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Abstract
Cardiovascular diseases (CVDs) present a significant global health challenge and remain a primary cause of
death. Early detection and intervention are crucial for improved outcomes in acute coronary syndrome
(ACS), particularly acute myocardial infarction (AMI) cases. Artificial intelligence (AI) can detect heart
disease early by analyzing patient information and electrocardiogram (ECG) data, providing invaluable
insights into this critical health issue. However, the imbalanced nature of ECG and patient data presents
challenges for traditional machine learning (ML) algorithms in performing unbiasedly. Investigators have
proposed various data-level and algorithm-level solutions to overcome these challenges. In this study, we
used a systematic literature review (SLR) approach to give an overview of the current literature and to
highlight the difficulties of utilizing ML, deep learning (DL), and AI algorithms in predicting, diagnosing,
and prognosis of heart diseases. We reviewed 181 articles from reputable journals published between 2013
and June 15, 2023, focusing on eight selected papers for in-depth analysis. The analysis considered factors
such as heart disease type, algorithms used, applications, and proposed solutions and compared the benefits
of algorithms combined with clinicians versus clinicians alone. This systematic review revealed that the
current ML-based diagnostic approaches face several open problems and issues when implementing ML, DL,
and AI in real-life settings. Although these algorithms show higher sensitivities, specificities, and accuracies
in detecting heart disease, we must address the ethical concerns while implementing these models into
clinical practice. The transparency of how these algorithms operate remains a challenge. Nevertheless,
further exploration and research in ML, DL, and AI are necessary to overcome these challenges and fully
harness their potential to improve health outcomes for patients with AMI.
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Introduction And Background
Cardiovascular diseases (CVDs) have been the cause of global deaths for decades. In 2021, around 20.5
million people died due to CVDs, accounting for approximately one-third of all global deaths [1]. Ischemic
heart (IHD) is the leading cause of early mortality in men in 146 nations and women in 98 countries. The
deaths due to cardiovascular disease increased from 12.1 million in 1990 to 20.5 million in 2021, as reported
by the World Heart Federation [2]. Heart attacks occur in the United States every 40 s [3]. It is significant to
research chronic illnesses that involve recognizing biomarkers and classifying potential risks. Utilizing
advanced algorithms such as machine learning (ML), deep learning (DL), and artificial intelligence (AI) can
prove to be highly advantageous in achieving these objectives.

A heart attack occurs when blood flow to the heart muscle is interrupted. This can happen if a coronary
artery is partially or completely blocked [4]. Acute myocardial infarction (AMI) is classified into two types
based on electrocardiogram (ECG) findings: ST-segment elevated myocardial infarction (STEMI) and non-
ST-segment elevated myocardial infarction (NSTEMI) [4]. Complete blockage of the coronary artery leads to
STEMI. Patients with NSTEMI have a partial blockage and no visible ST-elevation on ECG. STEMI patients
have a greater mortality risk than NSTEMI patients [4].

Multiple factors can contribute to AMI, including smoking, hypertension, high BMI, hyperglycemia, an
unhealthy diet, and genetic predispositions, leading to dyslipidemia, and the harmful use of substances such
as alcohol and drugs, as well as physical inactivity [5]. Post-MI patients can be affected by various factors,
including non-communicable diseases, demographics, and environmental factors, which can impact AMI
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mortality [6,7]. AMI often comes with chest pain, a common symptom often reported [8]. Chest pain can
have many causes, so physicians must diagnose life-threatening conditions quickly and accurately. ACS is a
group of diagnoses related to coronary ischemia, including unstable angina (UA), NSTEMI, and STEMI [9].
We need to urgently diagnose and treat ACS to improve outcomes and reduce mortality and morbidity
caused by ACS [10].

It is important to understand that not all patients who experience chest pain in the emergency room are
suffering from acute coronary syndrome (ACS) [11]. Therefore, risk stratification is crucial to evaluating
chest pain [12]. Relying solely on a patient's medical history and physical examination can be unreliable [13].
There are different conventional models available to help with risk stratification, such as thrombolysis in
myocardial infarction (TIMI) [14], Framingham risk score (FRS) [15], global registry of acute coronary events
(GRACE) [16], and history, ECG, age, risk factors, and troponin (HEART) [17]. When choosing models for
different features, it is essential to consider specific requirements and complex results. Although decision
tools have undergone multiple trials for validation, there is still a possibility of missing some cases of ACS.
That is where the emerging field of artificial intelligence (AI) can significantly impact the practice of
medicine soon [18,19]. There has been a desire to utilize AI-based methods to assess chest pain for quite
some time [20].

AI is concerned with creating computer systems capable of doing activities that typically need human
intelligence [21]. In the past decade, research on AI has made significant progress due to advancements in
computing power, digital data, and improved algorithms [22]. A subfield of AI called ML uses different
techniques to recognize patterns in data and make predictions or decisions automatically [23]. ML models
improve performance by continuously comparing their predictions with actual results and adjusting their
internal parameters accordingly. Deep learning (DL), a subclass of ML, utilizes interconnected non-linear
processing units to create increasingly abstract data representations, enabling it to learn how to model
complex tasks [24].

Despite their current limitations in application, advanced ML technologies have achieved remarkable
success in solving problems that were once thought to be unsolvable [25]. Although more versatile models
are being developed, current narrow ML technologies have the potential to impact various industries,
especially healthcare significantly [26]. Using AI techniques, patient outcomes can be predicted, and patients
can be categorized based on their clinical and physiological data. Recent advancements have even led to
accurate diagnoses of myocardial infarction [27]. The integration of AI techniques into clinical practice still
presents a challenge.

ML is a subclass of AI that simulates human learning and problem-solving using data and algorithms,
improving its accuracy via learning [28]. Acute Myocardial Infarction (AMI) risk classification has been
greatly aided by ML, with popular algorithms such as logistic regression (LR), support vector machines
(SVM), K-nearest neighbor (KNN), artificial neural network (ANN), and random forest (RF) [29]. ML falls into
three distinct types: supervised (labeled data), unsupervised (unlabeled data), and reinforcement (feedback
from rewarding behaviors) [29].

This systematic review evaluates available evidence of the effectiveness of ML in acute myocardial ischemia
by answering the question: Can machine learning models surpass the accuracy of doctors or current risk
assessment methods?

Review
Methods
This review focuses on clinical studies concerning the use of ML/DL/AI in cardiovascular medicine. We
excluded animal studies and publications that only discussed the methodology of AI/ML/DL without
presenting clinical data. The review follows the guidelines for Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) [30] for 2020 in Figure 1 and only uses data collected from published
papers, eliminating the need for ethical approval.
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FIGURE 1: PRISMA flow diagram illustrating the search strategy and
study selection process for the systematic review.
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

Systematic Literature Search and Study Selection

We conducted a thorough search for relevant publications by using PubMed, including Medline and Google
Scholar. We searched for studies mentioned in review papers, editorials, and commentaries on PubMed.
Nevertheless, we continued searching for additional studies that satisfied our inclusion criteria.

We had a list of abstracts that we independently reviewed for inclusion using specific criteria. The criteria
included using AI/ML methods, focusing on cardiovascular applications, and a clearly described clinical
cohort in the study. We excluded review papers and animal studies. Six reviewers conducted a dual review,
and disagreements were resolved through discussion.

Inclusion and Exclusion Criteria

We established specific criteria for including and excluding participants to achieve our study goals. Our
Criteria can be summarized in Table 1.
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 Inclusion Criteria Exclusion Criteria

a) Human studies Animal studies

b) From 2013 to 2023 Only methodological studies explaining programming details

c) English Text Non-English texts

d) Gender: All  

e) Age: > 13 years of age Age:<=13 years

f) Free papers Papers that needed to be purchased

  Studies involving clinical data other than cardiovascular diseases

TABLE 1: Showing the criteria adopted during the literature search process.

Search Strategy

The population, intervention/condition, control/comparison, and outcome (PICO) criteria were utilized to
conduct a thorough literature review. The search was conducted on databases such as PUBMED (including
Medline) and Google Scholar Libraries, using relevant keywords, such as acute myocardial ischemia, ML, DL,
and AI. The medical subject heading (MeSH) approach for PubMed (including Medline) and Google Scholar,
as detailed in Table 2, was employed to develop a comprehensive search strategy.

 Database Search Strategy Search Results

A) PubMed Ischemic Heart Disease and Machine Learning 777

  Ischemic Heart Disease and Machine Learning and Deep Learning and Artificial Intelligence 137

  Diagnosis or Treatment of Ischemic Heart Disease and Machine Learning or Deep Learning or Artificial Intelligence 18,75,330

B) Google Scholar ML, DL, AI, and Ischemic Heart Disease 17,300

TABLE 2: Showing the search strategy, search engines used, and the number of results
displayed.
ML: Machine learning; DL: Deep learning; AI: Artificial intelligence

Quality Appraisal

To ensure the reliability of our chosen papers, we utilized various quality assessment tools. We employed the
PRISMA checklist and Cochrane bias tool assessment for randomized clinical trials for systematic reviews
and meta-analyses. Non-randomized clinical trials were evaluated using the Newcastle-Ottawa tool scale.
We assessed the quality of qualitative studies, as shown in Table 3, using the critical appraisal skills program
(CASP) checklist. To avoid any confusion in the classification, we utilized the scale for the assessment of
narrative review articles (SANRA) to evaluate the article's quality.
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Quality Appraisal Tools Used Type of Studies

Cochrane Bias Tool Assessment Randomized Control Trials

Newcastle-Ottawa Tool Non-RCT and Observational Studies

PRISMA Checklist Systematic Reviews

SANRA Checklist Any Other Without Clear Method Section

TABLE 3: Showing quality appraisal tools used.
PRISMA: Preferred reporting items for systematic reviews and meta-analyses; SANRA: Scale for the assessment of non-systematic review articles

Results
After searching through three selected databases, PubMed, Medline, and Google Scholar, we extracted
1,893,544 articles. We then carefully reviewed each paper and applied specific criteria, which led to
excluding 18,20,323 articles. From the remaining 20,381 papers, we chose not to utilize 20,200 of them due
to duplicates or unsatisfactory titles and abstracts. We closely examined the remaining 181 papers and
excluded 173 more as their content did not meet our inclusion criteria. Finally, we conducted a thorough
quality check on the remaining eight papers, which all met our criteria. These eight articles are included in
our final systematic review. Table 4 provides a detailed description of each.

Author/Year Country
Study

Design
Database Used Conclusion

Ahsan et

al./2022 [31]
USA

Systematic

Literature

Review

Scopus They aim to create machine learning systems for accurate heart disease diagnosis using real-time patient data.

Al Hinai et

al./2021 [32]
Canada

Systematic

Review
PubMed and Medline DL models can accurately analyze resting ECG signals to detect heart disease.

Alizadehsani

et al./2019

[33]

USA,

Canada,

Australia

Database

Highlights
Google Scholar A new CAD database was created from 126 papers and 68 datasets on CAD diagnosis from 1992 to 2018.

Friedrich et

al./2021 [34]
Germany

Systematic

Review
PubMed and Embase

Efficient AI/ML methods are underutilized in clinical practice. Medical challenges can advance research and promote their

usage.

Krittanawong

et al./2020

[35]

USA
Meta-

Analysis
Medline, Embase, and Scopus

The study analyzed 55 studies with over 3 million individuals to assess the impact of machine learning on cardiovascular

diseases. Specifically, 45 of these studies focused on coronary artery disease (CAD) and showed that custom-built

algorithms had a higher AUC and sensitivity than boosting algorithms.

Nagendran

et al./2020

[36]

UK
Systematic

Review

They searched through databases such as Medline, Embase,

Cochrane Central Register of Controlled Trials, and the World

Health Organization trial registry.

A total of 61 out of 81 studies found that AI performed as well as or better than clinicians, but only 38% of them suggested

follow-up studies.

Panteris et

al./2022 [37]
Greece

Randomized

Clinical Trial

Out of 960 patients in a clinical trial, 533 had ACS, 170 had

NSTEMI, 222 had STEMI, 141 had unstable angina, and 681

had obstructive CAD.

A machine learning model accurately predicts obstructive CAD likelihood by combining metabolic and clinical features.

XGBoost algorithm achieves an impressive AUC of 0.725.

Stewart et

al./2021 [38]
Australia

Systematic

Review

They searched databases and reviewed 3361 articles,

ultimately including 23 in the analysis.

More research is needed before artificial neural networks (ANN) can be widely used in clinical settings to detect heart attacks

and forecast cardiovascular incidents.

TABLE 4: Summary of the results of the selected papers.
AUC: Area under curve; CAD: Coronary artery disease; DL: Deep learning; AI: Artificial intelligence; ACS: Acute coronary syndrome; STEMI: St-elevated
myocardial infarction; NSTEMI: Non st-elevated myocardial infarction

Discussions
Early detection is critical in improving the survival and outcomes of coronary artery disease (CAD).
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Researchers have created models that predict which patients are at a higher risk using techniques such as ML
and data mining (DM) [39]. These advanced techniques help quickly analyze large amounts of medical data
and reveal hidden structures, allowing for a more efficient and semi-automated approach to finding patterns
in data [40]. Several commonly used prediction models, such as the Framingham risk score [41], sex-specific
and race-specific pooled cohort equations (PCE) model [42], systematic coronary risk evaluation (SCORE)
[43], and QRESEARCH cardiovascular risk algorithm (QRISK) [44], are utilized to identify various predictive
factors. However, these models have limitations, such as differences among validation cohorts and the
possibility of overestimating the risk of CVD. Furthermore, these models often need to pay more attention
to important variables, making less accurate predictions.

To overcome limitations in specific populations like those with rheumatoid arthritis, more advanced
prediction tools are necessary [45]. The growing computational power has led to a surge in interest in risk
prediction based on ML. However, clinicians may require a deeper understanding of this methodology.
Accurate risk prediction is crucial, and further research is needed to improve the accuracy of CVD burden
prediction. Organizing research and findings on CAD diagnosis has been challenging due to the need for
publicly available comprehensive benchmarks. To address this issue, creating a database that collects all
related studies and their information could be a solution. Thus, the created database would inform
researchers about the latest developments and methods proposed in the field. A group of researchers,
Alizadehsani et al. [33], has made progress by creating a thorough dataset for ML/DM and detecting heart
disease. This database holds critical data and results from ML algorithms for understanding CAD disease.

According to Alizadehsani et al.'s study, utilizing an SVM can effectively differentiate individuals with CAD
from those who are healthy, with a 95% level of accuracy [33]. Research emphasizes that age, hypertension,
chest pain, regional wall motion abnormality, and ejection fraction are crucial to diagnosing CAD. This
information can benefit biologists, healthcare researchers, computer scientists, and physicians specializing
in CAD. In addition, combined analyses suggest that ML algorithms are typically precise when forecasting
prevalent cardiovascular illness, achieving an AUC value of 0.8-0.9. Subgroup analyses indicate that ML
algorithms accurately predict CAD and stroke [35]. A study by Liu et al. [46] compared the diagnostic
performance of DL models and clinicians using medical imaging. The results indicated that DL algorithms
show potential. However, specific methodological barriers must be addressed to achieve clinician-level
accuracy.

Metabolic profiling data on cardiovascular diseases have increased in the past decade. Though some risk
scores based on metabolites have been developed, it has yet to translate into clinical benefits due to the
complexity of metabolomics data [47,48]. ML in metabolomics studies has become more widespread due to
its capability to handle complex and diverse data and non-linear data representation [47,48]. ML is a specific
category of AI proficiently performing these tasks. Despite its infancy in cardiovascular medicine, ML has
already been utilized to identify unknown CAD risk factors, automate imaging interpretation, facilitate
precision medicine, and enhance clinical decision-making [35,49,50]. ML could enable clinicians to provide
better diagnosis, risk stratification, and manage CAD patients by improving CAD prediction accuracy. At
present, no ML method focuses on clinical applications and analyzes metabolic markers to forecast
obstructive CAD in patients who are undergoing invasive coronary angiography (ICA) [51,52].

ML approaches aim to interpret how risk factors affect outcomes [53]. A recent meta-analysis of 45 cohorts
showed that ML algorithms outperformed traditional regression analyses in predicting CAD. Using boosting
algorithms resulted in a combined AUC score of 0.88, with a sensitivity of 0.86, and a specificity of 0.70.
Studies have shown that ML models outperform conventional risk classification models by identifying
hidden patterns and including various data types [35]. For example, ML models have improved the risk
classification of relevant subpopulations, including individuals with a history of diabetes, and have shown
better performance in mortality predictions for STEMI than the TIMI model [54]. Therefore, ML could be
better than conventional CVD risk classification methods [54].

Research has demonstrated that ML algorithms, explicitly boosting algorithms and SVMs, are effective in
cardiovascular medicine. To ensure accurate data interpretation, it is crucial to select appropriate
algorithms, compare their performance with that of human experts, and report all evaluation metrics.
Further studies should be conducted to compare ML algorithms with traditional risk models. Once validated,
these algorithms can be incorporated into electronic health record systems to enhance clinical practice [35].

Logistic regression was more effective than ML techniques by Tsien et al. [55] in 1998 and Harrison et al. [56]
in 2005. They proposed that clinical practice models could be developed with only a few data points. The
"MI3 clinical support tool" created by Than et al. used ML to diagnose type 1 myocardial infarction with high
accuracy (AUC of 0.963) [57]. A recent study has found that using troponin tests simultaneously can
effectively identify low or high-risk chest pain. In diagnosing type 1 myocardial infarction, this approach is
more precise than the pathway recommended by the European Society of Cardiology. The test has a 99.7%
negative predictive value for low-risk patients and 97.8% sensitivity. The test has a 71.8% positive predictive
value and 96.7% specificity for high-risk patients [57].

In four different studies, the use of ML was compared to that of a physician in diagnosing AMI cases. One
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study by Chazaro et al. [58] found that the Emergency Department (ED) physician had higher sensitivity
(87%) compared to the ANN (85%) but lower specificity (78% vs. 91%). In contrast, the ANN performed better
than the physician in all areas in the remaining three studies [59-60]. In the 1990s, Baxt et al. [60] have been
found through their research that non-linear ANNs exhibit greater accuracy than both human doctors and
other computer-based methods. However, limited study has compared the effectiveness of ML and
physicians [61]. In the ED, ML techniques are commonly utilized to diagnose and predict outcomes for
patients with chest pain. These highly effective techniques lead to improved patient care and greater
efficiency in healthcare services. Owing to recent technological advancements, larger datasets and more
accessible ML models can be trained in seconds [61].

No recent study compares the accuracy of ML and physicians in diagnosing undifferentiated chest pain in
EDs. In recent studies, ML has been compared to the current risk stratification tools such as the TIMI and
history, ECGs, age, risk factors, troponins (HEART) scores. While the HEART score is often utilized in clinical
settings, recent evidence indicates that it may not be superior to clinical judgment in specific clinical
scenarios [62]. As ML tools become more commonly used, assessing their effectiveness compared to
physicians' consistently is crucial. It is essential to conduct more randomized clinical trials to confirm the
accuracy of ML algorithms in identifying the risk level of chest pain. These studies should compare the
effectiveness of the algorithms to that of physicians and current risk-scoring tools. Additionally, no studies
have assessed the impact of ML algorithms on patient outcomes after implementation in clinical practice. It
is crucial to evaluate how these tools affect clinical decision-making. It should be noted that implementing
ML algorithms can either decrease or increase bias. Hence, it is critical to establish suitable frameworks for
algorithm stewardship to ensure their effective implementation in the future [62]. Adding extra data such as
physician notes, ECGs, and X-rays can improve the accuracy of ML models. In patients with acute coronary
artery occlusion, immediate reperfusion therapy can be beneficial. However, the current STEMI/NSTEMI
paradigm does not identify all patients based on ST elevation on ECGs [63]. While some studies have used
angiogram results, none have tried to identify all patients with acute coronary artery occlusion. In upcoming
studies, ML could be utilized to identify these patients who do not meet the current STEMI criteria [63].

In the healthcare industry, utilizing ML prediction models, as noted by Zhang et al. [63], can raise ethical
and legal concerns. For instance, technology manufacturers and emergency physicians may be liable for
malpractice. Moreover, there is a valid concern that algorithmic outputs, which humans may not
comprehend [33], may influence essential decisions. Therefore, the legal framework should be updated to
address ML-related medical malpractice [64].

Although there have been positive outcomes in using ML algorithms in clinical practice for the past 30
years, the integration process is still challenging. One significant barrier to this is the differences among
healthcare systems. Zhang et al. successfully implemented their model, although they acknowledge that it
may only be effective in certain hospitals [63]. Their proposed solution is to retrain and test the model in
other medical facilities. Than et al. developed an initial version of an application that showcases the
potential of utilizing a centralized ML algorithm in an environment with limited resources. The app provides
diagnostic metrics to physicians and graphical results to patients via a phone application [57]. Establishing
oversight and stewardship frameworks for ML algorithms is crucial for safe, effective, and fair use on diverse
patient populations. Continued monitoring of health systems is also necessary for success [65].

Limitations
Our literature review has limitations. We limited our analysis to English articles published within the last 10
years, specifically targeting those at least 13 years old. We also only used free articles, and our study was
limited to English papers on ML, DL, and AI for diagnosis and prognosis. More research is needed for specific
conclusions.

Conclusions
Our research highlights the appropriate use of recent DL models to effectively prevent, risk-stratify, and
manage CAD patients to optimize their prognosis. These technological advancements aim to alleviate the
burden on clinicians and support them. Although challenges still exist, encouraging results have been
obtained from prospective and retrospective clinical trials. Some of the researchers have successfully
developed an initial version of an application that showcases the potential of utilizing a centralized ML
algorithm in an environment with limited resources. These algorithms can guide timely interventions,
ultimately saving lives and resources for patients with acute ischemic attacks. However, large-scale RCTs are
necessary to establish these algorithmic models' diagnostic and prognostic benefits, and caution should be
exercised when using them for preventive purposes.

Additional Information
Disclosures
Conflicts of interest: In compliance with the ICMJE uniform disclosure form, all authors declare the
following: Payment/services info: All authors have declared that no financial support was received from
any organization for the submitted work. Financial relationships: All authors have declared that they have

2023 Panjiyar et al. Cureus 15(8): e43003. DOI 10.7759/cureus.43003 7 of 11

javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


no financial relationships at present or within the previous three years with any organizations that might
have an interest in the submitted work. Other relationships: All authors have declared that there are no
other relationships or activities that could appear to have influenced the submitted work.

Acknowledgements
I extend my gratitude to SA, VS, and AP for their significant contributions to the conceptualization and
design of the data. BP, AP, HN, and GD contributed to drafting the article and reviewing it critically for
important intellectual content. Additionally, I acknowledge the efforts of YH, AH, SG, and GD in aiding data
collection and analysis and GD and SG for their invaluable assistance in data interpretation. BP, SG, and YH
drafted the manuscript. BP was tasked to submit the article to the journal and make the needed follow-ups.
Furthermore, SG, SA, YH, AP, and HN diligently reviewed the entire article, ensuring the identification and
rectification of any writing or grammar errors. Every author has made substantial and meaningful
contributions to the creation, writing, editing, and refinement of the manuscript, and their collective efforts
greatly enhanced the development of the work. Moreover, it is essential to highlight that each author has
provided their final approval for the manuscript's publication, underscoring their recognition and support of
the information presented therein. Furthermore, they have voluntarily accepted responsibility for the
accuracy and authenticity of the work, demonstrating their commitment to being accountable for its
scholarly content.

References
1. Lindstrom M, DeCleene N, Dorsey H, et al.: Global burden of cardiovascular diseases and risks collaboration,

1990-2021. J Am Coll Cardiol. 2022, 80:2372-425. 10.1016/j.jacc.2022.11.001
2. World Heart Report 2023: Confronting the world’s number one killer . (2023). Accessed: August 05, 2023:

https://world-heart-federation.org/wp-content/uploads/World-Heart-Report-2023.pdf.
3. Tsao CW, Aday AW, Almarzooq ZI, et al.: Heart disease and stroke statistics—2023 update: a report from the

American Heart Association. Circulation. 2023, 147:e93-e621. 10.1161/CIR.0000000000001123
4. Venkatason P, Zubairi YZ, Wan Ahmad WA, Hafidz MI, Ismail MD, Hadi MF, Zuhdi AS: In-hospital mortality

of cardiogenic shock complicating ST-elevation myocardial infarction in Malaysia: a retrospective analysis
of the Malaysian National Cardiovascular Database (NCVD) registry. BMJ Open. 2019, 9:e025734.
10.1136/bmjopen-2018-025734

5. World Health Organization (WHO): Cardiovascular disease fact sheet . (2021). Accessed: October, 13, 2021:
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds).

6. Akhlaghi A, Shirani S, Ziaie N, et al.: Cytochrome P450 2C19 polymorphism in Iranian patients with
coronary artery disease. ARYA Atheroscler. 2011, 7:106-10.

7. Ang CS, Chan KM: A review of coronary artery disease research in Malaysia . Med J Malaysia. 2016, 71:42-57.
8. Australian Institute of Health and Welfare 2018: Emergency department care 2017-18 . (Emergency

department care 2017-18 Australian hospital statistics [Internet]. Canberra, ACT: Australian Government).
Accessed: August 05, 2023: https://www.aihw.gov.au/getmedia/9ca4c770-3c3b-42fe-b071-
3d758711c23a/aihw-hse-216.pdf.

9. Thygesen K, Alpert JS, Jaffe AS, et al.: Fourth universal definition of myocardial infarction (2018).
Circulation. 2018, 138:e618-51. 10.1161/CIR.0000000000000617

10. Kumar A, Cannon CP: Acute coronary syndromes: diagnosis and management, part I . Mayo Clin Proc. 2009,
84:917-38.

11. Kohn MA, Kwan E, Gupta M, Tabas JA: Prevalence of acute myocardial infarction and other serious
diagnoses in patients presenting to an urban emergency department with chest pain. J Emerg Med. 2005,
29:383-90. 10.1016/j.jemermed.2005.04.010

12. Anderson JL, Adams CD, Antman EM, et al.: ACC/AHA 2007 guidelines for the management of patients with
unstable angina/non-ST-Elevation myocardial infarction: a report of the American College of
Cardiology/American Heart Association Task Force on Practice Guidelines (Writing Committee to Revise the
2002 Guidelines for the Management of Patients With Unstable Angina/Non-ST-Elevation Myocardial
Infarction) developed in collaboration with the American College of Emergency Physicians, the Society for
Cardiovascular Angiography and Interventions, and the Society of Thoracic Surgeons endorsed by the
American Association of Cardiovascular and Pulmonary Rehabilitation and the Society for Academic
Emergency Medicine. J Am Coll Cardiol. 2007, 50:e1-e157. 10.1016/j.jacc.2007.02.013

13. Swap CJ, Nagurney JT: Value and limitations of chest pain history in the evaluation of patients with
suspected acute coronary syndromes. JAMA. 2005, 294:2623-9. 10.1001/jama.294.20.2623

14. Antman EM, Cohen M, Bernink PJ, et al.: The TIMI risk score for unstable angina/non-ST elevation MI: a
method for prognostication and therapeutic decision making. JAMA. 2000, 284:835-42.
10.1001/jama.284.7.835

15. Brindle P, Emberson J, Lampe F, Walker M, Whincup P, Fahey T, Ebrahim S: Predictive accuracy of the
Framingham coronary risk score in British men: prospective cohort study. BMJ. 2003, 327:1267.
10.1136/bmj.327.7426.1267

16. Anand A, Cudmore S, Robertson S, et al.: Frailty assessment and risk prediction by GRACE score in older
patients with acute myocardial infarction. BMC Geriatr. 2020, 20:102. 10.1186/s12877-020-1500-9

17. Backus BE, Six AJ, Kelder JC, et al.: A prospective validation of the HEART score for chest pain patients at
the emergency department. Int J Cardiol. 2013, 168:2153-8. 10.1016/j.ijcard.2013.01.255

18. The Lancet Editorial: Artificial intelligence in health care: within touching distance . The Lancet. 2017,
390:2739-10.

19. Stewart J, Sprivulis P, Dwivedi G: Artificial intelligence and machine learning in emergency medicine .
Emerg Med Australas. 2018, 30:870-4. 10.1111/1742-6723.13145

20. Baxt WG: Use of an artificial neural network for data analysis in clinical decision-making: the diagnosis of

2023 Panjiyar et al. Cureus 15(8): e43003. DOI 10.7759/cureus.43003 8 of 11

https://dx.doi.org/10.1016/j.jacc.2022.11.001?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jacc.2022.11.001?utm_medium=email&utm_source=transaction
https://world-heart-federation.org/wp-content/uploads/World-Heart-Report-2023.pdf?utm_medium=email&utm_source=transaction
https://world-heart-federation.org/wp-content/uploads/World-Heart-Report-2023.pdf?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIR.0000000000001123?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIR.0000000000001123?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmjopen-2018-025734?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmjopen-2018-025734?utm_medium=email&utm_source=transaction
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)?utm_medium=email&utm_source=transaction
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)?utm_medium=email&utm_source=transaction
https://pubmed.ncbi.nlm.nih.gov/22577456/?utm_medium=email&utm_source=transaction
https://pubmed.ncbi.nlm.nih.gov/27801387/?utm_medium=email&utm_source=transaction
https://www.aihw.gov.au/getmedia/9ca4c770-3c3b-42fe-b071-3d758711c23a/aihw-hse-216.pdf?utm_medium=email&utm_source=transaction
https://www.aihw.gov.au/getmedia/9ca4c770-3c3b-42fe-b071-3d758711c23a/aihw-hse-216.pdf?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIR.0000000000000617?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIR.0000000000000617?utm_medium=email&utm_source=transaction
https://pubmed.ncbi.nlm.nih.gov/19797781/?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jemermed.2005.04.010?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jemermed.2005.04.010?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jacc.2007.02.013?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jacc.2007.02.013?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.294.20.2623?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.294.20.2623?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.284.7.835?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.284.7.835?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.327.7426.1267?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.327.7426.1267?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12877-020-1500-9?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12877-020-1500-9?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.ijcard.2013.01.255?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.ijcard.2013.01.255?utm_medium=email&utm_source=transaction
http://doi.org/10.1016/S0140-6736(17)31540-4?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1111/1742-6723.13145?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1111/1742-6723.13145?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1162/neco.1990.2.4.480?utm_medium=email&utm_source=transaction


acute coronary occlusion. Neural Computation. 1990, 2:843-8. 10.1162/neco.1990.2.4.480
21. Atificial intelligence. (2018). Accessed: July 24, 2023:

https://www.oxfordlearnersdictionaries.com/definition/english/artificial-intelligence.
22. Jiang F, Jiang Y, Zhi H, et al.: Artificial intelligence in healthcare: past, present and future . Stroke Vasc

Neurol. 2017, 2:230-43. 10.1136/svn-2017-000101
23. LeCun Y, Bengio Y, Hinton G: Deep learning. Nature. 2015, 521:436-44. 10.1038/nature14539
24. Khan S, Rahmani H, Shah SAA, Bennamoun M: A Guide to Convolutional Neural Networks for Computer

Vision. Springer Nature , Switzerland ; 2018. 10.2200/S00822ED1V01Y201712COV015
25. Hinton G: Deep learning-a technology with the potential to transform health care . JAMA. 2018, 320:1101-2.

10.1001/jama.2018.11100
26. Rajkomar A, Oren E, Chen K, et al.: Scalable and accurate deep learning with electronic health records . NPJ

Digit Med. 2018, 1:18. 10.1038/s41746-018-0029-1
27. Shashikumar SP, Stanley MD, Sadiq I, Li Q, Holder A, Clifford GD, Nemati S: Early sepsis detection in critical

care patients using multiscale blood pressure and heart rate dynamics. J. Electrocardiol. 2017, 50:739-43.
28. IBM: What is machine learning? . (2020). Accessed: April 20, 2022: http://www.ibm.com/topics/machine-

learning.
29. Jaafar J, Atwell E, Johnson O, Clamp S, Ahmad WA: Evaluation of machine learning techniques in predicting

acute coronary syndrome outcome. Research and Development in Intelligent Systems XXX. Bramer M,
Petridis M (ed): Springer, Cham, Switzerland; 2013.

30. Liberati A, Altman DG, Tetzlaff J, et al.: The PRISMA statement for reporting systematic reviews and meta-
analyses of studies that evaluate health care interventions: explanation and elaboration. PLoS Med. 2009,
6:e1000100. 10.1371/journal.pmed.1000100

31. Ahsan MM, Siddique Z: Machine learning-based heart disease diagnosis: a systematic literature review . Artif
Intell Med. 2022, 128:102289. 10.1016/j.artmed.2022.102289

32. Al Hinai G, Jammoul S, Vajihi Z, Afilalo J: Deep learning analysis of resting electrocardiograms for the
detection of myocardial dysfunction, hypertrophy, and ischaemia: a systematic review. Eur Heart J Digit
Health. 2021, 2:416-23. 10.1093/ehjdh/ztab048

33. Alizadehsani R, Roshanzamir M, Abdar M, et al.: A database for using machine learning and data mining
techniques for coronary artery disease diagnosis. Sci Data. 2019, 6:227. 10.1038/s41597-019-0206-3

34. Friedrich S, Groß S, König IR, et al.: Applications of artificial intelligence/machine learning approaches in
cardiovascular medicine: a systematic review with recommendations. Eur Heart J Digit Health. 2021, 2:424-
36. 10.1093/ehjdh/ztab054

35. Krittanawong C, Virk HU, Bangalore S, et al.: Machine learning prediction in cardiovascular diseases: a
meta-analysis. Sci Rep. 2020, 10:16057. 10.1038/s41598-020-72685-1

36. Nagendran M, Chen Y, Lovejoy CA, et al.: Artificial intelligence versus clinicians: systematic review of
design, reporting standards, and claims of deep learning studies. BMJ. 2020, 368:m689. 10.1136/bmj.m689

37. Panteris E, Deda O, Papazoglou AS, et al.: Machine learning algorithm to predict obstructive coronary artery
disease: insights from the CorLipid trial. Metabolites. 2022, 12:816. 10.3390/metabo12090816

38. Stewart J, Lu J, Goudie A, Bennamoun M, Sprivulis P, Sanfillipo F, Dwivedi G: Applications of machine
learning to undifferentiated chest pain in the emergency department: a systematic review. PLoS One. 2021,
16:e0252612. 10.1371/journal.pone.0252612

39. Acharya UR, Hamido F, Shu LO, Adam M, Hong Tan J, Chua CK: Automated detection of coronary artery
disease using different durations of ECG segments with convolutional neural network. Elsevier. 2017,
132:62-71. 10.1016/j.knosys.2017.06.003

40. Han, J, Pei J, Kamber M.: Data Mining: Concepts and Techniques, Third Edition . Elsevier, USA; 2011.
41. Wilson PW, D'Agostino RB, Levy D, Belanger AM, Silbershatz H, Kannel WB: Prediction of coronary heart

disease using risk factor categories. Circulation. 1998, 97:1837-47. 10.1161/01.cir.97.18.1837
42. Goff DC Jr, Lloyd-Jones DM, Bennett G, et al.: 2013 ACC/AHA guideline on the assessment of cardiovascular

risk: a report of the American College of Cardiology/American Heart Association task force on practice
guidelines. J Am Coll Cardiol. 2014, 63:2935-59. 10.1016/j.jacc.2013.11.005

43. Conroy RM, Pyörälä K, Fitzgerald AP, et al.: Estimation of ten-year risk of fatal cardiovascular disease in
Europe: the SCORE project. Eur Heart J. 2003, 24:987-1003. 10.1016/s0195-668x(03)00114-3

44. Hippisley-Cox J, Coupland C, Vinogradova Y, Robson J, Minhas R, Sheikh A, Brindle P: Predicting
cardiovascular risk in England and Wales: prospective derivation and validation of QRISK2. BMJ. 2008,
336:1475-82. 10.1136/bmj.39609.449676.25

45. Damen JA, Pajouheshnia R, Heus P, et al.: Performance of the Framingham risk models and pooled cohort
equations for predicting 10-year risk of cardiovascular disease: a systematic review and meta-analysis. BMC
Med. 2019, 17:109. 10.1186/s12916-019-1340-7

46. Liu X, Livia F, Aditya UK, et al.: A comparison of deep learning performance against health-care
professionals in detecting diseases from medical imaging: a systematic review and meta-analysis. Lancet
Digit Health. 2019, 1:e271-97. 10.1016/S2589-7500(19)30123-2

47. Müller J, Bertsch T, Volke J, et al.: Narrative review of metabolomics in cardiovascular disease . J Thorac Dis.
2021, 13:2532-50. 10.21037/jtd-21-22

48. Pomyen Y, Wanichthanarak K, Poungsombat P, Fahrmann J, Grapov D, Khoomrung S: Deep metabolome:
applications of deep learning in metabolomics. Comput Struct Biotechnol J. 2020, 18:2818-25.
10.1016/j.csbj.2020.09.033

49. Goldstein BA, Navar AM, Carter RE: Moving beyond regression techniques in cardiovascular risk prediction:
applying machine learning to address analytic challenges. Eur Heart J. 2017, 38:1805-14.
10.1093/eurheartj/ehw302

50. Mittas N, Chatzopoulou F, Kyritsis KA, et al.: A risk-stratification machine learning framework for the
prediction of coronary artery disease severity: insights from the GESS trial. Front Cardiovasc Med. 2021,
8:812182. 10.3389/fcvm.2021.812182

51. Qiao HY, Li JH, Schoepf UJ, et al.: Prognostic implication of CT-FFR based functional SYNTAX score in
patients with de novo three-vessel disease. Eur Heart J Cardiovasc Imaging. 2020, 22:1434-42.

2023 Panjiyar et al. Cureus 15(8): e43003. DOI 10.7759/cureus.43003 9 of 11

https://dx.doi.org/10.1162/neco.1990.2.4.480?utm_medium=email&utm_source=transaction
https://www.oxfordlearnersdictionaries.com/definition/english/artificial-intelligence?utm_medium=email&utm_source=transaction
https://www.oxfordlearnersdictionaries.com/definition/english/artificial-intelligence?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/svn-2017-000101?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/svn-2017-000101?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/nature14539?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/nature14539?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.2200/S00822ED1V01Y201712COV015?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.2200/S00822ED1V01Y201712COV015?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.2018.11100?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.2018.11100?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41746-018-0029-1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41746-018-0029-1?utm_medium=email&utm_source=transaction
http://doi.org/10. 1016/j.jelectrocard.2017.08.013?utm_medium=email&utm_source=transaction
http://www.ibm.com/topics/machine-learning?utm_medium=email&utm_source=transaction
http://www.ibm.com/topics/machine-learning?utm_medium=email&utm_source=transaction
https://link.springer.com/chapter/10.1007/978-3-319-02621-3_24?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pmed.1000100?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pmed.1000100?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.artmed.2022.102289?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.artmed.2022.102289?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/ehjdh/ztab048?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/ehjdh/ztab048?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41597-019-0206-3?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41597-019-0206-3?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/ehjdh/ztab054?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/ehjdh/ztab054?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41598-020-72685-1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1038/s41598-020-72685-1?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.m689?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.m689?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3390/metabo12090816?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3390/metabo12090816?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pone.0252612?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pone.0252612?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.knosys.2017.06.003?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.knosys.2017.06.003?utm_medium=email&utm_source=transaction
http://ia800702.us.archive.org/7/items/datamining_201811/DS-book u5.pdf?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/01.cir.97.18.1837?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/01.cir.97.18.1837?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jacc.2013.11.005?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.jacc.2013.11.005?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0195-668x(03)00114-3?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0195-668x(03)00114-3?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.39609.449676.25?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1136/bmj.39609.449676.25?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12916-019-1340-7?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s12916-019-1340-7?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/S2589-7500(19)30123-2?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/S2589-7500(19)30123-2?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.21037/jtd-21-22?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.21037/jtd-21-22?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.csbj.2020.09.033?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.csbj.2020.09.033?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/eurheartj/ehw302?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/eurheartj/ehw302?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/fcvm.2021.812182?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.3389/fcvm.2021.812182?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1093/ehjci/jeaa256?utm_medium=email&utm_source=transaction


10.1093/ehjci/jeaa256
52. Schwalm JD, Di S, Sheth T, Natarajan MK, O'Brien E, McCready T, Petch J: A machine learning-based clinical

decision support algorithm for reducing unnecessary coronary angiograms. Cardiovasc Digit Health J. 2022,
3:21-30. 10.1016/j.cvdhj.2021.12.001

53. Akella A, Akella S: Machine learning algorithms for predicting coronary artery disease: efforts toward an
open source solution. Future Sci OA. 2021, 7:FSO698. 10.2144/fsoa-2020-0206

54. Aziz F, Malek S, Ibrahim KS, et al.: Short- and long-term mortality prediction after an acute ST-elevation
myocardial infarction (STEMI) in Asians: a machine learning approach. PLoS One. 2021, 16:e0254894.
10.1371/journal.pone.0254894

55. Tsien CL, Fraser HS, Long WJ, Kennedy RL: Using classification tree and logistic regression methods to
diagnose myocardial infarction. Stud Health Technol Inform. 1998, 52 Pt 1:493-7.

56. Harrison RF, Kennedy RL: Artificial neural network models for prediction of acute coronary syndromes
using clinical data from the time of presentation. Ann Emerg Med. 2005, 46:431-9.
10.1016/j.annemergmed.2004.09.012

57. Than MP, Pickering JW, Sandoval Y, et al.: Machine learning to predict the likelihood of acute myocardial
infarction. Circulation. 2019, 140:899-909. 10.1161/CIRCULATIONAHA.119.041980

58. Chazaro A, Cravens G, Eberhart R: Myocardial infarction diagnosis by a neural network . IEEE Engineering in
Medicine and Biology Society. Conference Proceedings. Institute of Electrical and Electronics Engineers,
New York, NY; 1998.

59. Kennedy RL, Harrison RF, Burton AM, et al.: An artificial neural network system for diagnosis of acute
myocardial infarction (AMI) in the accident and emergency department: evaluation and comparison with
serum myoglobin measurements. Comput Methods Programs Biomed. 1997, 52:93-103. 10.1016/s0169-
2607(96)01782-8

60. Baxt WG, Skora J: Prospective validation of artificial neural network trained to identify acute myocardial
infarction. Lancet. 1996, 347:12-5. 10.1016/s0140-6736(96)91555-x

61. Baxt WG: Use of an artificial neural network for the diagnosis of myocardial infarction . Ann Intern Med.
1991, 115:843-8. 10.7326/0003-4819-115-11-843

62. Wang G, Zheng W, Wu S, et al.: Comparison of usual care and the HEART score for effectively and safely
discharging patients with low-risk chest pain in the emergency department: would the score always help?.
Clin Cardiol. 2020, 43:371-8. 10.1002/clc.23325

63. Zhang PI, Hsu CC, Kao Y, et al.: Real-time AI prediction for major adverse cardiac events in emergency
department patients with chest pain. Scand J Trauma Resusc Emerg Med. 2020, 28:93. 10.1186/s13049-020-
00786-x

64. Sullivan HR, Schweikart SJ: Are current tort liability doctrines adequate for addressing injury caused by AI? .
AMA J Ethics. 2019, 21:E160-166. 10.1001/amajethics.2019.160

65. Eaneff S, Obermeyer Z, Butte AJ: The case for algorithmic stewardship for artificial intelligence and
machine learning technologies. JAMA. 2020, 324:1397-8. 10.1001/jama.2020.9371

2023 Panjiyar et al. Cureus 15(8): e43003. DOI 10.7759/cureus.43003 10 of 11

https://dx.doi.org/10.1093/ehjci/jeaa256?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.cvdhj.2021.12.001?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.cvdhj.2021.12.001?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.2144/fsoa-2020-0206?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.2144/fsoa-2020-0206?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pone.0254894?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1371/journal.pone.0254894?utm_medium=email&utm_source=transaction
http://pubmed.ncbi.nlm.nih.gov/10384505/?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.annemergmed.2004.09.012?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/j.annemergmed.2004.09.012?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIRCULATIONAHA.119.041980?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1161/CIRCULATIONAHA.119.041980?utm_medium=email&utm_source=transaction
http://nsuworks.nova.edu/hpd_com_faculty_articles/1506?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0169-2607(96)01782-8?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0169-2607(96)01782-8?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0140-6736(96)91555-x?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1016/s0140-6736(96)91555-x?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.7326/0003-4819-115-11-843?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.7326/0003-4819-115-11-843?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1002/clc.23325?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1002/clc.23325?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s13049-020-00786-x?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1186/s13049-020-00786-x?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/amajethics.2019.160?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/amajethics.2019.160?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.2020.9371?utm_medium=email&utm_source=transaction
https://dx.doi.org/10.1001/jama.2020.9371?utm_medium=email&utm_source=transaction

	A Systematic Review: Do the Use of Machine Learning, Deep Learning, and Artificial Intelligence Improve Patient Outcomes in Acute Myocardial Ischemia Compared to Clinician-Only Approaches?
	Abstract
	Introduction And Background
	Review
	Methods
	FIGURE 1: PRISMA flow diagram illustrating the search strategy and study selection process for the systematic review.
	TABLE 1: Showing the criteria adopted during the literature search process.
	TABLE 2: Showing the search strategy, search engines used, and the number of results displayed.
	TABLE 3: Showing quality appraisal tools used.

	Results
	TABLE 4: Summary of the results of the selected papers.

	Discussions
	Limitations

	Conclusions
	Additional Information
	Disclosures
	Acknowledgements

	References


