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Percutaneous coronary intervention has been a standard treatment strategy for patients with coronary artery disease

with continuous ebullient progress in technology and techniques. The application of artificial intelligence and deep

learning in particular is currently boosting the development of interventional solutions, improving the efficiency and

objectivity of diagnosis and treatment. The ever-growing amount of data and computing power together with cutting-

edge algorithms pave the way for the integration of deep learning into clinical practice, which has revolutionized the

interventional workflow in imaging processing, interpretation, and navigation. This review discusses the development of

deep learning algorithms and their corresponding evaluation metrics together with their clinical applications.

Advanced deep learning algorithms create new opportunities for precise diagnosis and tailored treatment with a high

degree of automation, reduced radiation, and enhanced risk stratification. Generalization, interpretability, and reg-

ulatory issues are remaining challenges that need to be addressed through joint efforts from multidisciplinary

community. (JACC: Asia 2023;3:1–14) © 2023 The Authors. Published by Elsevier on behalf of the American College

of Cardiology Foundation. This is an open access article under the CC BY-NC-ND license (http://creativecommons.

org/licenses/by-nc-nd/4.0/).
C oronary artery disease (CAD) remains the
leading cause of mortality in the developed
world, posing a challenge for global health

policies. The prognosis and outcomes of percuta-
neous coronary intervention (PCI) for patients with
CAD have significantly improved over the last
decades because of the remarkable progress in tech-
nology and techniques. For example, artificial intelli-
gence (AI), especially the deep learning (DL) subfield,
is rapidly evolving and changing the landscape for the
cardiology community, creating new opportunities to
improve multiple aspects of the interventional
N 2772-3747

m the aBiomedical Instrument Institute, School of Biomedical Engineerin

epartment of Cardiology, Aarhus University Hospital, Aarhus, Denma

dical University, Guangzhou, Guangdong, China; and dBundeswehrze

spital), Koblenz, Germany. *Drs Chu and Wu contributed equally to this

e authors attest they are in compliance with human studies committe

titutions and Food and Drug Administration guidelines, including patien

it the Author Center.

nuscript received October 18, 2022; revised manuscript received Novemb
workflow. The widespread DL technology has been
powered by the rapidly growing amount of data,
most prominently in some modalities of cardiovascu-
lar imaging. We aim to summarize the development
and applications of different DL technologies for
clinicians, interventionalists, and investigators with
a particular focus on cardiovascular imaging–guided
PCI. A brief review of algorithmic evolution and com-
mon computational imaging tasks provides the reader
with the basis to understand DL technology. Chal-
lenges and future prospects for the clinical adoption
of DL models are also discussed.
https://doi.org/10.1016/j.jacasi.2022.12.005

g, Shanghai Jiao Tong University, Shanghai, China;

rk; cSchool of Biomedical Engineering, Southern

ntralkrankenhaus (Federal Army Central Military

paper.

es and animal welfare regulations of the authors’

t consent where appropriate. For more information,

er 29, 2022, accepted December 1, 2022.

Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jacasi.2022.12.005
https://www.jacc.org/author-center
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jacasi.2022.12.005&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


ABBR EV I A T I ON S

AND ACRONYMS

CAD = coronary artery disease

CCTA = coronary computed

tomography angiography

CMRA = coronary magnetic

resonance angiography

CNN = convolutional neural

network

DL = deep learning

FFR = fractional flow reserve

IVUS = intravascular

ultrasound

OCT = optical coherence

tomography

PCI = percutaneous coronary

intervention
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DEVELOPMENT OF DL NETWORKS

DL models consist of numerous artificial
neural layers with parameters to be trained,
nonlinearly transforming the input into
output with no need of understanding the
underlying mechanisms or the laws of
biophysics. A typical pipeline for developing
a DL model involves training, validation, and
testing phases (Figure 1). During the training
phase, the model learns parameters to effi-
ciently perform its task using a specific data
set dubbed the training data set. During the
validation phase, the model fine-tunes
hyperparameters related to the training
strategy (eg, the learning rate and the
numbers of hidden layers), which are critical
for the model performance, using a different data set,
namely the validation data set. Finally, the testing
phase evaluates the objective and unbiased perfor-
mance of the model on an independent data set (ie,
the testing data set). The overlapping between the
training, validation, and testing data sets during
these 3 phases should be strictly avoided to prevent
data leakage and overfitting in order to improve the
generalizability of the models. Cost function reflects
the discrepancy between the output predicted by the
DL model and the ground truth provided by human
experts. The minimization of the cost function
through the back propagation algorithm1 guides the
model to iteratively learn the optimal parameters of
neural layers during the training phase. Evaluation
metrics are used for tuning hyperparameters (eg,
learning rate) during the validation phase and for
reporting the final performance of the model in the
testing phase. Different models have been proposed
to adapt to different tasks; in this paper, we introduce
some milestones in the development of DL models in
chronological order (Figure 2).

Inspired by the neuron connection in the human
brain, the origins of the feedforward neural network
(FNN) can be tracked back to 1943.2 The architecture
of the FNN consists of successively stacked layers,
namely the input layer, output layer, and multiple
hidden layers in between. Each layer contains multi-
ple paralleled neurons that are connected to neurons
in adjacent layers, passing the current value in a
feedforward way. To deal with sequential data and
image data, the recurrent neural network (RNN) and
convolutional neural network (CNN) were proposed.
The RNN was designed with feedback loops such that
the current neuron state was dependent not only on
the current input but also previous states.3,4 The CNN
was proposed by LeCun et al5 in the 1990s; convolu-
tional kernels with a fixed size and learnable param-
eters were used to scan the whole image as a sliding
window to extract image features. The advantages of
the CNN over the FNN, including shared parameters
and less computational cost, have promoted the
dominant position of the CNN in the DL field. The
graph neural network (GNN) can be regarded as a
generalization of the CNN from processing gridded
data to unordered data,6 such as a molecule structure
in which the intrinsic intersample relationship should
be preserved. Goodfellow et al7 proposed the gener-
ative adversarial network (GAN) in 2014 by designing
a pair of networks (ie, the generator and the
discriminator) that are optimized by competing with
each other, leading to a dynamic balance by the end
of training. The Transformer is an attention-based DL
model that was designed to handle sequential data by
Google Brain in 2017.8 The strength of the Trans-
former over other DL models lies in extracting long-
distance dependencies of sequential data through a
self-attention mechanism. Dosovitskiy et al adapted
the Transformer to the image field by proposing the
vision Transformer.9 Afterward, other models, such
as the Swin Transformer,10 were proposed to address
the high computational complexity and large-scale
data requirements; they showed superior perfor-
mance in various tasks.10-13

COMPUTATIONAL TASKS

The application of a DL model in coronary imaging
can be roughly classified into 5 computational tasks:
classification, segmentation, detection, reconstruc-
tion, and regression (Figure 3). The performance of DL
models is evaluated by different metrics whose se-
lection is dependent on the specific task. Details
of the different metric formulas are available in
Supplemental Table 1.

CLASSIFICATION. Image classification refers to
assigning a certain label to the whole image according
to the target object in the image. Numerous clinical
scenarios could be formulated as a task of classifica-
tion (eg, the diagnosis and prognosis of CAD, the
phenotype of coronary plaque, and so on). Output
labels could be dichotomous (eg, “normal/abnormal”)
or multicategory (eg, lipidic pool/calcium/fibrous
tissue). Pretraining DL models on large-scale data sets
and then fine-tuning them with domain-specific data
is an effective solution to improve model perfor-
mance. Accuracy is the most widely used metric to
evaluate the performance of classification models.
However, it may be biased for tasks with imbalanced
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FIGURE 1 The Pipeline of Developing a Deep Learning Model

The pipeline includes training, validation, and testing phases using independent nonoverlapping data sets. The training phase optimizes model parameters by

minimizing the cost function, the validation phase tunes the hyperparameters related to training strategy, and the testing phase evaluates the performance of the final

model. The overlapping of the data used in the 3 phases should be strictly avoided. CAD ¼ coronary artery disease.
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data. The area under the receiver-operating charac-
teristic curve is often used to evaluate the overall
performance along with sensitivity, specificity, and
positive/negative predictive values.

SEGMENTATION. Semantic segmentation could be
considered as a dense classification in which
each pixel or voxel in a 2-dimensional (2D) or
3-dimensional (3D) image, respectively, is classified
into a label. The segmentation of arteries, plaques,
and stents is a common task for coronary imaging.
A CNN model with encoder-decoder architecture re-
mains the first choice for segmentation tasks, with
U-Net14 and its variants being widely adopted. The
encoder extracts imaging features that convert the
input image into low-resolution feature maps,
whereas the decoder projects learned features onto
the original images with a dense prediction for each
pixel. The segmentation performance is mostly eval-
uated by the metrics of Dice and Jaccard, which
reflect the regional overlap between the model pre-
diction and the ground truth. In addition, boundary
distances between the prediction and the ground
truth are quantified by metrics like the Hausdorff
distance and the mean surface distance.

DETECTION. The detection task identifies a target
object by outputting a bounding box enclosing it.15,16

The detection of stenosis and plaques are paradig-
matic applications in coronary imaging. Overall,
detection models can be classified as anchor-based or
anchor-free approaches. The anchor-based methods,
such as the R-CNN series17-20 and the YOLO series,21,22

generate multiple anchors as candidates, and those
containing objects with the highest confidence and
largest overlapping area between the ground truth
and the bounding box are selected. The anchor-free
methods find the center of each object and infer its
size to generate the bounding box. To evaluate the
detection performance, object-level metrics like pre-
cision, recall, and the F1 score can be computed. The
precision-recall curve is also plotted to report the
average accuracy of the model.

RECONSTRUCTION. In general, image reconstruction
refers to the construction of a target domain image
from source domain signals, which could be divided
into raw-to-image and postprocessing applications.
The first one constructs the image from raw data
collected by sensors, whereas the second one re-
constructs the image from extracted features in
source domain images. GAN models like the Cycle
GAN23 are commonly exploited for the reconstruction
task. The quality of the reconstructed image can be
evaluated by the following metrics: the mean
absolute error, the mean square error, and their
corresponding normalized items. Furthermore,
structure similarity24 and peak signal-to-noise ratio
are also used.

REGRESSION. Regression is similar to classification
in model structures, but the output of a regression



FIGURE 2 The Development of DL Model Architecture in Chronological Order

Milestones in the development of deep learning (DL) models include the feedforward neural network (FNN), recurrent neural network (RNN), convolutional neural

network (CNN), graph neural network (GNN), generative adversarial network (GAN), and Transformer.
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model is a continuous real number rather than a
discrete integer. Anatomy or physiology indexes
(eg, diameter stenosis, calcium score, and fractional
flow reserve [FFR]) can be predicted from coronary
imaging by well-designed regression models. Also,
image registration within or across modalities could
also be considered as a regression task of predicting
deformation fields. The performance of a regression
model is usually assessed by the difference between
the predicted and the reference values through the
mean absolute error and the mean square error.
Furthermore, tests of agreement (eg, Bland-Altman,
intraclass correlation coefficient, Lin’s coefficient,
and so on) and Pearson correlation are also reported
to reflect the relationship between the predicted
value and the ground truth.

CLINICAL APPLICATIONS

The clinical applications of DL are rapidly evolving
and changing the landscape of the cardiology com-
munity, creating new opportunities to improve mul-
tiple aspects of the interventional workflow. We
summarized these applications in line with the
workflow of imaging-guided coronary intervention in
the catheter lab (Central Illustration) involving image
acquisition, diagnosis and risk stratification, inter-
ventional navigation, and therapy evaluation and
optimization.

IMAGE ACQUISITION. As listed in Table 1, the appli-
cation of DL to image reconstruction enables novel
acquisition strategies, improving imaging quality
while reducing artifacts and the radiation dose, as
exemplified in coronary magnetic resonance angiog-
raphy (CMRA). Free-breathing whole-heart 3D CMRA
allows for the visualization of coronary arteries, but it
requires a prohibitively long scan time. To overcome
this limitation, undersampling techniques paralleled
by advanced reconstruction algorithms have been
proposed. For instance, Küstner et al25 developed and
evaluated a generative adversarial super-resolution
network that enabled 16-fold resolution upsampling
and reconstruction of free-breathing 3D CMRA in less
than a 1-minute scan time, thus significantly boosting
the acquisition speed. This supervised DL model was
trained and tested on 47 and 15 patients, respectively.
Improved vessel sharpness compared with low-
resolution CMRA was reported.



FIGURE 3 Typical Computational Tasks of DL Models With Corresponding Evaluation Metrics

Typical computational tasks include classification, segmentation, detection, reconstruction, and regression. CCTA ¼ coronary computed tomography

angiography; CMRA ¼ coronary magnetic resonance angiography; DCGAN ¼ deep convolutional generative adversarial network; DL ¼ deep learning;

GAN ¼ generative adversarial network; IVUS ¼ intravascular ultrasound; OCT ¼ optical coherence tomography; RCNN ¼ region-based convolutional neural

network; VGG ¼ visual geometry group; XA ¼ X-ray angiography.

J A C C : A S I A , V O L . 3 , N O . 1 , 2 0 2 3 Chu et al
F E B R U A R Y 2 0 2 3 : 1 – 1 4 Review of Deep Learning in Coronary Artery Disease

5



CENTRAL ILLUSTRATION Clinical Applications of Deep Learning in the Workflow of Interventional Catheterization

Image acquisition

Interventional navigation

Therapy evaluation &
Optimization

Diagnosis & Risk
stratification

• Dynamic coronary roadmap
• Co-registration
• Robotic catherization

• Stenosis severity
• Plaque morphology
• Computational physiology

• Quality and artifacts
• Imaging speed
• Radiation dose• Stent expansion

• Stent malapposition
• Wire crossing in stenting cell

AI

Chu M, et al. JACC: Asia. 2023;3(1):1–14.

Deep learning models open new opportunities to improve multiple aspects of the interventional workflow, involving image acquisition, diagnosis and risk stratification,

interventional navigation, and therapy evaluation and optimization. AI ¼ artificial intelligence.
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DL models have also been applied to coronary
computed tomography angiography (CCTA) recon-
struction.26,27 Chen et al28 developed DL technology
to reconstruct high-quality computed tomographic
images by training models using a low-dose sinogram
and paired high-quality CCTA images as ground
truths. Clinical studies have confirmed that DL-
powered CCTA reconstruction resulted in the
reduction of the radiation dose and improved image
quality without compromising stenosis or plaque
assessment.29,30

Finally, novel reconstruction procedures also have
been applied to intravascular imaging, especially to
intravascular ultrasound (IVUS), for the correction of
cardiac motion artifacts.31 The majority of commercial
IVUS systems do not take the phase of the cardiac
cycle into account during reconstruction, resulting in
inconsistent alignment and jagged lumen contour in
the longitudinal view. Stevens et al32 proposed a
DL reinforcement framework to efficiently extract
information from the acoustic scene in which the
sampling of the current frame is conditioned on the
reconstruction of the previous frame. Analysis of
end-diastolic–gated IVUS frames was reported to be
superior to the conventional nongated IVUS in terms
of measurement reproducibility.33

DISEASE DIAGNOSIS AND RISK STRATIFICATION.

Accurate diagnosis and enhanced risk stratification
are instrumental for appropriate decision making and
tailored treatment of CAD, with tasks like coronary
stenosis quantification, plaque characterization, and
physiology assessment as cornerstones (Table 2). DL
models have proven excellent performance in the
diagnosis of stenosis using dedicated CNN architec-
tures, such as the cutting-edge feature extraction
network and the spatiotemporal attention module.34

Du et al35 trained 2 DL models for the identification of
coronary artery segments and the recognition of
lesion morphology, respectively, using a large data
set of over 20,000 angiograms. The models achieved
an accuracy of 98.4% in vessel segment recognition
and an F1 score of 0.829 for stenotic lesion detection.
The prognostic relevance of plaque characterization
for the prediction of future coronary events in high-
risk patients has been consistently reported in
different studies using different imaging modal-
ities.36-38 DL models have been widely used to assess
plaques on CCTA. For example, in a recent



TABLE 1 Applications of DL Models in Coronary Image Acquisition

First Author (Ref. #)
Clinical

Application Modality
Computational

Task Network
Computational
Performance

Clinical
Performance Year

Fuin et al75 Acceleration CMRA Reconstruction CNN — Acquisition time: w2.5 min 2020

Qi et al76 Acceleration CMRA Reconstruction CNN
FNN

PSNR: 27.86 � 3.00 dB
SSIM: 0.78 � 0.06

Acquisition time: w2.5 min 2021

Küstner et al25 Acceleration CMRA Reconstruction CNN
GAN

— Acquisition time: < 1 min 2021

Benz et al29 Reduced radiation CCTA Reconstruction CNN — Dose: 0.8 mSv 2022

Tatsugami et al27 Reduced radiation CCTA Reconstruction CNN — Dose: 5.4 mSv 2019

Azizmohammadi et al77 Reduced radiation XA Reconstruction CNN
RNN

SSIM: 0.82 Dose reduction, %: 30 2022

Jung et al78 Artifact correction CCTA Reconstruction CNN PSNR: 33.6 dB
SSIM: 0.97

— 2020

Deng et al79 Artifact correction CCTA Reconstruction CNN
GAN

PSNR: 24.96 dB
SSIM: 0.769
NMSE: 0.031

— 2022

Xia et al80 Artifact correction IVUS Regression CNN
GAN

SNR: 114.76 dB — 2022

Bajaj et al81 Artifact correction IVUS Classification RNN
FNN

Accuracy, %: 80.4 Mean difference with
electrocardiogram: 3 � 112 ms

2021

CCTA ¼ coronary computed tomography angiography; CMRA ¼ coronary magnetic resonance angiography; CNN ¼ convolutional neural network; DL ¼ deep learning; FNN ¼ feedforward neural network;
GAN ¼ generative adversarial network; GNN ¼ graph neural network; IVUS ¼ intravascular ultrasound; NMSE ¼ normalized mean square error; OCT ¼ optical coherence tomography; PSNR ¼ peak signal-to-
noise ration; RNN ¼ recurrent neural network; SNR ¼ signal-to-noise ratio; SSIM ¼ structure similarity; XA ¼ X-ray angiography.
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international multicenter study, a DL system was
developed for rapid and automated quantification of
plaque volume on CCTA, resulting in excellent
agreement with IVUS (intraclass coefficient ¼ 0.949)
at a much higher speed of CCTA analysis than
expert analysts (5.65 � 1.87 min/patient vs 25.66 �
6.79 min/patient).39 Lin et al39 developed and vali-
dated DL-enabled plaque and stenosis quantification
from CCTA, which proved prognostic value in pre-
dicting the risk of future myocardial infarction in a
large cohort of patients with stable chest pain. The
integration of the parameters of plaque quantification
could also enhance the predictive value of the
currently established risk stratification models.40,41

Furthermore, novel imaging predictors of prognosis
have been extracted from CCTA by analyzing the
radiomic profile of epicardial adipose tissue, which
was capable of capturing permanent structural
changes in perivascular adipose tissue and signifi-
cantly improving risk prediction for adverse coronary
events.42,43 This might be a paramount leap forward
to further expand large-scale applications of CCTA as
a first-line diagnostic tool for the screening of
CAD.44,45 This trend entails the use of CCTA in large
populations as a default screening test; therefore,
DL-driven improvements in the workflow of CCTA
will have a huge impact on health systems. Never-
theless, CCTA is inherently limited for detailed pla-
que characterization as required in clinical practice
for precise risk stratification or for planning of the
interventional strategy. For advanced plaque
characterization, invasive imaging remains the gold
standard.46

Chu et al47 developed a deep CNN model for
comprehensive plaque characterization in optical
coherence tomography (OCT), which was trained on a
large data set of over 500 OCT pull backs from mul-
tiple centers. The model was validated against expert
consensus from 3 internationally renowned core labs
in an external cohort, achieving the best diagnostic
accuracy with fibrous plaques (97.6%) followed by
lipidic plaque (90.5%) and calcifications (88.5%) and
thus enabling the characterization of coronary pla-
ques in a fully automated and timely efficient way.
A novel plaque vulnerability index named the lipid-
to-cap ratio was recently proposed on the basis of
this DL-enabled automatic plaque segmentation,48

integrating the 2 most critical morphologic features of
plaque to determine its vulnerability: lipidic plaque
burden and cap thickness. The lipid-to-cap ratio was
superior to classical morphologic parameters, such as
the minimal lumen area, plaque burden, or thin-cap
fibroatheroma, in predicting nonculprit vessel–
related major adverse cardiovascular events at a
2-year follow-up.48

Physiology-guided revascularization has consis-
tently proven better clinical outcomes than tradi-
tional angiographic guidance in multiple clinical
scenarios; therefore, it has been granted a Class I
indication in the current guidelines for myocardial
revascularization in stable CAD.49 FFR is regarded as
the gold standard for coronary physiology assessment



TABLE 2 Applications of DL Models in Diagnosis and Risk Stratification of Coronary Artery Disease

First Author (Ref. #)
Clinical

Application Modality
Computational
Task Network Network

Computational
Performance

Clinical
Performance Year

Du et al35 Lesion
Diagnosis

XA Detection CNN
GAN

F1 score: stenosis 0.829
Total occlusion: 0.810
Calcification: 0.802
Thrombosis: 0.823
Dissection: 0.854

AUC: stenosis 0.801
Total occlusion 0.759
Calcification 0.799
Thrombosis 0.778
Dissection 0.863

2021

Zhao et al82 Stenosis
Diagnosis

XA Segmentation CNN Dice: 0.89 True positive rate: 0.68 2021

Pang et al83 Stenosis
Diagnosis

XA Detection CNN Precision: 0.949
F1 score: 0.881

— 2021

Li et al84 Stenosis
Diagnosis

CCTA Segmentation CNN Dice: 0.771 � 0.021 AUC: 0.737 2022

Ma et al85 Stenosis
Diagnosis

CCTA Classification CNN
Transformer

Accuracy: 0.92
Specificity: 0.96

Correlation: r ¼ 0.74 2021

Tu et al60 FFR computation XA Segmentation CNN — Correlation: r ¼ 0.90
Agreement: 0.00 �

0.05
AUC: 0.97

2021

Wang et al86 FFR computation CCTA Regression RNN
FNN

— Correlation: r ¼ 0.683
Agreement: �0.17 to

0.16
AUC: 0.933

2019

Kumamaru
et al87

FFR computation CCTA Regression CNN
GAN
FNN

— AUC: 0.78 2020

Yu et al63 FFR computation IVUS Segmentation CNN
GAN

— Correlation: r ¼ 0.87
Agreement: �0.02 �

0.08
AUC: 0.97

2021

Zreik et al88 Plaque
Identification

CCTA Classification CNN
FNN
RNN

Accuracy: 0.77 / 2019

Wolterink et al89 Calcium
Scoring

CCTA Segmentation CNN — Correlation: r ¼ 0.94
Agreement: �38.7 to

38.3

2016

Chu et al47 Plaque
Characterization

OCT Segmentation CNN Dice: fibrous 0.906
Lipidic: 0.772
Calcific: 0.848

Correlation: r ¼ 0.98
Agreement, %:

0.35 � 4.312

2021

Du et al90 Plaque
Identification

IVUS Segmentation CNN HD: lumen 0.336 mm
Media 0.367 mm

Correlation: r ¼ 0.98 2022

Jun et al91 TCFA
Identification

IVUS Segmentation CNN
FNN

— AUC: 0.911 2019

Moon et al92 CAD
Diagnosis

XA Classification CNN
FNN

Accuracy: 0.943 AUC: 0.956 2021

Zreik et al93 CAD
Diagnosis

CCTA Segmentation CNN
FNN

Dice: 0.91 AUC: 0.74 � 0.02 2018

Tamarappoo
et al94

Predication of hard
coronary event

CCTA Segmentation XG
Boost

— AUC: 0.81 2021

Commandeur
et al95

Prediction of myocardial
infraction and coronary

death

CCTA Classification XG
Boost

— AUC: 0.82
HR: 10.38

2020

Kwan et al96 Prediction of
revascularization

CCTA Regression — — AUC: 0.78 2021

Lin et al39 Prediction of
cardiovascular risk

CCTA Segmentation CNN
RNN

Dice:
Vessel wall 0.94
Lumen and plaque: 0.90

HR:
Plaque volume: 5.36
Diameter stenosis: 2.49

2022

Hong et al48 Risk stratification OCT Segmentation CNN — AUC: 0.826
HR: 42.73

2022

Neleman et al97 Prediction of POCE IVUS Classification SVM — HR: 1.51 2021

AUC ¼ area under curve; CAD ¼ coronary artery disease; FFR ¼ fractional flow reserve; HD ¼ Hausdorff distance; NPV ¼ negative predictive value; POCE ¼ patient-oriented composite endpoint;
PPV ¼ positive predictive value; TCFA ¼ thin-cap fibroatheroma; other abbreviations as in Table 1.
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and has generated a huge corpus of evidence over
time.50-52 However, the adoption of FFR in real-world
surveys is low53 because of several factors (eg,
budgetary restrictions or the need to induce
hyperemia). With the aim of overcoming these limi-
tations, some FFR estimators have been developed
and quickly gained popularity, such as resting indexes
or computational physiology. These alternative



TABLE 3 Applications of DL Models in Interventional Navigation

First Author (Ref. #)
Clinical

Application Modality Computational Task Network Network
Computational
Performance Clinical Performance Year

Wu et al70 Dynamic coronary
roadmap

XA-CCTA Regression CNN — Mean projection distance: 1.13 � 0.83 mm 2022

Ma et al68 Dynamic coronary
roadmap

XA Segmentation CNN — Mean error: 1.29 � 1.76 mm 2020

Jeone et al69 Dynamic coronary
roadmap

XA Reconstruction CNN PSNR: 34.09 � 2.28 dB Registration error: 1.06 � 0.18 mm 2021

Fang et al98 Dynamic coronary
roadmap

XA Regression CNN
RNN

RMSE: 0.06-0.26 Correlation: 0.64-0.94 2020

Kweon et al99 Navigation XA Regression CNN — Success rate, %:
2D phantoms 98
3D phantoms 99

2021

Sayadi et al100 Robotic PCI — Regression FNN MAE: 0.018 � 0.012 N Correlation: 0.99 2021

MAE ¼ mean absolute error; PSNR ¼ peak signal-to-noise ration; RMSE ¼ root mean square error; other abbreviations as in Table 1.
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methods have not only become popular but also
generated compelling and consistent evidence54-56

and even gained a Class I indication in the guidelines
on par with FFR.49 In this line, imaging-based
computational physiology is an active area of
research.57 DL has been introduced to computational
physiology either in the statistical method alone
or combined with the mechanistic method. The sta-
tistical method is purely data driven in which pre-
dictions of hemodynamic significance (ie, FFR <0.80)
or FFR values are directly obtained from coronary
imaging through a classification or regression model.
For example, Itu et al58 trained a DL model using
28 geometric features extracted from CCTA as input
and computational fluid dynamic simulation values as
the ground truth, aiming at integrating complex
nonlinear relationships between various anatomic
features.58 However, its correlation with invasive FFR
was moderate (r ¼ 0.62) in a multicenter cohort of 525
vessels from 351 patients.59 Conversely, hybrid
methods combining statistical models and the mech-
anistic theory of coronary blood flow outperformed
purely data-driven models. For instance, Tu et al60

developed a new method of FFR computation from a
single X-ray angiographic view (ie, law-based quan-
titative flow ratio [mQFR]) powered by DL models for
automatic delineation of the coronary arteries as ge-
ometry modeling as well as boundary conditions for
simplified flow dynamics equations. mQFR showed
excellent correlation and agreement with invasive
FFR60,61 and the 3D quantitative flow ratio.62 More-
over, there are novel computational methods based
on intravascular imaging of OCT and IVUS (ie, optical
flow ratio [OFR] and ultrasonic flow ratio [UFR]) that
allow morphofunctional evaluation within 1 single
imaging pull back. OFR and UFR achieved excellent
diagnostic accuracies (93% and 92%, respectively) to
identify significant FFR.63-65
INTERVENTIONAL NAVIGATION. In addition to bringing
benefits to CAD diagnosis and risk stratification,
DL has also been applied to assist in PCI navigation
with enhanced procedure efficiency and convenience
(Table 3). One significant application is the dynamic
coronary roadmap (DCR), which enables continuous
visual feedback for cardiologists during intervention
by superimposing coronary arteries onto a fluoro-
scopic image in a dynamic real-time fashion. Clinical
studies based on a commercialized DCR system
(Philips Healthcare) reported a significant reduction
in contrast volume (22%) and fluoroscopy time
(30%).66,67 The first DCR system could be dated back
to 1989; it was developed by Elion’s group, and the
application of DL greatly addressed the technical
challenges of motion compensation caused by respi-
ration and heartbeat. Ma et al68 developed a CNN
model to compensate respiratory-induced motion via
a tracking catheter tip. A total of 55 patients were
enrolled, and the proposed tracking model had a
median and maximal error of 0.96 mm and 17.72 mm
for testing images. The total average speed for the
proposed DCR workflow is 66.7 ms/frame, showing
potential in real-time application. However, the
method requires manual annotation of the catheter
tip off-line. More recently, a deep generative model
was proposed for DCR by transforming registration
into an image generation problem.69 Coronary and
respiratory motions were implicitly compensated
by the GAN model, and it could be applied to
arrhythmia patients with irregular electrocardiogram
signals. In addition to extracting information from a
single modality, coregistration of different imaging
modalities usually adds valuable information, aiding
in complicated interventions such as chronic total
occlusion. For example, fusing a preprocedural CCTA
image with angiography during intervention assists
in procedural planning and guidewire manipulation.



TABLE 4 Applications of DL Models in Therapy Evaluation and Optimization

First Author
(Ref. #)

Clinical
Application Modality

Computational
Task Network

Computational
Performance

Clinical
Performance Year

Lu et al101 Stent evaluation OCT Detection Bagged decision tree Recall: uncovered 0.82
Covered 0.99

Correlation: stent area r ¼ 0.97
Lumen area r ¼ 0.99

2020

Wang et al102 Stent evaluation OCT Detection Bayes
Network

Precision: 0.84
Recall: 0.91

Correlation: stent area r ¼ 0.988 2015

Wissel et al103 Stent evaluation IVUS Segmentation CNN
FNN

Dice: encoder (0.824)
Decoder (0.611)

— 2021

Wu et al71 Stent evaluation and
healing analysis

OCT Segmentation CNN Dice: 0.907
Jaccard: 0.838

Correlation: minimum stent area
r ¼ 0.952

Malapposition distance r ¼ 0.983
Coverage thickness r ¼ 0.987

2020

Yang et al104 Stent evaluation and
healing analysis

OCT Detection CNN Precision: 0.932 Correlation: stent area r ¼ 0.918-
0.954

2021

Nam et al105 Stent evaluation and
healing analysis

OCT Segmentation FNN — Correlation: protrusion distance
r > 0.99

Neointimal thickness r > 0.99

2016

Lu et al106 Stent evaluation and
healing analysis

OCT Classification Support vector
machine

Sensitivity, %: 94
Specificity, %: 90

AUC: 0.97 2019

Min et al73 Stent apposition
predication

IVUS Classification CNN
FNN

PPV: 0.70
NPV: 0.96
Accuracy: 0.94

AUC: 0.94
Correlation: stent area r ¼ 0.802

2021

AUC ¼ area under the curve; NPV ¼ negative predictive value; PPV ¼ positive predictive value; other abbreviations as in Table 1.
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It is a technique of 3D/2D medical image registration,
which involves modality transformation across 3D/2D
images and deformation field computation. Wu et al70

developed a DL model named the CAR-Net for
deformable 3D/2D coronary artery registration. An
average registration error of the mean projection
distance of 1.13 mm was achieved for the proposed
method on the clinical testing data set. However,
heavy preprocessing steps including vessel segmen-
tation and centerline extractions were required.
Further refinement of fusion algorithms is to be ex-
pected. Furthermore, advanced DL technology
applied to robotic-assisted catheterization holds
promise for complete automation.
THERAPY EVALUATION AND OPTIMIZATION.

Intravascular imaging poststenting is indicated to
evaluate the result after stent deployment and
eventually detect suboptimal findings that need
optimization. However, a frame-per-frame analysis of
the whole pull back, or even the systematic analysis
of selected frames at periodic intervals (eg, 1 mm), is
cumbersome and time-consuming to be routinely
applied in the catheterization laboratory for clinical
decision making. Rapid and automatic quantification
of stent expansion and apposition is instrumental to
streamline the workflow of PCI optimization. Some
DL models have been developed for stent segmenta-
tion and detection with this aim, as shown in Table 4.
Wu et al71 designed a CNN model with multiscale
shortcut connections and pseudo-3D input to aggre-
gate the information from adjacent OCT frames.
The model was trained on over 10,000 cross-sectional
images and was independently tested in more
than 21,000 images from 170 OCT pull backs.
Excellent segmentation (Dice ¼ 0.907) and detection
(Precision ¼ 0.943) performances were achieved for
different sources of images. In comparison with pre-
vious semiautomated methods, the DL model enabled
real-time stent quantification at a speed of 0.02 sec-
onds per cross-sectional image. Interestingly, the ac-
curate stent detection enabled precise 3D rendering,
which can facilitate a quick evaluation of the stent
deployment at first glance, while being instrumental
for other clinical applications, such as the wire
crossing through the right stent cell, the identifica-
tion of previously implanted stent types,72 or the
impact of cardiac motion artifact31 (Central
Illustration).

In addition to the evaluation of the stent result in
postprocedural imaging, Min et al73 developed a
DL model to predict stent underexpansion from pre-
procedural IVUS. Semantic features of lesion
morphology derived from a CNN model together with
procedural information like stent diameter, inflation
pressure, or balloon diameter were used for regres-
sion, aiming to predict the stent area and the
subsequent classification of stent underexpansion.
A significant correlation was observed between the
predicted stent area from the preprocedural IVUS and
the measured area in poststenting images (r ¼ 0.802).
By predicting a potential risk for underexpansion,
the DL model provides critical information to guide
plaque preparation tailored to the specific re-
quirements of each lesion in escalating complexity,



HIGHLIGHTS

� DL creates opportunities to improve the
interventional workflow in the cardiology
community.

� Technology development and clinical
applications of DL in the diagnosis and
treatment of coronary artery disease are
reviewed.

� The remaining challenges for DL include
generalization, interpretability, and in-
dividual equity.
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from simple predilatation to the use of sophisticated
systems of plaque debulking, thus maximizing the
likelihood of procedural success and optimizing the
result to warrant optimal clinical outcome after PCI.

FUTURE PROSPECTS

Although DL models show promising performance
across all the spectrum of CAD diagnosis, treatment,
and prognosis hitherto, there are still limitations of
DL and unaddressed challenges ahead. First, DL
models are vulnerable to adversarial inputs because
they rely on statistical patterns of the data rather than
understanding inputs in human sense. A shift of the
data distribution from the training data set may lead
to completely different output by DL models. Medical
imaging varies among different vendors and acquisi-
tion strategies. Therefore, it raises a major concern on
the generalization ability of DL models across
different clinical scenarios. Another relevant issue is
the interpretability and transparency. DL models are
notorious for its inherent “black box” feature, espe-
cially for high-level intelligent tasks of risk stratifi-
cation and prognosis prediction.74 There is a lack of
understanding of the models’ behavior and decision-
making process. The integration of prior knowledge,
biophysical modeling, and mechanistic theory would
be complementary to purely data-driven DL models
and might help improve model generalizability and
interpretability. Second, the model behavior is largely
dependent on the fed adjudication (data annotation),
which is usually obtained from experienced experts.
Notarized data annotation in line with expert
consensus is essential for producing an unbiased
model. Of note, extensive data annotation used to be
an obstacle for DL development; however, advanced
algorithms such as data generation by GAN, novel
training pipelines of unsupervised learning (ie, no
annotation), semisupervised learning (ie, annotation
for a subset of input), or weakly supervised learning
(ie, simplified coarse annotation) have largely allevi-
ated the dependency of manual data annotation.
Finally, the majority of AI models are at the stage of
proof of concept, awaiting prospective clinical trials
from large cohorts of patients. The efficacy of the
model should be validated against the current state-
of-the-art clinical standards through well-designed
trials. It is reassuring to notice that new guidelines
from regulatory authorities have now been set in
place to better standardize the rapid development of
AI technology and its deployment in clinical practice.

CONCLUSIONS

Advanced DL algorithms open new opportunities for
precise diagnosis and tailored treatment in cardiology
with a high degree of automation, reduced radiation,
and enhanced risk stratification. Generalization,
interpretability, and regulatory issues are remaining
challenges that need to be addressed through joint
efforts from multidisciplinary community.
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