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Abstract: The global mortality rate is known to be the highest due to cardiovascular disease (CVD). Thus,
preventive, and early CVD risk identification in a non-invasive manner is vital as healthcare cost is increasing
day by day. Conventional methods for risk prediction of CVD lack robustness due to the non-linear
relationship between risk factors and cardiovascular events in multi-ethnic cohorts. Few recently proposed
machine learning-based risk stratification reviews without deep learning (DL) integration. The proposed
study focuses on CVD risk stratification by the use of techniques mainly solo deep learning (SDL) and hybrid
deep learning (HDL). Using a PRISMA model, 286 DL-based CVD studies were selected and analyzed. The
databases included were Science Direct, IEEE Xplore, PubMed, and Google Scholar. This review is focused
on different SDL and HDL architectures, their characteristics, applications, scientific and clinical validation,
along with plaque tissue characterization for CVD/stroke risk stratification. Since signal processing methods
are also crucial, the study further briefly presented Electrocardiogram (ECG)-based solutions. Finally, the
study presented the risk due to bias in AT systems. The risk of bias tools used were (I) ranking method (RBS),
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(II) region-based map (RBM), (IIT) radial bias area (RBA), (IV) prediction model risk of bias assessment tool
(PROBAST), and (V) risk of bias in non-randomized studies-of interventions (ROBINS-I). The surrogate
carotid ultrasound image was mostly used in the UNet-based DL framework for arterial wall segmentation.
Ground truth (GT) selection is vital for reducing the risk of bias (RoB) for CVD risk stratification. It was

observed that the convolutional neural network (CNN) algorithms were widely used since the feature

extraction process was automated. The ensemble-based DL techniques for risk stratification in CVD are

likely to supersede the SDL and HDL paradigms. Due to the reliability, high accuracy, and faster execution

on dedicated hardware, these DL methods for CVD risk assessment are powerful and promising. The risk of

bias in DL methods can be best reduced by considering multicentre data collection and clinical evaluation.
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Introduction

The global mortality due to cardiovascular diseases (CVDs) is
18 million yearly, leading to a financial burden of $237 billion
USD per year (1-6). With the COVID crisis still not over, an
increase in depression, a rise in comorbidities, environmental
changes, the Ukraine-Russian war, and its effects on people,
all the above have accumulated further stress, thereby an
increase in CVD (7). While CVD plaque formation starts
with low-density lipoprotein (LDL) penetration in the walls
via the epithelial layer of the arterial walls due to endothelial
dysfunction, however, the formation of atherosclerosis over
time in the walls of the coronary arteries blocks the blood
flow leading to cardiovascular events (8). The comorbidities
of different kinds such as diabetes (9), chronic kidney disease
(10,11), rheumatoid arthritis (RA) (12,13), hypertension (14),
hyperlipidaemia (15-17), and brain diseases (18,19), causes
an increase in plaque burden, putting the individual in a
vulnerable state of heart disease and stroke, leading to an
increase in mortality. Therefore, there is a need for early
detection of CVD to reduce mortality rates.

The CVD risk prediction is being carried out by using
popular conventional calculators tools such as QRISK3 (20),
Framingham risk score (21), the systematic coronary
risk evaluation score (SCORE) (22), Reynolds risk score
(RRS) (23), and the atherosclerosis cardiovascular disease
(ASCVD) (24). While the calculators follow specific
guidelines given by the American College of Cardiology/
American Heart Association (25), the European Society of
Cardiology (ESC) (26,27), and the Canadian Society (28,29).
There are several challenges, such as (I) over simplification of
the relationship between the risk factors and gold standard,
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(IT) not well-defined granularity in risk classes for better statin
control, (IIT) no direct quantitative solution for plaque type
and plaque burden/thickness measurements in the walls of
the arteries, (IV) lack of heterogeneity (multiple ethnicities)
in the populations, and (V) lastly, does not leverage the
knowledge of cohort (30-35). All the above reasons make the
CVD risk prediction results less reliable and accurate.

Due to the similar genetic make of carotid and coronary
artery disease, non-invasive imaging of carotid arteries is
preferred. The typical imaging paradigms for carotids are
computed tomography (CT) (36,37), magnetic resonance
imaging (38), and ultrasound (US) (39). cBUS referring to
carotid B-mode ultrasound provides us with advantages as
such being cost-effective, user-friendly, can easily access
the carotid arteries with by the window through the neck,
and further, compound, harmonic imaging provides high
resolution images (40).

Since CINE loops of the carotid ultrasound can be
used with cardiac gating, one can therefore use this for
estimating the vulnerability of the plaque build-up (41).
The whole process is done by using the image registration
paradigms among the slices (42) and then undergoing
plaque characterization. The carotid ultrasound image-based
phenotypes (CUSIP) which includes carotid intima-media
thickness (cIMT) (43-47), intima-media thickness variability
(IMTV), maximum plaque height (MPH), and total plaque
area (TPA), all these can be measured in ¢cBUS frozen scans.
These CUSIP biomarkers (also called a radiomic features)
can be fused with office-based biomarkers (OBBM) and
laboratory-based biomarkers (LBBM) for superior CVD risk
stratification, as demonstrated by AtheroEdge 2.0 (Roseville,
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CA, USA) (48). Although it is fully automated system, scale-
space-based paradigm only took partial advantage of the
intelligence such as the (I) width and (II) the edge of the
arterial wall by modelling the (i) standard deviation and (ii)
derivative of the Gaussian functions (49,50). Such statistical
models did not leverage on the knowledge of cohort and
framework-based in artificial intelligence (AI). Thus, for
a reliable and accurate CVD risk prediction, a superior
solution is needed.

In earlier research, machine learning (ML) has been tried
for predicting the CVD risk by taking the covariates or risk
factors, namely OBBM, CUSIP, LBBM, and MedUse (51-61).
Because ML had demonstrated a better ability to handle the
non-linearity between the covariates and the gold standard,
and ability to integrate advance feature selection methods,
such paradigms are therefore superior to previous statistical
methods (51-61). Previously, an ML-based CVD risk
stratification review was published (62,63), however, did not
incorporate the recent advances in deep learning (DL). DL
further improves the accuracy of the results by automating
the feature extraction process. The principle of the working
of the DL techniques is shown by several industries such as
Google, and Facebook (64-77). The DL can be categorized
into a few types such as solo DL (SDL), hybrid DL (HDL),
ensemble DL (EDL), transfer learning (TL), and encoder-
decoder (ED)-based DL. This review presents the different
DL approaches for prediction of risk in CVD, along with the
risk of bias (RoB) among the DL systems.

The layout of the proposed review is as follows. The
study selection was conducted using PRISMA model in
Section “Search strategy and statistical distribution”. The
same section will present the Al-attributes with statistical
distribution. Linkage between the atherosclerosis and CVD
risk, and a time course study for CVD risk stratification
is presented in the section “Biological link between
atherosclerosis and cardiovascular diseases and a time course
study for cardiovascular risk stratification”. Section “Deep
learning architectures for CVD risk stratification” represents
the DL architecture for the CVD risk prediction with their
performance evaluation metrics. Section “Cardiovascular
risk assessment via carotid plaque characterization: brief
overview” presents the CVD risk assessment viz plaque
characterization using carotid US techniques. The CVD
risk prediction in today’s COVID-19 framework is also
presented in section “Cardiovascular disease risk assessment
in COVID-19 framework”. The DL-based CVD systems
using Electrocardiogram (ECG) are shown in section
“Cardiovascular risk stratification using deep learning-
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based ECG”. Section “Artificial intelligence explainability
in cardiovascular disease” presents the explainable artificial
in cardiovascular disease. Section “Risk of bias estimation in
deep learning-based cardiovascular disease systems” presents
the bias in DL systems for CVD risk estimation. The critical
discussions on the review are shown in section “Critical
discussion”, and finally the conclusions are presented in
section “Conclusions”.

Search strategy and statistical distribution

We aimed at four different types of statistical distributions
such as the types of CVD techniques, the ground truths (or
gold standard) used for the Al-based systems, the feature
extraction strategies adapted, and bias in the Al-based
systems. We adopted PRISMA model for selection of the
studies used for CVD risk prediction. Further, this section
has subparts as section “PRISMA model” and section
“Statistical distribution” with the selection criteria and the
statistical distribution respectively.

PRISMA model

The search and selection of the final studies were done
using the PRISMA model. The search was done with the

@

keywords “CVD risk using deep learning”, “cardiovascular
disease and deep learning”, “CVD risk classification in deep
learning framework”, “CVD risk prediction using artificial
intelligence”, “CVD risk prediction using AI”, “CVD/
stroke risk assessment in Deep Learning framework”,
“CVD/Stroke using the non-invasive framework”, “CVD/
Stroke using hand-held devices”, “Bias in DL/AI for CVD
risk stratification”, “signal processing-based Deep Learning
methods for cardiovascular disease risk stratification”,
“EEG-based Deep Learning methods for CVD risk”,
“CVD risk estimation in COVID patients”, and “Al-
based techniques for CVD risk stratification in COVID-19
framework”. The different platforms used for searching
were Science Direct, IEEE Xplore, PubMed, and Google
Scholar. The selection of the studies is shown by the
PRISMA flowchart in Figure 1. Using our search strategy,
we obtained a total of 2,672 studies. We used three set
criteria for our exclusion process: (I) rejection of records due
to insufficient data, (II) rejection of studies which were non-
relevant, and (III) removal of the articles after screening of
the studies. After applying the above-mentioned exclusion
criteria, results found were 2,284, 88, and 14 studies for

each type of exclusion shown as E1, E2, and E3 (Figure I).
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Figure 1 PRISMA model for selection of the DL-based CVD studies. DL, deep learning; CVD, cardiovascular disease.

The more relevant and valuable scientific information were
obtained from the final selected studies and distribution
were created based on statistics. An analysis was done
stating the architecture of SDL and HDL techniques, their
characteristics, and bias estimation. Further DL paradigm
was discussed in ECG, and COVID-19 paradigm.

Statistical distribution

The statistical distribution which were obtained from
the final studies are presented in Figure 2. The statistical
distribution was carried out using the following attributes (a)
publications trend over the year, (b) types of DL framework
used for CVD risk prediction, (c) the different architectural
algorithm followed in the DL-based paradigm, and (d) types
of performance evaluation metrics adopted in the CVD
risk prediction. The DL-based publications presented an
increasing trend over years from 2015-2022 as shown in
Figure 24. The SDL techniques considered more with 69%
(13,78-97) when compared to the HDL techniques with
31% (98-108) (Figure 2B). The algorithms used in the DL-
based framework consisted of the following distribution,
such as convolutional neural network (CNN) (45%), UNet
(16%), artificial neural network (ANN) (7%), UNet++ (7%),
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UNet+++ 3%), DeepMAD (4%), context fusion network
(CFNet) 3%), fourier CNN (FCNN) (3%), SegNet-UNet
(3%), deep ensemble (3%), deepMedic (3%), feedforward
neural network (FNN) (3%), and deep neural network
(DNN) (3%). As shown in Figure 2C, the CNN algorithm
was followed in most of the studies. During our bias study, we
will examine how these architectures are related to the bias
in DL solutions for CVD risk stratification. The prediction
results are evaluated through the performance evaluation (PE)
metrics shown in Figure 2D, where the total number of studies
is depicted below for each metric. The different PE metrics
were sensitivity (18 studies), specificity (17 studies), accuracy
(20 studies), false-positive rate (FPR) (1 study), positive
predictive value (PPV) (2 studies), negative predictive value
(NPV) (1 study), precision (7 studies), F1-score (1 study),
Jaccard index (7 studies), P value (9 studies), humming loss
(2 studies), and DICE coefficient (15 studies).

Biological link between atherosclerosis and
cardiovascular diseases and a time course
study for cardiovascular risk stratification

This section describes the biological framework of
atherosclerosis and its link with the cardiovascular disease
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Figure 2 Statistical distribution (A) publications per year, (B) types of DL paradigm, (C) types of DL algorithms for CVD risk stratifications,

(D) types of performance evaluation metrics. DL, deep learning; CVD, cardiovascular disease; HDL, hybrid deep learning; SDL, solo deep
learning; ANN, artificial neural network; DNN, deep neural network; FNN, feedforward neural network; FNCNN, fourier CNN; CNN,
convolutional neural network; CFNet, context fusion network; DICE, coefficient; FPR, false-positive rate; ACC, accuracy; Sen, sensitivity;

Spec, specificity; NPV, negative predictive value; PPV positive predictive value.

presented in section “Linkage between atherosclerosis
and cardiovascular disease”. Then a time course study is
discussed in section “A time course study for cardiovascular
risk stratification” that involves the description of all five
generations of development in the cardiovascular risk
stratification field.

Linkage between atherosclerosis and cardiovascular disease

Atherosclerosis disease formation is the fundamental cause
leading to CVD (109). Figure 3, left (a) (119) shows the
formation of plaque in the walls of the arteries known by the
process of atherogenesis. When there is a low endothelial
shear stress (8), the process of atherogenesis accelerates.
Figure 3, right shows the artery being scanned using the
ultrasound probe. There are several factors which affect the
shear stress such as characteristics of the flow velocity which
includes direction, flow type, and velocity. Leukocytes in
the blood attack the epithelium in this region [Figure 3, left
(@)] (8). The monocytes migrate into the sub-epithelial layer,
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and the oxidation occurs here. The LDL cholesterol then
converts into macrophages [Figure 3, left (b)] (120,121).
Using the oxidation process of LDL, the macrophages
grows into large foam cells, and finally leading to necrotic
core formation [Figure 3, left (c)]. The calcium granules
expand in the necrotic cells forming calcium deposit lumps.
The necrotic are separated from the blood vessels by the
fibrous caps (122). The flow of blood is fine dll the plaque is
small due to the remodelling done by the arteries themselves
(123). As the plaques size increases, the volume of the lipid-
core reduces resulting to structural stabilization of plaque
[Figure 3, left (a)] (124). The fibrous cap gets thin eventually
with the deposition of lipids, resulting the rupture of the
plaque (125). After the cup rupture the platelets moves
into the bloodstream, and the blood clot or thrombus
formation occurs turning the arteries to block and atrial
stiffness (126). As a result the blood supply is restricted to
the tissues causing the cell to die. In the same way, if the
blockage occurs in the coronary artery leading to myocardial
infarction (MI) or CVD [Figure 3, left (d)] (9,13).
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Figure 3 Left: atherosclerosis progression consisting of (a) endothelium dysfunction and lesion initiation, (b) formation of a fatty streak, (c)

formation of fibrous plaque underlying fibrous cap, and (d) rupture and thrombosis. Right: ultrasound scanning of the carotid artery (both
images courtesy of AtheroPoint™, Roseville, CA, USA) (Open Access) (9,11,13,80,110-118). oxLDL, oxidized low-density lipoprotein;

SMC, smooth muscle cell.

Table 1 Generation characteristics for cardiovascular risk stratifications

SN Attributes 1% Gen (CVD Manual) 2™ Gen (CVD CC) 3" Gen (CVD AE) 4™ Gen (CVD ML) 5" Gen (CVD DL)
1 Manual y x x x x

2 OBBM x V v v v

3 LBBM x v v v v

4 cusip x x v v v

5 MedUSE x x \/ y N

6 MRI x x N N N

7 CT X x N N N

8 us x x v v v

9 Multiclass V N N 3 y

10 Multi-label x x x 3 y

11 Ensemble x x x ~ N

12 References (127-129) (21,49,50,130-136) (35,137-140) (14,48,54,141-145)  (78-80,90,98,99,103)

SN, serial number; Gen, generation; CVD, cardiovascular disease; CC, conventional calculators; AE, AtheroEdge; ML, machine learning;
DL, deep learning; OBBM, office-based biomarkers; LBBM, laboratory-based biomarkers; CUSIP, carotid ultrasound image phenotypes;
MRI, magnetic resonance imaging; CT, computed tomography; US, ultrasound.

A time course study for cardiovascular risk stratification

There are basically five generations of CVD risk
stratifications, listed as follows: (I) Manual calculations,
(I) Conventional calculators, (III) image phenotype-based
(AtheroEdge™ 1.0, and AtheroEdge™ 2.0); (IV) ML-based
system (AtheroEdge 3.0y;), and (V) DL-based systems
(AtheroEdge 3.0p).

© Cardiovascular Diagnosis and Therapy. All rights reserved.

First generation used manual methods, i.e., did not adopt
the computer-based strategy. These CVD risk calculations
were made by the physician by directly observing the
blood test reports, the family history of the patients,
environmental stress on the patients, etc. (Table I). Further,
the manual methods consisted of evaluating the ultrasound
exams of the common carotid artery and carotid bulb
and understanding the echogenicity, such as echolucent
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and echogenic grayscale intensities. Since it was a manual
method, there was primarily CVD risk stratified into two
classes (low and high) and it was not categorized into a
multiclass framework (127-129).

In the second generation, the conventional method
for CVD risk stratification, various conventional tools
such as FRS, SCORE, and ASCVD were used to
determine the CVD risk (21,49,50,130-136). Our group
has previously published 11 conventional calculators for
CVD risk stratification (146). The covariates used in the
second generation were OBBM and LBBM. Different
measurement classes were collected based on these risk
factors. These measurements had variability with different
data sets and were not reliable. The threshold was obtained
from these measured values which were ad-hoc in nature.
These thresholds could characterize the CVD risk into two
classes (low and high).

The third generation consisted of primarily image-
based strategies for CVD risk prediction. This used
carotid ultrasound image-based phenotypes (CUSIP)-
based measurements. Several groups demonstrated the
use of cIMT and total plaque area (TPA) for CVD risk
stratification. AtheroEdge™ 1.0 was designed for CVD
risk based on several risk classes. AtheroEdge 2.0 system
was then designed which used the combination of OBBM,
LBBM, and CUSIP for 10-year risk prediction and CVD
risk stratification (35,137-139). AtheroEdge™ systems
used scale-space image processing methods for automated
lumen-intima (LI) and media-adventitia (MA) border
detection for the far wall of the carotid arteries and several
applications were published (140) (Table 1).

The fourth generation consisted of ML-based CVD risk
stratifications using the covariates and gold standard. These
images can be collected by using MRI, US, and CT (141)
modalities. CUSIP was collected using automated advanced
segmentation algorithms based on scale-space as in
generation three. These CUSIP risk factors were put along
with the covariates OBBM, and LBBM risk factors to make
it composite, which were then used for training the model.
Different types of ML classifiers are used, namely, support
vector machine (SVM), random forest (RF), decision tree
(DT), and Naive Bayes (NB), etc. If the gold standard were
in multiple classes, then the CVD risk prediction outcome
was in a multiclass framework (14,48,54,142-145) (Tiable I).

The fifth generation involves DL techniques for
automated carotid artery far wall segmentation and then
using either generation three or generation four for CVD
risk stratification. For the fifth generation, the prediction was
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done in multiclass, multilabel, and ensemble paradigms (78-
80,90,98,99,103). Note that, generation 2" and above can be

used to monitor response to treatment.

Deep learning architectures for CVD risk
stratification

The DL-based systems in the CVD field are in infancy
nowadays. With the fast advances in DL for segmentation
and classification systems in general, we have started to
see its penetration in the CVD area. We have therefore
approached the CVD risk stratification systems into
four parts: subsection “Point model-based CVD risk
stratification using deep learning” details the point
model-based CVD risk stratification using deep learning,
subsection “Image-based CVD risk stratification using
deep learning” describes the image-based CVD risk
stratification using deep learning, subsection “Architecture
for 2D carotid wall segmentation using solo deep learning”
presents the architecture for 2D carotid wall segmentation
using SDL, and subsection “Architecture for 2D carotid
wall segmentation using hybrid deep learning” talks
architecture for 2D carotid wall segmentation using HDL,
and subsection “Types of deep learning systems and its
characteristics” details the types of the DL systems along
with the characteristics in an elaborate way.

Point model-based CVD risk stratification using deep
learning

Risk stratification for CVD using machine and deep
learning can be accomplished using the combination
of point (tabular) and image data models (147). The
architecture used for the point data has basically four
major components. The first component is dedicated to
data preparation and lies along with component two which
consists of data partition. The third component is for offline
training model generation. The fourth and final component
consists of CVD risk prediction (Figure 4).

The processes involving in data preparation are namely,
(I) data normalization by standard scalar paradigm, by which
the risk factors (features) get maps between 0 and 1, (II)
dominant feature selection through principal component
analysis (PCA)-based pooling strategy, and (III) data
augmentation by SMOTE model. It is a statistical technique
for feature selection which is well preferred in the ML
industry. The component two consists of cross-validation
system where the system runs K10 protocol, which consists

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



564 Bhagawati et al. Deep learning-based cardiovascular risk stratification

Coronary data sets

o%efe

'l'.ln'l'

Preprocessmg
optimization & imbalance

Standard scalar

PCA pooling

data handling Label encoder

Online modeling

Training data

]
% OBBM k.
2 BB Training fgature
g extraction
3 CUSIP
Ground truth
Training
features
ANN
ML
KNN classifier \‘
SVM
GRU
RNN DL Lyl Training model
classifier generation
LSTM
BiGRU iDL
. i Trainin:
BiRNN classifier mod(—:‘lg

BiLSTM

SMOTE data

Data partition

Cross-validation

Offline modeling

Testing data

Testing feature
extraction

Testing
features

4

Prediction of CVD
risk labels

\

[Low | Mid [Moderate [INFiGRIN
Multiclass
CAD events
Precision
(P value)

Figure 4 CVD architecture using AE3.0DL enveloping multiclass ML/DL-based. SMOTE, synthetic minority over-sampling technique;
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of 90% training and 10% testing. The third component is
for offline coefficients generation by DL-based classifiers
such as CNN (Figure S1, Appendix 1) (148), LSTM (Figure
S2, Appendix 1) (149), RNN (Figure S3, Appendix 1)
(150,151) and generative adversarial networks (GAN)
(Appendix 1) (152), risk factors and coronary artery syndrome
(CAS) serving as input and ground truth respectively to the
classifiers. Forth component is the prediction system where
the CVD risk is predicted by transforming the test data sets
using the training models. The process is carried out in the
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cyclic order to ensure all the combinations are mutually
exclusive and no test data is present in the training pool.
The optimization of the training model is also present as
an embedded feature in the CVD risk assessment system.
The online system contains the performance component for
accuracy computation, which uses predicted CVD risk along
with the CVD gold standard labels. It consists of receiver
operating characteristics and area under the curve (AUC)
estimation, along with computation of p-value, highlight the
significance of risk factors.
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Image-based CVD risk stratification using deep learning

The general online structure of DL architecture basically
consists of a data acquisition block, online deep learning
model weights, a DNN block for processing online scans,
plaque quantification, and a CVD risk stratification system
(Figure 5). For the given patient, the carotid ultrasound
images were acquired in a real-time, and the CUSIP risk
factors were computed from these US scans. This includes
plaque burden measurements, far wall IMT (ave., max.,
min.), IMTV, TPA, and lumen diameter (LD) (153-160).
The offline DL-weighted models also act as an input to the
online processing unit segmenting the plaque. This is then
quantified and overlays generated in colour which is later
CVD risk stratified: low CVD risk (green) or high CVD
risk (red) risk.

Aprchitecture for 2D carotid wall segmentation using solo
deep learning

The basic type of DL architecture is SDL, where only
one type of DL architecture gets employed in the
risk stratification system. Figure 6 describes the UNet
architecture, which was first proposed by Ronnebeger
et al. (67). It generally has a U-shaped structure which
consists of four encoders and four decoders corresponding
to the two sides of the U-shape. The input given to the
UNet architectures are red-green-blue (RGB) images,
grayscale images, and the masked binary ground truth
in the form of a “mini-batch” with a fixed size during
the training phase i.e., the number of images processed
at one time. The computational ability of the system or
hardware determines the mini-batch size. The higher the
number of the “mini-batch size”, the higher should be the
computational requirement of the hardware computer. The
size of the mini-batch mostly consists of numbers that are
in the power of 2 i.e., 2, 4, 8, 10, etc., which means these
particular numbers of images were processed at one time
using the UNet architecture. The encoder and the decoder
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block in the UNet architecture are described below.

The encoder block

The encoder blocks are the layers at beginning of the UNet
architecture whose purpose it extracts the features of the
image. The process of feature extraction is conducted by the
process of “convolution” and “ReLU activation function”
operations. The last stage of each encoder is the “max
pooling” block which chooses the highest features in each
filter region, which further down samples the image. Thus,
the process of convolution (green), ReLU (light green), and
max pooling (yellow) are repeated for each of the blocks of
the UNet on the encoder side (see Figure 6). The encoder
helps in extracting the features of the grayscale region. The
number of filters shown in Figure 6 is 64, which gets double
with each passing stage resulting in the count of 128,
256, and 512 filters. Figure 6 shows the numbers 3x3x64,
3x3x128 ... 3x3x1024; where 3x3 is the filter size and
64...1024 is the number of filters.

The decoder block
Figure 6 has the decoder stages on the right hand side. It
is the reverse of the encoder block. It is needed to recover
the original dimensions as used in the training image.
Counter to that, the number of filters is reduced to half in
each stage of the decoder module, in the way 512, 256, 128,
and 64. The decreasing number of filters on the decoder
side helps in resizing the image to its original size. After
the last decoder stage, the image gains its original size with
refined features. Each decoder stage consists of a stack of
up-convolution-2D layers (blue), depth-concatenation
(turquoise), 2D-convolution (dark green), and ReLU
(light green). On the decoder side is the softmax layer
which converts the output to a binary image consisting of
foreground (white) and background (black) image.

There have been several modifications to the basic
UNet by altering UNet components such as the encoder,
decoder, skip connection, bridge network, and loss function.

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



566 Bhagawati et al. Deep learning-based cardiovascular risk stratification

572x572
570x570
568x568

*128 128

2842
282?
ﬁ802

256 256

Skip connection

e — — — — =

A

!

128 64 64 2

392x392

—_—_—_— _——_

1407
1387
1367,

—_———>

w9
9-* 2 2
1024 512

Shape reconstruction
(expansion)

1024

Feature extraction e gk
(contraction) o H B
© ©
© ©
N ©
(3] (o}

Bridge network

~» Conv 1x1

—» Conv 3x3, ReLU T Up-Conv 2x2 t Maxpooling

=«<Jp Copy and crop

Figure 6 Solo deep learning (UNet) architecture. ReLU, rectified linear unit.

These are advanced UNet architectures for 2D and 3D
vascular segmentation, which is valuable for CVD risk
stratification (98,99,161-163).

Architecture for 2D carotid wall segmentation using
bybrid deep learning

The other type of architecture followed in the DL paradigm
is HDL. The concept of HDL was introduced by Szegedy
et al. (64) where the two types of different architectures were
fused together. The interception between the two types of
DL systems was done with different Al models. There are
a few basic HDL models such as SegNet-UNet, VGG-
UNet, ResNet-UNet, and VGG-SegNet. The model used
here is SegNet-UNet, which has two SDL models such as
SegNet and UNet. The block diagram was presented in
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Figure 7. The two SDL systems were arranged in a parallel
way, which shares a common input, softmax classification,
and optimization layers (ADAM). SegNet part of the hybrid
model also carries an encoder-decoder-based architecture;
however, the stack of layers is different from the UNet
model (64). Each encoder stage in the SegNet part consists of
a stack of 2D-convolution, batch normalization, RelLU, and
max pooling layers. Also, each decoder stage in same consists
of max un-pooling, batch normalization, 2D-convolution-
al, ReLU, and max pooling layers. The quantification of
the wall plaque burden that was segmented using HDL
was also used for risk assessment using AtheroEdge 1.0 (33)
or using AtheroEdge 2.0 (48). The wall plaque is one of
the attributes that can be used for composite CVD risk
computation, which can be further divided into “no-risk”,
“low-risk”, “low-moderate”, “high-moderate”, “low-of-high”,
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and “high-of-high” risk classes for CVD risk stratification.
There have been several modifications to the basic hybrid
UNet by cascading or parallelizing UNet architecture. These
are advanced UNet architectures for 2D and 3D vascular
segmentation, which is valuable for CVD risk stratification
(86,163-165).

Types of deep learning systems and its characteristics

Deep learning systems for CVD risk prediction are
generally get divided into two types (I) SDL and (II) HDL.
Our observations showed that SDL has been more adopted
compared to HDL systems. The general features of DL
systems are presented in 7izble 2 in chronological order.
The general characteristics of the DL systems have been
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described by using 46 attributes which are divided into
4 clusters namely, demographics (7able 3), DL architecture
(Table 4), performance parameters (Table 5), scientific and
clinical evaluation (Tible 6).

The number of patients used in different studies ranges
from 15 to 77,497, whereas the total number of images
used varies from 20 to 5,000. The demographic factors
considered by most of the studies were family history, and
body mass index (BMI). Risk factors that were utilized in
the DL-based systems were OBBM, LBBM, CUSIP, cIMT,
TPA, PA, and LD. The mostly used DL architecture is a
CNN, followed by UNet, UNet++, DeepMad, RCNN,
deep ensemble, etc. The performance evaluation parameters
used were accuracy, sensitivity, specificity, the AUC, F1-
score, and Jaccard Index. The techniques used were the
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Table 2 General types of DL systems

SN Author (year) SDL/HDL Basic description

1 Sabaetal (94) SDL The developed an accurate system used CT modality for segmenting and quantifying the calcium regions. The cohort consisted of 75 subjects (one slice per subject). The algorithm used mean shift algorithm along with adaptive threshold mechanism. The performance
(2015) used four metrics namely correlation coefficient (CC) between manual and automated method (CC=0.978 and PoM of 0.915), dice similarity (mean of 0.85 with SD of 0.085), Jaccard Index (mean of 0.747 with SD of 0.12), and polyline distance metric (mean of 0.195 with
S of 0.177)
2 Lakadir et al. (82) SDL CNN algorithms were used for the segmentation of the plaque area. The unique capabilities of DL for segmentation were discussed such as automatic feature extraction. The plaque characterization was implemented using 90,000 patches which were extracted from an
(2017) image database. The results showed a correlation of 0.90 with clinical assessment suggesting DL approaches are superior
3 Biswas et al. (79) SDL The review concludes that for the CVD/stroke risk assessment, the DL paradigms are superior to non-Al (conventional) paradigms. cIMT measurement was carried by using a two-stage DL system. Stage-| was for feature extraction by a convolution layer-based encoder.
(2018) Stage-Il consisted of ML-based regression that smoothed the LI and MA borders as final output. The DB consisted of 396 B-mode US images. The system demonstrated a 20% improvement in the cIMT readings when compared to sonographer’s readings
4 Sudhaetal. (93) SDL The study adopted a two stage process where the stage-I consisted of a ROl extraction using deep learning CNN model, while stage-Il consisted of border estimation of LI and MA using a deformable model (so-called snakes). The CNN model used a patch-based
(2018) model as input for ROI extraction. The low data set consisted of 20 subjects giving a mean error difference of 0.08 mm between manual and automated process
5 Azzorpardi et al. SDL A novel Deep Neural Network-a fully automated tool for segmentation was developed, that deals with both LI and MA boundaries. A geometrically constrained function was proposed. The DICE measured for MA and LI regions was 0.962 and 0.925, respectively
(78) (2019)
6 Wu et al. (84) SDL For diagnosing the CVD risk, the authors segmented the inner and outer walls of the carotid artery using DeepMed paradigm. The system demonstrated an accuracy of 90%
(2019)
7 Savasetal. (91) SDL The study presented a CNN-based model for carotid artery wall classification using a database of 501 US scans. The ground truth labels for classification were taken by two specialists. The classification accuracy, sensitivity, and specificity of the model were 89.1%,
(2019) 89%, and 88%, respectively
8 Biswas et al. (81) SDL The study compared the patch-based solution in Al framework against the traditional (non-patch-based) method for segmentation of the walls of the ultrasound-based carotid artery. Post segmentation, the walls of the carotid artery was quantified jointly using plaque
(2020) area (PA) and carotid IMT (cIMT). The system consisted of 250 carotid scans that give the cIMT error of 0.0935 mm (lowest of all previous methods) and PA error of 2.7939 mm?. The correlation coefficient’s between Al and GT for PA and cIMT was 0.89 and 0.99,
respectively
9 Jamthikar etal. SDL Following was the three main finding of the paper: (a) there were two pathways mainly affected the atherosclerotic process, resulting in heart injury, (b) calculators that uses carotid US images performed better than the conventional calculators, (c) for CVD risk
(13) (2020) assessment in routine practice for RA patients using SDL Al methods
10  Meshrametal. SDL The study showed superior performance using UNet-based paradigm. For automated and semi-automated methods for plaque segmentation, the Dice-based performance metric yielded 0.48 and 0.83, respectively. Using the bounding box scheme with 5% error
(83) (2020) margin, the Dice was 0.79 and 0.80, respectively for UNet and dilated UNet paradigms
11 Jain et al. (90) SDL The study presented a technique for localization of carotid artery in transverse B-mode ultrasound scans. The authors implemented a fast region convolutional neural network (FRCNN) system that combines regional proposal network (RPN) and object class detection
(2020) network (PCDN). Using the correct bounding box, the highest IOU score obtained was 99%. The experiments were done for different number of epochs such as 30, 200, and 2000. The accuracies were highest for 2000 epochs showing the values as 89.91%, 89.71%,
and 89.36% for K= 2, 5, and 10 respectively
12 Groves et al. HDL A comparison of mask R-CNN and UNet algorithms was carried out for automatically segmenting carotid artery (CA) and internal jugular vein (IJV). The mask RCNN produced a more accurate vascular segmentation and 3-D reconstruction of the vasculature. This yielded
(106) (2020) similar accuracy as the manually segmented CT scan. It enabled automatic analysis of the neck vasculature. A dataset consisted of 2439 images. The DICE scores generated for the CA and IJV were 0.90 and 0.88, respectively for masked R-CNN respectively. The DICE

scores for UNet were 0.81 and 0.71, for the CA and IJV, respectively

183  Tsakanikas etal. HDL The carotid vessel segmentation was implemented using UNet-based CNN algorithm. Carotid atrial tree provided better results while the plaque tissue helped, in early detection treatment and prevention of carotid diseases. The UNet and morphological active contour
(107) (2020) were combined in a repetitive manner for segmenting the outer wall and carotid lumen. Using the MR image series obtained from TAXINOMSIS study, the system created a 3D meshed model by carotid bifurcation and smaller branches. The system showed an accuracy
of 99.1% for lumen area and 92.6% for perimeter. Such models were applicable for computational fluid dynamics simulations

14 Koktzoglou et al. SDL The study introduced a strategy for optimizing the image quality in ungated 3T MRA for non-contrast extracranial carotid artery using DNN-based solution. The strategy took three minutes using single-shot radial sampling method, and it was benchmarked against 3-D
(95) (2020) filtering-based denoiser. The results of DL-based solution outperformed compared to 3D filtering method. Radial k-space sampling provided an increased arterial temporal signal-to-noise ratio (tSNR) by 107% and further improved image quality during 1-shot imaging.
DL-based image processing gave a 24% and 195% increase when compared to original QISS score in arterial-to-background contrast and apparent contrast-to-noise ratio (aCNR)

15 Xiao et al. (97) SDL (RF  The study presented a DL-based model for segmentation of carotid vessel wall using RF signals. This was shown to be useful for understanding the mechanical properties of the carotid arteries, which indirectly measures the CVD risk. The DL-based methods showed a
(2020) Signal) higher accuracy in tracking the wall motion. The DL method was compared against the block matching strategy. The performance was evaluated by using the displacement estimation error in Z and X direction. For Z-direction, the distance estimation error was 94.8% (DL
method), 93.2% (block matching method). For X-direction, the distance estimation error was 94.2% (DL method) and 92.9% (block matching method)

16 Biswas et al. (80) SDL The authors presented the review study that summarized the impact and evolution of cIMT/PA assessment using Al techniques. The authors compared four different segmentation techniques namely, traditional, semi-automated, ML, and DL-based. Further, ML/DL
(2021) techniques were expressed in a mathematical way. The DL-based mechanisms are better due to automated feature extraction in the DL system

17  Jainetal. (98) HDL This study uses the “Unseen Al” technique i.e., the training and testing datasets are from different ethnic groups. A four-layered UNet architecture were used for segmentation. The wall plaque area was measured for evaluation. The PE results for “Unseen Al” pair one
(2021) were mean accuracy, DICE similarity, and CC with values 98.55, 78.38, and 0.80, respectively. For “Unseen Al” pair two, the values were 98.67, 82.49, and 0.87, respectively. The “seen Al” gave 99.01, 86.89, and 0.92, respectively. The DL-based models were validated

for low atherosclerotic wall plaque segmentation by hypothesizing that “Unseen Al” lies in a very close proximity to “Seen Al” having a difference was almost less than 10%. The running time for the online system was almost less than one second. These DL-based
methods can be used for CVD risk stratification

Table 2 (continued)
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Table 2 (continued)

SN Author (year) SDL/HDL Basic description
18  Jainetal. (99) HDL The authors introduced the SegNet-UNet HDL architecture by applying it to a dataset with 970 ICA US images. Where, the SegNet was placed above the UNet for the HDL design. The performance were compared between five SDL/HDL architecture, namely UNet,
(2021) UNet+, SegNet, SegNet-UNet, and SegNet-UNet+. The K10 model was applied in the study. The AUC values were 0.91, 0.911, 0.908, 0.905, and 0.898 (CE-loss) corresponding to UNet, UNet+, SegNet, SegNet-UNet, and SegNet-UNet+, respectively. Similarly, for DSC-
loss the values were 0.883, 0.889, 0.905, 0.889, and 0.907, for the same order of models. The correlation values were 0.98, 0.96, 0.97, 0.98, and 0.97 for CE-loss models between Al-based PA and ground truth PA (GTPA). For DSC-loss models the values were 0.98, 0.98,
0.97, 0.98, and 0.98. It was concluded that SegNet-UNet outperformed other systems
19  Zhouetal (85) SDL The study demonstrated the usage of DL paradigm to segment the plaque in carotid longitudinal ultrasound scans, which was later used for TPA measurement. The authors showed high accuracy, low variability and suitability for (a) monitoring the response to therapy and (b)
(2021) investigating new therapeutic methods for clinical trials. The two UNet models (M1 and M2) were trained with two GTs corresponding to two different observers. The performance evaluation for M1 and M2 models using Pearson correlation coefficient showed the values
as 0.989, 0.987. The mean TPA difference when compared between UNet and manual segmentation ranged from 4.7 mm®to 312.8 mm?®. The mean segmentation time was 8.3+3.1 ms
20 Zhouetal (86) SDL The study presented DL paradigm for carotid plaque segmentation and TPA measurement, however, the study used a very small subset of data sets. A UNet++ ensemble algorithm was suggested in this study that used the 2D carotid US images. The gold standard
(2021) used was a set of manually segmented images. The PE used consisted of the following metrics, namely, (1) Dice, (1) difference of area measurement (ATPA), (lll) Pearson correlation coefficient, (IV) Bland-Altman plots, (V) intra-class correlation coefficient (ICC), and (VI)
coefficient-of-variation. For SPARC dataset, DSC, ICC, CoV gave the values 83.3-85.7%, 0.996, and 7.54%, respectively, while for Zhongnan dataset, DICE and ICC was 88.6% and 0.985, respectively
21 Ganitidis et al. SDL The authors have introduced an interpretable classification paradigm for the risk assessment and plaque stratification using carotid US scans. The sampling was implemented by applying an ensemble learning scheme to maintain the balance between the symptomatic
(87) (2021) and asymptomatic classes. The primary ensemble-based models were built by using CNNs. Further, a six-layer deep CNN was used for automatic feature extraction process, followed by two fully connected layers. The DL system showed the three performance metrics
such as area-under-the-ROC curve (AUC), sensitivity, and specificity having the values of 73%, 75% and 70%, respectively. The authors concluded that the clinical relevance was that the combination of DL paradigm with the interpretability methods and this facilitated
the risk stratification process
22  Mohannadietal. HDL The study adopted a DL-based technique that can be applied to perform semantic segmentation of intima-media complex, and further calculating the cIMT measurement. A fully automated encoder-decoder based prototype was used to overcome the lack of large size
(100) (2021) datasets as it used multi-image inputs providing a good learning to the system with different features. The encoder and decoder had stages namely, convolution, batch normalization, and parametric ReLU (PReLU). The performance evaluation was done by measuring
F1-measure, precision, recall, DICE coefficient, JI having values of 79.92%, 81.18%, 82.06%, 74.23%, and 60.24%, respectively. From the obtained results, the authors concluded that the proposed encoder-decoder architecture out performed all other state-of-the-art
work
23 Lathaetal (101) HDL The authors used US images of carotid artery for IMT and plaque diameter. ML and DL approaches were used for recognizing symptomatic or asymptomatic plague in a total of 361 images (202 normal images and 159 images with carotid plaque). The ML-based
(2021) algorithm used were CART DT, RF, and logistic regression (LR), while DL-based models used were CNN, MobileNet, and CapsuleNet. The classification accuracy of CapsuleNet TL was 96.7%, unlike RF gave and accuracy of 91.41%
24  Otgonbaatar HDL The study was an application in CVD risk stratification using CT angiography. Compared to filtered-back projection and hybrid iterative reconstruction, the DL-based reconstruction was superior demonstrating small vessels. This helped in blooming artifact reduction
etal. (102) (2021) thereby improving the image quality
25 Jainetal (103) HDL The study adopted a DL-based solution using UNet and SegNet-UNet, while keeping the objective of speed, accuracy, and reliability during early detection and quantification of plague lesions in CCA ultrasound scans. The system was benchmarked against
(2021) AtheroEdge™ 2.0, demonstrating the accuracies of 93%, 94%, and 95%, respectively, corresponding to UNet, SegNet-UNet, and AtheroEdge™ 2.0 systems
26  Ziegleretal. (88) SDL The study showed the usage of SDL model based on UNet, keeping the spirit of branch-level segmentation of carotid arteries that benefitted large-cohort investigations. The performance evaluation yielded Dice, Mathew, and true positive ratio of 0.80, 0.80, and 0.84,
(2021) respectively
27  Bortsovaetal. SDL The study used automated UNet-based DL solution for segmentation and intracranial carotid artery calcification (ICAC) volume measurement. While comparing against the manual methods, the sensitivity and PPV were 83.3%, and 88%, respectively. The authors
(89) (2021) showed the correlation between ICAC and incident stroke
28 Zhuetal (104) HDL The study used 3D residual-UNet DL approach for segmentation of lumen and wall in a diseased carotid artery. The identity mapping was done by using an optimal channel fitting structure. The strategies used for training the MRimages are patch-level and global level.
(2021) Optimization was done to the pre-segmentation results, later cascaded with the patch-croped MRvolume data and trained for segmenting the carotid lumen and wall. The segmentation was reproduceable and showed the Dice of 0.84 and 0.74 for lumen and wall,
respectively
29 Wasihetal (92) SDL The study presented two sets of models, namely automated RCNN and UNet for segmentation carotid artery, internal jugular vein from the transverse US scans of neck. The RCNN model was used for mask generation while UNet model was used for selection of the
(2021) largest connected region for each class. The US models were validated using CT-based imaging. The performance was evaluated using Dice score which came out to be within two mm between US and CT
30 Flores et al. (108) HDL This study presented a review using Ml and Al for peripheral artery disease (PAD). Finally, the study discusses the potential areas for the future of PAD care and advanced solution such as analytics. The DL reconstruction techniques improves the image quality of brain
(2021) CT angiography. The objective measurement and the subjective grading got improved when compared with filtered-back-projection and hybrid iterative reconstructions
31 Luo et al. (96) SDL The study developed a DL-based model to classify aortoiliac, femoropopliteal, and trifurcation disease in the US studies. This was then benchmarked against RF-based ML algorithm for classification of carotid stenosis in duplex US. The experienced physician was used
(2021) (Doppler  for gold standard readings. The NN model used waveforms, pressures values, flow velocities, and plaque presence. Al was developed to automate the interpretation of these LEAD and carotid duplex ultrasound studies. The DL model obtained the performances in the
us) form of accuracy of prediction of normal, aortoiliac disease, femoropopliteal disease, and trifurcation disease as 97%, 88.2%, 90.1%, and 90.5%, respectively. For internal carotid artery stenosis, the accuracies were classified as per the stenosis range 0-49%, 50-69%,
> 70%, and 100% occlusion, having the accuracies of 99.2%, 100%, 100%, and 100%, respectively
32 Rimetal (166) SDL (CAC The study showed that DL-based retinal photograph-derived CAC score that can be used as an alternative to CT scan-measured CAC in evaluating the cardiovascular events. The system RetiCAC showed a superior performance resulting an AUC of 0.742, when
(2021) Score) compared to single parameter models (Age: 0,705, glucose: 0.637)
33 Park et al. (105) HDL The study proposed DL-UFV neural network-based on segmentation. The system combined the speckle tracking velocimetry and the speckle image velocimetry for vessel wall segmentation. The parameters measured were vascular stiffness and velocity field
(2022) information of blood flow. The system improved biases in measurements of velocity, wall shear stress (WSS), and strain by 4.6-fold, 115.1-fold, and 22.2-fold, respectively.
34 Jainetal (161) HDL The study designed HDL models which was then benchmarked against the conventional SDL models. The HDL designed were Inception-UNet, Squeeze-UNet, and Fractal-UNet. The benchmarked SDL models were UNet, UNet+, UNet++ and UNet+++. The HDL

(2022)

models showed low memory, faster operations, and small training time of parameters. The coefficient of correlation metric provided 0.96, 0.96, 0.98, 0.95, 0.96, and 0.96 for CCA for seven SDL and HDL models respectively, whereas ICA resulted 0.99, 0.99, 0.98, 0.99, 0.98,
0.98 and 0.98 respectively. AUC for CCA images were 0.97, 0.969. 0.974, 0.969, 0.962, and 0.960 respectively, while for ICA images were 0.99, 0.989, 0.988, 0.989, 0.986, 0.989, and 0.988, respectively (P<0.001)
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Table 3 Characteristics of deep learning systems for CVD risk predictions (I)

SN Studies Country P Tl FH RF BMI Eth #TD HT SM MC MRI ECG CUSIP IST Tech. Organ

1 Azzorpardi et al. (78) England 15 x x CusIP x N PD N N N x x v Image Segm. Carotid Artery
2 Biswas et al. (79) USA 203 396 V OBBM, LBBM, cIMT y y ID y y y x x \ Image Segm. Carotid Artery
3 Biswas et al. (80) USA 203 x x cIMT, PA N N ID N N x x x v Image Segm. Carotid Artery
4 Biswas et al. (81) USA 204 x x OBBM, LBBM, V y ID y y y x x y Image Segm. Carotid Artery

cIMT, TPA

5 Jain et al. (98) USA 50 300 \ OBBM, LBBM, CUSIP \ \ ID v v x x \ Image Segm. Carotid Artery
6 Jain et al. (99) USA 99 970 x OBBM, LBBM, CUSIP x N ID N N x x y Image Segm. Carotid Artery
7 Jamthikar et al. (13) USA 120 x \ OBBM, LBBM, CUSIP, RA N N PD N N x x x v Image Segm. Carotid Artery
8 Lakadir et al. (82) Spain 56 x \ OBBM, LBBM, cIMT v x ID v v x x x y Image Segm. Carotid Plaque
9 Meshram et al. (83) Columbia 101 x J OBBM, LBBM, Plague V x ID y y x x x \/ Image Segm. Carotid Plaque
10 Wu et al. (84) China 1,057 x N OBBM, LBBM, MRI N x ID v v x v x x Image Segm. Carotid

11 Zhou et al. (85) China 600 5,000 x OBBM, LBBM, TPA x N ID x x v x x v Image Segm. Carotid Plaque
12 Zhou et al. (86) China 77,497 x x OBBM, LBBM, TPA x y ID y \ y x x y Image Segm. Carotid Plaque
13 Ganitidis et al. (87) Greece 84 x x OBBM, LBBM, TPA x y ID y y x x x y Image Segm. Carotid

14 Mohannadi et al. (100) Qutar NA 100 x OBBM, cIMT x x ID x x x x x \ Image Segm. Carotid

15 Latha et al. (101) Malaysia NA 361 N OBBM, LBBM, cIMT N x ID v v x x x \ Image Segm. Carotid

16 Otgonbaatar et al. (102) Korea 43 X x OBBM, Brain CT X x ID y y X X X y Image Segm. Brain

17 Jain et al. (103) USA 190 379 v OBBM, LBBM, CT V V ID y y x x x 3 Image Segm. Carotid

18 Ziegler et al. (88) Sweden NA 482 v OBBM, LBBM, MRI v x ID v v x \ x x Image Segm. Carotid

19 Bortsova et al. (89) The Netherlands 2,319 x \/ OBBM, LBBM, volume \/ y ID y y x x x y Image Segm. Carotid

20 Zhu et al. (104) China NA X X OBBM, LBBM, cIMT X x ID X X X y X X Image Segm. Carotid

21 Park et al. (105) Korea NA 316 X US Imaging parameter X \ ID X X X X X v Image Segm. Carotid

22 Jain et al. (90) USA NA 433 \ cIMT, LD x x ID x x x x x v Image Segm. Carotid

23 Savas et al. (91) Turkey 153 501 x OBBM, IMT x x ID N x x x x \ Image Segm. Carotid

24 Washim et al. (92) USA NA 20 x cIMT x X ID x X X X X y Image Segm. Carotid Artery
25 Sudha et al. (93) India 110 220 x cIMT x x ID y x y x x y Image Segm. Carotid

26 Groves et al. (106) Canada 160 360 x OBBM, LBBM, TPA x x ID V x y x x \/ Image Segm. Carotid

27 Saba et al. (94) Italy 75 x x cIMT x x ID x x x x x \ Image Segm. Carotid

28 Tsakanikas et al. (107) Greece 30 x N cIMT x x ID x x x v x x Image Segm. Carotid

29 Koktzoglou et al. (95) lllinois 12 X x cIMT x X ID X X X X X y Image Segm. Carotid

30 Flores et al. (108) USA NA X x cIMT X x ID X X x X X \/ Image Segm. Carotid

31 Luo et al. (96) Indianapolis 5700 x x cIMT X x ID x x x x x v Image Segm. Carotid

32 Xiao et al. (97) China NA x x RF Signals x x ID x x x x x x RFsignal Segm. Carotid

CVD, cardiovascular disease; SN, serial number; TP, total patients; Tl, total image; FH, family history; RF, risk factor; BMI, body mass index; Eth, ethnicity; #TD, #type of data; HT, hypertension; SM, smoking; MC, multicentre; MRI, magnetic resonance imaging; ECG, electrocardiogram; CUSIP, carotid
ultrasound imaging phenotype; IST, input single type; Tech., technique; CUSIP, carotid ultrasound image phenotypes; OBBM, office-based biomarkers; LBBM, laboratory-based biomarkers; cIMT, carotid intima-media thickness; PA, power analysis; TPA, total plaque area; RA, rheumatoid arteries; CT,
computed tomography; US, ultrasound; MRI, magnetic resonance imaging; LD, lumen diameter; RF, random forest.
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Table 4 Characteristics of deep learning systems for CVD risk predictions (II)
SN Studies #GT GTN # AU DL #MLC CT FE HD HU LU Protocol
1 Azzorpardi et al. (78) 2 CVD, non-CVD 1 UNet x x \ N x 4 15
2 Biswas et al. (79) 2 CVD, non-CVD 1 CNN x x \ N x 4 10
3 Biswas et al. (80) 2 CVD, non-CVD 1 ANN x x v v x 3 1
4  Biswas et al. (81) 2 CVD, non-CVD 1 CNN, FNN x x v v \ 10 10
5 Jain et al. (98) 2 CVD, non-CVD 1 UNet x x v N x 4 10
6  Jainetal. (99) 2 CVD, non-CVD 1 HDL, SDL x x v N x 3 10
7 Jamthikar et al. (13) 3  CVD,non-CVD,RA 1 DL NoosvMm W V x 1 x
8  Lakadir et al. (82) 2 CVD, non-CVD 1 CNN NoosvMm W V x 9 5
9 Meshram et al. (83) 2 CVD, non-CVD 1 UNet x X v v X 4 x
10 Wuetal (84) 2 CVD, non-CVD 1 DeepMAD X x y x x 3 x
11 Zhou et al. (85) 2 CVD, non-CVD 1 CNN X X \ x X 4 MCar*
12 Zhou et al. (86) 2 CVD, non-CVD 1 Unet++, CNN x x y J x 4 x
13 Ganitidis et al. (87) 2 CVD, non-CVD 1 CNN x x v \ x 4 4
14 Mohannadi et al. (100) 2 CVD, non-CVD 1 CNN, Unet x x y x % 6 x
15 Lathaetal (101) 2 CVD, non-CVD 1 CNN X X N X v 3 X
16  Otgonbaatar et al. (102) 2 Cerebrovascular 3 FBP, HIR, DLR x X v x x 3 x

Disease

17 Jainetal. (103) 2 CVD, non-CVD 2 SegNet-Unet x x N x N 224 10
18  Ziegler et al. (88) 2 CVD, non-CVD 1 CNN, DM X X N X X 11 10
19  Bortsova et al. (89) 2 CVD, non-CVD 1 DeepEnsemble x x N x v 4 10
20 Zhuetal. (104) 2 CVD, non-CVD 1 Unet++ x x V x 3 2 5
21 Parketal. (105) 2 CVD, non-CVD 1 CNN x x N x v x 10
22 Jain et al. (90) 2 CVD, non-CVD 1 FNCNN x x N x v 3 2,510
23 Savasetal. (91) 2 CVD, non-CVD 2 DNN, ANN x x y x 1 3 x
24 Washim et al. (92) 2 CVD, non-CVD 1 CFNet X x V x X 5 x
25  Sudhaetal. (93) 2 CVD, non-CVD 1 CNN x x N x x 4 x
26  Groves et al. (106) 2 CVD, non-CVD 1 R-CNN x x N x x 2 4
27 Sabaet al. (94) 2 CVD, non-CVD 1 CNN x x v x x 4 x
28 Tsakanikas et al. (107) 2 CVD, non-CVD 1 CNN X x v X x 4 x
29  Koktzoglou et al. (95) 2 CVD, non-CVD 1 CNN x x v x x 4 x
30 Floresetal. (108) 2 CVD, non-CVD 1 CNN x x \ x x 4 5,10
31 Luo et al. (96) 2 CVD, non-CVD 1 CNN x x \ x x 4 x
32 Xiao et al. (97) 2 CVD, non-CVD 1 CNN X x y x x 4 4

CVD, cardiovascular disease; SN, serial number; # GT, ground truth; GT N, GT name; # AU, number of algorithm used; DL, deep learning;
# ML C, number of ML classifier; CT, classifier type; FE, feature extraction; HID, handling imbalanced data; HU, hyperparameters used;
LU, layers used.
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Table 5 Characteristics of deep learning systems for CVD risk predictions (III)

SN Studies #PEP Sen Spec Acc PPV NPV  FPR Pre F1Score Pvalue HL D Coff. Jl
1 Azzorpardiet al. (78) 3 \ v x x x x x x N x N x
2  Biswasetal. (79) 3 x x V x x x x x N x N x
3  Biswas et al. (80) 4 J y 95.4 x x x x x x x V x
4 Biswas et al. (81) 3 x x 99 X x x x x N x N x
5  Jainetal. (98) 7 J \ d x x x N x N x N N
6  Jainetal (99) 7 J y J x x x N x N x N N
7 Jamthikar et al. (13) 3 J y J x x x x x x x x x
8  Lakadir et al. (82) 3 83 90 785 x x x x x x x x x
9 Meshram et al. (83) 3 83 y x x x x x x x x \ x
10  Wuetal. (84) 3 89 x x x x x x x \ x
11 Zhou et al. (85) 5 \/ x x x \ x v x x x
12 Zhou et al. (86) 6 v J v x x x N x N x N x
13 Ganitidis et al. (87) 3 75 70 75 x x x x x x x x x
14 Mohannadi et al. (100) 3 V d 98 x x x x x x x v x
15 Lathaet al. (101) 5 \ V 100 x x x x X x x V V
16  Otgonbaatar et al. (102) 3 y v y x x x x x x x x x
17  Jainetal. (103) 6 \ \ v x x x v x x x N N
18  Ziegler et al. (88) 7 y d \ x x x N x N x N N
19 Bortsova et al. (89) 3 83.8 x x 88 x x x x v x x x
20 Zhuetal. (104) 3 x x x x x x x x x v y J
21  Park et al. (105) 3 V J y x x x x x x x x x
22 Jain et al. (90) 4 x x y x x x x x x v \ V
23 Savasetal. (91) 6 x x y J \ \/ v N x x x x
24 Washim et al. (92) 1 x x V x x x x x x x x x
25 Sudha et al. (93) 2 \ x x x x x x x x N x x
26  Groves et al. (106) 4 x x \ x \ v x x x N x x
27 Sabaetal. (94) 3 x x J x x v x x x x x N
28 Tsakanikas et al. (107) 6 x x \/ v x x x x x x x N
29  Koktzoglou et al. (95) 6 v x v x x N \ x N x x N
30 Flores et al. (108) 6 v N v N x x x \ v x x x
31  Luoetal. (96) 1 x x \ x x x x x x x x x
32 Xiao et al. (97) 3 y x \ V x x x x x x x x

CVD, cardiovascular disease; SN, serial number; # PE P, number of PE parameters; Sen, sensitivity; Spec, specificity; Acc, accuracy;
PPV, positive predictive value; NPV, negative predictive value; FPR, false positive rate; Pre, precision; HL, Hamming loss; D Coff., DICE
coefficient; JI, Jaccard-index.
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Table 6 Characteristics of deep learning systems for CVD risk predictions (IV)

573

SN Studies SA PA v HA PTT MWT wT KWT DOR
1 Azzorpardi et al. (78) \/ x J x x x x x x
2 Biswas et al. (79) J x J x y y v v x
3 Biswas et al. (80) y x \ x x x x x v
4 Biswas et al. (81) \/ x \ x x x x x x
5 Jain et al. (98) v x \ x x x x x x
6 Jain et al. (99) y x N x x x x x x
7 Jamthikar et al. (13) 3 x \ x x x x x x
8 Lakadir et al. (82) 3 x N x x x x x x
9 Meshram et al. (83) \ x \ x x x x x x
10 Wu et al. (84) v x \ x x x x x x
11 Zhou et al. (85) y X y X x x x x x
12 Zhou et al. (86) v x v x x x x x x
13 Ganitidis et al. (87) v x \ x x x x x x
14 Mohannadi et al. (100) y x \ x x x x x x
15 Latha et al. (101) y x v x x x x x x
16 Otgonbaatar et al. (102) V x v x x x x x x
17 Jain et al. (103) N x v x x x x x x
18 Ziegler et al. (88) N x y x x x N x x
19 Bortsova et al. (89) V x y \ x x x x x
20  Zhuetal. (104) V x Y x x X x x x
21 Park et al. (105) V x V x x x x x x
22 Jain et al. (90) \ x N x x x x x x
23 Savas et al. (91) J x x x x x x x x
24 Washim et al. (92) V x \/ x x x x x x
25 Sudha et al. (93) J x V x x x x x x
26 Groves et al. (106) J x N x x x x x x
27 Saba et al. (94) v x x x x x x x x
28 Tsakanikas et al. (107) J x x x X x x x x
29 Koktzoglou et al. (95) J x x x x x X x x
30 Flores et al. (108) \ x x x x x x x x
31 Luo et al. (96) \ x x x x x x x x
32 Xiao et al. (97) \ x x x x x x x x

CVD, cardiovascular disease; SN, serial number; SA, statistical analysis; PA, power analysis; V, validation; HA, Hazard analysis; P TT,

Paired t-test; MWT, Mann-Whitney test; WT, Wilcoxon test; KWT, Kruskal-Wallis test; DOR, diagnostic odds ratio.
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Figure 8 Comparison between (A) symptomatic and (B) asymptomatic plaque (Courtesy of AtheroPoint™, CA, USA,) (Open Access).

segmentation of images and risk of class classifications. Two
types of data (7able 3) were used for input namely, image
and point data.

Cardiovascular risk assessment via carotid
plaque characterization: brief overview

The morphology of plaque plays a vital role in CVD risk
prediction. The process of evaluating the atherosclerotic
plaque characteristics using the grayscale tones falls under
tissue characteristics (167-169). Tissue characterization
has been applied to several fields of medical imaging such
as stroke (135,170-172), plaque (173,174), coronary artery
disease (175), retinal (176), cancer such as skin (177),
thyroid (136), liver (44), ovarian (178), and prostate (179).
Such classification can also be applicable to non-image-
based characterization, such as diabetes (180), gene
analysis (181), etc.

There are basically two types of plaque (I) symptomatic
or (II) asymptomatic (Figure 8) (145,182,183). The
symptomatic plaque is hypoechoic (dark) in nature. This
is due to the presence of a large lipid core and minimal
collagen. Further, the plaque is more heterogeneous in
makeup and is therefore considered dangerous (unstable).
On the contrary, the asymptomatic plaque is hyperechoic
(bright) due to its small lipid core, abundant collagen, and

© Cardiovascular Diagnosis and Therapy. All rights reserved.

the fact that it is often calcified. Therefore, this plaque
is less dangerous (stable). The characterization of plaque
can be done by using several imaging techniques namely,
ultrasound (173), MRI (184), and CT (185) imaging.
Carotid ultrasound is more frequently used for imaging
of the carotid plaque (186-188). The CVD risk can be
classified into low, medium, and high-based sympromatic
asymptomatic carotid index (SACI) which is obtained from
an ultrasound (US) scan. A high SACI value suggests that
the image shows symptomatic, and a low value indicates
asymptomatic plaques. Different Al-based techniques have
been used for the classification of plaques, namely, ML-
based or DL-based (189).

Two-generation have evolved namely, Atheromatic™ 1.0
(128,190,191) and Atheromatic™ 2.0 (192) (AtheroPoint™,
Roseville, CA, USA) for ultrasound-based plaque tissue
characterization. Atheromatic™ 1.0 is based on ML-
based techniques whereas Atheromatic™ 2.0 is based on
DL-based techniques. In Atheromatic™ 1.0, the training
features are extracted, then using the classifiers (namely,
SVM, RF, XGBoost, NB, K-nearest neighbour (KNN)
and the gold standard, the training models were developed
offline. These models were then used to transform the
testing features to yield the predicted labels (symptomatic
vs. asymptomatic).

Atheromatic 2.0 uses DL mechanisms like Deep
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Figure 9 General architecture for plaque tissue characterization and classification system (Courtesy of AtheroPoint™, CA, USA).

convolutional neural network (DCNN), Visual geometric
group-16 (VGG16), and transfer learning (TL) (193) for
feature selection and then classifying the plaque (103).
The DL techniques can be of different types like SDL
and HDL (99,194). HDL uses the fusion of two SDL
models or the fusion of SDL with ML classifiers. All types
of DL paradigms provide automated feature extraction
using convolutional filters followed by max pooling. The
process is repeated for extracting the best features. Since
ML systems are not included in the scope of current work,
they will not be discussed here. Thus, DL techniques for
plaque classifications and CVD risk assessment can provide
us with a non-invasive, accurate, and economic framework
benefiting the patient cost (Figure 9). ML or DL systems
sometimes (I) overrate the accuracy with a lack of clinical
validation, (II) lack data augmentation in the unbalanced
data classes during the DL training, (III) lack of scientific
validation of architectures leads to Al bias. These will be
discussed in the next section.

Cardiovascular disease risk assessment in
COVID-19 framework

COVID-19 is in its third year since it started in December
2019 and has infected more than 660 million people, killing
about seven million people (195). It is a very pathogenic
viral infection and is highly transmissible caused due to
a high rate of acute respiratory syndrome coronavirus

© Cardiovascular Diagnosis and Therapy. All rights reserved.

2 (SARS-CoV-2) (7). The individual’s lung gets affected
due to COVID-19 (196-199) and all the other organs get
affected in different ways and degrees (200-205). Also,
by now it is very clear that the mortality in COVID-19 is
because of viral pneumonia triggered by acute respiratory
distress syndrome (ARDS) that damages the lungs and
pulmonary arteries. The COVID-19 virus enters the
lung through aerosol transmission, and afterward gets
associated with the host cells leading to several respiratory
symptoms. And eventually, the risk of CVD gets worse
with an increase in comorbidities (203,206). COVID-19
affects the lung and then the heart/brain eventually through
different pathways as shown in Figure 10). CVD gets
triggered as the angiotensin-converting enzyme 2 (ACE2),
a host cell receptor as the viral point protein increases and
directly affects the heart. This process of atherosclerosis
gets accelerated during the COVID, generally known as
cardiomyopathy (199,207). The early assessment of CVD
becomes more important during COVID as the disease
gets accelerated. The assessment and validation can be
performed using several imaging techniques (208-212).
The CVD can be predicted by atrial imaging (Figure 11).
The process has mainly two types of screening namely,
(I) primary, and (II) secondary for diagnosis of CVD. The
primary screening involves screening with the help of
robots along with Al. This basically includes questioning
the patient. Based on the answers, further decisions for
different test requirements are made by the robot and Al
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Figure 10 ARDS formation due to COVID-19 (191-196) (A) and CVD risk stratification (B). The arrows indicate the “Far wall of
the carotid artery showing the plaque burden”. The red line is the lumen-intima (LI) border and the green line is the media-adventitia
(MA) border. ARDS, acute respiratory distress syndrome; COVID-19, Corona Virus Disease 2019; CVD, cardiovascular disease. ACE2,

angiotensin-converting enzyme 2; eGFR, estimated glomerular filtration rate; ESR, erythrocyte sedimentation rate; BP, blood pressure;
BMI, body mass index.
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Figure 12 Modified UNet architecture for ECG-based DL systems for CVD risk stratification. ECG, electrocardiogram; DL, deep

learning; CVD, cardiovascular disease.

Based on the test result whether it is positive or negative,
further CVD risk assessment is conducted. The secondary
screening is based on CVD risk prediction. Ground glass
opacities (GGO) of the patient need to be analyzed for
finalizing the period of quarantine for the patient. Thus,
CVD risk stratification can be done by use of different Al
approaches like ML and DL. AtheroEdge™ 3.0 is such
an application that uses the DL approach for CVD risk
estimation from the carotid imaging of the individual
having COVID-19 (99).

ML is used for the prediction of CVD risk by importing
imaging data from the vascular level for CVD risk prediction.
The ML system acquires the plaque image-based phenotypes
from the scans of the carotids of the patient, and the risk was
predicted for CVD. The main component of the Al system
is the training model shown in green color as imaging-based
Al along with Al and robot logo. The ML output suggests
to the clinician if the CVD risk is low, moderate, or high
the monitoring patient (M1). The predicted CVD risk is
classified based on the color-coded scheme (Figure 10). This
system includes the GGO evaluation of the CT lungs or any
pulmonary embolism (138,213-218). The interface is shown
in Figure 11. Recently there have been more advances in Al
for risk prediction in CVD in COVID-19 paradigms (219).
We can conclude that Al is playing a vital role in CVD risk
stratification during the COVID-19 times. The next section
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shows discuss the principal findings, benchmarking, non-
linearity, and the future of CVD risk stratification.

Cardiovascular risk stratification using deep
learning-based ECG

Another way for the CVD risk assessment was by using the
ECG signals as one of the risk factors in the input along
with the different gold standards (220-228). Different
phenotypes gained from the ECG signals such as RR
interval, length, and heartbeats were used as risk factors.
The different DL-based methods when used with ECG in
comparison to using with the OBBM, LBBM, and image
phenotypes as input covariates. These modifications were
required as ECG signals are heterogeneous in nature
containing beats, different heart conditions like abnormal
heart rhythms, aorta disease, congenital heart disease,
and CAD and sequence patterns. The modified UNet
architecture is shown in Figure 12. The UNet architecture
shows the ECG signals were being classified into the
R-peaks where the R-peaks were detected, confidence
maps consisting of left bundle branch block (LBBB) and
premature ventricular contractions (PVC) were identified.
The modification helped the system to handle the
heterogeneity and automatic extraction of features from the
ECG. The main modification required was the introduction
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Figure 13 Different aspects of XAI for DL studies. AOG, And-Or graph; SVM, support vector machine; CNN, convolutional neural
network; DBNG, deep belief networks; HDL, hybrid deep learning; XAI, Explainable Al; DL, deep learning.

of multiple classification heads for R peak detection, and
mapping out conditions. The same convolutional operation
was applied to obtain the feature maps with equal sizes
algorithms used for CVD risk stratification, which were
CNN (229,230), UNet (231-233), and long short-term. The
general kernel size used was 3x1. Three compression stages
were applied, where each feature map was reduced and
the number of features were doubled. The global average
pooling layer was used while training so that the confidence
maps don’t converge any non-existent class within the
segment. The PE parameters used in the ECG-based
DL systems were confusion metrics (229,230), accuracy
(234,235), sensitivity (231-233), specificity (236,237),
PPV for justifying the reliability of the systems (238,239).
Recently there have been more advances in Al for CVD risk
prediction using ECG-based DL systems (240-243).

Artificial intelligence explainability in
cardiovascular disease

In the field of CVD risk stratification that requires image
segmentation, DL has played a very important role. Our
observations has shown that SDL and HDL offer stronger
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innovations and in particular, HDL offers superior
performance against conventional models for segmentation
and classification (244). One of the challenges in the DL
models is its black box nature, even though, the design and
performance meets the requirements and objectives. This
black box nature has unaddressed “Wh’ questions such
as what, why, and how the DL output can be interpreted.
More important questions are how will prediction change if
the training model changes, what will happen if the training
parameters changes, how do prediction change if the
feature changes, what are the limits on the features if the
prediction needs to be same, etc. Such kind of challenges
can be categorized as the subfield of Al, namely “explainable
Al (XAI)” (245-251) (Figure 13). Our observations show
that in the field of segmentation for CVD, there has been
very limited number of studies using XAI. The role of
XAl is even more important when dealing with CVD risk
stratification having different kinds of clinical outcomes.
The reasons why XAI has not penetrated in CVD is (I) the
advances of XAl had recently started (2015) and (II) some
of the XAI packages like Shapley additive explanations
(SHAP), uniform manifold approximation and projection
for dimension reduction (UMAP), GradCAM has not been
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Figure 14 Left: Trustable Al or Trustworthy Al includes Valid AI, Responsible AI, Privacy-Preserving Al, and XAI Right: EU General
Data Protection Regulation (GDPR) (Open Access). XAl, Explainable Al

integrated in DL packages.

Local interpretable model-agnostic explanations
(LIME) (252) and SHAPLEY (253) were used for the
point data while the heatmaps were for the image data. As
per European general data protection regulation (GDPR)
(Figure 14, right) (254), the important attributes such as
privacy, transparency (255), fairness, and explainability
(254,256) (Figure 14, left) were highlighted for the design of
ML (257-261) and DL paradigm.

Since XAI incorporates the feedback loop, the customized
eight steps of DL are mainly (I) DL training, (II) quality
assurance (QA), (II) installation/deployment, (IV) prediction,
(V) cross-validation-based testing (A/B test), (VI) monitoring,
and (VII) debugging, and (VIII) feedback loop (262). Some
specific guidelines were allowed to maintain the above-
mentioned explainability (263). Figure 14, left below displays
all eight steps.

Artificial intelligence pruning in cardiovascular disease
risk stratification

It creates a challenge to perform real-time processing of
the medical images. Some alternatives were available in the
market like graphical processing units, supercomputers,
etc. which are expensive for general use and out of reach.
The DL systems undergoes heavyweights processing in
the different layers of neural networks, along with a high
number of epochs and training iterations per epoch.

As an alternative, pruning is an optimization technique
used for eliminating the unlinked weights which are the
nodes of the neural network that has less impact on the
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neural network performance. This helps in improving the
training model storage and speed. Evolutionary algorithms
exist which can be used for compressing the DL models,
namely (I) particle swarm optimization algorithm (PSO),
(II) differential evolution algorithm (DEA), (III) whale
optimization (WO) algorithm, and (IV) genetic algorithm
(GA) (264,265). These evolutionary optimization techniques
were embedded in the DL paradigm for fulfilling the
segmenting objectives. Such DL systems are fully connected
networks (FCN) or SegNet models. There are three pruning
methods which are typically used for pruning the neural
networks can be studied in more detail and are named as: (I)
channel pruning (266-275), (II) hybrid pruning (276-278),
and (III) weight or network pruning (279-284).

Risk of Bias estimation in deep learning-based
cardiovascular disease systems

DL strategies have started to penetrate the CVD field, more
so often SDL-based methods compared to HDL-based,
which is still in its infancy stage. Even though DL-based
systems provide a better results as compared to ML-based
techniques because of their automated feature extraction
paradigm, there still exists RoB. Five methods were used
for bias estimation, namely, (I) ranking method (RBS), (II)
region-based map (RBM), (III) radial bias area (RBA), (IV)
prediction model risk of bias assessment tool (PROBAST),
and (V) risk of bias in non-randomized studies-of
interventions (ROBINS-I), as discussed in subsections “Risk
of bias via ranking method”, “Radial-bias map method”,
“Radial-bias area method”, “ROBINS-I”, and “PROBAST”
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Figure 15 Cumulative plot for all the DL-based CVD studies. LM, low-moderate; HM, moderate-high; DL, deep learning; CVD,

cardiovascular disease.

respectively. For ranking method, we have merged a few Al
attributes to obtain some meaningful inference. The final
number of Al attributes considered for the ranking analysis
was 29 (A1-A29). A comparative analysis was also performed
which was mentioned in subsection “Venn diagram for
analysing the five bias strategies”.

Risk of bias via ranking method

The RoB for the DL-based systems was estimated by
using the ranking method (see Table S1) which depends on
means values of the Al attributes and values of cumulative
mean of all studies. These were calculated by scoring the
corresponding attributes using a grading system (62,285).
In total, twenty-nine attributes were selected for scoring
the DL-based systems corresponding to demographic, DL
architecture, performance evaluation, validation, and clinical
evaluation. All the 32 DL studies were grouped as low-bias
(6 studies), moderate-bias (11 studies), and high-bias
(15 studies) based on the two types of cut-offs namely, Jow-
moderate (LM) and moderate-high (MH) cut-offs. The values
for LM cut-off was 3.3 while MH cut-off was 2.5 (Figure 15).
"The factors responsible for high-bias were not involvement of
family history, body mass index (BMI), non-FDA approval,

and lack of implementation in the clinical settings.

Radial-bias map method

The concept behind the radial-bias map (RBM) stems by
pictorially representing the strength of the Al attributes in
the form of radius. If the end-points of the radius is spline
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fitted using a Bezier spline curve, then such a curve would
represent the map of the bias, so-called “radial-bias map”.
These radial lines would be angularly segregated by an angle
of 12.4 (~360/29) degrees, where the denominator consisted
of total number of Al attributes for each study. Since there
were 29 attributes, we therefore clustered these Al attributes
into groups, representing them as fins of the butterfly. We
therefore called such a bias model as “butterfly model”.
Since each radius represented like a spoke of the wheel, it
was also called as “spoke-and-wheel model”. Because there
were 13,9, 2, and 5 Al attributes corresponding to each
cluster (or group), so four fins were designed in this butterfly
model. It was however important to put these Al studies
in a rectangular grid arranged in the order from low-bias to
high-bias order. Note that it was therefore imperative to have
the product of rows and columns of the grid to be an even
number, which represented the total number of studies. In
our case, we had 32 studies, the grid consisted of 4x8 (or 8x4)
layout, which is shown in Figure 16. Here, the last number is
the bias score for that particular study (each bias map has a
name as: “Sn-Name:BiasValue”, i.e., “S19-Mes:13”, showing
the number of study as 19, and the first three letter of the
first author’s last mJname as Mes. The ranking-based on
these weights were shown in the (see Table S2, zop).

Radial-bias area method

The main concept of radial-bias area (RBA) method comes
from the area occupied by the clusters unlike the spoke-
and-wheel model that takes only the consideration of radial
strengths. So, RBA consists of finding the “fin strength”,
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Yy 7 Y:

rather than “radial strength”. So, RBA is a cumulative high area (high-bias), and this is presented in Figure 17
effect of all the components of the cluster. Since area is in the form of the same grid pattern as RBM, where the
the basic ingredient of the method, we just need the visual white region represent the bias region. The bias study is
area representation arranged from low area (low-bias) to represented by the nomenclature: “Sn-Name:BiasValue”,
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ROBINS-I, risk of bias in non-randomized studies-of interventions.

similar to RBM method. A typical example for a non-
vascular application is given by “S18-Azz:125”, where “18”
designates the study number, “Azz” represents the author’s
first three alphabets of the last name, and “125” represent
the calculated normalized bias value. Higher bias area
is visually reflected by the white zone of the pie chart as
shown in Table S2, bottom.

ROBINS-I

In this method, the bias attempts to simulate randomization
in non-randomized trials. The idea in ROBINS-I method
is to consider the simulation for randomization in a non-
randomized trial framework. For studying the RoB,
we adopt three kinds of components namely, (I) “pre-
intervention”, (II) “during an intervention”, and (III) “post-
intervention”. These three elements are divided into seven
separate aspects, including: (I) effect of confounding,
leading to bias (total patients, family history, and risk
factor), (I) selection of participants, leading to bias (BMI,
ethnicity, hypertension, smoking, CUSIP, and organ),
(III) types (classification) of interventions, leading to bias
(number of algorithms used, DL layers used, and protocol),
(IV) deviations from intended interventions, leading to
bias (number of PE parameters and sensitivity), (V) role of
missing data, leading to bias (handling imbalanced data),
(VI) measurement of performance outcomes, leading to bias
(accuracy, P value, Dice, and Jaccard), and (VII) selection
of the reported result, leading to bias (statistical analysis,
validation, stat test, and clinical settings).

A set of 32 studies were taken into consideration for RoB

© Cardiovascular Diagnosis and Therapy. All rights reserved.

analysis using ROBINS-I. Using the cut-off of 3.7 and 3.1
corresponding to low-bias and moderate-bias, respectively,
we found that 25% (8 out of 32), 25% (8 out of 32), and
50% (16 out of 32) were low-bias, moderate-bias, and high-
bias, respectively (Figure 18) (Table S3).

PROBAST

It uses predictors classified into four domains, namely, Four
kinds of constituents were used for classification of the
predictors, namely, (I) participants (total patients, family
history, risk factors, BMI, hypertension, smoking, CUSIP,
and organ), (II) predictors (number of algorithms used, DL,
feature extraction, layers used, and protocol), (III) outcome
(sensitivity, accuracy, P value, Dice, and Jaccard), and (IV)
analysis (statistical analysis, validation, stat test, and clinical
setting).

RoB analysis using the PROBAST tool was performed
on a set of 32 studies. Using the cut-off of 3.8 and 3.1 for
low-bias and moderate bias, respectively, we found that
21.8% (7 out of 32), 34.4% (11 out of 32), and 43.7% (14
out of 32) were low-bias, moderate-bias, and high-bias,
respectively (Figure 19) (Table S4).

Venn diagram for analysing the five bias strategies

The Venn diagram (VD) tool was used to understand the
similarities between thee five bias methods namely, RBS,
RBM, RBA model, ROBINS-I, and PROBAST. For best
representation of bias using VD, we divided the pictorial
representation into four categories such as (I) low-bias
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Figure 19 Cumulative plot for all the DL-based CVD studies using PROBAST. DL, deep learning; CVD, cardiovascular disease;

PROBAST, prediction model risk of bias assessment tool

(Figure 20A), (II) moderate-bias (Figure 20B), (I1I) high-bias
(Figure 20C), and (IV) moderate-high bias (Figure 20D).
Our observation showed that the common studies for RBM,
RBS, RBA, ROBINS-I, and PROBAST were 4 (40%), 4
(20%), 8 (42.1%), and 21 (75%) in low-bias, moderate-bias,
high-bias, and moderate-high-bias, respectively.

Critical discussion
Principal findings
Our CVD prediction study primarily focused on DL

approaches for preventive-based risk assessment. The
architectures for the DL-based systems were discussed
along with the unique characteristics of these systems.
Thirty-two studies were considered in the DL-based
CVD paradigm for statistical analysis. It was observed that
the main cause for approaching the DL is the automated
feature selections from the input risk factors provided to
the system. Our observations clearly showed that DL-based
systems have a capability of handling the non-linearity
between the covariates (risk factors) and the ground truth
(gold standard), unlike the ML-based systems.

The SDL approach was adapted more but with
advancement in the Al paradigm, HDL has started to
show better results compared to SDL due to the fusion
of multiple models. The algorithm used mostly in the
DL paradigm was in the following order. For SDL, it
was CNN, UNet, RCNN, UNet++, and for HDL, it
was SegNet-UNet, CNN-UNet, and ResNet. The RoB
analysis was also presented in the DL paradigm for CVD
risk stratification by using five different methods (RBS,
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RBM, RBA, ROBINS-I, and PROBAST). The bias groups
were low-bias (6 studies), moderate-bias (11 studies), and
high-bias (15 studies) from the RBS model. Also, the factors
responsible for the bias were determined. A comparative
analysis was also presented and shown in a Venn diagram.

Benchmarking

Table 7 presents the benchmarking table comprising
fourteen review studies (9,11,13,80,100-118) for CVD
risk stratification using Al (ML or DL). The table has
eleven attributes along column 2 to column 12 for every
corresponding study from row 2 to row 15. These eleven
attributes presented were (I) the studies, (II) the year
of the study, (II) the AT specification of the study, (IV)
the objective of the study, (V) the usage of the PRISMA
model, (VI) the role of statistical classification, (VII) the
field of application, (VIII) architectural classifications of
the study, (IX) bias analysis was performed or not in the
study, (X) number of studies used, and (XI) represents
the citations present in the study. The studies which used
both ML and DL approaches were row R1 to row R4, and
row R7 to row R11, while the studies which implemented
the DL approaches were row R5, R6, R12, and R14. The
objectives were segmentation of plaque, risk assessment or
stratification, detection, and comparison among the ML or
DL techniques. The PRISMA model was adopted by six
studies. The statistical classification was done by six studies,
while others have not shown the classification based on
the statistics. The applications were CVD, MI, myocardial
perfusion (MP), heart failure, stroke, CKD, and RA. The
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number of studies that were used for the analysis ranged
from 12 to 229, while the total number of citations was
from 229 to 40 (286).

Cardiovascular risk stratification has evolved further
using DL techniques. It has offered the advantage of
automated feature extraction from the risk factors such as
conventional risk factors, namely, OBBM, LBBM, CUSIP,
and MedUSE during the DL training process. The DL
techniques were used for the segmentation of CT, US, and
MRI images for obtaining the image phenotypes, which
were used in combination with OBBM, and LBBM risk
factors. The types of DL techniques are (I) solo DL, and
(II) hybrid DL. The SDL technique is basically the use of
one type of architecture such as CNN, UNet, and UNet++,
while the hybrid is the combination of two or more different
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DL architectures such as SegNet-UNet, etc. The HDL
technologies are superior because of their larger scope of
feature extraction, classifier diversity that includes softmax
or ML-based classifiers, transfer learning features, better
performance results, usage of more hardware resources, and
diverse application fields as compared to SDL approaches.
The HDL has a higher complex program while SDL has
low complexity.

Conclusions

The proposed review presented different deep learning-
based approaches for CVD risk prediction paradigm,
namely solo deep learning, and hybrid deep learning.
PRISMA strategy was adapted and the best studies were
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Table 7 Benchmarking table

SN Studies Year Al Spec. Obb. PRISMA C?:tsn Application SLZZn Stﬁ;’i';s u ta-trilons
1 Jamthikar et al. (13) 2021 ML/DL Risk assessment \ N CVD, CKD \ x 120 120
2 Biswas et al. (80) 2021 ML/DL  Segmentation X V CVD V x X 163
3 Sabaetal. (112) 2021 ML/DL Comparison \ v CVD \/ x 229 229
4 Faizal et al. (114) 2021 ML/DL  Risk prediction x x CVD N x 139 139
5 Hinai et al. (115) 2021 DL Detection \ N Ml N x 12 48
6 Linetal (113) 2021 DL Risk assessment x x CAD V x 18 58
7 Yasmin et al. (117) 2021 ML/DL Detection X X Heart Failure V x 22 128
8 Monti et al. (116) 2020 ML/DL Detection x x CAD, MP N x x 40
9 Jamthikar et al. (11) 2020 ML  Risk assessment \ N CVD \ x 120 120
10 Khanna et al. (110) 2019 ML/DL Risk assessment x X RA, CVD N x 150 150
11 Sabaetal. (111) 2019 ML/DL Risk assessment \ x CVD, Stroke N X 111 111
12 Krittanawong et al. (118) 2019 DL Comparison x x CVD \/ x 20 105
13  Banchhor et al. (9) 2018 ML Stratification x x CVD N x 153 153
14  Proposed Study 2022 DL Stratification \ N CVD, COVID N \ 286 286

SN, serial number; Al Spec., Al specialization; ML, machine learning; DL, deep learning; Obb., objective; Stat. Classn, statistical
classification; Arch. Classn, architectural classification; *, Number; T. citations, total citations; CVD, cardiovascular diseases; CKD, chronic
kidney diseases; MI, myocardial infraction; MP, myocardial perfusion; CAD, coronary artery diseases; RA, rheumatoid arteries.

filtered. Statistical distribution based on the characteristics
was carried out along with the detailed architectural
classification for the DL-based paradigm. Our observations
showed that solo deep learning dominated the CVD
industry. The most adopted architecture for CVD risk
stratification was CNN followed by UNet, UNet++, and
RCNN. Plaque tissue characterization was also conducted
for CVD risk stratification. Finally, we conducted bias
in Al studies to determine two cut-offs. Five different
strategies, namely, RBS, RBM, RBA, ROBINS-I, and
PROBAST models for bias estimation. The study showed
CVD risk stratification in COVID-19 patients. ECG-based
strategies were also presented in this study. As the DL-
based approaches are evolving, ensemble-based techniques
are likely to emerge for superior performance for CVD risk
stratification.

Acknowledgments

We thank AtheroPoint"™, Roseville, California, USA and
their teams for their feedback and support.
Funding: None.

© Cardiovascular Diagnosis and Therapy. All rights reserved.

Footnote

Conflicts of Interest: All authors have completed the ICMJE
uniform disclosure form (available at https://cdt.amegroups.
com/article/view/10.21037/cdt-22-438/coif). IMS is on the
clinical advisory board of AtheroPoint™, Roseville, CA,
USA. LS serves as an unpaid editorial board member of
Cardiovascular Diagnosis and Therapy from September 2021
to August 2023. JSS is with AtheroPoint"", Roseville, CA,
USA, focusing in the area of Stroke and Cardiovascular
Imaging. The other authors have no conflicts of interest to
declare.

Ethical Statement: The authors are accountable for all
aspects of the work in ensuring that questions related
to the accuracy or integrity of any part of the work are
appropriately investigated and resolved.

Open Access Starement: This is an Open Access article
distributed in accordance with the Creative Commons
Attribution-NonCommercial-NoDerivs 4.0 International
License (CC BY-NC-ND 4.0), which permits the non-

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438


https://cdt.amegroups.com/article/view/10.21037/cdt-22-438/coif
https://cdt.amegroups.com/article/view/10.21037/cdt-22-438/coif

Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

commercial replication and distribution of the article with
the strict proviso that no changes or edits are made and the
original work is properly cited (including links to both the
formal publication through the relevant DOI and the license).
See: https://creativecommons.org/licenses/by-nc-nd/4.0/.

References

1. World Health Organization cardiovascular disease risk
charts: revised models to estimate risk in 21 global regions.
Lancet Glob Health 2019;7:€1332-45.

2. Dunbar SB, Khavjou OA, Bakas T, et al. Projected Costs
of Informal Caregiving for Cardiovascular Disease: 2015
to 2035: A Policy Statement From the American Heart
Association. Circulation 2018;137:¢558-77.

3. Laslett L], Alagona P Jr, Clark BA 3rd, et al. The
worldwide environment of cardiovascular disease:
prevalence, diagnosis, therapy, and policy issues: a report
from the American College of Cardiology. ] Am Coll
Cardiol 2012;60:S1-49.

4. McAloon CJ, Boylan LM, Hamborg T, et al. The changing
face of cardiovascular disease 2000-2012: An analysis of
the world health organisation global health estimates data.
IntJ Cardiol 2016;224:256-64.

5. Tzoulaki I, Elliott P, Kontis V, et al. Worldwide Exposures
to Cardiovascular Risk Factors and Associated Health
Effects: Current Knowledge and Data Gaps. Circulation
2016;133:2314-33.

6. Lareyre F, Lé CD, Ballaith A, et al. Applications of
Artificial Intelligence in Non-cardiac Vascular Diseases: A
Bibliographic Analysis. Angiology 2022;73:606-14.

7. Nghiem N, Mizdrak A, Wilson N. Increased
unemployment from the COVID-19 pandemic, what
might be the adverse impacts on cardiovascular disease in
Aotearoa/New Zealand and how might this be prevented?
N Z Med ] 2020;133:89-98.

8. Libby P, Ridker PM, Hansson GK, et al. Inflammation in
atherosclerosis: from pathophysiology to practice. ] Am
Coll Cardiol 2009;54:2129-38.

9. Banchhor SK, Londhe ND, Araki T, et al. Calcium
detection, its quantification, and grayscale morphology-
based risk stratification using machine learning in
multimodality big data coronary and carotid scans: A
review. Comput Biol Med 2018;101:184-98.

10. Viswanathan V, Jamthikar AD, Gupta D, et al. Low-cost
preventive screening using carotid ultrasound in patients with
diabetes. Front Biosci (Landmark Ed) 2020;25:1132-71.

11. Jamthikar AD, Puvvula A, Gupta D, et al. Cardiovascular

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

587

disease and stroke risk assessment in patients with chronic
kidney disease using integration of estimated glomerular
filtration rate, ultrasonic image phenotypes, and artificial
intelligence: a narrative review. Int Angiol 2021;40:150-64.
Viswanathan V, Jamthikar AD, Gupta D, et al. Integration
of estimated glomerular filtration rate biomarker in image-
based cardiovascular disease/stroke risk calculator: a south
Asian-Indian diabetes cohort with moderate chronic
kidney disease. Int Angiol 2020;39:290-306.

Jamthikar AD, Gupta D, Puvvula A, et al. Cardiovascular
risk assessment in patients with rheumatoid arthritis

using carotid ultrasound B-mode imaging. Rheumatol Int
2020;40:1921-39.

Konstantonis G, Singh KV, Sfikakis PP, et al. Cardiovascular
disease detection using machine learning and carotid/
femoral arterial imaging frameworks in rheumatoid arthritis
patients. Rheumatol Int 2022;42:215-39.

Porcu M, Mannelli L, Melis M, et al. Carotid plaque
imaging profiling in subjects with risk factors (diabetes and
hypertension). Cardiovasc Diagn Ther 2020;10:1005-18.
Saba L, Micheletti G, Brinjikji W, et al. Carotid
Intraplaque-Hemorrhage Volume and Its Association

with Cerebrovascular Events. AJNR Am J Neuroradiol
2019;40:1731-7.

Acharya UR, Molinari F, Sree SV, et al. Automated
diagnosis of epileptic EEG using entropies. Biomedical
Signal Processing Control 2012;7:401-8.

Acharya UR, Sree SV, Alvin APC, et al. Use of principal
component analysis for automatic classification of epileptic
EEG activities in wavelet framework. Expert Systems with
Applications 2012;39:9072-8.

El-Hasnony IM, Elzeki OM, Alshehri A, et al. Multi-
Label Active Learning-Based Machine Learning Model for
Heart Disease Prediction. Sensors (Basel) 2022;22:1184.
Hippisley-Cox J, Coupland C, Brindle P. Development
and validation of QRISK3 risk prediction algorithms to
estimate future risk of cardiovascular disease: prospective
cohort study. BMJ 2017;357:j2099.

D'Agostino RB Sr, Vasan RS, Pencina MJ, et al. General
cardiovascular risk profile for use in primary care: the
Framingham Heart Study. Circulation 2008;117:743-53.
Conroy RM, Pyorili K, Fitzgerald AP, et al. Estimation of
ten-year risk of fatal cardiovascular disease in Europe: the
SCORE project. Eur Heart J 2003;24:987-1003.

Ridker PM, Buring JE, Rifai N, et al. Development and
validation of improved algorithms for the assessment of
global cardiovascular risk in women: the Reynolds Risk
Score. JAMA 2007;297:611-9.

© Cardiovascular Diagnosis and Therapy. All rights reserved. Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438


https://creativecommons.org/licenses/by-nc-nd/4.0/

588

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

© Cardiovascular Diagnosis and Therapy. All rights reserved.

Bhagawati et al. Deep learning-based cardiovascular risk stratification

Goft DC Jr, Lloyd-Jones DM, Bennett G, et al. 2013
ACC/AHA guideline on the assessment of cardiovascular
risk: a report of the American College of Cardiology/
American Heart Association Task Force on Practice
Guidelines. ] Am Coll Cardiol 2014;63:2935-59.

Damman P, van 't Hof AW, Ten Berg JM, et al. 2015

ESC guidelines for the management of acute coronary
syndromes in patients presenting without persistent ST-
segment elevation: comments from the Dutch ACS
working group. Neth Heart J 2017;25:181-5.

Task Force Members; Montalescot G, Sechtem U, et

al. 2013 ESC guidelines on the management of stable
coronary artery disease: the Task Force on the management
of stable coronary artery disease of the European Society
of Cardiology. Eur Heart J 2013;34:2949-3003.

Knuuti J, Wijns W, Saraste A, et al. 2019 ESC Guidelines
for the diagnosis and management of chronic coronary
syndromes. Eur Heart J 2020;41:407-77.

Anderson TJ, Grégoire J, Pearson GJ, et al. 2016 Canadian
Cardiovascular Society Guidelines for the Management of
Dyslipidemia for the Prevention of Cardiovascular Disease
in the Adult. Can J Cardiol 2016;32:1263-82.

Pearson GJ, Thanassoulis G, Anderson TJ, et al.

2021 Canadian Cardiovascular Society Guidelines for

the Management of Dyslipidemia for the Prevention

of Cardiovascular Disease in Adults. Can J Cardiol
2021;37:1129-50.

Goldstein BA, Navar AM, Carter RE. Moving beyond
regression techniques in cardiovascular risk prediction:
applying machine learning to address analytic challenges.
Eur Heart ] 2017;38:1805-14.

Deyama J, Nakamura T, Takishima I, et al. Contrast-
enhanced ultrasound imaging of carotid plaque
neovascularization is useful for identifying high-risk patients
with coronary artery disease. Circ J 2013;77:1499-507.
Colledanchise KIN, Mantella LE, Bullen M, et al.
Combined Femoral and Carotid Plaque Burden Identifies
Obstructive Coronary Artery Disease in Women. ] Am
Soc Echocardiogr 2020;33:90-100.

Khanna NN, Jamthikar AD, Araki T, et al. Nonlinear
model for the carotid artery disease 10-year risk prediction
by fusing conventional cardiovascular factors to carotid
ultrasound image phenotypes: a Japanese diabetes cohort
study. Echocardiography 2019;36:345-61.

Jamthikar AD, Gupta D, Saba L, et al. Artificial
intelligence framework for predictive cardiovascular

and stroke risk assessment models: A narrative review of

integrated approaches using carotid ultrasound. Comput

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Biol Med 2020;126:104043.

Cuadrado-Godia E, Jamthikar AD, Gupta D, et al.
Ranking of stroke and cardiovascular risk factors for

an optimal risk calculator design: Logistic regression
approach. Comput Biol Med 2019;108:182-95.

Sanz J, Fayad ZA. Imaging of atherosclerotic
cardiovascular disease. Nature 2008;451:953-7.
Bucciarelli-Ducci C, Ostenfeld E, Baldassarre LA, et al.
Cardiovascular disease in women: insights from magnetic
resonance imaging. ] Cardiovasc Magn Reson 2020;22:71.
Cau R, Flanders A, Mannelli L, et al. Artificial intelligence
in computed tomography plaque characterization: A
review. Eur J Radiol 2021;140:109767.

Jamthikar A, Gupta D, Khanna NN, et al. A Special Report
on Changing Trends in Preventive Stroke/Cardiovascular
Risk Assessment Via B-Mode Ultrasonography. Curr
Atheroscler Rep 2019;21:25.

Londhe ND, Suri JS. Superharmonic Imaging for Medical
Ultrasound: a Review. ] Med Syst 2016;40:279.

Guang Y, He W, Ning B, et al. Deep learning-based
carotid plaque vulnerability classification with multicentre
contrast-enhanced ultrasound video: a comparative
diagnostic study. BMJ Open 2021;11:¢047528.

Khalifa F, Beache GM, Gimel’farb G, et al. State-of-
the-art medical image registration methodologies: A
survey. Multi modality state-of-the-art medical image
segmentation and registration methodologies. Springer;
2011. p. 235-80.

Roumeliotis S, Liakopoulos V, Roumeliotis A, et al.
Prognostic Factors of Fatal and Nonfatal Cardiovascular
Events in Patients With Type 2 Diabetes: The Role of
Renal Function Biomarkers. Clin Diabetes 2021;39:188-96.
Saba L, Dey N, Ashour AS, et al. Automated stratification
of liver disease in ultrasound: An online accurate feature
classification paradigm. Comput Methods Programs
Biomed 2016;130:118-34.

Stein JH, Korcarz CE, Post WS. Use of carotid ultrasound
to identify subclinical vascular disease and evaluate
cardiovascular disease risk: summary and discussion of
the American Society of Echocardiography consensus
statement. Prev Cardiol 2009;12:34-8.

Touboul PJ, Hennerici M, Meairs S, et al. Mannheim
carotid intima-media thickness and plaque consensus
(2004-2006-2011). Cerebrovascular diseases
2012;34:290-6.

van den Munckhof IC, Jones H, Hopman MT, et al.
Relation between age and carotid artery intima-medial

thickness: a systematic review. Clinical cardiology

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

© Cardiovascular Diagnosis and Therapy. All rights reserved.

2018;41:698-704.

Jamthikar AD, Gupta D, Johri AM, et al. Low-Cost
Office-Based Cardiovascular Risk Stratification Using
Machine Learning and Focused Carotid Ultrasound in an
Asian-Indian Cohort. ] Med Syst 2020;44:208.

Molinari F, Pattichis CS, Zeng G, et al. Completely
automated multiresolution edge snapper—a new technique
for an accurate carotid ultrasound IM'T measurement:
clinical validation and benchmarking on a multi-
institutional database. IEEE Transactions on Image
Processing 2012;21:1211-22.

Molinari F, Zeng G, Suri JS. Intima-media thickness:
setting a standard for a completely automated method of
ultrasound measurement. IEEE Trans Ultrason Ferroelectr
Freq Control 2010;57:1112-24.

Buddi S, Taylor T, Borges C, et al., editors. SVM multi-
classification of T2D/CVD patients using biomarker
features. 2011 10th International Conference on Machine
Learning and Applications and Workshops; 2011: IEEE.
Hedman AK, Hage C, Sharma A, et al. Identification of
novel pheno-groups in heart failure with preserved ejection
fraction using machine learning. Heart 2020;106:342-9.
Hussein AF, Hashim SJ, Rokhani FZ, et al. An Automated
High-Accuracy Detection Scheme for Myocardial
Ischemia Based on Multi-Lead Long-Interval ECG and
Choi-Williams Time-Frequency Analysis Incorporating a
Multi-Class SVM Classifier. Sensors (Basel) 2021;21:2311.
Jamthikar AD, Gupta D, Mantella LE, et al. Multiclass
machine learning vs. conventional calculators for stroke/
CVD risk assessment using carotid plaque predictors
with coronary angiography scores as gold standard:

a 500 participants study. Int J Cardiovasc Imaging
2021;37:1171-87.

Nakanishi R, Slomka PJ, Rios R, et al. Machine Learning
Adds to Clinical and CAC Assessments in Predicting 10-
Year CHD and CVD Deaths. JACC Cardiovasc Imaging
2021;14:615-25.

Sinchez-Cabo F, Rossello X, Fuster V, et al. Machine
Learning Improves Cardiovascular Risk Definition for
Young, Asymptomatic Individuals. J] Am Coll Cardiol
2020;76:1674-85.

Abdar M, Ksiazek W, Acharya UR, et al. A new machine
learning technique for an accurate diagnosis of coronary
artery disease. Comput Methods Programs Biomed
2019;179:104992.

Chu H, Chen L, Yang X, et al. Roles of Anxiety and
Depression in Predicting Cardiovascular Disease Among
Patients With Type 2 Diabetes Mellitus: A Machine

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

589

Learning Approach. Front Psychol 2021;12:645418.

Cai C, Taft AP, Ngufor C, et al. Using ensemble of
ensemble machine learning methods to predict outcomes
of cardiac resynchronization. ] Cardiovasc Electrophysiol
2021;32:2504-14.

Esfahani HA, Ghazanfari M, editors. Cardiovascular
disease detection using a new ensemble classifier. 2017
IEEE 4th international conference on knowledge-based
engineering and innovation (KBEI); 2017: IEEE.

Gibson WJ, Nafee T, Travis R, et al. Machine learning
versus traditional risk stratification methods in acute
coronary syndrome: a pooled randomized clinical trial
analysis. ] Thromb Thrombolysis 2020;49:1-9.

Suri JS, Bhagawati M, Paul S, et al. Understanding the bias
in machine learning systems for cardiovascular disease risk
assessment: The first of its kind review. Comput Biol Med
2022;142:105204.

Suri JS, Bhagawati M, Paul S, et al. A Powerful Paradigm
for Cardiovascular Risk Stratification Using Multiclass,
Multi-Label, and Ensemble-Based Machine Learning
Paradigms: A Narrative Review. Diagnostics (Basel)
2022;12:722.

Szegedy C, Liu W, Jia Y, et al., editors. Going deeper with
convolutions. Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition; 2015.

Poczter SL, Jankovic LM. The google car: driving

toward a better future? Journal of Business Case Studies
2014;10:7-14.

Buduma N, Locascio N. Fundamentals of deep learning:
Designing next-generation machine intelligence
algorithms. O'Reilly Media, Inc.; 2017.

Ronneberger O, Fischer P, Brox T, editors. U-net:
Convolutional networks for biomedical image
segmentation. International Conference on Medical image
computing and computer-assisted intervention; 2015:
Springer.

Falk T, Mai D, Bensch R, et al. U-Net: deep learning for
cell counting, detection, and morphometry. Nat Methods
2019;16:67-70.

Cicek O, Abdulkadir A, Lienkamp SS, et al., editors. 3D
U-Net: learning dense volumetric segmentation from
sparse annotation. International conference on medical
image computing and computer-assisted intervention;
2016: Springer.

Kohl S, Romera-Paredes B, Meyer C, et al. A probabilistic
u-net for segmentation of ambiguous images. Advances in
Neural Information Processing Systems 2018;31.
Carneiro T, Da N6brega RVM, Nepomuceno T, et al.

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



590

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

© Cardiovascular Diagnosis and Therapy. All rights reserved.

Bhagawati et al. Deep learning-based cardiovascular risk stratification

Performance analysis of google colaboratory as a tool

for accelerating deep learning applications. IEEE Access
2018;6:61677-85.

Bisong E. Building machine learning and deep learning
models on Google cloud platform: A comprehensive guide
for beginners. Apress; 2019.

Castelvecchi D. Deep learning boosts Google Translate
tool. Nature News 2016. 10.1038/nature.2016.20696
Park J, Naumov M, Basu P, et al. Deep learning inference
in facebook data centers: Characterization, performance
optimizations and hardware implications. arXiv preprint
arXiv 2018;09886:09886.

Wu CJ, Brooks D, Chen K, et al., editors. Machine learning
at facebook: Understanding inference at the edge. 2019
IEEE International Symposium on High Performance
Computer Architecture (HPCA); 2019: IEEE.

Yu J, Markov K, editors. Deep learning based personality
recognition from facebook status updates. 2017 IEEE

8th International Conference on Awareness Science and
Technology (ICAST); 2017: IEEE.

Subramani S, Wang H, Vu HQ, et al. Domestic violence
crisis identification from facebook posts based on deep
learning. IEEE Access 2018;6:54075-85.

Azzopardi C, Camilleri KP, Hicks YA. Bimodal Automated
Carotid Ultrasound Segmentation Using Geometrically
Constrained Deep Neural Networks. IEEE ] Biomed
Health Inform 2020;24:1004-15.

Biswas M, Kuppili V, Araki T, et al. Deep learning strategy
for accurate carotid intima-media thickness measurement:
An ultrasound study on Japanese diabetic cohort. Comput
Biol Med 2018;98:100-17.

Biswas M, Saba L, Omerzu T, et al. A Review on Joint
Carotid Intima-Media Thickness and Plaque Area
Measurement in Ultrasound for Cardiovascular/Stroke
Risk Monitoring: Artificial Intelligence Framework. J
Digit Imaging 2021;34:581-604.

Biswas M, Saba L, Chakrabartty S, et al. Two-stage
artificial intelligence model for jointly measurement of
atherosclerotic wall thickness and plaque burden in carotid
ultrasound: A screening tool for cardiovascular/stroke risk
assessment. Comput Biol Med 2020;123:103847.

Lekadir K, Galimzianova A, Betriu A, et al. A Convolutional
Neural Network for Automatic Characterization of Plaque
Composition in Carotid Ultrasound. IEEE J Biomed
Health Inform 2017;21:48-55.

Meshram NH, Mitchell CC, Wilbrand S, et al. Deep
Learning for Carotid Plaque Segmentation using a Dilated
U-Net Architecture. Ultrason Imaging 2020;42:221-30.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

Wau J, Xin J, Yang X, et al. Deep morphology aided
diagnosis network for segmentation of carotid artery vessel
wall and diagnosis of carotid atherosclerosis on black-
blood vessel wall MRI. Med Phys 2019;46:5544-61.
Zhou R, Azarpazhooh MR, Spence JD, et al. Deep
Learning-Based Carotid Plaque Segmentation from
B-Mode Ultrasound Images. Ultrasound Med Biol
2021;47:2723-33.

Zhou R, Guo F, Azarpazhooh MR, et al. Deep Learning-
Based Measurement of Total Plaque Area in B-Mode
Ultrasound Images. IEEE J Biomed Health Inform
2021;25:2967-77.

Ganitidis T, Athanasiou M, Dalakleidi K, et al.
Stratification of carotid atheromatous plaque using
interpretable deep learning methods on B-mode
ultrasound images. Annu Int Conf IEEE Eng Med Biol
Soc 2021;2021:3902-5.

Ziegler M, Alfraeus J, Bustamante M, et al. Automated
segmentation of the individual branches of the carotid
arteries in contrast-enhanced MR angiography using
DeepMedic. BMC Med Imaging 2021;21:38.

Bortsova G, Bos D, Dubost F, et al. Automated
Segmentation and Volume Measurement of Intracranial
Internal Carotid Artery Calcification at Noncontrast CT.
Radiol Artif Intell 2021;3:e200226.

Jain PK, Gupta S, Bhavsar A, et al. Localization of
common carotid artery transverse section in B-mode
ultrasound images using faster RCNN: a deep learning
approach. Med Biol Eng Comput 2020;58:471-82.

Savas S, Topaloglu N, Kazc O, et al. Classification of
Carotid Artery Intima Media Thickness Ultrasound
Images with Deep Learning. ] Med Syst 2019;43:273.
Wasih M, Almekkawy M. A Novel Deep Learning
Approach for Tracking Regions of Interest in Ultrasound
Images(). Annu Int Conf IEEE Eng Med Biol Soc
2021;2021:4095-8.

Sudha S, Jayanthi KB, Rajasekaran C, et al. Convolutional
Neural Network for Segmentation and Measurement of
Intima Media Thickness. ] Med Syst 2018;42:154.

Saba L, Bhavsar AV, Gupta A, et al. Automated calcium
burden measurement in internal carotid artery plaque
with CT: a hierarchical adaptive approach. Int Angiol
2015;34:290-305.

Koktzoglou I, Huang R, Ong AL, et al. Feasibility of a sub-
3-minute imaging strategy for ungated quiescent interval
slice-selective MRA of the extracranial carotid arteries using
radial k-space sampling and deep learning-based image
processing. Magn Reson Med 2020;84:825-37.

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

96. Luo X, Ara L, Ding H, et al. Computational methods
to automate the initial interpretation of lower extremity
arterial Doppler and duplex carotid ultrasound studies. |
Vasc Surg 2021;74:988-996.e1.

97. Xiao C, Li Z, Lu ], et al. A new deep learning method
for displacement tracking from ultrasound RF signals
of vascular walls. Comput Med Imaging Graph
2021;87:101819.

98. Jain PK, Sharma N, Saba L, et al. Unseen Artificial
Intelligence—Deep Learning Paradigm for Segmentation
of Low Atherosclerotic Plaque in Carotid Ultrasound:

A Multicenter Cardiovascular Study. Diagnostics
2021;11:2257.

99. Jain PK, Sharma N, Giannopoulos AA, et al. Hybrid deep
learning segmentation models for atherosclerotic plaque
in internal carotid artery B-mode ultrasound. Comput Biol
Med 2021;136:104721.

100.Al-Mohannadi A, Al-Maadeed S, Elharrouss O, et al.
Encoder-Decoder Architecture for Ultrasound IMC
Segmentation and cIM'T Measurement. Sensors (Basel)
2021;21:6839.

101.Latha S, Muthu P, Lai KW, et al. Performance Analysis of
Machine Learning and Deep Learning Architectures on
Early Stroke Detection Using Carotid Artery Ultrasound
Images. Front Aging Neurosci 2022;13:828214.

102.Otgonbaatar C, Ryu JK, Kim S, et al. Improvement
of depiction of the intracranial arteries on brain CT
angiography using deep learning reconstruction. J Integr
Neurosci 2021;20:967-76.

103.Jain PK, Sharma N, Saba L, et al. Automated deep
learning-based paradigm for high-risk plaque detection
in B-mode common carotid ultrasound scans: an
asymptomatic Japanese cohort study. Int Angiol
2022;41:9-23.

104.Zhu C, Wang X, Teng Z, et al. Cascaded residual U-net
for fully automatic segmentation of 3D carotid artery in
high-resolution multi-contrast MR images. Phys Med Biol
2021;66:045033.

105.Graves A, Liwicki M, Ferndndez S, et al. A novel
connectionist system for unconstrained handwriting
recognition. IEEE Trans Pattern Anal Mach Intell
2009;31:855-68.

106.Groves LA, VanBerlo B, Veinberg N, et al. Automatic
segmentation of the carotid artery and internal jugular vein
from 2D ultrasound images for 3D vascular reconstruction.
Int ] Comput Assist Radiol Surg 2020;15:1835-46.

107. Tsakanikas VD, Siogkas PK, Mantzaris MD, et al. A deep

learning oriented method for automated 3D reconstruction

© Cardiovascular Diagnosis and Therapy. All rights reserved.

591

of carotid arterial trees from MR imaging. Annu Int Conf
IEEE Eng Med Biol Soc 2020;2020:2408-11.

108.Flores AM, Demsas F, Leeper NJ, et al. Leveraging
Machine Learning and Artificial Intelligence to Improve
Peripheral Artery Disease Detection, Treatment, and
Outcomes. Circ Res 2021;128:1833-50.

109.Hansson GK, Libby P, Tabas I. Inflammation and plaque
vulnerability. ] Intern Med 2015;278:483-93.

110.Khanna NN, Jamthikar AD, Gupta D, et al. Rheumatoid
Arthritis: Atherosclerosis Imaging and Cardiovascular Risk
Assessment Using Machine and Deep Learning-Based
Tissue Characterization. Curr Atheroscler Rep 2019;21:7.

111.Saba L, Jamthikar A, Gupta D, et al. Global perspective
on carotid intima-media thickness and plaque: should the
current measurement guidelines be revisited? Int Angiol
2019;38:451-65.

112.Saba L, Sanagala SS, Gupta SK, et al. Multimodality
carotid plaque tissue characterization and classification in
the artificial intelligence paradigm: a narrative review for
stroke application. Ann Transl Med 2021;9:1206.

113.Lin A, Kolossvary M, Motwani M, et al. Artificial
Intelligence in Cardiovascular Imaging for Risk
Stratification in Coronary Artery Disease. Radiol
Cardiothorac Imaging 2021;3:e200512.

114.Mohd Faizal AS, Thevarajah TM, Khor SM, et al. A
review of risk prediction models in cardiovascular disease:
conventional approach vs. artificial intelligent approach.
Comput Methods Programs Biomed 2021;207:106190.

115.Al Hinai G, Jammoul S, Vajihi Z, et al. Deep learning
analysis of resting electrocardiograms for the detection
of myocardial dysfunction, hypertrophy, and ischaemia: a
systematic review. Eur Heart ] Digit Health 2021;2:416-23.

116.Monti CB, Codari M, van Assen M, et al. Machine
Learning and Deep Neural Networks Applications in
Computed Tomography for Coronary Artery Disease and
Myocardial Perfusion. ] Thorac Imaging 2020;35 Suppl
1:558-65.

117.Yasmin F, Shah SMI, Naeem A, et al. Artificial
intelligence in the diagnosis and detection of heart
failure: the past, present, and future. Rev Cardiovasc Med
2021;22:1095-113.

118.Krittanawong C, Johnson KW, Rosenson RS, et al. Deep
learning for cardiovascular medicine: a practical primer.
Eur Heart J 2019;40:2058-73.

119.Li H, Sun K, Zhao R, et al. Inflammatory biomarkers
of coronary heart disease. Front Biosci (Schol Ed)
2018;10:185-96.

120.Ross R. Cell biology of atherosclerosis. Annu Rev Physiol

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



592 Bhagawati et al. Deep learning-based cardiovascular risk stratification

1995;57:791-804.

121.Tabas I, Williams KJ, Borén J. Subendothelial lipoprotein
retention as the initiating process in atherosclerosis:
update and therapeutic implications. Circulation
2007;116:1832-44.

122.Virmani R, Burke AP, Kolodgie FD, et al. Pathology of
the thin-cap fibroatheroma: A type of vulnerable plaque. J
Interv Cardiol 2003;16:267-72.

123.Burke AP, Kolodgie FD, Farb A, et al. Morphological
predictors of arterial remodeling in coronary
atherosclerosis. Circulation 2002;105:297-303.

124.Patel AK, Suri HS, Singh J, et al. A Review on
Atherosclerotic Biology, Wall Stiffness, Physics of
Elasticity, and Its Ultrasound-Based Measurement. Curr
Atheroscler Rep 2016;18:83.

125.Arroyo LH, Lee RT. Mechanisms of plaque rupture:
mechanical and biologic interactions. Cardiovasc Res
1999;41:369-75.

126. Teng Z, Zhang Y, Huang Y, et al. Material properties of
components in human carotid atherosclerotic plaques: a
uniaxial extension study. Acta Biomater 2014;10:5055-63.

127.Kotsis V, Jamthikar AD, Araki T, et al. Echolucency-
based phenotype in carotid atherosclerosis disease for risk
stratification of diabetes patients. Diabetes Res Clin Pract
2018;143:322-31.

128.Acharya UR, S VS, M MR, et al. Carotid far wall
characterization using LBP, Laws' Texture Energy and wall
variability: a novel class of Atheromatic systems. Annu Int
Conf IEEE Eng Med Biol Soc 2012;2012:448-51.

129.Nicolaides AN, Kakkos SK, Kyriacou E, et al.
Asymptomatic internal carotid artery stenosis and
cerebrovascular risk stratification. ] Vasc Surg
2010;52:1486-1496.¢1-5.

130.Nyirenda M. Assessment of cardiovascular disease risks
using Framingham risk scores (FRS) in HIV-positive and
HIV-negative older adults in South Africa. Prev Med Rep
2021;22:101352.

131.Garg N, Muduli SK, Kapoor A, et al. Comparison
of different cardiovascular risk score calculators for
cardiovascular risk prediction and guideline recommended
statin uses. Indian Heart J 2017;69:458-63.

132.Cook NR, Paynter NP, Eaton CB, et al. Comparison
of the Framingham and Reynolds Risk scores for global
cardiovascular risk prediction in the multiethnic Women's
Health Initiative. Circulation 2012;125:1748-56, S1-11.

133.Berger ]S, Jordan CO, Lloyd-Jones D, et al. Screening for
cardiovascular risk in asymptomatic patients. ] Am Coll
Cardiol 2010;55:1169-77.

© Cardiovascular Diagnosis and Therapy. All rights reserved.

134.Molinari F, Meiburger KM, Acharya UR, et al. CARES
3.0: a two stage system combining feature-based
recognition and edge-based segmentation for CIMT
measurement on a multi-institutional ultrasound database
of 300 images. Annu Int Conf IEEE Eng Med Biol Soc
2011;2011:5149-52.

135.Molinari F, Liboni W, Giustetto P, et al. Automatic
computer-based tracings (ACT) in longitudinal 2-D
ultrasound images using different scanners. Journal of
Mechanics in Medicine Biology 2009;9:481-505.

136.Molinari F, Mantovani A, Deandrea M, et al.
Characterization of single thyroid nodules by contrast-
enhanced 3-D ultrasound. Ultrasound Med Biol
2010;36:1616-25.

137.Viswanathan V, Jamthikar AD, Gupta D, et al. Does the
Carotid Bulb Offer a Better 10-Year CVD/Stroke Risk
Assessment Compared to the Common Carotid Artery? A
1516 Ultrasound Scan Study. Angiology 2020;71:920-33.

138.Suri JS, Puvvula A, Majhail M, et al. Integration of
cardiovascular risk assessment with COVID-19 using
artificial intelligence. Rev Cardiovasc Med 2020;21:541-60.

139.Khanna NN, Jamthikar AD, Gupta D, et al. Effect
of carotid image-based phenotypes on cardiovascular
risk calculator: AECRS1.0. Med Biol Eng Comput
2019;57:1553-66.

140.Saba L, Molinari F, Meiburger KM, et al. Inter- and intra-
observer variability analysis of completely automated
cIMT measurement software (AtheroEdge™) and its
benchmarking against commercial ultrasound scanner and
expert Readers. Comput Biol Med 2013;43:1261-72.

141.Puckett LL, Saba SG, Henry S, et al. Cardiotoxicity
screening of long-term, breast cancer survivors—the
CAROLE (Cardiac-Related Oncologic Late Effects) Study.
Cancer Medicine 2021;10:5051-61.

142.Johri AM, Mantella LE, Jamthikar AD, et al.
Role of artificial intelligence in cardiovascular risk
prediction and outcomes: comparison of machine-
learning and conventional statistical approaches for
the analysis of carotid ultrasound features and intra-
plaque neovascularization. Int ] Cardiovasc Imaging
2021;37:3145-56.

143.Jamthikar A, Gupta D, Saba L, et al. Cardiovascular/stroke
risk predictive calculators: a comparison between statistical
and machine learning models. Cardiovasc Diagn Ther
2020;10:919-38.

144.Afonso D, Seabra J, Suri JS, et al. A CAD system for
atherosclerotic plaque assessment. Annu Int Conf IEEE
Eng Med Biol Soc 2012;2012:1008-11.

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

145.Acharya UR, Faust O, S VS, et al. Understanding
symptomatology of atherosclerotic plaque by image-
based tissue characterization. Comput Methods Programs
Biomed 2013;110:66-75.

146.Khanna NN, Jamthikar AD, Gupta D, et al. Performance
evaluation of 10-year ultrasound image-based stroke/
cardiovascular (CV) risk calculator by comparing against
ten conventional CV risk calculators: A diabetic study.
Comput Biol Med 2019;105:125-43.

147.Johri AM, Singh KV, Mantella LE, et al. Deep learning
artificial intelligence framework for multiclass coronary
artery disease prediction using combination of conventional
risk factors, carotid ultrasound, and intraplaque
neovascularization. Comput Biol Med 2022. [Epub ahead
of print]. doi: 10.1016/j.compbiomed.2022.106018.

148.Shin HC, Roth HR, Gao M, et al. Deep Convolutional
Neural Networks for Computer-Aided Detection: CNN
Architectures, Dataset Characteristics and Transfer
Learning. IEEE Trans Med Imaging 2016;35:1285-98.

149.Amin J, Sharif M, Raza M, et al. Brain tumor detection: a
long short-term memory (LSTM)-based learning model.
Neural Computing Applications 2020;32:15965-73.

150.Graves A, Liwicki M, Ferndndez S, et al. A novel
connectionist system for unconstrained handwriting
recognition. IEEE Trans Pattern Anal Mach Intell
2009;31:855-68.

151.Li X, Wu X, editors. Constructing long short-term
memory based deep recurrent neural networks for large
vocabulary speech recognition. 2015 ieee international
conference on acoustics, speech and signal processing
(icassp); 2015: IEEE.

152.Creswell A, White T, Dumoulin V, et al. Generative
adversarial networks: An overview. IEEE Signal Processing
Magazine 2018;35:53-65.

153.Anand A, Gurram NR. Automated Deep Learning-based
Single-Step Diameter Estimation of Carotid Arteries in
B-mode Ultrasound. Annu Int Conf IEEE Eng Med Biol
Soc 2022;2022:434-7.

154.Araki T, Kumar PK, Suri HS, et al. Two Automated
Techniques for Carotid Lumen Diameter Measurement:
Regional versus Boundary Approaches. ] Med Syst
2016;40:182.

155.Saba L, Araki T, Krishna Kumar P, et al. Carotid inter
adventitial diameter is more strongly related to plaque
score than lumen diameter: An automated tool for stroke
analysis. J Clin Ultrasound 2016;44:210-20.

156.Krishna Kumar P, Araki T, Rajan J, et al. Accurate

lumen diameter measurement in curved vessels in

© Cardiovascular Diagnosis and Therapy. All rights reserved.

593

carotid ultrasound: an iterative scale-space and spatial
transformation approach. Med Biol Eng Comput
2017;55:1415-34.

157.Saba L, Banchhor SK, Londhe ND, et al. Web-based
accurate measurements of carotid lumen diameter and
stenosis severity: An ultrasound-based clinical tool for
stroke risk assessment during multicenter clinical trials.
Comput Biol Med 2017;91:306-17.

158.Saba L, Banchhor SK, Araki T, et al. Intra- and inter-
operator reproducibility of automated cloud-based carotid
lumen diameter ultrasound measurement. Indian Heart J
2018;70:649-64.

159.Kigka VI, Sakellarios Al, Tsakanikas VD, et al. Detection
of Asymptomatic Carotid Artery Stenosis through
Machine Learning. Annu Int Conf IEEE Eng Med Biol
Soc 2022;2022:1041-4.

160.Xie M, LiY, Xue Y, et al., editors. Two-stage and dual-
decoder convolutional U-Net ensembles for reliable vessel
and plaque segmentation in carotid ultrasound images.
2020 19th IEEE International Conference on Machine
Learning and Applications {CMLA); 2020: IEEE.

161.Jain PK, Sharma N, Kalra MK, et al. Far wall plaque
segmentation and area measurement in common
and internal carotid artery ultrasound using U-series
architectures: An unseen Artificial Intelligence
paradigm for stroke risk assessment. Comput Biol Med
2022;149:106017.

162.Jain PK, Dubey A, Saba L, et al. Attention-Based UNet
Deep Learning Model for Plaque Segmentation in Carotid
Ultrasound for Stroke Risk Stratification: An Artificial
Intelligence Paradigm. J Cardiovasc Dev Dis 2022;9:326.

163.Suri JS, Bhagawati M, Agarwal S, et al. UNet Deep
Learning Architecture for Segmentation of Vascular
and Non-Vascular Images: A Microscopic look at UNet
Components buffered with Pruning, Explainable Artificial
Intelligence, and Bias. IEEE Access 2022:1.

164.Suri JS, Agarwal S, Chabert GL, et al. COVLIAS
1.0(Lesion) vs. MedSeg: An Artificial Intelligence
Framework for Automated Lesion Segmentation in
COVID-19 Lung Computed Tomography Scans.
Diagnostics (Basel) 2022;12:1283.

165.Suri JS, Agarwal S, Chabert GL, et al. COVLIAS 2.0-
cXAI: Cloud-Based Explainable Deep Learning System
for COVID-19 Lesion Localization in Computed
Tomography Scans. Diagnostics (Basel) 2022;12:1482.

166.Rim TH, Lee CJ, Tham YC, et al. Deep-learning-based
cardiovascular risk stratification using coronary artery

calcium scores predicted from retinal photographs. Lancet

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



594 Bhagawati et al. Deep learning-based cardiovascular risk stratification

Digit Health 2021;3:e306-16.

167.Suri JS, Kathuria C, Molinari F. Atherosclerosis disease
management. Springer Science & Business Media; 2010.

168.Acharya UR, Sree SV, Krishnan MM, et al. Atherosclerotic
risk stratification strategy for carotid arteries using texture-
based features. Ultrasound Med Biol 2012;38:899-915.

169.Porcu M, Anzidei M, Suri JS, et al. Carotid artery
imaging: the study of intra-plaque vascularization and
hemorrhage in the era of the “vulnerable” plaque. Journal
of Neuroradiology 2020;47:464-72.

170.Acharya UR, Mookiah MR, Vinitha Sree S, et al.
Atherosclerotic plaque tissue characterization in 2D
ultrasound longitudinal carotid scans for automated
classification: a paradigm for stroke risk assessment. Med
Biol Eng Comput 2013;51:513-23.

171.Liu K, Suri JS. Automatic vessel indentification for
angiographic screening. Google Patents; 2005.

172.Paraskevas KI, Mikhailidis DP, Baradaran H, et al. The
burden of carotid-related strokes. Ann Transl Med
2022;10:159.

173.Acharya UR, Faust O, Sree SV, et al. An accurate and
generalized approach to plaque characterization in
346 carotid ultrasound scans. IEEE Transactions on
Instrumentation Measurement 2011;61:1045-53.

174.Saba L, Sanfilippo R, Sannia S, et al. Association between
carotid artery plaque volume, composition, and ulceration:
a retrospective assessment with MDCT. AJR Am J
Roentgenol 2012;199:151-6.

175.Acharya UR, Sree SV, Muthu Rama Krishnan M, et
al. Automated classification of patients with coronary
artery disease using grayscale features from left ventricle
echocardiographic images. Comput Methods Programs
Biomed 2013;112:624-32.

176.Acharya R, Ng YE, Suri JS. Image modeling of the human
eye. Artech House; 2008.

177.Shrivastava VK, Londhe ND, Sonawane RS, et al.
Computer-aided diagnosis of psoriasis skin images with
HOS, texture and color features: A first comparative
study of its kind. Comput Methods Programs Biomed
2016;126:98-109.

178.Acharya UR, Sree SV, Kulshreshtha S, et al. GyneScan: an
improved online paradigm for screening of ovarian cancer
via tissue characterization. Technol Cancer Res Treat
2014;13:529-39.

179.Pareck G, Acharya UR, Sree SV, et al. Prostate tissue
characterization/classification in 144 patient population
using wavelet and higher order spectra features from

transrectal ultrasound images. Technol Cancer Res Treat

© Cardiovascular Diagnosis and Therapy. All rights reserved.

2013;12:545-57.

180.Maniruzzaman M, Rahman M]J, Al-MehediHasan M, et
al. Accurate Diabetes Risk Stratification Using Machine
Learning: Role of Missing Value and Outliers. ] Med Syst
2018;42:92.

181.Maniruzzaman M, Jahanur Rahman M, Ahammed B, et
al. Statistical characterization and classification of colon
microarray gene expression data using multiple machine
learning paradigms. Comput Methods Programs Biomed
2019;176:173-93.

182.Paraskevas KI, Mikhailidis DP, Antignani PL, et al.
Optimal Management of Asymptomatic Carotid
Stenosis in 2021: The Jury is Still Out. An International,
Multispecialty, Expert Review and Position Statement. J
Stroke Cerebrovasc Dis 2022;31:106182.

183.Saba L, Chen H, Cau R, et al. Impact Analysis of Different
CT Configurations of Carotid Artery Plaque Calcifications
on Cerebrovascular Events. AJNR Am J Neuroradiol
2022;43:272-9.

184.Agarwal M, Saba L, Gupta SK, et al. Wilson disease tissue
classification and characterization using seven artificial
intelligence models embedded with 3D optimization
paradigm on a weak training brain magnetic resonance
imaging datasets: a supercomputer application. Med Biol
Eng Comput 2021;59:511-33.

185.Acharya UR, Sree SV, Mookiah MR, et al. Computed
tomography carotid wall plaque characterization
using a combination of discrete wavelet transform and
texture features: A pilot study. Proc Inst Mech Eng H
2013;227:643-54.

186.Acharya UR, Sree SV, Molinari F, et al. An automated
technique for carotid far wall classification using grayscale
features and wall thickness variability. ] Clin Ultrasound
2015;43:302-11.

187.1keda N, Saba L, Molinari F, et al. Automated carotid
intima-media thickness and its link for prediction of
SYNTAX score in Japanese coronary artery disease
patients. Int Angiol 2013;32:339-48.

188.Ikeda N, Gupta A, Dey N, et al. Improved correlation
between carotid and coronary atherosclerosis SYNTAX
score using automated ultrasound carotid bulb plaque IMT
measurement. Ultrasound Med Biol 2015;41:1247-62.

189.Saba L, Sanagala SS, Gupta SK, et al. Ultrasound-based
internal carotid artery plaque characterization using deep
learning paradigm on a supercomputer: a cardiovascular
disease/stroke risk assessment system. Int J Cardiovasc
Imaging 2021;37:1511-28.

190.Acharya UR, Faust O, Sree SV, et al., editors.

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

Atheromatic™: Symptomatic vs. asymptomatic
classification of carotid ultrasound plaque using a
combination of HOS, DWT & texture. 2011 Annual
International Conference of the IEEE Engineering in
Medicine and Biology Society; 2011: IEEE.

191.Acharya UR, S VS, Molinari F, et al. Carotid ultrasound
symptomatology using atherosclerotic plaque
characterization: a class of Atheromatic systems. Annu Int
Conf IEEE Eng Med Biol Soc 2012;2012:3199-202.

192.Skandha SS, Gupta SK, Saba L, et al. 3-D optimized
classification and characterization artificial intelligence
paradigm for cardiovascular/stroke risk stratification using
carotid ultrasound-based delineated plaque: Atheromatic™
2.0. Comput Biol Med 2020;125:103958.

193.Sanagala SS, Nicolaides A, Gupta SK, et al. Ten Fast
Transfer Learning Models for Carotid Ultrasound Plaque
Tissue Characterization in Augmentation Framework
Embedded with Heatmaps for Stroke Risk Stratification.
Diagnostics (Basel) 2021;11:2109.

194.Skandha SS, Nicolaides A, Gupta SK, et al. A hybrid
deep learning paradigm for carotid plaque tissue
characterization and its validation in multicenter cohorts
using a supercomputer framework. Comput Biol Med
2022;141:105131.

195.WHO. World Health Organization (WHO) Coronavirus
(COVID-19) Dashboard (2022). World Health
Organization. Available online: https://covid19.who.int/

196.Congiu T, Fanni D, Piras M, et al. Ultrastructural
findings of lung injury due to Vaccine-induced Immune
Thrombotic Thrombo- cytopenia (VITT) following
COVID-19 vaccination: a scanning electron microscopic
study. Eur Rev Med Pharmacol Sci 2022;26:270-7.

197.Gerosa C, Faa G, Fanni D, et al. Fetal programming
of COVID-19: May the barker hypothesis explain the
susceptibility of a subset of young adults to develop severe
disease. Eur Rev Med Pharmacol Sci 2021;25:5876-84.

198.Fanni D, Saba L, Demontis R, et al. Vaccine-induced
severe thrombotic thrombocytopenia following
COVID-19 vaccination: a report of an autoptic case and
review of the literature. Eur Rev Med Pharmacol Sci
2021;25:5063-9.

199.Saba L, Gerosa C, Fanni D, et al. Molecular pathways
triggered by COVID-19 in different organs: ACE2
receptor-expressing cells under attack? A review. Eur Rev
Med Pharmacol Sci 2020;24:12609-22.

200.Munjral S, Ahluwalia P, Jamthikar AD, et al. Nutrition,
atherosclerosis, arterial imaging, cardiovascular risk
stratification, and manifestations in COVID-19

© Cardiovascular Diagnosis and Therapy. All rights reserved.

595

framework: a narrative review. Front Biosci (Landmark
Ed) 2021;26:1312-39.

201.Fanni D, Cerrone G, Saba L, et al. Thrombotic
sinusoiditis and local diffuse intrasinusoidal coagulation in
the liver of subjects affected by COVID-19: the evidence
from histology and scanning electron microscopy. Eur Rev
Med Pharmacol Sci 2021;25:5904-12.

202.Cau R, Pacielli A, Fatemeh H, et al. Complications
in COVID-19 patients: Characteristics of pulmonary
embolism. Clin Imaging 2021;77:244-9.

203.Viswanathan V, Puvvula A, Jamthikar AD, et al.
Bidirectional link between diabetes mellitus and
coronavirus disease 2019 leading to cardiovascular disease:
A narrative review. World J Diabetes 2021;12:215-37.

204.Suri JS, Agarwal S, Gupta SK, et al. A narrative review on
characterization of acute respiratory distress syndrome
in COVID-19-infected lungs using artificial intelligence.
Comput Biol Med 2021;130:104210.

205.Cau R, Bassareo PP, Mannelli L, et al. Imaging in
COVID-19-related myocardial injury. Int ] Cardiovasc
Imaging 2021;37:1349-60.

206.Munjral S, Maindarkar M, Ahluwalia P, et al.
Cardiovascular Risk Stratification in Diabetic Retinopathy
via Atherosclerotic Pathway in COVID-19/Non-
COVID-19 Frameworks Using Artificial Intelligence
Paradigm: A Narrative Review. Diagnostics (Basel)
2022;12:1234.

207.0Onnis C, Muscogiuri G, Paolo Bassareo P, et al. Non-
invasive coronary imaging in patients with COVID-19: A
narrative review. Eur ] Radiol 2022;149:110188.

208.Faa G, Gerosa C, Fanni D, et al. Aortic vulnerability to
COVID-19: is the microvasculature of vasa vasorum a key
factor? A case report and a review of the literature. Eur
Rev Med Pharmacol Sci 2021;25:6439-42.

209.Fanni D, Gerosa C, Nurchi VM, et al. Trace elements and
the carotid plaque: the GOOD (Mg, Zn, Se), the UGLY
(Fe, Cu), and the BAD (P, Ca)? Eur Rev Med Pharmacol
Sci 2021;25:3772-90.

210.Cau R, Falaschi Z, Pasché A, et al. CT findings of
COVID-19 pneumonia in ICU-patients. Journal of Public
Health Research 2021;10:2270.

211.Saba L, Agarwal M, Patrick A, et al. Six artificial
intelligence paradigms for tissue characterisation and
classification of non-COVID-19 pneumonia against
COVID-19 pneumonia in computed tomography lungs.
Int ] Comput Assist Radiol Surg 2021;16:423-34.

212.Agarwal M, Saba L, Gupta SK, et al. A Novel Block
Imaging Technique Using Nine Artificial Intelligence

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



596 Bhagawati et al. Deep learning-based cardiovascular risk stratification

Models for COVID-19 Disease Classification,
Characterization and Severity Measurement in Lung
Computed Tomography Scans on an Italian Cohort. ] Med
Syst 2021;45:28.

213.Congiu T, Demontis R, Cau E, et al. Scanning electron
microscopy of lung disease due to COVID-19 - a case
report and a review of the literature. Eur Rev Med
Pharmacol Sci 2021;25:7997-8003.

214.Suri JS, Agarwal S, Carriero A, et al. COVLIAS 1.0 vs.
MedSeg: Artificial Intelligence-Based Comparative Study
for Automated COVID-19 Computed Tomography Lung
Segmentation in Italian and Croatian Cohorts. Diagnostics
(Basel) 2021;11:2367.

215.Suri JS, Agarwal S, Elavarthi P, et al. Inter-Variability
Study of COVLIAS 1.0: Hybrid Deep Learning Models
for COVID-19 Lung Segmentation in Computed
Tomography. Diagnostics (Basel) 2021;11:2025.

216.Suri JS, Agarwal S, Pathak R, et al. COVLIAS 1.0: Lung
Segmentation in COVID-19 Computed Tomography
Scans Using Hybrid Deep Learning Artificial Intelligence
Models. Diagnostics (Basel) 2021;11:1405.

217.Suri JS, Agarwal S, Gupta S, et al. Systematic Review
of Artificial Intelligence in Acute Respiratory Distress
Syndrome for COVID-19 Lung Patients: A Biomedical
Imaging Perspective. IEEE J Biomed Health Inform
2021;25:4128-39.

218.Suri JS, Puvvula A, Biswas M, et al. COVID-19 pathways
for brain and heart injury in comorbidity patients: A
role of medical imaging and artificial intelligence-based
COVID severity classification: A review. Comput Biol
Med 2020;124:103960.

219.Khanna NN, Maindarkar M, Puvvula A, et al. Vascular
Implications of COVID-19: Role of Radiological Imaging,
Artificial Intelligence, and Tissue Characterization: A
Special Report. J Cardiovasc Dev Dis 2022;9:268.

220.Murat F, Yildirim O, Talo M, et al. Application of deep
learning techniques for heartbeats detection using
ECG signals-analysis and review. Comput Biol Med
2020;120:103726.

221.Murat F, Sadak F, Yildirim O, et al. Review of Deep
Learning-Based Atrial Fibrillation Detection Studies. Int J
Environ Res Public Health 2021;18:11302.

222.Radhakrishnan T, Karhade J, Ghosh SK, et al. AFCNNet:
Automated detection of AF using chirplet transform
and deep convolutional bidirectional long short term
memory network with ECG signals. Comput Biol Med
2021;137:104783.

223.Yildirim O, Talo M, Ciaccio EJ, et al. Accurate deep neural

© Cardiovascular Diagnosis and Therapy. All rights reserved.

network model to detect cardiac arrhythmia on more than
10,000 individual subject ECG records. Comput Methods
Programs Biomed 2020;197:105740.

224.Acharya UR, Oh SL, Hagiwara Y, et al. A deep
convolutional neural network model to classify heartbeats.
Comput Biol Med 2017;89:389-96.

225.Lih OS, Jahmunah V, San TR, et al. Comprehensive
electrocardiographic diagnosis based on deep learning.
Ardif Intell Med 2020;103:101789.

226.Faust O, Shenfield A, Kareem M, et al. Automated
detection of atrial fibrillation using long short-term
memory network with RR interval signals. Comput Biol
Med 2018;102:327-35.

227.Tan JH, Hagiwara Y, Pang W, et al. Application of stacked
convolutional and long short-term memory network for
accurate identification of CAD ECG signals. Comput Biol
Med 2018;94:19-26.

228.0h SL, Ng EYK, Tan RS, et al. Automated beat-wise
arrhythmia diagnosis using modified U-net on extended
electrocardiographic recordings with heterogeneous
arrhythmia types. Comput Biol Med 2019;105:92-101.

229.Yildirim O, Baloglu UB, Tan RS, et al. A new approach
for arrhythmia classification using deep coded features and
LSTM networks. Comput Methods Programs Biomed
2019;176:121-33.

230.Prifti E, Fall A, Davogustto G, et al. Deep learning
analysis of electrocardiogram for risk prediction of drug-
induced arrhythmias and diagnosis of long QT syndrome.
Eur Heart ] 2021;42:3948-61.

231.Khurshid S, Friedman S, Reeder C, et al. ECG-Based
Deep Learning and Clinical Risk Factors to Predict Atrial
Fibrillation. Circulation 2022;145:122-33.

232.Tzou HA, Lin SE, Chen PS. Paroxysmal atrial fibrillation
prediction based on morphological variant P-wave analysis
with wideband ECG and deep learning. Comput Methods
Programs Biomed 2021;211:106396.

233.Paragliola G, Coronato A. An hybrid ECG-based deep
network for the early identification of high-risk to major
cardiovascular events for hypertension patients. ] Biomed
Inform 2021;113:103648.

234.0h SL, Ng EYK, Tan RS, et al. Automated diagnosis
of arrhythmia using combination of CNN and LSTM
techniques with variable length heart beats. Comput Biol
Med 2018;102:278-87.

235.Wang W, Wang H, Chen Q, et al. Coronary artery calcium
score quantification using a deep-learning algorithm. Clin
Radiol 2020;75:237.e11-6.

236.Jahmunah V, Ng EYK, San TR, et al. Automated detection

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



Cardiovascular Diagnosis and Therapy, Vol 13, No 3 April 2023

of coronary artery disease, myocardial infarction and
congestive heart failure using GaborCNN model with
ECG signals. Comput Biol Med 2021;134:104457.

237.Jahmunah V, Oh SL, Wei JKE, et al. Computer-aided
diagnosis of congestive heart failure using ECG signals - A
review. Phys Med 2019;62:95-104.

238.Akbilgic O, Butler L, Karabayir I, et al. ECG-AL
electrocardiographic artificial intelligence model for
prediction of heart failure. Eur Heart J Digit Health
2021;2:626-34.

239.Hsieh CH, Li YS, Hwang B], et al. Detection of Atrial
Fibrillation Using 1D Convolutional Neural Network.
Sensors (Basel) 2020;20:2136.

240.Choi J, Lee S, Chang M, et al. Deep learning of ECG
waveforms for diagnosis of heart failure with a reduced left
ventricular ejection fraction. Sci Rep 2022;12:14235.

241.Liu ], Jin Y, Liu Y, et al. A novel P-QRS-T wave
localization method in ECG signals based on hybrid neural
networks. Comput Biol Med 2022. [Epub ahead of print].
doi: 10.1016/j.compbiomed.2022.106110.

242.Garcia-Isla G, Muscato FM, Sansonetti A, et al. Ensemble
classification combining ResNet and handcrafted features
with three-steps training. Physiol Meas 2022.

243.Diamant N, Di Achille P, Weng LC, et al. Deep learning
on resting electrocardiogram to identify impaired heart
rate recovery. Cardiovasc Digit Health J 2022;3:161-70.

244.Vaughan J, Sudjianto A, Brahimi E, et al. Explainable
neural networks based on additive index models. arXiv
preprint arXiv:01933 2018.

245 .Biecek P. DALEX: explainers for complex predictive
models in R. The Journal of Machine Learning Research
2018;19:3245-9.

246.Wachter S, Mittelstadt B, Russell C, et al. Counterfactual
explanations without opening the black box: Automated
decisions and the GDPR. Harv J1. 2017;31:841.

247.Bach S, Binder A, Montavon G, et al. On Pixel-Wise
Explanations for Non-Linear Classifier Decisions
by Layer-Wise Relevance Propagation. PLoS One
2015;10:¢0130140.

248.Mothilal RK, Sharma A, Tan C, editors. Explaining
machine learning classifiers through diverse counterfactual
explanations. Proceedings of the 2020 conference on
fairness, accountability, and transparency; 2020.

249.Apley DW, Zhu J. Visualizing the effects of predictor
variables in black box supervised learning models. Journal
of the Royal Statistical Society: Series B 2020;82:1059-86.

250.Goldstein A, Kapelner A, Bleich J, et al. Peeking inside

the black box: Visualizing statistical learning with

© Cardiovascular Diagnosis and Therapy. All rights reserved.

597

plots of individual conditional expectation. Journal of
Computational Graphical Statistics 2015;24:44-65.

251.Gunning D, Aha DW. DARPA’ explainable artificial
intelligence program. AI Mag 2019;40:44.

252.Ribeiro MT, Singh S, Guestrin C, editors. “ Why should
i trust you?” Explaining the predictions of any classifier.
Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining;
2016.

253.Lundberg SM, Lee S-I. A unified approach to interpreting
model predictions. Advances in Neural Information
Processing Systems 2017;30.

254.Yang G, Ye Q, Xia J. Unbox the black-box for the medical
explainable Al via multi-modal and multi-centre data
fusion: A mini-review, two showcases and beyond. Inf
Fusion 2022;77:29-52.

255.Weller A. Transparency: motivations and challenges.
Explainable Al: interpreting, explaining and visualizing
deep learning. Springer; 2019. p. 23-40.

256.Doshi-Velez F, Kim B. Towards a rigorous science
of interpretable machine learning. arXiv preprint
arXiv:08608 2017.

257.Gilpin LH, Bau D, Yuan BZ, et al., editors. Explaining
explanations: An overview of interpretability of machine
learning. 2018 IEEE 5th International Conference on data
science and advanced analytics (DSAA); 2018: IEEE.

258.Rudin C. Stop Explaining Black Box Machine Learning
Models for High Stakes Decisions and Use Interpretable
Models Instead. Nat Mach Intell 2019;1:206-15.

259.Molnar C, Casalicchio G, Bischl B, editors. Quantifying
model complexity via functional decomposition for better
post-hoc interpretability. Joint European Conference
on Machine Learning and Knowledge Discovery in
Databases; 2019: Springer.

260.Lipton ZC. The mythos of model interpretability: In
machine learning, the concept of interpretability is both
important and slippery. Queue 2018;16:31-57.

261.Murdoch WJ, Singh C, Kumbier K, et al. Interpretable
machine learning: definitions, methods, and applications.
arXiv preprint arXiv:04592 2019.

262.Bastani O, Kim C, Bastani H. Interpreting blackbox models
via model extraction. arXiv preprint arXiv:08504 2017.

263.Hall P, Gill N, Schmidt N. Proposed guidelines for the
responsible use of explainable machine learning. arXiv
preprint arXiv:03533 2019.

264.Agarwal M, Agarwal S, Saba L, et al. Eight pruning
deep learning models for low storage and high-speed
COVID-19 computed tomography lung segmentation and

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



598 Bhagawati et al. Deep learning-based cardiovascular risk stratification

heatmap-based lesion localization: A multicenter study
using COVLIAS 2.0. Comput Biol Med 2022;146:105571.

265.Acharya UR, Mookiah MR, Vinitha Sree S, et al.
Evolutionary algorithm-based classifier parameter tuning
for automatic ovarian cancer tissue characterization and
classification. Ultraschall Med 2014;35:237-45.

266.Zhuang Z, Tan M, Zhuang B, et al. Discrimination-aware
channel pruning for deep neural networks. Advances in
Neural Information Processing Systems 2018;31:883-94.

267.Jang Y, Lee S, Kim J. Compressing convolutional neural
networks by pruning density peak filters. IEEE Access
2021;9:8278-85.

268.Hajabdollahi M, Esfandiarpoor R, Najarian K, et al.
Hierarchical Pruning for Simplification of Convolutional
Neural Networks in Diabetic Retinopathy Classification.
Annu Int Conf IEEE Eng Med Biol Soc 2019;2019:970-3.

269.Tung F, Mori G. Deep Neural Network Compression by
In-Parallel Pruning-Quantization. IEEE Trans Pattern
Anal Mach Intell 2020;42:568-79.

270.Jeczmionek E, Kowalski PA. Flattening Layer Pruning in
Convolutional Neural Networks. Symmetry 2021;13:1147.

271.Wang J, Li S, Wang W, editors. Svd-based channel
pruning for convolutional neural network in acoustic scene
classification model. 2019 IEEE International Conference
on Multimedia & Expo Workshops ICMEW); 2019: IEEE.

272.Chen L, Gong S, Shi X, et al. Dynamical Conventional
Neural Network Channel Pruning by Genetic Wavelet
Channel Search for Image Classification. Front Comput
Neurosci 2021;15:760554.

273.Tan S, Wu W, Shao Z, et al. CALPA-NET: channel-
pruning-assisted deep residual network for steganalysis
of digital images. IEEE Transactions on Information
Forensics Security 2020;16:131-46.

274.Samala RK, Chan HP, Hadjiiski LM, et al. Evolutionary
pruning of transfer learned deep convolutional neural
network for breast cancer diagnosis in digital breast
tomosynthesis. Phys Med Biol 2018;63:095005.

275.He Y, Zhang X, Sun J, editors. Channel pruning for
accelerating very deep neural networks. Proceedings of the
IEEE international conference on computer vision; 2017.

276.Xu X, Park MS, Brick C. Hybrid pruning: Thinner sparse
networks for fast inference on edge devices. arXiv preprint
arXiv:00482 2018.

277.Wen D, Jiang J, Xu J, et al., editors. RFC-HyPGCN:
A Runtime Sparse Feature Compress Accelerator for
Skeleton-Based GCNs Action Recognition Model

© Cardiovascular Diagnosis and Therapy. All rights reserved.

with Hybrid Pruning. 2021 IEEE 32nd International
Conference on Application-specific Systems, Architectures
and Processors (ASAP); 2021: IEEE.

278.Guo C, Li P, editors. Hybrid Pruning Method Based on
Convolutional Neural Network Sensitivity and Statistical
Threshold. Journal of Physics: Conference Series; 2022:
IOP Publishing.

279.Chowdhury A, Santamaria-Pang A, Kubricht JR, et al.
Symbolic Semantic Segmentation and Interpretation of
COVID-19 Lung Infections in Chest CT volumes based
on Emergent Languages. arXiv preprint arXiv:09866 2020.

280.Hu H, Peng R, Tai Y-W, et al. Network trimming: A data-
driven neuron pruning approach towards efficient deep
architectures. arXiv preprint arXiv:03250 2016.

281.Mary Shanthi Rani M, Chitra P, Lakshmanan S,
et al. DeepCompNet: A Novel Neural Net Model
Compression Architecture. Comput Intell Neurosci
2022;2022:2213273.

282.Tian G, Chen J, Zeng X, et al. Pruning by training:
a novel deep neural network compression framework
for image processing. IEEE Signal Processing Letters
2021;28:344-8.

283.Wu T, Li X, Zhou D, et al. Differential Evolution Based
Layer-Wise Weight Pruning for Compressing Deep
Neural Networks. Sensors (Basel) 2021;21:880.

284.Watanabe S, Yamana H, editors. Deep neural network
pruning using persistent homology. 2020 IEEE Third
International Conference on Artificial Intelligence and
Knowledge Engineering (AIKE); 2020: IEEE.

285.Paul S, Maindarkar M, Saxena S, et al. Bias Investigation
in Artificial Intelligence Systems for Early Detection of
Parkinson’s Disease: A Narrative Review. Diagnostics
2022;12:166.

286.Wang H, Zu Q, Chen ], et al. Application of Artificial
Intelligence in Acute Coronary Syndrome: A Brief
Literature Review. Adv Ther 2021;38:5078-86.

Cite this article as: Bhagawati M, Paul S, Agarwal S,
Protogeron A, Sfikakis PP, Kitas GD, Khanna NN, Ruzsa Z,
Sharma AM, Tomazu O, Turk M, Faa G, Tsoulfas G, Laird JR,
Rathore V, Johri AM, Viskovic K, Kalra M, Balestrieri A,
Nicolaides A, Singh IM, Chaturvedi S, Paraskevas KI,
Fouda MM, Saba L, Suri JS. Cardiovascular disease/stroke risk
stratification in deep learning framework: a review. Cardiovasc

Diagn Ther 2023;13(3):557-598. doi: 10.21037/cdt-22-438

Cardiovasc Diagn Ther 2023;13(3):557-598 | https://dx.doi.org/10.21037/cdt-22-438



