature importance, L1 penalty in logistic regres-
sion, forward search). These techniques will help filter key
predictors, improving both predictive accuracy and training
efficiency.® Simultaneously, the models’ hyperparameters
(eg, K for K-nearest neighbour, the number of neurons and
layers for feedforward neural networks) will be optimised.
The different ML algorithms will be applied to a derivation
cohort of OCT images and corresponding patient’s charac-
teristics, which will be subdivided into a training dataset and
an internal validation dataset (eg, 80-20% split). To ensure
the ML model robustness, the training and internal valida-
tion dataset split will be repeated at least 50 times. Alterna-
tively, techniques such as Kfold crossvalidation or nested
Kfold crossvalidation may be considered.” * The perfor-
mance of the ML algorithms will be assessed using various
metrics, including the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve, accuracy,
sensitivity, specificity and F1 score with two-sided 95% Cls.

Step 3: external validation of the risk score

The best performing ML model from step 2 will be applied
to an external cohort of OCT images and corresponding
patient’s characteristics from a separate cohort from
two additional centres (University Hospital in Cracow
and Poznan University of Medical Sciences), which will
serve as testing dataset (ie, external validation dataset,
also referred to as holdout dataset). The probability
threshold, selected by calculating the AUC of the ROC
curve for the internal validation dataset, will be applied
to the testing dataset. On the testing dataset, the perfor-
mance of the best performing ML model will be evalu-
ated in terms of AUC, accuracy, sensitivity, specificity and

F1 score with two-sided 95% Cls (eg, obtained through
a bootstrap analysis of the external validation dataset).”

Power calculation

In the PROSPECT I study,® the primary endpoint MACE,
which was a composite of CV death, MI, unstable angina or
progressive angina during follow-up, was observed in approx-
imately 12% of patients. To develop and validate a robust
ML model, we aim to enrol 500 patients to have 60 recur-
rent events of the primary endpoint in the derivation cohort.
External validation will be performed using an independent
cohort.

DISCUSSION

The goal of this project is to predict the natural history of
non-flow-limiting coronary artery stenosis using an Al-based
risk evaluation. In detail, we aim to develop and validate an
Mlbased risk score that estimates the likelihood of adverse
events at follow-up, based on the OCT appearance of coro-
nary plaques. The development of this PREDICT-Al-based
risk score is expected to mark a step forward in personalised
CV care.

This model will be the first Al-based model designed to
assess the risk of adverse cardiac events by analysing OCT
images of untreated coronary artery plaques, which are
known to correlate with the risk of MACE. By incorporating
these features into a data-driven algorithm, the model
provides an objective, reproducible and quantitative risk
assessment, potentially reducing the interobserver variability
affecting the single operator interpretation.

The rupture of a lipid-rich atherosclerotic coronary artery
lesion is the most common cause of ACS and sudden cardiac
death. Vulnerable plaques often appear mild on angiog-
raphy and may not be flow limiting on haemodynamic assess-
ment. However, intravascular imaging can identify these
plaques, which have a large plaque burden and a lipid-rich
necrotic core, separated from the lumen by a thin fibrous
cap.”® * Prospective studies have shown that vulnerable
plaques detected by imaging are associated with an increased
risk of adverse cardiac events compared with plaques without
these features.*** Despite this, all available invasive and non-
invasive imaging techniques have demonstrated only modest
accuracy in predicting which vulnerable plaques will rupture
and lead to ML"'

Current clinical guidelines recommend revascularisation
via percutaneous coronary intervention only for coronary
lesions that are haemodynamically flow limiting or have
caused an ACS." The safety and effectiveness of revascular-
ising non-flow-limiting vulnerable plaques remains a topic of
debate."” Recently, the PREVENT trial demonstrated that in
patients with non-flow-limiting coronary plaques, preventive
percutaneous coronary intervention could reduce MACE
arising from high-risk vulnerable plaques, compared with
optimal medical therapy alone.”* However, the reduction
in events was modest, and the number needed to treat to
prevent one event was very high, highlighting the ongoing
challenge of accurately identifying the vulnerable plaques
most likely to cause an adverse event.
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By identifying key factors for risk stratification, the
PREDICT-Al-based risk score will provide actionable
insights to guide personalised therapeutic strategies. It
will be a valuable tool for interventional cardiologists,
helping optimise treatment plans and identify high-risk
patients who may benefit from closer follow-up and opti-
mised medical therapy.

The potential applications of this project are vast, with
impacts extending across multiple fields.

From both scientific and social perspectives, predicting the
risk of adverse events for individual coronary plaques during
follow-up will support clinicians in patient management.
This approach will help identify patients with plaques at
higher risk of adverse events, enabling more aggressive treat-
ment strategies, both pharmacological and interventional.
This approach will contribute to the shift towards precision
medicine, moving away from a ‘one size fits all”’ approach to a
more tailored and holistic strategy for each patient.'”

The ‘PREDICT AT’ risk score enhances these assessments
by focusing on the microstructural characteristics of plaques
and the patient’s clinical profile, providing a more compre-
hensive risk evaluation. Patients identified at high risk by the
‘PREDICT Al risk score could benefit from closer moni-
toring, lifestyle changes or pre-emptive pharmacological
interventions. Conversely, those classified at low risk may
avoid unnecessary procedures, thereby reducing healthcare
costs and potential complications.

From an economic perspective, we aim to reduce adverse
events at follow-up, including MI, hospitalisation and
improvements in patients’ quality of life, ultimately lowering
CV and overall mortality. In this framework, Al-based predic-
tive risk scores show promise in addressing these challenges
by enhancing healthcare delivery and improving cost-
effectiveness, while assisting clinicians in diagnosing disease
and making treatment decisions. Reducing MI and hospital-
isations related to cardiac symptoms through the implemen-
tation of our risk score could result in significant cost savings
for national healthcare systems and governments.

CONCLUSIONS

The ‘PREDICT AT’ risk score represents a transformative
approach to risk stratification in coronary artery disease,
bridging the gap between advanced imaging and precision
medicine. By providing accurate, individualised predic-
tions of MACE risk, it has the potential to revolutionise the
management of non-flow-limiting coronary artery stenosis,
ultimately improving patient outcomes.
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