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Abstract

Myocardial infarction is a leading cause of global mortality. Electrocardiograms (ECG)
are the standard diagnostic tool; however, even among medical experts, the accuracy
of ECG-supported diagnoses varies. To improve diagnostic accuracy, deep learning has
emerged as a promising approach. Although numerous studies demonstrate its potential,
the field lacks a unified characterization of state-of-the-art methods using ECG images.
This systematic review, following PRISMA guidelines, addresses this gap by analyzing
studies presenting deep learning models trained on ECG images for myocardial infarction
detection. Searches across six scientific databases yielded 361 records, which were filtered to
47 articles using inclusion, exclusion, and quality criteria. Guided by 12 research questions,
this review contributes (i) a characterization of deep learning architectures for myocardial
infarction detection using ECG images; (ii) an assessment of training and evaluation
practices of deep learning models; (iii) a description of state-of-the-art results in terms of
machine learning metrics; (iv) a pioneering exploration of the use of vision transformers
for myocardial infarction detection; (v) a compilation of ECG databases; and (vi) future
research directions aimed at advancing deep learning approaches for myocardial infarction
detection, e.g., involving domain experts in evaluating deep learning models to guarantee
their safe deployment in clinical settings.

Keywords: deep learning; myocardial infarction; electrocardiogram; ECG; ECG classification;
computer vision; machine learning

MSC: 68T01; 68T45

1. Introduction
Cardiovascular diseases, in particular myocardial infarction, remain the leading cause

of global mortality [1] and a major contributor to the burden on the health system world-
wide [2]. Accurate early diagnosis of myocardial infarction is essential to prevent catas-
trophic outcomes, a task for which the electrocardiogram (ECG) serves as the standard
diagnostic tool [3]. Indeed, the ECG provides data on cardiac rhythm, electrical conduction,
and morphology [4].

However, even among medical experts, ECG-supported diagnoses and, consequently,
diagnostic accuracy vary due to differences in interpretation and diagnostic skills [5].
This problem is exacerbated by the global disparity in access to specialized cardiologists,
a disparity that persists even within developed countries [6]. In contrast, there is a rapidly

Mathematics 2026, 14, 613 https://doi.org/10.3390/math14040613

https://crossmark.crossref.org/dialog?doi=10.3390/math14040613&domain=pdf&date_stamp=2026-02-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-6252-6169
https://orcid.org/0000-0002-0590-1698
https://orcid.org/0000-0002-9629-7050
https://doi.org/10.3390/math14040613


Mathematics 2026, 14, 613 2 of 29

growing volume of ECG data generated by modern electronic health devices, e.g., [7],
that can be used to improve diagnosis. These scenarios create an urgent imperative for
advanced analytical tools to standardize the interpretation of ECGs and provide diagnostic
support to overburdened or non-specialized physicians. Consequently, artificial intelligence
techniques, particularly those combined with computer vision models, have emerged as one
of the most investigated solutions for automated ECG analysis and myocardial infarction
detection [8,9].

Due to the importance of myocardial infarction for population health and the growing
use of artificial intelligence techniques in this domain, numerous reviews have been con-
ducted on related topics. In general, those reviews differ in both methodology and scope.
Regarding methodology, there are narrative reviews [10–12], bibliometric analysis [13],
scoping reviews [14–16], and systematic reviews [8,17–25].

Focusing on systematic reviews (comparable to the present work) and analyzing their
scope, some are highly specialized. For example, certain reviews concentrate on arrhyth-
mia associated with myocardial infarction (e.g., [24]), ECG wearables for cardiac health
monitoring (e.g., [25]), or machine learning models trained exclusively on 12-lead ECGs
(e.g., [20]). Alternatively, some systematic reviews adopt a broader scope; for instance,
Petmezas et al. [17] examined deep learning models trained on ECG data published within
a two-year range (2020–2021), categorizing them by application domain, e.g., cardiovascular
disease diagnosis, sleep analysis, biometric recognition, among others. Also broad in scope,
Musa et al. [8] analyzed scientific articles presenting deep learning models trained on ECGs
regardless of their application domain (as in [17]). Likewise, Wu and Guo [21] conducted a
systematic review focused on deep learning and electrocardiography to determine which
cardiovascular diseases are being diagnosed using deep learning models trained on ECGs.
Analogously, application-domain agnostic, the systematic survey by Khalid et al. [18] fo-
cused on ECG classification, searching Scopus, PubMed, and IEEE Xplore, and selecting
90 articles. However, their search string included only “ECG classification”, “electrocar-
diogram classification”, and “deep learning”, which may have excluded relevant articles
(e.g., those using the phrase “classification of ECGs”). Additionally, their analysis was
guided by only two specific research questions. Oke and Cavus [19] searched for articles
presenting machine learning models trained on ECG data for detecting and predicting heart
conditions (e.g., arrhythmia). However, their review aimed to assess the impact of artificial
intelligence on cardiology rather than recent advances in deep learning for myocardial
infarction detection. Similarly comprehensive in scope, Fuadah and Lim [22] and Pandey
et al. [23] examined work on machine learning algorithms (including deep learning) for
classifying cardiovascular diseases in general.

The main differences of this work from other systematic reviews are as follows. This
work focuses on deep learning models trained exclusively on ECG images, whereas
other reviews considered models trained on either ECG images or time series signals
(a.k.a., leads or derivations), which may require different algorithms. This review
is the only systematic review involving vision transformers (as the search string in-
cluded related terms). Furthermore, this review posed a set of research questions em-
phasizing evaluation aspects, such as whether domain experts were involved. More-
over, unlike Zworth et al. [20], Fuadah and Lim [22], Pandey et al. [23], who focused on
machine learning models (e.g., random forest and gradient boosting), the present
systematic review concentrates exclusively on deep learning models, and in contrast
to Musa et al. [8], Petmezas et al. [17], Khalid et al. [18], Wu and Guo [21], who analyzed
works using deep learning models trained on ECGs regardless of their application do-
main, this review focuses specifically on myocardial infarction detection. To the best
of the authors’ knowledge, it is the first systematic review to discuss uncertainty quan-
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tification in myocardial infarction diagnosis. Finally, unlike in the work of Petmezas
et al. [17], Oke and Cavus [19], Wu and Guo [21], Fuadah and Lim [22], Pandey et al. [23],
no time constraints were applied to the searches for scientific articles; however, a publication
period of relevant articles emerged as one of the findings of this systematic review.

The objective of this systematic review is to characterize the state of the art in myocar-
dial infarction detection using deep learning models trained on ECG images. To achieve this
objective, the methodology adopted for this review was based on the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [26], which are
widely used for conducting systematic surveys across diverse domains, e.g., [27]. Accord-
ingly, systematic and reproducible searches were performed in six scientific databases:
ACM Digital Library, IEEE Xplore, PubMed, ScienceDirect, Scopus, and Web of Science.
The consolidated search results yielded 361 article records, which were filtered using in-
clusion, exclusion, and quality criteria to ensure the analysis of relevant scientific articles.
This process resulted in 47 selected articles proposing deep learning models trained on
ECG images for myocardial infarction detection. Subsequently, a bibliometric analysis was
conducted using the selected articles. Afterward, a comprehensive analysis and synthesis
of the selected articles were performed and guided by a set of research questions designed
to examine myocardial infarction detection using deep learning models trained on ECG
images, considering aspects such as deep learning architectures, available databases, target
classes, model training and evaluation practices, and quantitative results (see Section 2.1
for details).

By addressing the proposed research questions, this systematic review makes the
following contributions:

• A characterization of deep learning architectures for myocardial infarction detection
using ECG images exclusively.

• An assessment of training and evaluation practices of deep learning models trained
on ECG images for myocardial infarction detection.

• A description of state-of-the-art results in terms of machine learning metrics for deep
learning models detecting myocardial infarction.

• A pioneering exploration of the use of vision transformers trained on ECG images for
myocardial infarction detection.

• A compilation of available ECG databases that can be used to train deep learning
models to detect cardiac conditions.

• A set of future research directions aimed at advancing deep learning approaches for
myocardial infarction detection and addressing existing research gaps (identified from
the analysis of the selected articles).

This article is structured as follows. Section 2 describes the methodology used in the
present systematic review and lists the research questions that guided this work. Section 3
presents the search results and the answers to the proposed research questions. Section 4
discusses the results derived from the research questions posed. Section 5 includes a set
of future research directions to advance the field of myocardial infarction detection using
deep learning. Finally, Section 6 presents concluding remarks.

2. Method
The methodology for conducting this review was based on the PRISMA guidelines [26]

for reporting systematic reviews. The protocol for this systematic review has been registered
with the Open Science Framework (OSF) of the Center for Open Science (see [28]).

This section presents (i) the research questions that guided the analysis of the scientific
literature; (ii) the search strategy used to identify related research articles; (iii) the inclusion,
exclusion, and quality criteria used to screen relevant research articles; (iv) the procedure
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followed to extract data from the selected articles; and (v) the synthesis method to answer
the research questions.

2.1. Research Questions

The research questions (RQs) posed in this systematic review are as follows:

• RQ1. What deep learning architectures are commonly used to detect myocardial
infarction on ECG images?

• RQ2. Is transfer learning utilized in research on myocardial infarction detection using
deep learning? If so, which techniques are applied?

• RQ3. What class labels are used by deep learning models for the detection of myocar-
dial infarction?

• RQ4. At what level of detail do works on myocardial infarction detection describe
their deep learning models?

• RQ5. What metrics are used to evaluate deep learning models for myocardial infarction
detection?

• RQ6. What are the best reported results for the detection of myocardial infarction
supported by deep learning?

• RQ7. What ECG datasets are used to train and test the deep learning models for the
detection of myocardial infarction?

• RQ8. How many ECG leads, and which ones, are used to train deep learning models
for myocardial infarction detection?

• RQ9. Are ECG datasets used to train deep learning models for the detection of my-
ocardial infarction imbalanced? If so, how do research efforts tackle class imbalance?

• RQ10. Do works on myocardial infarction detection generate synthetic data for
training their models?

• RQ11. What preprocessing techniques are used for the detection of myocardial infarc-
tion supported by deep learning?

• RQ12. What future work directions are proposed by research efforts focused on
myocardial infarction detection supported by deep learning?

It should be noted that some of the above research questions have more than one
reason for being proposed. Overall, the rationale behind their formulation is as follows.
Research questions RQ1 and RQ2 were posed to explore what deep learning architectures,
either well-known or customized, are used to detect myocardial infarction and related
factors. Research question RQ3 was posed to identify the scope and specific objectives (in
terms of target classes) of deep learning models in the context of cardiovascular conditions
related to myocardial infarction. Research questions RQ2, RQ4, RQ7, RQ8, RQ10, and RQ11
were posed to explore aspects related to reproducibility. Research questions RQ5 and RQ6
were designed to explore performance evaluation practices and characterize state-of-the-art
quantitative results, respectively. Research question RQ7 was posed to identify relevant
ECG datasets (and their characteristics) that can be used to train deep learning models.
Research question RQ8 was posed to determine what ECG leads are used to train deep
learning models within this application domain. Research questions RQ2, RQ8, RQ9, RQ10,
and RQ11 were designed to explore model training practices. Finally, research question
RQ12 was posed to explore possible research gaps within the field identified by authors of
the selected articles.

2.2. Search Strategy

To focus the analysis on scientific articles related to the detection of myocardial infarc-
tion and related factors using ECG images supported by deep learning, the structure of
the search string (Figure 1) consisted of keywords related to (i) ECGs; (ii) deep learning
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and computer vision; (iii) images; and (iv) myocardial infarction. Relevant terms were
included either as acronyms or in their full form: convolutional neural network (CNN),
vision transformer (ViT), myocardial infarction (MI), electrocardiogram (ECG and EKG),
acute coronary syndrome (ACS), acute myocardial infarction (AMI), segment elevation
(STE), and segment elevation myocardial infarction (STEMI).

In addition, based on a round of preliminary searches and in order to retrieve a list
of potentially relevant scientific articles, the search string (Table 1) also included a set
of exclusion terms. These terms (e.g., “image registration” and “electroencephalogram”)
appeared in the titles and abstracts of several articles unrelated to the objective of this
systematic review and were therefore excluded from the searches.

The keywords were selected based on (i) their relevance to the objective of this sys-
tematic review and (ii) an exploration of suitable synonyms and related terms. Whereas
some keywords were specific, e.g., ViT and STEMI, others were general, e.g., deep learning
and electrocardiogram, which resulted in a representative list of contextually significant
scientific articles. It is worth mentioning that the search results were not restricted to a
given time period to include both recent and pioneering scientific articles. The full search
string is reported in Table 1.

The searches were conducted on 21 February 2025 using the following scientific
databases: ACM Digital Library, IEEE Xplore, PubMed, ScienceDirect, Scopus, and Web of
Science. Databases that may include gray literature and non-peer-reviewed articles such as
arXiv and Google Scholar were not included because this systematic review is focused on
peer-reviewed scientific articles and supported by reproducible search results.

Figure 1. Structure of the search string.

Table 1. Search string.

Keyword Category Keywords

Electrocardiogram “electrocardiog*” OR “ecg*” OR “ekg*”

Deep Learning and Computer Vision
“convolutional” OR “cnn*” OR “convolution*”
OR “transformer*” OR “deep learning” OR
“computer vision” OR “VIT”

Image “imag*”

Myocardial Infarction

“myocardial infarct*” OR “heart attack*” OR
“heart arrest*” OR “ste” OR “stemi” OR “ami”
OR “segment elevation” OR “mi” OR “acs” OR
“acute” OR “coronary syndrome” OR
“st-elevation” OR “st elevation”

Terms to be excluded

“image registration” OR “EEG*” OR
“tomograph*” OR “tomography” OR “mri*” OR
“non–ECG-gated” OR “expression recognition”
OR “echo*” OR “ct” OR “emotion*” OR
“psych*” OR “apnea” OR “flu” OR
“electroencephalogram*” OR “multiomic*” OR
“x-ray” OR “ica” OR “angiography” OR “cta”
OR “instead of ECG*”
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2.3. Selection Criteria

The selected articles analyzed in this systematic review were screened using exclusion,
inclusion, and quality criteria (Figure 2).

Figure 2. Article screening process.

The exclusion criteria were as follows:

• Articles written in languages other than English.
• Articles presenting reviews, overviews or surveys.
• Retracted articles.

The inclusion criteria were as follows:

• Articles related to the detection of myocardial infarction (and associated factors).
• Articles proposing systems whose input is an ECG image.
• Articles using images with plotted derivations.
• Articles proposing deep learning models.
• Articles using ECGs of human subjects.

The quality criteria were as follows:

• Articles presenting quantitative performance evaluations of their deep learning models.
• Articles following a structured research methodology, e.g., articles reporting a

pipeline for training and evaluating their deep learning models as well as discussing
their results.

The selection criteria were applied in the following order. Firstly, the raw search results
obtained from the six scientific databases were combined into a single file and duplicates
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were removed. Afterward, the exclusion criteria were applied. It should be noted that even
though some of the search engines allowed filtering articles based on some of the exclusion
criteria, their search results included a few rejected articles, articles not written in English,
or articles presenting reviews, overviews or surveys. Then, the exclusion criteria were
applied manually by skimming through article titles and abstracts, as well as by visiting
their official websites to look for rejection notices. Subsequently, the inclusion criteria were
applied, first by reading article titles and abstracts, and when it was infeasible to make a
decision based on these, the full text of the article was read. Once the inclusion criteria
were applied, the remaining articles were carefully read in full to assess them against the
quality criteria. It should also be noted that the three authors of this systematic review
independently applied both the inclusion and quality criteria. In cases where complete
agreement was not reached, the inclusion of the articles was discussed until a consensus
was reached.

2.4. Data Collection Process and Data Extraction Strategy

To collect and consolidate relevant data items associated with the research questions
posed in this systematic review, a database consisting of a single table (representing a data
extraction form) was created. Whereas a record was associated with a selected article,
the fields were associated with the research questions. Afterward, a couple of selected
studies were used to pilot (and adjust) the data extraction form. Subsequently, the selected
articles were read in full to identify data items (e.g., deep learning architectures) relevant to
answering the posed research questions.

2.5. Synthesis Method

The data extracted from the selected articles were carefully examined by means of
interpretation, abstraction, categorization, and integration. The synthesis process was
performed collaboratively by the authors of this systematic review.

3. Results
This section presents the search results (Section 3.1), descriptive statistics on the se-

lected articles (Section 3.2), and the answers to the proposed research questions (Section 3.3).

3.1. Search Results

Figure 2 summarizes the article identification and screening process. A total of
361 article records were retrieved from the six scientific databases selected for this system-
atic review. Afterward, the search results were consolidated, and 121 duplicate records
were removed. Then, the selection criteria (defined in Section 2.3) were applied to the
remaining 240 articles. As a result of applying the exclusion, inclusion, and quality criteria,
21, 166, 6 articles were removed, respectively. The screening process identified 47 articles
focused on myocardial detection using deep learning models, with ECG images as input.

3.2. Selected Studies Statistics

The selected studies were published as journal articles (51.06%), conference papers
(46.81%), and book chapters (2.13%). For these 47 manuscripts, Table 2 presents the
distribution of impact factor quantiles and rankings for journals and conferences where the
selected articles were published, respectively. Whereas the quantiles were extracted from
the most recent Journal Citation Reports by Clarivate at the time of writing this present
article, the conference rankings were obtained from the CORE rankings published by the
Computing Research and Education Association of Australasia.
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Table 2. Distribution of impact factor quantiles and rankings for journals and conferences where
the selected articles were published. Only 46 papers are listed here, as 1 of the 47 selected articles
corresponds to a book chapter.

Frequency

Journals
Q1 13
Q2 6
Q3 2
Q4 1

Not indexed 2

Conferences
A+ 0
A 1
B 0
C 3

Not ranked 18

The most frequent publication sources were Scientific Reports, IEEE Access, and In-
ternational Conference on Computing Communication and Networking Technologies,
with three, two, and two selected articles, respectively. This suggests that no publication
source concentrated research studies on deep learning for myocardial infarction detection
using ECG images. However, IEEE journals and IEEE conferences were prevalent as can be
observed in Figure 3 showing a word cloud constructed from the publication sources of
the selected articles. The word cloud of publication sources suggests that the scope of the
journals and conferences (where the selected articles were published) is mostly related to
computer science and, in particular, related to artificial intelligence applications. Figure 3
also shows that journals or conferences focused on medical advances are not predominant
among the publication sources of the selected articles.

As guided by the search string (reported in Table 1), in general, the domain of the
selected articles (as defined by their titles, see Figure 4) is characterized by topics related to
ECG images, deep learning models for detection and classification, and myocardial infarction.

Although no time window was defined in the search string, the retrieved articles were
published between 2018 and 2025, which emerged as an outcome of the search process.
In addition, as shown in Figure 5, there is a positive trend in the number of publications
by year (except for 2025, since the searches of this systematic review were carried out in
February 2025).

Figure 3. A word cloud generated from the publication sources of the selected articles.
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Figure 4. A word cloud generated from the titles of the selected articles.

Figure 5. Selected articles by publication year.

3.3. Data Synthesis: Responses to Research Questions

This section presents the responses to the research question posed in this systematic
review, which aims to characterize how myocardial infarction detection supported by ECG
images is performed using deep learning.

3.3.1. RQ1: What Deep Learning Architectures Are Commonly Used to Detect Myocardial
Infarction on ECG Images?

The most commonly used neural network architectures in the selected articles are,
firstly, customized ad hoc CNNs (see Figure 6), where authors define the number and
type of layers in the model. In second place, well-known architectures are employed.
The most widely used among these are EfficientNet [29], ResNet [30], DenseNet [31],
VGG [32], and InceptionNet [33]. Moreover, in [34] a siamese network is presented and
in [35] an ensemble model is used. Figure 6 shows the frequency distribution of all
architectures used in the selected articles. In addition, the deep learning models reported
in the selected articles fall into three architecture types: CNNs, transformers, and recurrent
neural networks (RNNs). Figures 6 and 7 list all the models found for each architecture type
and present the proportion of models corresponding to each type, respectively. It should
be noted that the sum of the deep learning models presented in Figures 6 and 7 exceeds the
number of selected articles because some authors (of the selected articles) included more
than one model.
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Figure 6. Taxonomy of deep neural network architectures for myocardial infarction. Numbers outside
the boxes indicate the frequency of each model within the selected articles.

Figure 7. Proportion of deep learning models grouped by architecture type for myocardial infarction
detection.

3.3.2. RQ2: Is Transfer Learning Utilized in Research on Myocardial Infarction Detection
Using Deep Learning? If So, Which Techniques Are Applied?

As shown in Figure 8a, 25 out of the 47 selected articles made use of transfer learning,
most of which employed fine-tuning without warm-up (see Figure 8b) to adapt their models
for myocardial infarction detection. This result aligns with the use of well-known deep
neural network architectures reported in Figures 6 and 7.
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(a) (b)

Figure 8. Use of transfer learning in the selected articles. (a) Percentage of selected articles using
transfer learning. (b) Usage proportion of transfer learning techniques.

Notice that 24 out of the 25 articles that use transfer learning were pre-trained on the
ImageNet dataset [36], one of which was jointly pre-trained with the COCO dataset [37],
and only one of these 25 articles reported been pre-trained directly using ECG images.
Nonetheless, all of them were fine-tuned using ECG images.

3.3.3. RQ3: What Class Labels Are Used by Deep Learning Models for the Detection of
Myocardial Infarction?

The most used target class labels (of the models presented in the selected articles)
are (i) normal, (ii) myocardial infarction, (iii) abnormal heartbeats, and (iv) history of
myocardial infarction; see Figure 9 for a complete list of target classes and their frequency.
In addition, each deep learning model for myocardial infarction detection grouped these
classes into target class sets. Among the most frequent sets are {normal, abnormal heartbeat,
myocardial infarction, history of myocardial infarction} and {normal, myocardial infarction}.
See Figure 10 for a list of common target class sets and their usage proportion.

Figure 9. Frequency of target classes used by deep learning models for myocardial infarction detection.
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Figure 10. Proportion of target class sets used by deep learning models for myocardial infarction
detection.

3.3.4. RQ4: At What Level of Detail Do Works on Myocardial Infarction Detection Describe
Their Deep Learning Models?

As shown in Figure 11, 59.57% of the deep learning models were completely described
in the selected articles. However, 12 out of the 47 articles provide only a partial description,
which makes it difficult to ensure reproducibility. Unfortunately, seven selected articles
provided no description of their models.

Figure 11. Proportion of selected articles providing a complete, partial, and no model description.

3.3.5. RQ5: What Metrics Are Used to Evaluate Deep Learning Models for Myocardial
Infarction Detection?

As observed in Figure 12, the most common performance metrics used to evaluate deep
learning models for myocardial infarction detection were accuracy, sensitivity, precision, F1
score, and specificity, which were used by 80.85%, 80.85%, 65.96%, 59.57%, and 38.30% of
the selected articles, respectively. Also, it should be mentioned that the median number
of metrics reported by the selected articles was 4. However, as indicated in Section 3.3.9,
most of the selected articles reported working with imbalanced datasets, and some perfor-
mance metrics of machine learning models trained on those datasets frequently mask poor
performance [38], e.g., accuracy. Then, metrics such as the area under the precision–recall
curve (only used by 8.51% of the selected articles) are among the most suitable performance
metrics for imbalanced datasets [38,39].
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Figure 12. Distribution of the performance metrics used by the selected articles.

3.3.6. RQ6: What Are the Best Reported Results for the Detection of Myocardial Infarction
Supported by Deep Learning?

To compare, to some extent, the quantitative results reported by the selected articles,
Table 3 and Figure 13 report their performance measures and distribution for the six most
used performance metrics (see Section 3.3.5), respectively. The metrics most used were
selected because more than 80% of the selected articles reported at least one of them. In fact,
only two selected articles [40,41] did not report the most used metrics, and reported the
area under the precision–recall curve. Hence, for the sake of completeness, such metric was
also included in the comparison. Also, to synthesize and ease performance comparison,
Table 3 reports macro performance measures, and when the selected articles proposed
more than one deep learning model (as in [42–44]), the best result reported for each metric
was included regardless of the model. In this article, a macro performance measure is
defined as the arithmetic mean of the performance metric computed independently for
each class. For example, macro-precision is calculated as the average of the precision values
obtained for the normal class, the myocardial infarction class, and the history of myocardial
infarction class.

As shown in Figure 13, the median measure for all the performance metrics is higher
than 0.95 suggesting relatively outstanding performances for a large share of the deep
learning models reported in the selected articles. In fact, only a few selected articles reported
performance measures lower than 0.8 for each performance metric. Although, it should
be highlighted that very few selected articles reported the area under the precision–recall
curve, a robust metric for imbalanced datasets [38,39]. In addition, the absence of negative
results in the selected articles may be attributed to a well-documented publication bias,
where only research efforts reporting positive results are published. However, within a
health domain such as myocardial infarction detection, providing evidence of what does
not work may help to improve or accelerate future research efforts, particularly because
training deep learning models is computationally intensive and time-consuming.

Figure 13. Distribution of performance values by metric, as reported in the selected articles.
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Table 3. Macro performance measures reported in the selected articles. Column CV/HO indicates
whether a cross-validation or hold-out approach was used. The column ’Split’ lists the proportional
split size for the train/validation/test sets. N: no validation set was used, only test set. E: used an
external set of data for testing. U: no details are provided.

Ref. Rec. Acc. Prec. F1 Score Specif. AUROC AUPRC CV/HO Split

[45] 0.952 0.908 - - 0.936 - - HO 90/N/10
[42] 0.796 0.880 0.756 0.767 - 0.935 - HO 90/N/10
[46] 0.844 - - 0.892 0.849 0.896 - HO 57/N/43
[47] 0.857 0.705 - 0.863 0.452 - - HO 80/N/20
[40] - - - - - - 0.93 HO 100/N/E
[48] 0.842 0.842 0.843 0.842 - - - HO U
[49] 0.969 0.983 0.977 0.961 0.980 - - HO 70/20/10
[50] - 0.931 - - - - - HO 60/N/40
[43] 0.996 0.993 0.998 - 0.997 - - CV 5 fold
[51] 0.951 0.951 0.953 0.951 - - - CV 10 fold
[52] - 0.956 - - - - - U U
[53] 0.955 0.963 0.953 0.955 0.993 - - HO 80/10/10
[54] 0.992 0.992 0.993 0.992 - 0.999 - HO 70/20/10
[55] 0.926 0.938 0.947 0.933 - - - CV 5 fold
[56] 0.962 0.963 0.894 0.926 - 0.962 - HO 48/5/47
[57] 0.940 - 0.950 0.940 - - - HO 80/N/20
[58] 0.937 0.940 0.937 0.937 - - - HO 80/N/20
[59] 0.684 0.960 0.861 0.714 0.971 - - HO 79/4/17
[44] 0.921 0.963 0.908 0.915 0.991 - - HO 80/10/10
[60] 0.890 0.970 0.920 0.960 - - - U U
[61] 0.994 - 0.986 0.990 - - - HO 80/N/10
[62] - 0.850 - - - - - CV 5 fold
[63] 0.79 0.984 0.800 0.790 - - - HO 80/N/20
[64] - 0.980 - - - - - HO 60/20/20
[65] 0.971 0.986 1.000 0.985 - - - HO 60/N/40
[66] 0.977 - 0.991 0.970 - - 0.978 CV 5 fold
[67] 0.997 0.997 0.997 0.997 - - - HO 60/30/10
[68] 0.991 0.992 - - 0.994 - - HO 80/10/10
[69] - 0.967 - 0.960 - - - HO 70/N/30
[70] 0.951 0.974 0.985 - 0.985 - - HO 60/20/20
[71] 0.988 0.985 0.985 0.987 - - - CV U
[72] 0.792 0.818 0.808 0.780 - - - HO 80/N/20
[73] 0.980 0.983 0.985 - - - - CV U
[74] 0.980 0.939 - - 0.768 - - CV U
[35] 0.970 - 0.970 0.970 - 0.775 - HO 80/10/10
[75] 0.986 0.989 0.992 0.989 - 0.999 - HO 80/10/10
[76] 0.945 0.962 0.915 - 0.972 0.990 - HO 80/10/10
[77] - - - - - 0.974 - HO 70/20/10
[34] 0.893 - 0.910 0.896 0.950 - - CV U
[78] 0.992 0.992 - - 0.992 - - HO 66/N/33
[79] 0.880 0.800 0.820 0.810 0.820 0.880 - HO 68/16/16
[80] 0.947 0.898 - - 0.918 - - HO 90/N/10
[81] 0.986 0.987 0.988 0.984 - 0.992 - HO U
[82] - 0.707 - - - - - HO 80/N/20
[83] 0.984 0.983 0.984 0.983 0.994 - - HO 80/N/20
[84] 0.838 0.905 0.814 0.826 0.930 0.959 0.896 CV U
[41] - - - - - - 0.991 U U

Table 3 also shows the validation approach of the selected papers, either cross-
validation or hold-out, along with the size of the databases splits when available. We
can see that 34 works relied on a hold-out approach. However, 17 of them neglected the use
of a validation set, and only trained and tested their models. Additionally, only 11 articles
used cross-validation, although five of them did not provide details about the number
of folds. Furthermore, there are even three articles that provided no details at all. This
lack of standard procedure for validation of deep learning models presents both a serious
methodological flaw but also an area of opportunity for the research community.

The performance results presented in Table 3 are informative, but they should not be
used for exact comparisons since the deep learning models, among other aspects, were
trained on different datasets and using different experimental settings, e.g., a different
proportion of training, test, and validation sets.
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It should be noted that hypothesis tests were conducted to assess potential differences
in performance among groupings of the selected articles, for example, based on impact
factor quantiles, evaluation methodology (i.e., cross-validation versus train/validation/test
splits), the use of imbalanced datasets, and the number of ECG leads used. However, no
statistically significant differences were detected.

3.3.7. RQ7: What ECG Datasets Are Used to Train and Test the Deep Learning Models for
the Detection of Myocardial Infarction?

Out of the 47 selected articles, 7 used two datasets, while the remaining 40 used only
one dataset. The ECG image datasets used in the selected articles are reported in Table 4.

Table 4. List of ECG image datasets used in the selected articles and their frequency (** indicates
proprietary, private dataset).

ECG Image Dataset Frequency

Khan et al., 2021 [85] 14
Khan et al., 2020 [86] 6
PTB Diagnostic ECG database [87] 5
PTB-XL [88] 5
Collected by the authors of the selected article 5
Not indicated 4
China physiological signal challenge (CPSC) [89] 3
CODE15 [90] 2
The European ST-T database (EU-ST-T) [91] 2
LTST-Physionet database [92] 1
Choi et al., 2023 [93] 1
UCI Cleveland heart disease [94] 1
MIT-BIH arrhythmia database [95] 1
** Mount Sinai Health System, USA 1
** Medanta Hospital, India 1
** Zhejiang Second People’s Hospital, China 1
** Hualien Tzu Chi Hospital, Taiwan 1

As reported in Table 4, the records collected by Khan et al. in 2020 [86] and 2021 [85] are
the two most popular datasets, which were used 6 and 14 times, respectively. The PTB [87]
and PTB-XL [88] datasets were used five times each, and five selected articles collected
and used their own datasets. This unbalance in the popularity of datasets might be a
consequence of the fact that the data from Khan et al. [85,86] is already in image format,
aligning the type of format with the scope of this review. Furthermore, the data set in [85]
presents a fair balance across its classes. Additionally, the PTB-XL dataset [88] is also well
suited given its size and possibility of rebalancing by means of subsampling. However, it
might not be as popular given that it is relatively new compared to Khan’s sets, and given
that it contains time signals instead of images, thus not providing realistic examples for
most physicians. Additionally, the CPSC dataset [89] was used three times. Meanwhile,
the CODE15 [90] and European ST-T [91] datasets were used twice each, and four public
datasets [92–95] were used only once. The last four datasets (marked with ** in Table 4) are
mentioned in the selected articles, but their data is proprietary and private. Finally, four
articles (referred to as “Not indicated”) do not mention the origin of the data used to train
their models.

Regarding specific population groups present in the datasets, most of the selected
articles focus on detecting cardiac conditions without considering any particular group of
people, or do not explicitly state such considerations. In fact, only three selected articles
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addressed specific groups, one of which focuses on the Japanese population and two on
populations affected by COVID-19.

3.3.8. RQ8: How Many ECG Leads, and Which Ones, Are Used to Train Deep Learning
Models for Myocardial Infarction Detection?

Details regarding the number of derivations (a.k.a., leads) in the image data analyzed
by the selected articles are presented in Figure 14. As shown, eight articles do not specifically
mention the leads used, indicated by the labels «unknown» and «single lead (not specified)».
Concretely, «unknown» corresponds to five articles that provide no details, while «single
lead (not specified)» refers to three articles that mention the use of a single derivation
without specifying its name.

Figure 14. Distribution of the number of leads used by the selected articles.

Additionally, two articles used a single derivation: lead 2 and lead 8, respectively.
Two other articles used derivations in pairs (referred to as «two leads»), namely lead 2
with lead 3, and lead 9 with lead 12. One article made use of three derivations (referred
to as «three leads»): leads 7, 9, and 12. Finally, 34 articles used the common format of all
12 leads together.

In addition to using various numbers of leads from ECG records, one of the selected
articles reports making use of a complementary external source of information: a 9-lead
signal recorded with a smartwatch.

3.3.9. RQ9: Are ECG Datasets Used to Train Deep Learning Models for the Detection of
Myocardial Infarction Imbalanced? If So, How Do Research Efforts Tackle Class Imbalance?

Figure 15a shows that, out of the 47 selected articles, only 8 (17.02%) report having
a balanced dataset in terms of the number of target classes, while 4 articles (8.51%) do
not provide this information. Moreover, 35 articles (74.47%) had to deal with unbalanced
datasets, which represents the most realistic scenario given the nature of the data.

(a) (b)

Figure 15. Target class balance within each dataset: (a) distribution of balanced and unbalanced
datasets and (b) distribution of balancing methods.
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Figure 15b shows the methods used by the authors of the selected articles to balance
the datasets. Notably, the majority (65.71%) did not utilize any rebalancing method, while
five articles used resampling, four applied data augmentation, and three merged records
from different datasets.

3.3.10. RQ10: Do Works on Myocardial Infarction Detection Generate Synthetic Data for
Training Their Models?

As shown in Figure 16, 65.96% of the works did not generate synthetic data to train
their deep learning models, while the remaining works generated synthetic data using
standard augmentation techniques (e.g., scaling ECG images).

Figure 16. Proportion of deep learning models proposed in the selected articles whose training
involved synthetic data generation.

3.3.11. RQ11: What Preprocessing Techniques Are Used for the Detection of Myocardial
Infarction Supported by Deep Learning?

To train their deep models, most of the works preprocessed the ECG images using
a myriad of techniques (Figure 17); in fact, only six selected articles trained their models
using raw ECG images, i.e., without preprocessing them. Figure 17 lists the preprocessing
techniques used and their frequencies.

Figure 17. Preprocessing techniques used in the selected articles.

From the selected articles, it seems that the decision regarding which preprocessing
technique must be applied depends on the state of the data and the expertise of the
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researchers. Therefore, given the wide variety of source data and preprocessing approaches,
it becomes rather difficult to make fair comparisons across their strategies and results.

3.3.12. RQ12: What Future Work Directions Are Proposed by Research Efforts Focused on
Myocardial Infarction Detection Supported by Deep Learning?

As shown in Figure 18, most of the selected articles proposed future work directions
related to refining their deep learning models by (i) collecting additional data to retrain
them (the most frequent future work direction); (ii) further evaluating their models; (iii) per-
forming hyperparameter optimization; and (iv) exploring other deep learning architectures
or techniques. In addition, a relatively large percentage of the selected articles proposed
extending the scope of the work by addressing other cardiovascular conditions (the second
most frequent future work direction) or introducing more classes into the target variable. It
is worth highlighting that the use of explainability techniques, that might be of relevance to
the deployment of deep learning models in clinical settings, was listed as the fourth most
common future work direction. See Figure 18 for the complete list of future work directions
proposed by the authors of the selected articles.

Figure 18. Future work directions proposed by the authors of the selected articles.

4. Discussion
The responses to the research questions presented in Section 2.1 shed light on the

challenges that must be addressed to fully leverage deep learning for myocardial infarc-
tion detection.

The response to RQ1 shows that a wide range of deep learning architectures have
been employed for myocardial infarction detection. CNN-based models predominate over
Transformer- and RNN-based approaches, which were implemented only in a few studies.
Consequently, due to the relatively small sample sizes and additional factors (e.g., the use
of different datasets for training), there is insufficient evidence to draw statistically valid
conclusions regarding neither performance differences across deep learning architectures
nor correlations among them.

As discussed in the response to RQ2, most of the deep learning models presented
in the selected articles relied on transfer learning followed by fine-tuning. This strategy
likely reflects the relatively small size of the ECG datasets (Table 4) used in the majority of
selected articles. However, even when 24 out of the 25 selected works that used transfer
learning were pretrained using the ImageNet dataset, it remains difficult to assess the
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extent to which fine-tuning pretrained models improve myocardial infarction classification
when compared with ad hoc deep learning models trained from scratch. Furthermore, this
widely used transfer learning approach adds to the discussion of whether, or not, CNN
models that are pretrained on the ImageNet dataset are biased towards texture features
observed during such pretraining procedure [96,97].

According to the response to RQ3, the models were predominantly trained to discrim-
inate between two target class sets, namely, {normal, myocardial infarction} and {normal,
myocardial infarction, abnormal heartbeats, history of myocardial infarction}, although sev-
eral other class target sets were reported. This diversity in target class sets complicates
fair performance comparisons among the deep learning models proposed in the selected
articles. Nevertheless, it is expected that these models were designed to address specific
research objectives; thus, the different target classes are justified. Additionally, as indicated
by the responses to RQ4 and RQ5, only 28 of the 47 selected articles fully described their
classification models, and source code was generally not provided. Moreover, a total of
15 different performance metrics were reported across the studies. This highlights the
need for standardized benchmarking procedures and evaluation guidelines to facilitate
comparison and support the safe deployment of deep learning models in clinical settings.

In relation to data organization and splitting, we observed that the hold-out approach
is far more popular than cross-validation, with 72.3% (34 papers) and 21.3% (10 papers),
respectively, and even having 3 papers with no details, as shown in Table 3. Having hold-out
as the dominant approach suggests that the research community trusts the amount of data
available for experimentation, which leads to having fixed splits of data. Although this is a
desirable scenario, the selected works fail to show evidence about whether the distribution
of variables holds across the train, validation, and test splits. Performing such an evaluation
as part of the Exploratory Data Analysis (EDA) must become a standard practice in data
mining and machine learning research. Furthermore, 17 out of the 34 papers that use hold-
out limited the corresponding data split to only two subsets, leaving out the validation
process. In addition, none of these 34 papers report specifics about the train-validation-test
split other than percentages. Concretely, from the manuscripts, it is impossible to know
which images belong to each subset, thus limiting reproducibility.

Regarding data imbalance, the response to RQ9 reveals that 35 of the 47 selected
articles addressed imbalanced datasets, yet only 12 applied explicit balancing methods.
Despite this, many studies reported high accuracy and sensitivity values (see the response
to RQ6), while only a limited number used robust metrics suitable for imbalanced datasets,
such as the area under the precision–recall curve or the area under the ROC curve. More
importantly, these works do not report the impact of implementing balancing procedures
on their datasets, which would help assess the performance of the deep learning models
before varying condition of data, which seems to be of the highest relevance for such a
health-related research area. These findings, together with the fact that most studies did not
make their curated ECG image datasets publicly available, suggest the possibility of data
leakage in some cases, for example, when ECG images from the same patient are included
in both training and test sets.

Furthermore, as noted in the response to RQ7, two predominant datasets [85,86] were
used across multiple studies. There seems to be two possible reasons for the high frequency
of using these datasets: the fact that their records are already in image format and the fair
balance among their classes. However, these datasets were compiled under the auspices of
a Pakistani Institute of Cardiology, which may indicate that the ECG recordings correspond
to a specific population and possibly to particular ECG recording devices. This raises
concerns about potential population and device-related biases. In an attempt to verify this
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hypothesis, the dataset descriptions in [85,86] were examined; however, no information
regarding participants’ nationality or the recording devices was reported.

The response to RQ8 indicates that most studies trained their models using 12-lead
ECGs, while a smaller subset (eight articles) used between one and three leads. It should
be mentioned that none of the selected articles evaluated the impact of systematically
removing or adding ECG leads during training. This leaves open the research question of
whether deep learning models can learn nonlinear transformations from a subset of leads
while achieving performance comparable to models trained on full 12-lead ECGs.

In this regard, it seems also relevant to compare the use of ECG images vs ECG signals,
i.e., leads. Although the selected articles focus merely on images, we anticipate that some
of the advantages of using voltage signals include, fine resolutions for sampling and data
quality, and control over visual variations observed in post-digitized images. On the other
hand, using signals might have a few limitations, including the need for sophisticated
devices not available in certain regions and the potential need for calibrating them, which
might lead to possible biases in terms of the population. Nonetheless, since this review
focuses on computer vision techniques, the aforementioned analysis remains an open
question and out of scope in this present work.

In relation to RQ10, most articles did not generate synthetic data or relied solely
on traditional data augmentation techniques, such as image scaling. In the presence of
imbalanced datasets, in addition to conventional balancing methods (Figure 15), synthetic
data generation could help mitigate class imbalance. Future research may benefit from syn-
thetic ECG image generation approaches, such as the method proposed in [98], to improve
myocardial infarction detection using deep learning.

With respect to data preprocessing techniques, the response to RQ11 indicates that
rescaling, cropping, and binarization were commonly applied. However, the effective-
ness of these preprocessing steps remains unclear, as the selected articles did not report
comparative results with and without preprocessing.

Finally, as indicated in the response to RQ12, the authors of the selected articles out-
lined several future research directions, including the collection of additional data, further
evaluation of models, and the incorporation of explainability techniques. In this regard,
despite the relatively high performance measures reported (Figure 13), most authors empha-
sized the need for larger datasets to support robust model training. This entails additional
experimentation and thorough evaluation prior to clinical deployment. Regarding explain-
ability, a key implication is that model outputs should be interpreted by clinical specialists,
as deep learning systems are intended to support decision making. Although five studies
suggested clinical evaluation of their models, none provided a detailed methodology for
conducting such evaluations in real-world clinical settings.

5. Future Research Directions
In addition to answering the proposed research questions, the analysis conducted in

this systematic review has yielded a set of future research directions that could be explored
to (i) advance research on deep learning models for myocardial infarction trained on ECG
images and/or (ii) address existing research gaps. The proposed future research directions
are as follows.

5.1. Quantifying Diagnostic Uncertainty

Deep learning is an emerging and growing field of practice for the detection of myocar-
dial infarction and related medical conditions. Although deep learning models have shown
promising results in diagnosing myocardial infarction (see Table 3), even comparable to
those of domain experts (see [41,79]), their effectiveness is not fully guaranteed, i.e., their
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classifications are subject to error. Moreover, traditional machine learning metrics such
as precision, accuracy, or recall, while valid performance indicators, do not quantify the
uncertainty in the predictions of a deep learning model. In this regard, the conformal
prediction framework [99] quantifies the uncertainty of predictions by creating predic-
tion sets containing the true diagnosis with a predefined level of confidence (e.g., 99%).
Regardless of whether deep learning models are used solely as decision support tools,
models for myocardial detection should be conformalized to quantify their uncertainty.
More importantly, this quantification of diagnostic uncertainty must be disclosed to users.
However, it should be mentioned that none of the selected articles made use of a framework
to quantify uncertainty. Hence, a standard practice in the domain of deep learning models
for the detection of myocardial infarction, should involve conformalizing the models to
quantity the uncertainty of their predictions. Consequently, conformal prediction (or other
uncertainty quantification methods) should be used to quantify the uncertainty of model
predictions and to inform model training and evaluation. In addition, uncertainty metrics
should be reported. Thus, a future research direction should be to assess to what extent
these conformalized deep learning models for the detection of myocardial infarction can
inform decision making.

5.2. Explaining Deep Learning Models

In general, deep learning models are not interpretable [100], i.e., models by themselves
do not provide an explanation as to why a particular prediction was made [101] (unlike
logistic regression models, where the relationship between input features and outcome
is explicitly stated). Hence, a myriad of techniques have been developed to explain deep
models. However, only a few of the selected articles analyzed in this systematic review
made use of explainable machine learning techniques, and since the most predominant deep
learning architecture was CNNs (see Figure 6), the majority used class activation maps (as
in [62]) and its generalizations HiResCAM (as in [77]) and Grad-CAM (as in [40,55,56,76,79]).
Class activation maps and its variants were designed for CNNs and create a heatmap
highlighting what features (e.g., ECG image regions) were the most relevant to predict a
given class. It is worth mentioning that only one of the selected articles [76] also made use
of other explainable techniques (namely LIME, SHAP, and LRP-epsilon) to highlight the
relevance of ECG segments in predicting a given class. However, within this application
domain, the need for explanation of deep learning model predictions is of paramount
importance because (i) from an ethical perspective, domain experts must be able to interpret
and verify the reasons behind a given prediction; and (ii) from a legal perspective, artificial
intelligence regulation frameworks such as the EU Artificial Intelligence Act [102] have
incorporated individual rights to explanations for why an artificial intelligence model
has made a particular decision. In addition, some of the authors of the selected articles
(7 out of 47) have detected this need for explanation and listed as one of their future work
directions explaining their deep learning models. Hence, a future research direction of this
research area should be to develop a robust explainable deep learning framework in the
context of myocardial infarction detection indicating what explainable techniques should
be used to interpret and verify the reasons behind an outcome and comply with ethical and
legal standards.

5.3. Improving the Evaluation of Deep Learning Models by Involving Domain Experts

Among the 47 selected articles, only 4 research efforts involved domain experts in
evaluating their deep learning models, see [41,44,79,84]. In [41,79], the evaluation by
domain experts (e.g., physicians and cardiologists) served as a baseline to compare the
classification performance of CNNs for the detection of myocardial infarction (in [79]) and
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acute coronary syndrome (in [41]). In [44], domain experts, namely cardiologists, reviewed
ECGs misclassified by the deep learning model to confirm or refute its results. In [84],
the authors evaluated the help provided by their deep learning model to 51 physicians in
the interpretation of ECG for the detection of myocardial infarction. Either to serve as an
evaluation baseline or to confirm or refute the model results, the evaluation of deep learning
models for myocardial infarction must involve domain experts before deploying them in
clinical settings. Moreover, a system for myocardial detection supported by deep learning
is not assumed to be fully autonomous in diagnosing cardiovascular diseases, but to serve
as a decision support system designed to assist domain experts such as physicians and
cardiologists in the diagnosis. Hence, as in [84], domain experts should evaluate deep
learning models for the detection of cardiovascular diseases in terms of the assistance they
provide regardless of their performance as measured by machine learning metrics. For this
reason, guidelines and metrics for the evaluation of deep learning models by domain
experts should be developed in order to guarantee a safe deployment and use of systems
supported by deep learning in the domain of myocardial infarction detection.

5.4. Developing Benchmarks and Guidelines for Reproducibility

Although most of the authors of the selected articles disclosed the ECG data sources
used to train their deep learning models (Table 4), for a myriad of reasons, not all data sets
are publicly available (see [56,84]). In addition, in general, when the ECG image datasets are
available, the authors of the selected articles curated and pre-processed ECG images using
multiple parametrized techniques (see Figure 17). In this regard, only [35,66,76] made pub-
licly available their curated ECG image dataset. However, a significant share of the selected
articles did not sufficiently describe their deep learning architectures or provide details on
training hyperparameters, which complicates the reproducibility of model training. More-
over, only 2 (out of 47) selected articles provided source code, see [40,72]. Also, the authors
of the selected articles reported different sets of performance metrics and in some cases
disjoint sets across research efforts, see Figure 12 and Table 3. The evidence collected in this
systematic review highlights the importance of a scientific effort toward a standardized
protocol for reproducibility and definition of benchmarks that allow for a comparable and
transparent evaluation of deep learning models for myocardial infarction detection.

6. Conclusions
Using a methodology based on PRISMA guidelines, this systematic review charac-

terizes the current state of the art in myocardial infarction detection with deep learning
models trained on ECG images. This characterization can introduce both researchers
and practitioners to the application of deep learning in this domain, while experienced
researchers may benefit from the proposed future directions to define new projects.

The novelty of this work derives from the systematic analysis, guided by a set of
12 research questions, of recent and relevant scientific articles on myocardial infarction
detection using deep learning models trained on ECG images. In addition, to the best
of the authors’ knowledge, this is the first systematic review to explore the use of vision
transformers for myocardial infarction detection.

The significance of this work stems from (i) the characterization of deep learning
architectures for myocardial infarction detection; (ii) the assessment of training and eval-
uation practices for deep learning models trained on ECG images; (iii) the identification
of macro-level performance measures achieved by selected deep learning models; (iv) the
compilation of available ECG image datasets for future research; and (v) the proposal of
future research directions aimed at advancing deep learning approaches and addressing
existing gaps in automated myocardial infarction detection. The proposed future directions
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include: (i) quantifying diagnostic uncertainty using conformal prediction; (ii) explaining
deep learning models through explainable machine learning techniques; (iii) improving
evaluation practices by involving domain experts; and (iv) developing benchmarks and
guidelines for reproducibility.

From the responses to the research questions posed in this systematic review, it can be
concluded that customized, ad hoc CNNs are the most commonly used neural network
architectures for detecting myocardial infarction from ECG images. However, well-known
architectures such as EfficientNet and ResNet were also fine-tuned to improve myocardial
infarction detection. To train or fine-tune these deep learning models, the majority of the
selected articles relied on 12-lead ECGs; in this regard, the ECG image dataset compiled by
Khan et al., (2021) [85] was the most popular. It should be noted that most of the selected
articles preprocessed ECG images using a wide range of techniques, from binarization to
contour detection. Additionally, some models were trained with synthetic data, primarily
generated using standard augmentation techniques such as image scaling. Moreover, most
of the deep learning models reported in the selected articles classified ECG images into
four classes: (i) normal, (ii) myocardial infarction, (iii) abnormal heartbeats, and (iv) history
of myocardial infarction. Based on this common target class set and due to the nature of the
data in this application domain, most articles dealt with imbalanced datasets when training
their models. However, a relatively large share of works did not apply any balancing
methods. In fact, while most articles reported common performance metrics such as
accuracy, sensitivity, precision, F1 score, specificity, and area under the ROC curve, only a
few made use of the area under the precision–recall curve, a robust metric for imbalanced
datasets. Regarding these metrics, the median macro measures exceeded 0.95, suggesting
relatively outstanding performance for a large share of the reported models. With respect
to reproducibility, although most articles provided complete descriptions of their models,
a non-negligible proportion omitted details or offered only partial descriptions. As a future
work direction, most authors of the selected articles agreed that their models should be
trained on larger datasets.

From the proposed future directions, it can be concluded that the safe and successful
deployment of deep learning models for myocardial infarction in clinical settings requires
the involvement of domain experts in the evaluation and validation of the models, in ad-
dition to the quantification of their diagnostic uncertainty. Explainable machine learning
techniques should be employed to inform domain experts why, for example, an ECG
is classified as normal or abnormal. Consequently, the involvement of domain experts
throughout the training, evaluation, and deployment phases of deep learning models is
vital. However, the results of this systematic review indicate that only a limited number of
studies have adopted this practice.

It is acknowledged that there is a possibility of selection bias in the selected articles.
Specifically, the search string included terms related to deep learning and myocardial
infarction detection and was applied to the title, abstract, and keywords of articles indexed
in scientific databases; however, cardiology-focused articles may not have included deep
learning-related terms in their titles, abstracts, or keywords. As a consequence, such studies
may have been excluded from this systematic review, whose domain focuses on the interac-
tion between deep learning and myocardial infarction detection. It is also acknowledged
that this review focuses exclusively on deep learning models trained on ECG images. How-
ever, relevant research also exists on models trained using other features or ECG signals
rather than images. Future work will focus on analyzing and characterizing these efforts to
complete the systematic assessment of the state of the art and contrast those findings with
the present results. An additional future research direction is to conduct a meta-analysis to
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assess the heterogeneity of deep learning approaches for myocardial infarction detection
and to analyze variations in their performance across specific populations.
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The following abbreviations are used in this manuscript:

ACS Acute coronary syndrome
AMI Acute myocardial infarction
CNN Convolutional neural network
ECG Electrocardiogram
EKG Electrocardiogram
MI Myocardial infarction
MRI Magnetic resonance imaging
RNN Recurrent neural network
ST Segment
STE ST elevation
STEMI ST-elevation myocardial infarction
ViT Vision transformer
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