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Abstract
Objective.Myocardial infarction (MI) results in heartmuscle injury due to receiving insufficient blood
flow.MI is themost common cause ofmortality inmiddle-aged and elderly individuals worldwide. To
diagnoseMI, clinicians need to interpret electrocardiography (ECG) signals, which requires expertise
and is subject to observer bias. Artificial intelligence-basedmethods can be utilized to screen for or
diagnoseMI automatically using ECG signals.Approach. In this work, we conducted a comprehensive
assessment of artificial intelligence-based approaches forMI detection based onECG and some other
biophysical signals, includingmachine learning (ML) and deep learning (DL)models. The
performance of traditionalMLmethods relies on handcrafted features andmanual selection of ECG
signals, whereasDLmodels can automate these tasks.Main results.The review observed that deep
convolutional neural networks (DCNNs) yielded excellent classification performance forMI
diagnosis, which explains why they have become prevalent in recent years. Significance.To our
knowledge, this is the first comprehensive survey of artificial intelligence techniques employed forMI
diagnosis using ECG and some other biophysical signals.

1. Introduction

Inmyocardial infarction (MI), or heart attack, heartmuscle cells die from lack of oxygen due to insufficient
blood supply (Canto et al 2000, Boersma et al 2003, Jayachandran 2010, Sun et al 2012, Yang et al 2013). The
latter is predominantly caused by coronary artery disease, inwhich the lumina of coronary arteries supplying the
heartmuscle become stenotic from atherosclerosis of the arterywalls. In advanced coronary artery disease, the
atherosclerotic plaque expands and becomes vulnerable to surface rupture (Creemers et al 2001), which can
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trigger the sudden formation of lumen-occluding thrombus, resulting inMI. This typicalMI scenario is
depicted infigure 1, where the death of a region of the heartmuscle is caused by acute thrombus occlusion
adjacent to a ruptured cholesterol-laden plaque at the site of coronary artery stenosis (inset).

After aMI, the left ventricle enlarges and undergoes functional changes in response to injury. This eventually
leads to congestive heart failure, where theweakened heartmuscle is unable to pumpblood through the body
efficiently, and at the advanced stage, death can ensue. Therefore, prompt diagnosis ofMI and early intervention
are critical for patients’ survival. Electrocardiography (ECG) is themost commonmethod used to diagnoseMI
(Banerjee andMitra 2012, Liu et al 2015,Hammad et al 2021a). ECG is a surfacemap of the underlying cardiac
action potentials during electrical signal conduction through the heart chambers. It will typically show abnormal
morphology at lead positions overlying the involvedMI region. The open-access Physikalisch-Technische
Bundesanstalt (PTB) database is a repository of cardiologist-annotated ECGs of diverse cardiological conditions,
includingMI, which scientists frequently use forMI research (https://physionet.org/content/ptbdb/1.0.0/,
(accessed 2022 ), Bousseljot et al 1995).

Othermethods for diagnosingMI include noninvasive imaging, e.g. echocardiography andmagnetic
resonance imaging, and clinical and serological parameters. However, themanual interpretation of ECG,
imaging readouts, and clinical parameters require expertise andmay be subject to intra- and inter-observer
variability. Artificial intelligence (AI)-enabled automated computer-aided diagnostic systems (Jiang et al 2017,
Yu et al 2018,Davenport andKalakota 2019, Ribeiro et al 2021)may improve efficiency and reduce observer bias
in screening forMI using the different biological signals.

Bothmachine learning (ML) and deep learning (DL)modelsmay be deployed for discriminatingMI versus
normal at the signal readout or subject levels. InML (Mitchell 1997), feature extraction and classification are
separate sequential operations thatmay require high-level handcrafted engineering decisions. In contrast, inDL
(Alharthi et al 2019), feature extraction and classification are integrated and automatically performed (Lih et al
2020) (figure 2). ADLmodel typically comprises some formof artificial neural network (ANN)withmany
hidden layers that can automatically extract prominent features fromhigh-dimensional raw data (e.g. images)
(Lundervold and Lundervold 2019, Joloudari et al 2020,Nosratabadi et al 2020, Shi et al 2020,Huang et al 2021).

Figure 1. Illustration ofmyocardial infarct caused by acute thrombus in the culprit coronary artery (see text).

Figure 2. Illustration ofmachine learning and deep learning architectures for automated detection ofMI. *Myocardial Infarction
Disease (MID)
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An example of theDLmodel is the deep convolutional neural network (DCNN) (Panayides et al 2020,Huang
et al 2021), whichmay have tens to hundreds of hidden layers (Faust et al 2018), including several convolutional,
pooling, and fully-connected layers (figure 3). The input signals are convolved by the convolutional kernels to
extract features. The pooling layer reduces the network’s computational complexity whilemaintaining a
consistent featuremap resolution. Twowell-known types of pooling layers aremax-pooling and average
pooling. The last layer of theDCNN is a fully-connected layer that outputs the final classification results. DL
models usually yield excellent performance for detecting and classifying early changes in the disease course
(Chen et al 2017, Ker et al 2017, Litjens et al 2017, Rawat andWang 2017, Shen et al 2017, Faust et al 2018, Esteva
et al 2019, Ali et al 2020, Sun et al 2020). A review paper onMI detection published in 2017 (Ansari et al 2017)
mainly focused on traditionalMLmethods asmanyDLpapers had not been published then.Our current paper
focuses on bothML andDL techniques employed forMI detection using ECG signals.

This paper has systematically reviewed recent studies on artificial intelligence forMI diagnosis, stratified by
ML- orDL-based approaches. The rest of the paper is structured as follows: searchmethodology is presented in
section 2; literature review onAI forMI diagnosis in section 3; results and discussion in section 4; future works in
section 5; and conclusion in section 6.

2. Search strategy

Weperformed a search forworks published between January 1st, 1992 to January 31st, 2022, on theGoogle
Scholar engine using the keywords ‘myocardial infarct diagnosis’, ‘artificial intelligence’, ‘machine learning’, and
‘deep learning’. As a result, we retrieved 64 papers (31 and 33 related toML andDL, respectively), most of which
were published by IEEE, Elsevier, and Springer (figure 4).

3. A systematic literature review forMI diagnosis

In this section, the databases used in the investigated papers are summarized. The papers are grouped according
to the classification algorithms used in each of them.

3.1. Public ECGdatasets forMI
ECG is a key noninvasive approach for the diagnosis of cardiovascular diseases, and the research community can
benefit fromhigh-quality and publicly available ECGdatasets. In the following, some of themost famous public
datasets in this field are introduced.Most of the research forMI diagnosis has used these datasets.

One famous ECGdataset is the PTBdiagnostic ECGdataset (https://physionet.org/content/ptbdb/1.0.0/
(accessed 2022 ), Bousseljot et al 1995). Publicly available for over 20 years, it has been used in various studies on
MI diagnosis, including several in this review.More recently,Wagner et al (Wagner et al 2020a) released one of
the largest ECGdatasets namedPTB-XL (https://physionet.org/content/ptb-xl/1.0.1/ (accessed 2022 ),
Wagner et al 2020b). Access to this dataset had previously been limited butwas recentlymade available for public
use in 2020. The dataset comprises 21,837 10 s 12-lead ECG records from18,885 patients (52%male, 48%
female;median age 62 years, range 0 to 95 years)with diverse diagnoses. In the PTB-XL, 12-lead ECGs of 148MI

Figure 3.Conventional deep convolutional neural network structure.
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patients and 52 healthy subjects can be used for trainingMI diagnosismodels. Another publicly available ECG
dataset is theMIT-BIHArrhythmia database (https://physionet.org/content/mitdb/1.0.0/ (accessed 2022 ),
Moody andMark 2001), which has beenwidely used for the classification of cardiac arrhythmia. A short
description is given here as it has been used for arrhythmia classification in experiments conducted by some of
the reviewed papers.MIT-BIH consists of 48 half-hour excerpts of two-channel ambulatory ECG recordings of
47 subjects acquired between 1975 and 1979 from inpatients (about 60%) and outpatients (about 40%) at the
Beth IsraelHospital, Boston. Twenty-three recordingswere randomly chosen from4000 24-hour ambulatory
ECG recordings aswell as 25 other recordings frompatients with less commonbut clinically significant
arrhythmia selected from the same set (Moody andMark 1990, Acharya et al 2016).

3.2.ML-basedmethods
MLapproaches forMI classification include k-nearest neighbor (KNN), decision tree (DT), support vector
machine (SVM), naïve Bayes (NB), and random forest (RF), as well as ANN,which is inspired by human
neuronal function (Jahmunah et al 2021). In the following, we reviewed the papers in this field and grouped
them according to the classification algorithms used in these papers.

3.2.1. Artificial neural networks
Hedén et al (Hedén et al 1997) applied ANNclassification to 1,120MI ECGs and 10,452 normal ECGs and
achieved 95.0% sensitivity and 86.3% specificity. Haraldsson et al (Haraldsson et al 2004) used a BayesianANN
trainedwithHermite expansion coefficients BANN-HE to construct a 12-lead ECG-basedMI diagnostic system
that showed strong discriminative utility forMI vs. normal (C statistic 83.4%) on 2,238 ECG signals from
emergency department attendance. Kora et al (2015)used an improved bat algorithm (IBA) to extract themajor
properties of each pulse from the PTBdatabase, which included 148MI and 52 normal individuals. A back-
propagation Levenberg–MarquardtNeural Network (LMNN) classifier was used to input the best features. The

Figure 4. Systematic literature review of themachine and deep learningmethods formyocardial infarct diagnosis. DL stands forDeep
Learning, andML stands forMachine Learning.
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combination of optimized features, IBA and LMNNachieved 98.9% accuracy forMI diagnosis, outperforming
methods like SVM, scalar conjugate gradient neural network, LMNN, andKNN.Zeng et al (2020) used 12-lead
and FrankXYZ lead ECG signal segments from the PTBdatabase to propose a neural networkwith RBF for early
MI diagnosis. To develop cardiac vectors based on the synthesis of 12-lead ECG signals and FrankXYZ leads,
nonlinear feature extractionmethods such as tunable quality factor wavelet transformations, variationalmode
decomposition, and phase space reconstructionwere applied. Tomodel, diagnose, and classifyMI vs. healthy
people, these feature vectors were fed into dynamical estimators incorporating a Radial Basis Function (RBF)-
neural network. Themethod attained the best accuracy of 97.98%using a 10-foldCross-Validation (CV).

3.2.2. SVM
Sun et al (Sun et al 2012) described amethod for diagnosingMI using 12-lead ECGs called latent topicmultiple
instance learning (LTMIL). Signal processingwas donewith discrete cosine transform (DCT) bandpass filters.
Fifth-order polynomialfittingwas utilized to establish the 74-dimensional feature spaces. A particle swarm
optimizer was used for variable weighting. SVM,KNN,RF, and ensemble learningwere utilized for
classification. KNNensemble combinedwith LTMIL achieved the highest accuracy of 90%. ForMI diagnosis,
Sharma et al (Sharma et al 2015)used amultiscale energy and eigenspace feature-based technique. After
applyingwavelet decomposition ofmulti-lead ECG signals to clinical components in various subgroups, a frame
with four beats from each ECG leadwas utilized to detectMI.Multilayer ECG frameswere used to adjust the
properties of the 72-dimensional vectors of 12-lead ECGdata. The ECG signals were classified using SVMwith
RBF kernel, linear SVM, andKNN,which attained 96.0% accuracy forMI diagnosis. Kumar et al (2017) used
sample entropy in aflexible analytical wavelet transform (FAWT) framework to diagnoseMI using ECGdata.
FAWTwas utilized to break down each ECGbeat into sub-band signals after the ECG signals were split into
beats. These sub-band signals were used to calculate sample entropies, whichwere then input into several
classifiers. The classification accuracy of FAWTcombinedwith least-squares SVM (LS-SVM)was 99.31%,
outperforming RF, J48 decision tree, and Back PropagationNeuralNetwork (BPNN) techniques.

Diker et al (Diker et al 2018) combined SVMwith a genetic algorithm (GA) to diagnoseMI on ECGs from
the PTBdatabase. 23morphological, time-domain, andDiscreteWavelet Transform (DWT) features were
extracted fromECG signals, and their dimensionality was reduced to 9 usingGA. The SVMclassifier attained
87.8% and 86.44%accuracy rates using the reduced 9 and original 23 features, respectively. Han and Shi
(Han and Shi 2019) exploredmethods such as SVM (withRBF, linear, and polynomial kernels), Bagging Trees
(BTs), and BPNN forMI diagnosis and developed a hybrid feature set for ECG signals composed of energy
entropy as global features and localmorphological features. The global features were computed usingmaximal
overlap discrete wavelet packet transform (MODWP) of ECG signals. After the fusion ofmulti-lead ECG signals,
Principal Component Analysis (PCA), linear discriminant analysis, and Locality Preserving Projection (LPP)
approaches were employed to reduce the number of features. SVM-RBFwith 10-foldCV achieved the greatest
accuracy of 99.81%utilizing the 18 features for the intra-patient pattern in trials using ECGs from the PTB
database. Valizadeh et al (Valizadeh et al 2021)proposed a novel parametric-based feature selection based on the
left ventricle’s 3D spherical harmonic shape descriptors to distinguishMI patients fromhealthy ones. The
methodwas based on the hypothesis that spherical harmonic coefficients of the parameterized endocardial
shapeswould be different forMI patients and healthy subjects. Themethodwas started by preprocessing cine-
MRI images from the automated cardiac diagnosis challenge dataset. Next, parametric-based features, i.e.
spherical harmonic coefficients, were extracted and normalized. PCAwas applied to the normalized features,
and the results were used to trainmultiple classifiers, amongwhich SVMattained the best performance.

3.2.3. KNN
Arif et al (Arif et al 2012) diagnosedMI using theKNNmethod on 20,160 ECGbeats obtained from the PTB
database. The experimental phase used 10,080 and 711 heartbeats for non-pruning and pruning training,
respectively. A dual wavelet transformwas applied to the ECG signals to determine the 36 components of the
feature vector. Finally,MI cases were divided into 11 classes (10 classes for the various infarct sites and one class
for normal subjects). They attained 98.8%overall classification accuracy and sensitivity and specificity exceeding
90% forMI localization. Further, a sensitivity of 99.97% and specificity of 99.9%was obtained forMI detection.
In the PTBdatabase, Acharya et al (Acharya et al 2016) used aKNNclassifier to differentiateMI vs. normal ECGs
in the PTBdatabase. Each signal underwent four levels ofDWTdecomposition usingDaubechies’ sixwavelet
basis function, and 12 types of nonlinear properties were extracted from theDWT coefficients. The
discriminative features ranked based on their t-values, F-values, and analysis of variance (ANOVA)were used to
derive the rankings of the normal class and ten types ofMI. Themethod achieved 98.80% classification accuracy
forMI vs. normal classes based on 47 characteristics obtained fromLeadV5.Moreover, 98.74%accuracy for 11-
class classification based on 25 characteristics fromLeadV3 and 99.97%accuracy forMI localization based on
LeadV3was achieved. In another study, Acharya et al (Acharya et al 2017a) comparedDWT, empiricalmode
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decomposition (EMD), andDCTmethods for coronary artery disease andMI diagnoses. ECG signals
underwentDCT,DWT, and EMD to obtain the corresponding coefficients, whichwere then reduced using the
LPPmethod. The LPP features were ranked using their F-values, and highly ranked coefficients were then fed to
theKNNclassifier. DCT coefficients pairedwithKNNyielded themaximumaccuracy of 98.5%. Lin et al (Lin
et al 2020) decomposed ECG signals usingMODWPand extracted features such as variance, interquartile range,
Pearson correlation coefficient, Hoeffding’sD correlation coefficient, and Shannon entropy of thewavelet
coefficients. Inputting these features to aKNNclassifier, they attained 99.57%accuracy forMI diagnosis using
ECGs in the PTBdatabase.

3.2.4. Decision trees
Zhang et al (Zhang et al 2019a) proposed staked sparse autoencoder (SAE)with a treebagger (TB) for diagnosing
MI using single-lead ECG signals of the PTBdatabase. SAE employs a layer-wise training technique to avoid the
vanishing gradient problem in the feature extraction network.Without an input tag, itmay learn the best feature
expression from the heartbeat. As a result, thismethod can extract unique characteristics from single-lead ECG
signals. Bymerging the findings of numerous decision trees and feature improvements, the TB classifierwas
created to best simulateMI diagnosis. Themodel attained accuracy, sensitivity, and specificity of 99.90%,
99.98%, and 99.52%, respectively. Kayikcioglu et al (Kayikcioglu et al 2020) deployed ensemble classification
algorithms such as boosted trees, BTs, and subspace KNN in addition to standard SVMandKNNalgorithms for
MI diagnosis using ECGs from theMIT-BIHArrhythmia, European ST-T, and the Long-Term STdatabases.
The datasets were classified into four classes: healthy, arrhythmia, ST depression, and ST elevation (ST changes
can be present inMI). Quadratic time-frequency distributions including smoothedWigner-Ville, the Choi-
Williams, the Bessel and the Born-Jordanwere applied on 5-lead ECG signals for feature extraction. The best
accuracy of 94.23%was obtained for theweightedKNNalgorithmusing features extracted by theChoi-
Williams time distribution.

3.2.5. Deep learning
DL can learn fromhuge datasets due to their complex structure with several layers. Therefore, DLmodels such as
DCNN, long short-termmemory (LSTM), recurrent neural network (RNN), and autoencoder network can be
used for disease classification and generally outperformMLmethods in terms of signal processing and
classification (Sharifrazi et al 2020).

Reasat and Shahnaz (Reasat and Shahnaz 2017) designed aDCNN to identify inferiorMI ECG signals from
healthy ones using ECGLeads II, III, andAFV inputs. They tested their network on data fromone patient and
trained it on data from the rest of the patients. Themodel attained 84.54%accuracy, outperforming stationary
wavelet transform (SWT)withKNNand SWTwith SVM (Sharma and Sunkaria 2018). Gupta et al (Gupta et al
2020) observed that data fromECGLeads V6, V3, and II were critical for identifyingMI correctly and applied
this insight tomodify theConvNetQuake neural network forMI classification. Themodifiedmodel achieved
99.43%accuracy forMI diagnosis using only 10 s of rawECG recordings as input. Tripathy et al (Tripathy et al
2019)presented a novelMI diagnostic approach that combined deep layer LS-SVMwith features obtained by
time-scale decomposition of 12-lead ECG signals using Fourier–Bessel series expansion-based empirical wavelet
transform. The system achieved 99.97%accuracy. Zhang et al (Zhang et al 2019b) usedGramian angular
difference field (GADF), PCAnetwork (a lightweightDCNN-likemodel), and linear SVM in combination to
extract salient features of Lead II ECGs from the PTBdatabase. For ECG-level classification, themodel achieved
98.44% (beat type: no noise) accuracy rates with a 5-fold CV. At the subject level, 93.17% accuracywas achieved.
Feng et al (Feng et al 2019) proposed amultichannel classification algorithm that combined a 16-layerDCNN
with LSTM forMI diagnosis. ECG signals were preprocessed to extract heartbeat segments, and the extracted
segments were then fed to theDCNN to obtain the featuremap. Final classification results were output by LSTM
based on the received featuremap. The system attained 95.4% accuracywithout the use of handcrafted features.
Liu et al (Liu et al 2019) combinedDCNNandRNN to build a hybrid network namedmultiple-feature-branch
convolutional bidirectional RNN (MFB-CBRNN) forMI diagnosis using 12-lead ECG signals. The bidirectional
long short termmemory (BLSTM)networkwas used to summarize the features from the 12-lead ECG records.
Themodel attained 99.90%and 93.08%accuracy rates at the ECG and subject levels, respectively.

Han and Shi (Han and Shi 2020) used 12-lead ECG signals from the PTBdatabase to create amulti-lead
residual neural network (ML-ResNet)model with three residual blocks and feature fusion forMI diagnosis. The
model attained 95.49%and 99.92%accuracy rates for the inter-and intra-patient schemes, respectively. Fu et al
(Fu et al 2020) developed amulti-lead attentionmechanism (MLA-CNN-BiGRU) framework for diagnosingMI
using 12-lead ECG signals from the PTBdatabase. Themodel performancewas enhanced byweighting the
different leads in proportion to their contributions. In addition, interrelated characteristics between leads were
exploited to extract discriminative spatial features using the two-dimensional DCNNmodule.With thememory
capability of BiGRU, themodel was able to exploit the temporal features of ECG signals, and a combination of
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temporal and spatial features was used for classification. Themodel achieved 99.93% and 96.5% accuracy rates
for intra- and inter-patient schemes, respectively.

Jahmunah et al (Jahmunah et al 2021) compared the performance of DCNNvs. Gabor-filterDCNNmodels
for classifying subjects intoMI, coronary artery disease, congestive heart failure, and normal classes. In the latter,
eight convolutional layers of theDCNNwere replacedwithGabor filters, which reduced the computational
complexity. Based on Lead II ECG signals, theGabor-filter DCNNandDCNNmodels attained average accuracy
rates of 99.55%and 98.74%, respectively, for the four-class classification task. Kim et al (Kim et al 2020) utilized
U-Net architecture combinedwith theMonte Carlo dropout technique to estimate the uncertainty of theU-Net
model using cardiac perfusion images formyocardial segmentation. Their approach obtained a better Dice
similarity of 0.806±0.096 (average±standard deviation) compared to rivalmethods such as semi-automatic
U-Net (0.808±0.084) and automaticU-Net (0.729±0.147).

Garland et al (Garland et al2021) studied thepossibility of usingCNNs todistinguishMI subjects fromhealthy
ones. To this end, the classificationperformanceof four differentCNNs (commonlyused in surgical/anatomical
histopathology)was investigatedonadatasetwith 150 images (50normalmyocardium, 50 acuteMI, and50oldMI).
The authors reported that InceptionResNet v2,with 100%accuracy,was apromising candidate forMIdiagnosis. As
anotherMIdiagnosis studybasedonnon-ECGdata,Degerli et al (Degerli et al2021) gathered an echocardiographic
dataset (HMC-QU) forMIdetection,whichwaspublicly available.Theyproposed a three-phase approach to early
MIdetection.Thefirst phase involvedusingDL to segment the left ventricle.Next, the segmented regionwas
analyzed for feature engineering. Finally, in the thirdphase,MIdetectionwasperformed.Asmentionedbefore,
precise and timelyMI identification is critical for patients’ survival.Myocardial contrast echocardiography (MCE)has
beenused inMIdiagnosis but is time-consuming, subjective, andhighly operator-dependent. In (Guo et al2021), a
newDLnetworknamedpolar residual network (PResNet), basedonResNet,was proposed for automated computer-
aidedMIdiagnosis basedonMCE images.The authors defined anewpolar layer in the structure of PResNet that
mapped subsections ofMCE to thepolarmap.The rest of the convolutional and residual layers of thenetworkswere
used to extract salient features from thepolar layer.

4. Results and discussion

The results of theML-basedandDL-basedmethods are summarized in tables1 and2.Fromtable1, amongMLmodels,
SAE+TBproposedbyZhang et al (Zhang et al2019a) attained thebest accuracyof 99.90%using thePTBdatabase.
Fromtable 2, theDCNNmethodhas thehighest accuracyof 99.95%forMIdiagnosisusing thePTBdatabase.

MoreMLworkswere published previously, butDL publications are gradually superseding the numbers in
recent years. In 2021, therewere 17DL vs. 4 MLpublications onMI diagnosis. The secular trend ofML andDL
publications is shown infigure 5.Hence, the number of papers onMI diagnosis usingDL-basedmethods has
increased recently. Even thoughDL-basedMI detection began later thanML-based detection, the number ofDL
publications has caught upwithMLpublications; 33 papers forDL and 31 papers forML (figure 6(a)). However,
themodel performance ofMLpublications ismore consistent than that ofDL publications. The box-and-
whiskers plot infigure 6(b) shows that themodel performance ofML-basedMI detection has a lower standard
deviation, and the range of accuracy scores falls between 79.0 to 99.9%,while the range of accuracy score forDL-
basedMI detection is 66.8 to 99.95%.

Despitemany studies proposing variousML/DLapproaches formedical applications,ML/DLstill suffers from
some limitations. First of all,medical datasetsmay contain sampleswithmissing values. These samples are not readily
usable duringML/DLmodel training.Avoiding sampleswithmissing values causes biased (Wallert et al2017)
training/evaluationofmodels,which is not desirable.DLmethodshavehugepotential for knowledge learning and
representation, but only if a sufficientnumberof training samples are fed. In themedical domain, gathering and
labeling a largenumber of samples is usually challenging (Than et al2019).On theotherhand, a limitednumberof
training samples causesDLmodels tounderperform in the test phase. Furthermore,DLmodels arenot error-free,
andwrongpredictions canbe catastrophic inmedical applications. Therefore,ML/DLmodelsmust be able to
determinewhether their outputs are trustworthyornot.Unfortunately, not allmodels are equippedwith such ability.
TheML/DLcommunityhas comea longway.However, currentML/DLmethods are still not robust enough to fully
gainmedical experts’ trust. Therefore,ML/DLapplication in themedical domain is still limited.

5. Futurework

Due to the rapid growth of usingAI algorithms in all branches of science, includingmedicine, a bright future can
be imagined for using these algorithms in diagnosingmyocardial infarction. Furthermore, amongAI
algorithms, the outstanding representation power ofDL has led to the rapid growth ofDL-based studies forMI
detection.However, DL-based approaches demand high computational power andmassivememory thatmay
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Table 1. Summary ofmachine learning-based publications onMI diagnosis.

No. Author, Year Methods End-to-End No. K-foldCV Dataset (No. of leads, Subjects)
Division

Solutions Performancea

1 (Reddy et al 1992) ANN Yes NC Leads: V2-V4 inter-beat ACC:79.00

Subjects: 272MI, 479Normal Spe: 97.00

2 (Hedén et al 1997) ANN Yes 8-foldCV Leads: 12 leads inter-beat Spe: 86.30

Subjects: 1120MI, Sen: 65.90

10452Normal fromPTBdatabase

3 (Lu et al 2000) Neuro-fuzzy classifier No NC Leads: 12 leads, inter-beat ACC: 89.40

Subjects: 20 normal, 104MI Spe: 90.00

Sen: 84.60

4 (Haraldsson et al

2004)
ANN Yes 3-foldCV Leads: 12 leads inter-beat ACC: 94

Subjects: 2238 ECGs, AUC: 83.40

699men and 420women forMI group, 578men and 541women forNormal

group

5 (Zheng et al 2006) SVM No 10-fold CV Leads: 192-lead body surface potentialmaps inter-beat ACC: 82.80

Subjects: 57MI, 59Normal fromPTBdatabase Pre: 86.30

Spe: 88.10

Sen: 77.20

6 (Arif et al 2010) BPNN+PCA No NC Leads: 12 leads inter-beat ACC: 93.70

Subject: 148MI and 52Normal fromPTBdatabase Spe: 99.10

Sen: 97.50

7 (Sun et al 2012) LTMIL+SVM No 10-fold CV Leads: 12 leads inter-beat ACC: 90.00

Subject: 369MI, 79Normal fromPTBdatabase Spe: 82.40

Sen: 92.60

8 (Arif et al 2012) KNN No 10-fold CV Leads: 12 leads inter-beat ACC: 98.30

Subjects: 10 types ofMI and 1 healthy fromPTBdatabase Spe: 99.90

Sen: 99.97

9 (Chang et al 2012) HMMs+GMMs No NC Leads: LeadsV1-V4 inter-beat ACC: 85.71

Subjects: 1129 samples of heartbeats; 582MI, 547Normal Spe: 79.82

Sen: 85.71

10 (Safdarian et al
2014)

NB No NC Leads: Lead II inter-beat ACC: 94.74

Subjects: 290 subjects and 549 records fromPTBdatabase

11 IBA+LMNN No NC Leads: Lead III inter-beat ACC: 98.90
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Table 1. (Continued.)

No. Author, Year Methods End-to-End No. K-foldCV Dataset (No. of leads, Subjects)
Division

Solutions Performancea

(Kora and
Kalva 2015)

Subjects: 52Normal Spe: 92.20

148MI fromPTBdatabase Sen: 93.34

12 (Sharma et al

2015)
SVM-RBF No 5-foldCV Leads: 12 leads inter-beat ACC: 96.00

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 99.00

Sen: 93.00

13 (Acharya et al
2016)

DWTcoefficients+KNN No 10-fold CV Leads: LeadV5 inter-beat ACC: 98.80

Subjects: 52 normal, 148MI fromPTBdatabase Spe: 96.27

Sen: 99.45

14 (Acharya et al
2017a)

DCT coefficients+KNN No 10-fold CV Leads: Lead II inter-beat ACC: 98.50

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 98.50

Sen: 99.70

15 (Kumar et al

2017)
LS-SVM-RBF No 10-fold CV Leads: Lead II inter-beat ACC: 99.31

Subjects: 52Normal and 148MI fromPTBdatabase Spe: 98.12

Sen: 99.62

16 (Khatun and
Morshed 2017)

BTs No 10-fold CV Leads: 12 leads inter-beat ACC: 99.7

Subjects: 79 normal, 346MI fromPTBdatabase Pre: 99.32

Spe: 100.00

Sen: 99.41

F1: 99.36

17 (Acharya et al
2017a)

CWT-based controlet+KNN No 10-fold CV Leads: 12 leads inter-beat ACC: 99.55

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 99.24

Sen: 99.93

18 (Dohare et al
2018)

SVM+PCA No 10-fold CV Leads: 12 leads inter-beat ACC: 98.33

Subjects: 60MI, 60Normal fromPTBdatabase Spe: 100.00

549 records from290 subjects Sen: 96.66

19 (Diker et al 2018) GA+SVM No 10-fold CV Leads: 12 leads inter-beat ACC: 87.80
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Table 1. (Continued.)

No. Author, Year Methods End-to-End No. K-foldCV Dataset (No. of leads, Subjects)
Division

Solutions Performancea

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 88.67

Sen: 86.97

20 (Sharma and

Sunkaria 2018)
SWT+SVM No 10-fold CV Leads: Lead-II, III and aVF inter-beat ACC: 98.84

Subjects: 148MI, 52Normal fromPTBdatabase Pre: 98.41

Spe: 98.29

Sen: 99.35

21 (Han and

Shi 2019)
SVM-RBF, BPNN, Bagging No 10-fold CV Leads: 12 leads inter-

patient

ACC: 99.75

Subjects: 148MI, 52Normal fromPTBdatabase Pre: 99.70

Spe: 99.37

Sen: 99.37

F1: 99.54

22 (Zhang et al
2019a)

SAE+TB Yes 10-fold CV Leads: Lead II inter-

patient

ACC:99.90

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 99.52

Sen: 99.98

23 (Zeng et al 2020) RBF- neural network No 10-fold CV Leads: 15 leads inter-beat ACC: 97.98

Subjects: 148MI, 52Normal fromPTBdatabase Pre: 99.45

Spe: 97.44

Sen: 98.09

24 (Kayikcioglu et al
2020)

Weighted KNN No 10-fold CV Leads: LeadsV1-V5 inter-beat ACC: 94.23

Subjects: European ST-T (70 ECG recordings),MIT-BIH Spe: 98.15

Arrhythmia database (46 different patients) and Long-Term ST (70 ECG
recordings)

Sen: 95.72

F1: 95.30

25 (Liu et al 2020) Dual-QTQWT+DWPT+MPCA+TB No 10-fold CV Leads: 12 leads and 3 Frank leads (VX,VY,VZ) inter-beat ACC: 97.46

Subjects: 78Normal, 328MI fromPTBdatabase Spe: 90.26

Sen: 99.09

26 (Lin et al 2020) KNN No 10-fold CV Leads: 12 Leads inter-beat ACC: 99.57

Subjects: 148MI and 52Normal fromPTBdatabase Spe: 98.79

Sen: 99.82

27 No 40 cine-MRI inter-beat ACC: 97.5
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Table 1. (Continued.)

No. Author, Year Methods End-to-End No. K-foldCV Dataset (No. of leads, Subjects)
Division

Solutions Performancea

(Valizadeh et al
2021)

Parametric-based technique+spherical
harmonic-based feature selection+PCA

leave-one-out cross-

validation scheme

SVM/KNN/RF Subjects: 20Normal and 20MI from the automated cardiac diagnosis challenge

database

Spe: 98.79

Sen: 99.82

28 (Shahnawaz and
Dawood 2021)

ANN Yes 10-fold CV Leads: single lead inter-beat ACC: 99.10

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 98.10

Sen: 100.00

F1: 99.00

29 (Panchavati et al
2021)

Gradient boosted treemodel No 3-foldCV Subjects: 253MI, 1600Normal, inter-beat Spe: 70.00

Electronic health records (age, glucose, systolic/diastolic blood pressure, etc) Sen: 87.00

AUC: 87.00

30 (Sulthana and
Jaithunbi 2022)

Probabilistic PCA+multi-linear regres-

sion+RBF based SVMs

No 5 -fold CV 517 tuples with 20 attributes, inter-beat ACC: 94.03

Clinical tests

31 (Mohammad et al

2022)
ANN Yes NC Subjects: 139288MI in the SWEDEHEART registry and 30971MI in theWestern

DenmarkHeart Registry Clinical data (age, sex,medical history, etc)
inter-beat Pre: 26.00

Spe: 76.60

Sen: 80.20

AUC: 85.00

a The performancemetrics across studies are not directly comparable due to differences in ECGacquisition (e.g. number of leads), subjects andmethodology.

ACC: Accuracy, Sen: Sensitivity, Spe: Specificity, Pre: Precision, AUC: Area under theCurve, F1:F1-score, NC: not considered.
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Table 2. Summary of deep learning-based publications onMI diagnosis.

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

1 (Acharya et al 2017b) DCNN Yes 10-

foldCV

Leads: Lead II inter-beat ACC: 95.22

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 94.19

Sen: 95.49

2 (Reasat and
Shahnaz 2017)

DCNN Yes NC Leads: Leads II, III andAVF inter-beat ACC: 84.54

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 84.09

Sen: 85.33

3 (Lui andChow 2018) DCNN-LSTM Yes 10-

foldCV

Leads: Lead I inter-beat Pre: 97.20

Subjects: 148MI and 52Normal fromPTBdatabase Spe: 97.70

Sen: 92.40

F1: 94.60

4 (Baloglu et al 2019) DCNN Yes kNC Leads: leadV4 inter-beat ACC: 99.78

Subjects: 52Normal, 148MI fromPTBdatabase Pre: 99.83

Spe: 99.97

Sen: 99.8

F1: 99.80

5 (Tripathy et al 2019) DL-LSSVM No 5-foldCV Leads: 12 leads inter-beat ACC: 99.97

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 99.95

Sen: 100.00

6 (Zhang et al 2019b) GADF+PCANet+ Linear SVM No 5-foldCV Leads: Lead II inter-

patient

ACC: 99.49

Subjects: 52Normal, 148MI fromPTBdatabase Pre: 99.61

Spec: 98.08

Sen: 99.78

7 (Feng et al 2019) DCNN+LSTM Yes 10-

foldCV

Leads: Lead I inter-beat ACC: 95.40

Subjects: 148MI, 52Normal fromPTBdatabase Spe: 86.50

Sens: 98.20

F1: 96.8

8 (Liu et al 2019) MFB-CBRNN+BLSTM Yes 5-foldCV Leads: 12 leads inter-

patient

ACC: 99.90

Subjects: 148MI, 52Normal fromPTBdatabase Pre: 99.91
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Table 2. (Continued.)

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

Spe: 99.54

Sen: 99.97

9 (Strodthoff and
Strodthoff 2019)

DCNN-FC Yes 10-

foldCV

Leads:12 leads inter-beat Spe: 89.7

Subjects: 127MI, 52Normal Sen: 93.3

10 (Gupta et al 2020) DCNNQuak Yes 100-

foldCV

Leads: 12 leads alongwith 3 Frank leads inter-beat ACC:94.67

Subjects: 52Normal, 148MI fromPTBdatabase

11 (Han and Shi 2020) ML-ResNet Yes 5-foldCV Leads: 12 leads inter-

patient

ACC: 95.49

Subjects: 52Normal, 113MI fromPTBdatabase Spe: 97.37

Sen: 94.85

F1: 96.92

AUC: 98.00

12 (Kim et al 2020) AutomaticU-Net+MonteCarlo dropout Yes NC Leads: NC inter-beat Dice score: 80.60

Subjects: 14 coronary artery disease, 8 hypertrophic cardiomyopathy, and

13Normal

13 (Natesan and
Gothai 2020)

DCNN+DA Yes NC Leads: 12 leads inter-beat ACC: 92.72

Subjects: 148MI, 52Normal fromPTBdatabase

14 (Fu et al 2020) MLA-DCNN-BiGRU Yes 5-foldCV Leads: 12 leads inter-

patient

ACC: 96.50

Subjects: 148MI, 52Normal fromPTBdatabase Spe:93.34
Sen:97.10

15 (Tadesse et al 2021a) Transfer learning+Longitudinal Yes 10-

foldCV

Leads: 12 leads inter-beat ACC: 73.20

Subjects: 148MI, 52Normal fromPTBdatabase; 11853MI, 5528Normal

fromGCI database

Pre: 83.90

Spe: 68.60

Sen: 75.30

F1: 79.40

AUC: 79.8

16 (Jahmunah et al 2021) DCNN Yes 10-

foldCV

Leads: Lead II inter-beat ACC: 99.95

Subjects: 148MI, 92Normal fromPTBdatabase Pre: 99.58
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Table 2. (Continued.)

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

Spe: 99.95

Sen: 99.95

17 (Garland et al 2021) InceptionResNet v2 Yes 5-foldCV 150 images: 50Normal, inter-beat ACC: 100.00

50AcuteMI, and 50OldMI,Histology slides F1: 100.00

18 (Tadesse et al 2021b) GoogLeNet (Inception - v3)+ Spectral-longitudinal

model

Yes 5-foldCV Leads: 12 leads inter-beat ForGCI database:

Subjects: 148MI, 52Normal fromPTBdatabase; 11853MI, 5528Normal

fromGCI database

Pre: 90.00

Spe: 83.00

Sen: 68.00

AUC: 85.00

For PTB database:

Pre: 98.00

Spe: 95.00

Sen: 66.00

AUC: 94.00

19 (Jian et al 2021) DCNNs-basedmulti-lead features-concatenate narrow

network

No 5-foldCV Leads: 12 leads inter-

patient

ACC: 95.76

Subjects: 148MI, 52Normal fromPTBdatabase; 11853MI, 5528Normal

fromGCI database

20 (Wang et al 2021) Multitask attention learningmodel Yes NC 2414 hand images from301 patients (182males and 119 females), inter-beat ACC: 82.06

Spe: 83.39

Sen: 80.20

F1: 83.86

AUC: 81.27

21 (Rai and
Chatterjee 2021)

DCNN-LSTM+ensemble technique Yes NC Leads: Lead IIs: 52Normal, 148MI fromPTBdatabase; 47 subjects from

MIT-BIH arrhythmia database

inter-beat ACC: 99.89

Pre: 99.05

Spe: 99.91

Sen: 99.62

F1: 99.34
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Table 2. (Continued.)

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

22 (Hammad et al 2021b) DCNNmethod based on focal loss Yes 5-foldCV Leads: 12 leads inter-

patient

ACC: 98.84

Subjects: 147MI, 53Normal fromPTBdatabase Spe: 98.31

Sen: 97.63

F1: 97.92

23 (He et al 2021) DCNN+active learning Yes 5-foldCV Leads: 12 leads inter-

patient

ACC: 96.99

Subjects: 113MI, 52Normal fromPTBdatabase, Pre: 96.87

Subjects: 2784MI, 1967Normal fromPTB-XL database Spe: 99.40

Sen: 96.86

F1: 96.87

24 (Yadav et al 2021) DCNN Yes NC Leads: 3 Frank leads, Subjects: 66MI, 80 normal, and 148 records from

PTBdatabase

inter-beat ACC: 99.82

Spe: 99.65

Sen: 100.00

AUC: 100.00

25 (Degerli et al 2021) Deep encoder-decoder CNN+SVM No 5-foldCV Images: inter-beat ACC: 80.24

2349 images Pre: 86.85

Subjects: 72MI and 37 non-MI, Echocardiography Spe: 74.03

Sen: 83.09

F1: 84.83

26 (Rai et al 2021) DCNN+LSTM No NC Leads: Lead II inter-beat ACC: 99.80

Subjects: 52Normal, 148MI fromPTBdatabase Pre: 99.80

Spe: 99.80

Sen: 99.80

F1: 99.80

27 (Wang et al 2021) DCNN-based residual network Yes NC Leads: 12 leads inter-beat Pre: 83.00

18,885 patients fromPTB-XL database; Spe: 95.10

10,646 patients fromChapmanUniversity and Shaoxing People’sHospital

(Zheng et al 2020)
Sen: 95.10

F1: 88.60

AUC: 97.70
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Table 2. (Continued.)

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

28 (Guo et al 2021) Polar residual network No NC Balanced dataset: 2,370 infarct, 2,370 normal; inter-beat ACC: 98.90

Unbalanced dataset: 2,370 infarct, 13,056 normal; Pre: 99.60

Myocardial contrast echocardiography (MCE) Spe: 99.60

Sen: 99.60

F1: 99.60

AUC: 99.90

29 (Xiong et al 2021) Densely connectedDCNN-basedmulti-lead localiza-

tionmethod

Yes 10-

foldCV

Leads: 12 leads inter-beat ACC: 99.87

Subjects: 52Normal, 148MI fromPTBdatabase Spe: 99.98

Sen: 99.84

30 (Cao et al 2021) DCNN-basedmultichannel lightweightmodel Yes 10-

foldCV

Leads: LeadsV2, V3, V5, aVL inter-

patient

ACC:96.65

Subjects: 147MI, 53Normal fromPTBdatabase Spe: 97.72

Sen: 94.30

AUC: 96.71

31 (Borisov et al 2021) Linear SVM+PCA No NC Leads: 12 leads inter-beat NC

30MI, 42 normal

32 (Chen et al 2022) FrameworkA (BaselineCNN)+Framework B (Con-
text EncoderNetwork)

No NC Images: 904Delayed Enhancement cardiacMRI slices inter-beat Dice score: 66.80

Jaccard index:

52.4

33 (Liu et al 2022) EvolvingMulti-branchNetwork No 5-foldCV Leads: 12-leads inter-

patient

Based on PTB

database:

Subjects: 148MI, 52Normal fromPTBdatabase; 21,837 records from the

PTB-XL database

ACC: 97.11

Pre: 98.01

Spe: 90.20

Sen: 98.53

F1: 98.30

Based on PTB-XL

database:

ACC: 90.80

Pre: 94.73

Spe: 85.88

Sen: 92.59

16

P
hysiol.M

eas.43
(2022)08T

R
01

JH
assan

n
atajJolou

darietal



Table 2. (Continued.)

No. Author, Year Methods

End-

to-End

No.

K-foldCV Dataset (No. of leads, Subjects)
Division

Solution Performancea

F1: 93.60

34 (Wang et al 2022) Integrating deep auto-weighted supervision and pixel-

wise attention network

Yes NC subjects:Multi-sequence cardiacMRI, including bSSFP, LGE, T2, from 45

patients

inter-beat Dice score: 72.00

Jaccard coeffi-

cient: 57.70

Hausdorff

Distance: 14.12

35 (Wang et al 2022) GAN+DCNN Yes 5-foldCV Leads: Lead I inter-beat Acc: 99.06

Subjects: 52Normal, 148MI fromPTBdatabase Pre: 99.14

Spe: 98.65

Sen: 99.33

F1: 99.24

G-Mean: 98.99

a The performancemetrics across studies are not directly comparable due to differences in ECGacquisition (e.g. number of leads), subjects andmethodology. ACC: Accuracy, Sen: Sensitivity, Spe: Specificity, Ppv: Positive Predictive Value,

Pre: Precision, AUC:Area under the Curve, F1:F1-score, G-Mean: GeometricMean,NC: not considered.
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not be available in allmedical centers. Therefore, striving tomakeDLmethods cloud-compatible is a stepping
stone toward thewide application ofDL in a clinical setting. Currently, the limitation ofDL is itsmassive
memory consumption, whichmakes cloud storage impractical (Tobore et al 2019). Hence, in terms of future
work onDL-basedMI detection, it is desirable to develop practical clinical decision support tools capable of
being used both in and out of the hospital, like infigure 7. As can be seen in the setup offigure 7, wearable devices
act as an interface between the patient and remotemedical services. Another important weakness ofDL is its
black box behavior. To cover this weakness, studies have been conducted in the field of explainable AI
algorithms (Tjoa andGuan 2020). Using these types of algorithms in the field ofmedicine will definitely have a
bright future.

Additionally, further improvement and reliability ofMI detection usingDL is also a possible direction for
futureworks. Furthermore, it is desirable to reduce the time of input signal preparation and preprocessing.
Heart rate signals extracted fromECGcan be used forMI detection (Jayachandran 2010, Loh et al 2022). The
heart rate signals demand lower bandwidth, so using those yields a significant reduction inmemory
requirement. Alternatively, heart rate signalsmay be obtained fromphotoplethysmography signals (Loh et al
2022) acquired usingwearable devices (e.g. wristwatch).

Figure 5.The number of published papers onmyocardial infarct diagnosis usingmachine learning and deep learning-basedmethods
between 1992 and 2022.

Figure 6. (a)Pie chart representation of the number ofDL publications versusMLpublications inMI detection, (b)Box-and-whiskers
plot ofmodel accuracy score forDL andMLpublications.
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6. Conclusion

ECG signals are frequently used to screen forMI.On the other hand,manual ECG analysis is time-consuming
and subject to bias.MLmethods rely on handcrafted features based on ECG signals, whereasDL is capable of
automatic feature extraction.We reviewed themethods based onML andDL forMI diagnosis. To this end,
several papers were collected based on search keywords. Thirty-one papers focused onMLmethods and thirty-
five onDLmethods. According to the reviewed papers, DCNNmodels yield the highest accuracy forMI
diagnosis inDL. As a result,many researchers have usedDLmethods in recent years. Nevertheless, as with any
othermethod, DL has its drawbacks aswell, which need urgent improvements in future work.
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