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A B S T R A C T

Coronary artery disease (CAD) is the most common cardiovascular disease (CVD) and often leads to a heart
attack. It annually causes millions of deaths and billions of dollars in financial losses worldwide. Angiography,
which is invasive and risky, is the standard procedure for diagnosing CAD. Alternatively, machine learning (ML)
techniques have been widely used in the literature as fast, affordable, and noninvasive approaches for CAD
detection. The results that have been published on ML-based CAD diagnosis differ substantially in terms of the
analyzed datasets, sample sizes, features, location of data collection, performance metrics, and applied ML
techniques. Due to these fundamental differences, achievements in the literature cannot be generalized. This
paper conducts a comprehensive and multifaceted review of all relevant studies that were published between
1992 and 2019 for ML-based CAD diagnosis. The impacts of various factors, such as dataset characteristics
(geographical location, sample size, features, and the stenosis of each coronary artery) and applied ML tech-
niques (feature selection, performance metrics, and method) are investigated in detail. Finally, the important
challenges and shortcomings of ML-based CAD diagnosis are discussed.

1. Introduction

In the past few decades, artificial intelligence (AI) has been widely
used for various tasks [1], such as driving cars [2], various computer
games [3,4], and healthcare [5–8]. In AI, these tasks are commonly
done by machine learning (ML) algorithms. AI includes a variety of ML
algorithms. ML techniques can be classified into categories; additional
information about this matter is provided in the supplementary in-
formation (see the “Main types of ML/DM techniques” part of the
Supplementary Information) [9–18]. There are many ML methods in-
cluding support vector machines (SVMs) [19], artificial neural net-
works (ANNs) [20], decision trees (DTs) [21], Naïve Bayes [22], k-
nearest neighbors (KNN) [23], and K-means [24]. Each of these tech-
niques have their strengths and weaknesses, which are listed in

Supplementary Table S1. These methods have been widely investigated
in broad areas such as medical applications (e.g., liver disease [25,26],
electrocardiogram (ECG) signals of the human heart [27,28], Parkin-
son's disease [29,30], and skin disease [31–33]) for purposes such as
screening, risk stratification, prediction, and assisted decision-making
[34–37]. The number of research differ due to the mortality rates
among various diseases. In other words, more important diseases have
attracted more research and attention.

The World Health Organization (WHO) has listed cardiovascular
diseases (CVDs) as the leading cause of death around the globe [38]
(see Fig. 1b). As the most common type of CVD, coronary artery disease
(CAD) occurs when there is an obstruction (of more than 50%) in at
least one of the coronary arteries [39]. There are three major arteries of
the heart: (i) left anterior descending artery (LAD), (ii) left circumflex
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artery (LCX) and (iii) right coronary artery (RCA) (see Fig. 1a). CAD
mortality rates differ among the regions of the world, as shown in
Fig. 1c. These rates are much higher in Asia, Russia, and the Middle East
compared to the rest of the world [39]. Hence, providing precise di-
agnostic and preventive methods can have a momentous impact on
reducing mortality due to CAD.

Early detection of CAD is critical to avoid further increase in the
risk. Coronary angiography is required to conclusively diagnose CAD
[39]. However, it is invasive and may lead to various complications,
such as artery dissection, arrhythmia and even death. Moreover, image-
based detection techniques are costly and not applicable for screening
large populations, especially in developing countries. Due to these
shortcomings and the life-threatening nature of angiography, re-
searchers have been continuously looking for noninvasive, economical,
fast, and reliable techniques for early detection of CAD. ML algorithms
are some of the techniques used for this purpose.

2. ML for CAD diagnosis

ML-based techniques have been successfully applied on various
types of CAD datasets [42–48]. These algorithms have demonstrated
promising performance in the detection and treatment of CAD. This
study comprehensively reviews how, when, and where ML techniques
have been applied for CAD detection. By examining the works that have
been published since 1992, this study aims at addressing the following:
(a) various ML techniques that have been applied and their pros and

cons, (b) the dataset characteristics (features and size) and how they
impact the overall performance, and (c) performance achieved by each
ML method for each dataset. The findings obtained in this study may
assist researchers, physicians, governments and patients to take neces-
sary steps to improve the quality of life. Both researchers and physicians
are seeking economical, accurate and fast CAD diagnosis/treatment
solutions. This review paper will identify the best results and weak-
nesses of previous studies so that they can better deal with various
challenges in their future works. In other words, this study identifies
several strengths and weaknesses of previous data and methods. Ad-
ditionally, current research benefits governments and patients. The
accuracy, cost and speed of diagnosis/treatment of CAD are important
issues for both of these groups. Thus, providing the best results and
methods can be helpful for these individuals. We attempt to find answer
to: (i) the best performing ML method, and (ii) find the best type of CAD
data which will yield highest classification results. By knowing the
answers to these questions, researchers, physicians, governments and
patients can make decisions about using suitable ML methods.

2.1. Article selection strategy

We queried all datasets that are supported by Google scholar, in-
cluding IEEE, Science Direct, Springer, DBLP Computer Science, ACM
Digital Library, Hindawi, and PubMed. The search query was composed
of the following terms:

(LAD OR LCX OR RCA OR CAD OR “coronary artery disease”) AND

Fig. 1. Importance of investigating CAD. a) The three main arteries of heart are shown in this figure. They are LAD, LCX, and RCA. The left main coronary artery
arises from the aorta. It typically runs for 10–25mm and subsequently divides into two branches: LAD and LCX. If the stenosis in at least one of these arteries exceeds
50%, CAD occurs [39]. Since the left main artery is larger than LAD and LCX, the probability of its stenosis is much lower compared to LAD and LCX [39]. b) The top
cause of death in the world is coronary artery disease [40]. Its mortality exceeds the second highest cause of death (stroke) by a factor of about two, and the
corresponding number of deaths is nearly equal to the sum of the deaths due to the six lower causes in this diagram [39]. c) This map shows the number of CAD
deaths per 100,000 in various countries, as reported by the WHO [41]. The highest death rates occur in the independent states of the former Soviet Union, the Middle
East, and North Africa [39].
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(disease OR failure OR diagnosis OR prognosis OR treatment) AND
(“machine learning” OR “data mining” OR “machine intelligent” OR
classification OR clustering).

Returned articles were investigated by nine authors of this survey.
Information about a research paper was added to the database if at least
five coauthors considered it relevant to the scope of this review paper.
In this way, 149 research articles related to ML-based CAD detection

were identified. The full list of these papers can be found in Table 1.
Fig. 2 provides detailed information about these publications.

The research on ML-based CAD detection commenced in 1992
(P076). There were not many papers until 2008, when there was a
sharp jump in the number of papers. The growth in the number of
papers continued until peaking in 2012 with 20 papers. The attention to
this field was stable over the next years, followed by another peak in

Table 1
List of the selected studies.

Paper IDa Referenceb Paper ID Reference Paper ID Reference Paper ID Reference Paper ID Reference

P001 [49] P003 [50] P004 [51] P005 [52] P007 [53]
P008 [54] P009 [55] P010 [56] P011 [57] P012 [58]
P013 [59] P015 [60] P017 [61] P018 [62] P019 [63]
P021 [64] P022 [65] P023 [66] P024 [67] P026 [68]
P027 [69] P028 [70] P029 [71] P030 [72] P031 [73]
P032 [74] P033 [75] P034 [76] P035 [77] P037 [78]
P039 [79] P040 [80] P041 [81] P042 [82] P043 [83]
P044 [84] P045 [85] P046 [86] P047 [87] P050 [88]
P052 [89] P054 [90] P055 [91] P056 [92] P058 [93]
P059 [94] P060 [95] P061 [42] P062 [45] P065 [96]
P066 [97] P067 [47] P069 [98] P070 [99] P072 [100]
P073 [101] P076 [102] P080 [103] P082 [104] P083 [105]
P084 [106] P085 [107] P086 [108] P087 [109] P089 [110]
P091 [111] P092 [48] P095 [112] P097 [113] P098 [114]
P099 [115] P100 [116] P101 [117] P102 [118] P104 [119]
P106 [120] P107 [121] P110 [122] P111 [123] P112 [124]
P113 [125] P114 [126] P115 [46] P116 [127] P117 [128]
P118 [129] P119 [130] P120 [131] P121 [132] P122 [133]
P126 [134] P127 [135] P128 [136] P129 [137] P130 [138]
P131 [139] P134 [140] P135 [141] P136 [142] P137 [143]
P138 [144] P139 [145] P140 [146] P142 [147] P144 [148]
P146 [149] P148 [150] P149 [151] P151 [152] P152 [153]
P153 [46] P154 [154] P156 [155] P158 [156] P160 [157]
P161 [158] P163 [159] P164 [160] P165 [161] P166 [162]
P167 [163] P168 [164] P169 [165] P170 [166] P171 [167]
P174 [110] P175 [168] P230 [169] P231 [170] P232 [171]
P233 [172] P234 [173] P235 [174]

a “Paper ID” is an identification number that is used in this research.
b “Reference” refers to the reference number of the corresponding paper ID. In this research, as we wanted to refer to other research in figures, instead of using the

reference number, we used the paper ID because we want to avoid changing figures when the reference number changes.

Fig. 2. Number of research papers published between 1992 and 2019. From 1992 to 2004, only one paper was published per year. The subject has attracted more
attention since 2008 and reached a peak of 20 papers in 2012. However, the number of articles decreased between 2012 and 2013 and fluctuated between 2013 and
2016. In 2017, interest increased again and researchers published 24 papers. The turning points in CAD diagnosis occurred in 2012 and 2017.
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2017. Further information about the most important papers in this field
can be found in Supplementary Fig. S1 (see also the “Most cited papers”
part of the Supplementary Information).

2.2. ML-based CAD diagnosis

ML-based CAD detection is a pure machine learning problem. While
the model simplicity, interpretability, and computational burden are
important factors, the doctors and practitioners are mainly concerned
about the reliability and overall performance of the model in the de-
tection of CAD. Several metrics, including accuracy, sensitivity, speci-
ficity, and f-score, have been reported in the relevant literature for
model evaluation. Regardless of which metric is considered, the overall
performance of the model depends on two key factors: (i) dataset, and
(ii) ML pipeline. For the dataset, the analysis can be based on the source
of the data (country), the sample size, and number of features. The
pipeline can be investigated based on the ML and feature selection
methods. The rest of Section 2 investigates these factors and conducts a
multifaceted analysis of what ML-based CAD diagnosis has offered thus
far.

2.3. Datasets

A total of 67 datasets are considered, which were collected in 18
countries/regions of 3 continents. We have listed only the datasets
which were used in different articles to diagnose CAD using machine
learning and data mining algorithms. These datasets differ significantly
in terms of the numbers of samples and features. Fig. 3a displays a
scatter plot of the numbers of features and samples; it is color-coded
according to the data collection location. A scatter plot of the median
values is shown in Fig. 3b. Marginal boxplots have been added to these
two charts to represent data quartiles. The smallest dataset was col-
lected in India and consists of only 20 samples and 9 features. The
median sample size for all datasets is approximately 350. The largest
dataset was also collected in India, which consists of more than 24,000
samples and 11 features. Hence, CAD detection datasets are small in
size [175]. The limited number of samples in most datasets (data
sparsity issue) could negatively impact the model performance. Fur-
thermore, it renders the obtained results less generalizable as the
samples used for model development may not cover all possible com-
binations of features.

The investigated articles have used various feature categories to
detect CAD. For example, dataset IDs 38, 41, and 64 (Supplementary
Table S2) only includes ECG features. Others, such as the UCI datasets,
contain combinations of demographic, laboratory, symptom and ex-
amination, and echo features. Informative and important features for
CAD detection can be shortlisted according to the accuracies reported
for various datasets and ML methods. The most commonly used cate-
gories are demographic, symptom and examination, laboratory, ECG,
fluoroscopy, and echo. It is much easier to collect data that belong to
these categories as compared to angiography. Among these categories,
collecting echo and fluoroscopy data is more difficult and requires
special equipment.

Some datasets have many common features, and some have fewer
features in common. Various demographic features, such as age and
sex, were widely used in the datasets. However, various other features,
such as genetic features, were only used in a single dataset. All collected
datasets are listed in Supplementary Table S2.

The most commonly used datasets were uploaded to the UCI ma-
chine learning repository (datasets No. 1–7 in Supplementary Table S2).
Among these, the Cleveland dataset, which was collected in the USA
and consists of 303 samples, has been used more frequently than other
datasets. The main problem of the first five datasets are having few
features, old date of collection, and missing values. The two latest da-
tasets, namely, (UCI) Z-Alizadeh Sani and Extension of Z-Alizadeh Sani,
do not suffer from these problems. One limitation of most CAD datasets
is that the data indicate only whether the patients have CAD or not.
Only a few of them contain additional useful information, such as the
stenosis severities of the LAD, LCX and RCA arteries. Therefore, few
articles could detect arterial stenosis. The main difference between
datasets 6 and 7 is this additional information. Extension of Z-Alizadeh
Sani includes three additional features that represent the stenosis of the
LAD, LCX and RCA arteries. Therefore, articles that use this dataset can
not only analyze the stenosis of each artery separately but also de-
termine the features that affect the stenosis of each artery.

2.4. Feature selection algorithms

Feature selection or dimension reduction refers to the process of
selecting the most relevant variables or parameters from a list of fea-
tures in the problem. Feature selection simplifies the model by reducing
the number of required parameters (parsimonious model). It also

Fig. 3. Statistical review of research conducted in different countries: a) The numbers of features used versus the number of samples (the number of samples is
shown on a logarithmic scale). b) The number of samples varies between 20 and + 24,000, with a median of approximately 350. The number of features also varies
between 1 and 55, with a median of 9.
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decreases the training time and prevents over-fitting [176]. Overall, it
has the potential to increase the model's performance, especially for
unseen samples. If the feature selection algorithms can find a suitable
subset of features, this will help the ML algorithms converge faster and
realize higher accuracy, which is mainly achieved by discarding re-
dundant and irrelevant features without losing key information [176].

Feature selection algorithms use an evaluation measure to assign
scores to features [177]. These scores are assigned according to the
importance of features in determining the output labels. If the problem
output is the diagnosis of a disease, it is possible to identify important
factors for that disease, which will help physicians diagnose and cure
diseases using more efficient methods. Therefore, most researchers used
feature selection algorithms to identify important features for CAD.

Feature selection has a major impact on the model performance. It
acts as a filter for muting irrelevant features and selecting a subset of
more informative features for solving the problem [178]. A variety of
feature selection methods have been applied for CAD detection. These
methods include information gain, correlation, ANOVA, statistical tests
(z, t, and F), principal component analysis, and the genetic algorithm
[177]. Supplementary Fig. S6 presents the most popular feature selec-
tion methods in the diagnosis of CAD.

2.5. Model type

More than 90% of CAD detection papers have used supervised
classification algorithms to process features and make decisions. Few
articles reported applications of clustering methods for CAD diagnosis.
Complete description of classification, clustering and other methods
have been presented in the Supplementary Information (see the
“Prediction and diagnosis of CAD” part of the Supplementary
Information).

Fig. 4a shows the most frequently used ML methods for CAD de-
tection. ANN, DTs, and SVM are the top threemethods, which have been
applied to almost all datasets that have been reported in the literature.
Their popularity is due to their promising performance, ease of use, and
low computational burden [179]. According to the fact that deep
learning is the most powerful extension of ANN, it was investigated
separately. The list of articles published using this technique for CAD
diagnosis are shown in Table 2. In the second group are Naïve Bayes,
KNN, and fuzzy rule-based systems, which have been applied mainly to
well-known datasets. Researchers have also used other traditional
classifiers such as random forest and logistic regression for CAD de-
tection. These two recent classifiers are the most widely used classifiers
for benchmarking in the field of supervised ML.

Fig. 4b shows the yearly usage frequencies of popular ML methods
for CAD diagnosis. ANNs, DTs, and SVM have maintained their popu-
larity over the years. ANNs have attracted more attention in this field.
From 2004 to now, at least one research article has been published each
year. In 2012, 2013 and 2017, 9, 10 and 10 research articles, respec-
tively, used neural networks. DTs and SVM almost have the same usage
frequencies as ANNs. There has been a noticeable increase in the
number of papers that reported fuzzy rule-based models for CAD de-
tection. Another more frequently used algorithm is Naïve Bayes. The
usage of this algorithm has changed over the years. At first, its usage
increased, especially in 2012. Then, it decreased slowly. In 2016, 2017
and 2018, only one research article was published each year. Although
random forest performed well, few research studies used this algorithm.

2.6. Model performance

Model evaluation is one of the most important steps in the ML pi-
peline. The performance of a model can be measured via dozens of
metrics. The measurements are often carried out on unseen samples
during the training process. The most popular evaluation metric for
CAD detection is accuracy. Relying purely on accuracy could be mis-
leading, especially for highly imbalanced datasets [190]. Thus,

accuracy should be always evaluated and interpreted in conjunction
with other metrics, including sensitivity, specificity, and the area under
the curve (AUC) [179]. Supplementary Fig. S2 shows the usage per-
centages of metrics in the investigated articles. Hereafter, we will in-
vestigate the model performance as measured by the accuracy metric.

Before going further, the importance of data splitting is highlighted.
The common practice in the field of ML is to split the data into training,
test and validation sets. The training set is used to adjust the model
parameters via optimization of the loss function [179]. The validation
set is applied to detect the onset of overfitting and to stop the training
process. The performance metric is reported for the test set. The split-
ting of the original dataset into these three subsets could have a sig-
nificant impact on the overall performance of the model. There are
numerous methods for data splitting. Supplementary Fig. S3 sum-
marizes the settings of the training, test, and validation sets that are
used in the relevant literature for CAD.

For each year, Fig. 5a shows the maximum accuracies of algorithms
that were commonly used to detect CAD. As the most famous datasets
are UCI datasets, we provided additional details about the maximum
accuracy on them in the Supplementary Information (see the “UCI heart
dataset accuracy analysis” part of the Supplementary Information).
Fig. 5b compares several of these algorithms. This figure facilitates
pairwise comparison of algorithms. For example, Naïve Bayes has not
been able to outperform C4.5. Additionally, in all papers except one,
Naïve Bayes performed worse than SVM. The performance of ANN in all
papers except one was worse than those of SVM and fuzzy rule-based
system (FRBS). Toward the end of the x-axis, because many compar-
isons have been shown already, the number of comparisons is reduced.
Supplementary Fig. S4 shows the maximum accuracies that are
achieved by various classification algorithms in diagnosing CAD.

More information about Fig. 5b and how the methods are compared
is provided in Supplementary Table S3 [191]. This table quantitatively
compares the methods that are applied in the same paper in terms of
accuracy.

2.7. LAD, LCX and RCA investigation

Supplementary Fig. S5 illustrates the studies on stenosis of the LAD,
LCX and RCA arteries. The arterial stenosis percentage, which is valu-
able information in the evaluation of a method for CAD diagnosis, has
not yet been considered. This percentage indicates the amount of ste-
nosis, rather than only whether an artery is stenotic or not. Therefore, a
promising direction for future research is to collect additional datasets
and to consider every artery separately to determine the level of arterial
stenosis. The best method for diagnosing CAD is angiography, in which
three main outputs are determined: 1. whether the patient has CAD or
not, 2. which artery is stenotic, and 3. the percentage of the stenosis.
The first output is already well considered in the literature. In contrast,
the second output is only studied in 5 articles, with the highest accuracy
of 86.1% for LAD stenosis diagnosis (P065). Surprisingly, there is no
study that reports on the third output. Hence, reducing or even elim-
inating the use of angiography due to its costs and side effects requires
extensive research and work on the second and third outputs of an-
giography.

3. Discussion and future work

In this section, we not only listed the papers with the best reported
performance but also investigated the impact of feature categories on
the performance of ML algorithms. Meanwhile, this requires further
investigation to determine which classification algorithms work better
for a specific feature category. Feature category is a branch of features
that have been extracted using a specific method. For example, echo is a
category that features such as ejection fraction, regional wall motion
abnormality, and valvular heart disease can be extracted from. The
most commonly used categories are demographic, symptom and
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examination, laboratory, ECG, fluoroscopy, and echo, respectively. The
research papers with the best reported performance have been sum-
marized in Table 3. In this table, the papers with a reported accuracy
more than 98% were sorted by their performance in descending order.
We found that, papers with best performances used ANN and SVM as
their classifiers. It is not surprising because these two classifiers are
among the best ones in other fields too. This may be due to the use of
nonlinear kernel functions. In Table 4, most used categories and their
properties have been shown.

3.1. Challenges and disadvantages of using ML algorithms

Although ML techniques have many advantages, they are not per-
fect methods. The following factors limit their abilities in some direc-
tions [179].

1. According to no-free-lunch theorem [192], different ML algorithms
are suitable for their own particular problem. One algorithm may
work well on a specific dataset while it cannot show a good per-
formance on some others. So, selecting a suitable algorithm for a
specific dataset is a big challenge in bioinformatics. Consequently,

Fig. 4. Most commonly used machine learning and data mining algorithms for CAD detection. a) Artificial neural network, decision tree, and SVM are the most
preferred methods in this field. Naïve Bayes, KNN and fuzzy rule-based system methods are the next most frequently used learning techniques in articles. This figure
also illustrates the datasets that have been used by each classifier. Most of these methods have been applied to the UCI datasets with dataset IDs 1 to 7. Dataset ID 1,
which is named Cleveland, is the most popular one. This figure also shows the methods that have been used less frequently than the others and the methods that have
not been used. These methods should be considered for future research in the field. b) The method usage changes over the years. The largest changes occurred in the
years 2012 and 2017. Artificial neural networks and decision tree were implemented for the first time in 1992 and 1996, respectively. Logistic regression was first
applied to CAD data in 2007. Naïve Bayes and the fuzzy rule-based system were implemented in 2008. KNN was used for the first time in 2009. Overall, the mix of
methods has remained almost the same, although the application of computational-intelligence-based methods, including neural networks and fuzzy logic systems,
has increased in recent years. This result is in full agreement with the recent advances in these fields [5].
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selecting good feature selection or classification algorithms is also a
big challenge in this field.

2. ML algorithms commonly need massive datasets to be trained. These
datasets must be inclusive and unbiased with high quality. Datasets
also need time to be collected.

3. ML algorithms need time to be trained and tested enough to be able
to generate results with high confidence. These algorithms need a
lot of resources and equipment.

4. ML algorithms face the verification problem. It is difficult to prove
that the prediction made by them work correctly for all scenarios.

5. Correct interpretation of the generated results by ML algorithms is
another challenge that we are faced with.

6. Another disadvantage of ML algorithms is their high error-suscept-
ibility. If they are trained with biased or incorrect data, they end up
with imprecise outputs. This may lead to a chain of errors that
mislead the treatment methods. When these errors get noticed, it
takes some times to diagnose the source of these errors and even
need more time to correct them [193].

3.2. Perspectives on future work

Even though various ML methods and data processing techniques
have been proposed for CAD detection, there are few avenues for im-
provement that require deep attention from researchers, professionals,
doctors and, ultimately, governments. This section discusses potential

directions for further research. There are three major subfields that can
be considered as future works. At first, improvement of the mechanism
used for collection and management of datasets. Then, finding suitable
algorithms for analyzing the collected data and finally investigating
each major coronary artery, separately. These subfields are described in
following paragraphs.

There are multiple issues with the datasets used for ML-based CAD
analysis. They are summarized as follows:

- Lack of information for many regions: In this study 149 papers have
applied ML methods to datasets that were collected in a few coun-
tries. There is no published data for most countries in Europe,
Africa, Australia, and South America. This lack of information is
important as regional and racial differences may affect the way CAD
is detected and treated. Thus, we recommend collecting CAD data
and constructing databases from various continents and countries.

- Limited features: Most of investigated datasets have limited number
of features. This severely limits the final results since the numbers of
both samples and features can affect the performance of ML tech-
niques. Hence, we suggest constructing CAD databases with more
features.

- Small sample sizes: The larger the number of samples is, the more
significant is the statistical results and more conclusive will be the
resulting decisions. The median sample size for the CAD datasets
that were investigated in this review is less than 500. Thus, the

Table 2
The list of articles published using deep learning method for CAD diagnosis.

Authors Year Techniques Number of
participants

Sampling Conclusion Data

Shen et al. [180] 2019 3D fully convolutional
network (FCN)

70 Train= 70%
Test= 30%

Accuracy= 90.05%
Sensitivity=NRa

Specificity=NR

Coronary computed tomography
angiography (CTA)

Acharya et al. [181] 2017 11- layer deep Convolutional
Neural Network (CNN)

200 10-fold cross-
validation

Accuracy= 95.22%
Sensitivity= 95 .49%
Specificity=94 .19%

ECG signals

Betancur et al. [182] 2018 6-layer deep CNN 1638 10-fold cross-
validation

Sensitivity= 82.3%
Specificity=68%

Myocardial perfusion imaging
(MPI)

Betancur et al. [183] 2018 Deep CNN 1160 Four-fold cross-
validation

Sensitivity= 84.8%
Accuracy=NR
Specificity=NR

SPECT MPI

Abdolmanafi et al.
[184]

2018 5-layer AlexNet architecture 33 10-fold cross-
validation

Accuracy= 94%
Sensitivity= 90%
Specificity=99%

Optical Coherence Tomography
(OCT)

Yeri et al. [185] 2018 6-layer deep CNN 351 10-fold cross-
validation

Accuracy= 78% CT angiography

Rubin et al. [186] 2017 6-layer deep CNN 90000 Train= 80%
Test= 20%

Sensitivity= 73%
Specificity=95%
Accuracy= 84%

Heart sound

Hamersvelt et al. [187] 2018 6-layer deep CNN 126 10-fold cross-
validation

Accuracy= 71.1%
Sensitivity= 84.6%
Specificity=48.4%

Resting
coronary CT angiography (CCTA)

Sofian et al. [188] 2018 34 layers ResNet101
architecture

10 10-fold Cross-
Validation

Accuracy= 99.49%
Sensitivity= 99.25%
Specificity=99.57%

Intravascular ultrasound (IVUS)
image

Zreik et al. [189] 2017 8-layer deep CNN 166 10-fold cross-
validation

Accuracy= 71%
Sensitivity= 70%
Specificity=71%

CCTA

Tan et al. [137] 2018 8-layer deep CNN 47 10-fold cross-
validation

Accuracy= 99.85%
Sensitivity= 99.85%
Specificity=99.84%

ECG signals

Acharya et al. [94] 2017 11-layer deep CNN 47 10-fold cross-
validation

Accuracy= 95.11%
Sensitivity= 91.13%
Specificity=95.88%

ECG signals

Acharya et al. [84] 2019 11-layer deep CNN 40 10-fold cross-
validation

Accuracy= 98.97%
Sensitivity= 98.87%
Specificity=99.01%

ECG signals

Allahverdi et al. [163] 2016 Deep belief network (DBN) 85 10-fold cross-
validation

Accuracy= 98.05%
Sensitivity= 96.02%
Specificity=98.88%

ECG signals

a NR means Not Reported.
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generalization power of the developed models is questionable. To
ensure reliability and trustworthiness, a model should be developed
and tested using at least one million samples [194].

- Another problem with previous studies is the way the data were

collected. Since the datasets differ in terms of the number of samples
and features, it is not easy to compare ML techniques in terms of
performance. In other words, the results obtained in various studies
are comparable only if the data are the same. However, a highly

Fig. 5. Comparing of the most frequently used machine learning methods in CAD diagnosis. a) This figure shows the maximum accuracy of each method per
year on the corresponding dataset. Most of the top accuracies are obtained on UCI datasets (numbers 1–7). b) This chart compares 10 important algorithms that have
the most applications in CAD diagnosis in terms of accuracy. For example, compared to Naïve Bayes, which is shown in dark blue, the ANN algorithm, which is
located on the horizontal axis, shows superior performance in four articles. It shows poorer performance in the other four articles. Meanwhile, the SVM algorithm,
which is shown in red, substantially outperforms the ANN and Naïve Bayes algorithms. Additionally, the C4.5 algorithm, which is shown in dark pink, substantially
outperforms the KNN and Naïve Bayes algorithms. It is concluded that algorithms that are located on the horizontal axis for which the bar charts are mostly below the
zero level of the vertical axis had poor performance. For example, the ANN classification algorithm has the weakest performance among all methods except LR and
MLP, as the ANN's bar charts, except the green and dark green ones, are below the zero level of the vertical axis.
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specialized medical perspective is required and only CAD specialists
can propose important factors. To this end, closer and more effective
communication between specialists in medical and ML teams should
be considered.

ML algorithms can also be improved in some directions. For ex-
ample:

- Application of advanced feature section techniques to identify the
most informative features. This will lead to the development of
parsimonious models that are resistant to noise and uncertainties in
the data [195].

- Application of evolutionary computation algorithms for model de-
velopment and feature engineering. These algorithms avoid be-
coming trapped in local minima. Hence, they can improve the

Table 3
The summary of research papers with accuracy more than 98%.

Authors Year Techniques Number of
participants

Number of
features

Sampling Performance Data

Jabbar et al. [73] 2013 Artificial Neural Network + PCA 23 8 10-fold cross-
validation

Accuracy= 100%
Sensitivity= 100%
Specificity= 100%

Dataset ID 44

Jabbar et al. [91] 2013 KNN 23 8 10-fold cross-
validation

Accuracy= 100%
Sensitivity= 100%
Specificity= 100%

Dataset ID 44

Kumar et al. [148] 2016 LS-SVM with RBF and Morlet
wavelet kernel

20 4 10-fold cross-
validation

Accuracy= 100%
Sensitivity= 100%
Specificity= 100%

Heart Rate Variability
(HRV) signals

Acharya et al.
[172]

2013 Gaussian Mixture Model (GMM) 800 559 3-fold cross-
validation

Accuracy= 100%
Sensitivity= 100%
Specificity= 100%

Grayscale features [172]

Ikeda et al. [130] 2013 SVM 501 NR NR Accuracy= 100%
Sensitivity= 100%
Specificity= 100%

Grayscale features

Tan et al. [137] 2018 8-layer deep convolutional
neural network (CNN)

47 NR 10-fold cross-
validation

Accuracy= 99.85%
Sensitivity= 99.85%
Specificity= 99.84%

ECG signals

Patidar et al. [138] 2015 LS-SVM 20 3 3-fold cross-
validation

Accuracy= 99.7%
Sensitivity= 99.63%
Specificity= 99:81%

ECG signals

Jabbar et al. [91] 2013 Artificial Neural Network 270 13 10-fold cross-
validation

Accuracy= 99.62%
Sensitivity=NR
Specificity=NR

Dataset ID 5

Kumar et al. [110] 2017 LS-SVM 207 15 10-fold cross-
validation

Accuracy= 99.6%
Sensitivity= 99.57%
Specificity= 99.61%

ECG signals

Acharya et al.
[108]

2017 KNN 222 495 10-fold cross-
validation

Accuracy= 99.55%
Sensitivity= 99.93%
Specificity= 99.24%

ECG signals

Sharma et al. [174] 2019 Gaussian support vector machine
(GSVM)

254 16 10-fold cross-
validation

Accuracy= 99.53%
Sensitivity= 98.64%
Specificity= 99.70%

ECG signals

Anbarasi et al.
[116]

2010 Decision Tree 920 13 10-fold cross-
validation

Accuracy= 99.2%
Sensitivity=NR
Specificity=NR

Dataset IDs 1-4

Acharya et al.
[112]

2017 Decision Tree 47 13 10-fold cross-
validation

Accuracy= 98.99%
Sensitivity= 97.75%
Specificity= 99.39%

ECG signals

Acharya et al. [84] 2019 11-Layer Deep Convolutional
Neural Network

40 NR 10-fold cross-
validation

Accuracy= 98.97%
Sensitivity= 98.87%
Specificity= 99.01%

ECG signals

Rajkumar et al.
[145]

2017 Fuzzy Neural network 768 13 10-fold cross-
validation

Accuracy= 98.88%
Sensitivity= 99.61%
Specificity= 71.42%

Dataset IDs 1,2, 5

Sridhar et al. [160] 2016 KNN 47 20 10-fold cross-
validation

Accuracy= 98.67%
Sensitivity= 95.02%
Specificity= 99.20%

ECG signals

Acharya et al. [95] 2017 KNN 207 7 10-fold cross-
validation

Accuracy= 98.5%
Sensitivity= 99.7%
Specificity= 98.5%

ECG signals

Acharya et al.
[108]

2017 Decision Tree 170 495 10-fold cross-
validation

Accuracy= 98.39%
Sensitivity= 99.74%
Specificity= 95.79%

ECG signals

Acharya et al.
[112]

2017 KNN 47 31 10-fold cross-
validation

Accuracy= 98.17%
Sensitivity= 94.57%
Specificity= 99.34%

ECG signals

Jabbar et al. [73] 2013 Artificial Neural Network + PCA 270 13 10-fold cross-
validation

Accuracy= 98.14%
Sensitivity=NR
Specificity=NR

Dataset ID 5

Allahverdi et al.
[163]

2016 Deep Belief Networks (DBN) 47 9 10-fold cross-
validation

Accuracy= 98.05%
Sensitivity= 96.02%
Specificity= 98.88%

ECG signals
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performance of ML-based CAD detection [196].
- The ML research field has been revolutionized in recent years by the
introduction of deep learning (DL) algorithms [94,137,197]. DL has
achieved superhuman performance on various tasks, including
driving cars, games, robotics, disease diagnosis, and computer vision
[20]. These advances have ignited a boom in DL applications for
solving complex problems in various fields of science and en-
gineering. No doubt, their application for CAD detection could re-
markably improve the classification results. However, DL models
require massive datasets, which are not available for CAD case
studies.

- Most ML-based CAD diagnosis studies have focused on developing
individual models. Ensemble-based learning (boosting and bagging)
techniques can be applied to remarkably improve the performance
of individually weak models [191].

Angiography is the standard approach for the diagnosis of CAD.
Most studies in the literature used this approach to determine whether
the patient has CAD or not. However, angiography can be used to de-
termine which artery is stenotic and the percentage of stenosis. Only
five studies reported the application of ML in determining which artery
is stenotic and the classification results for these studies are poor. As we
discussed above, the highest accuracy in identifying LAD stenosis was
86.10% [96]. Hence, improvement of the algorithms in this area is
required to realize better prediction performance. Therefore, additional
research is strongly recommended. Moreover, there is no study in which
the category three output (percentage of stenosis) is determined via ML
methods.

4. Conclusions

In this review paper, we have investigated several studies on the
detection of CAD using various ML techniques. To this end, we have
conducted a comprehensive search using various search engines and
databases. According to our review, the most important studies on the
diagnosis of CAD via ML algorithms were conducted from 2012 to
2017. Additionally, the results demonstrated that ANNs, DTs, SVMs,
Naïve Bayes, and KNN are the most widely used algorithms for CAD
detection. Due to inherent differences among datasets, inconsistent
performances have been reported for different datasets using similar ML
algorithms. The reported results indicate that KNN, SVM, and ANN
have achieved the highest accuracies for most of the CAD datasets.
Lastly, there are several common features among the datasets. These
include age, blood pressure, chest pain type, sex, total cholesterol, ST
depression, hypertension, and maximum heart rate. Despite the pro-
gress that has been made in recent years, there remain key short-
comings in ML-based detection of CAD that must be addressed in up-
coming years.
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