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Twenty‑six years of machine learning for ECG: and we are not there yet
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Machine learning (ML) and artificial intelligence (AI) have 
promised a lot for the clinician but delivered little to date, 
maybe in part because like all new tools it is taking time to 
learn to master. Yet, such is the strength of the hope to auto-
mate tasks that are subject to human error, or to find subtle 
relationships between independent and dependent variables, 
we keep attempting to apply machine learning. Automated 
identification of acute coronary syndrome (ACS) from the 
ECG is one such hope that still appears to be alive, simply 
because it could have a profound impact on busy emergency 
departments. The hope would be that early diagnosis may 
improve outcomes via earlier reperfusion [1].

In this issue, Zworth and colleagues present the evidence 
for adoption of machine learning algorithms to diagnose 
ACS with an ECG [2]. By including only studies with 
12-lead ECG in the emergency department (ED) or pre-
hospital setting, they focussed on studies that are of most 
clinical relevance, where an ECG prior to troponin meas-
urements could affect patient disposition. Importantly, they 
limited the studies to those which compared ML to clinicians 
or non-ML-based software. Interestingly, of the ten studies 
identified, the earliest was 1997—considered within the AI 
winter when the hype had worn off and the computing power 
was insufficient. Four of the ten studies were pre-hospital 
and six in the ED; three were STEMI only, and four were 
externally validated. All but one used a form of neural net-
works as the training method.

In the four studies where areas under receiver operating 
characteristic curves (AUC) were provided, ML models 
had higher AUCs than clinicians. However, the validation 
data sets for some of the studies had the proportion of MI 
enhanced. This tends to artificially increase AUCs which 
makes their interpretation difficult. Zworth et al. also report 

the comparative sensitivities and specificities of the algo-
rithms. The sensitivity was greater for the ML models than 
the clinicans, but at the expense of specificity. While most 
of the sensitivities were inadequate to safely exclude MI, 
two studies had sensitivities > 95% which is getting into 
the realm of diagnostic usefulness as a tool for stratifying 
patients to low risk of MI. One study had very high sensitiv-
ity and specificity for STEMI [3]. However, it is yet to be 
externally validated.

Also noted in the review was the possibility of bias in 
some studies and unclear definitions of ACS in half the stud-
ies (notably, some were conducted before the introduction 
of high-sensitivity troponin assays which has affected the 
diagnosis and definition of NSTEMI).

This paper has uncovered some hints that ML may aid 
diagnosis, but there is still a lack of high-quality studies 
that clearly demonstrate utility in a relevant clinical context. 
Zworth and colleagues have recommended future ECG data-
bases record accompanying clinical context. Other technolo-
gies—high-sensitivity point-of-care (POC) troponin assays in 
particular—will change the ED and perhaps the pre-hospital 
context. Whereas previously the ECG was the most rapid 
method to identify some MI, new POC troponin devices 
mean that troponin results are available during the initial 
clinical exam somewhat rendering the “competitive advan-
tage” of ECG mute. While early identification of STEMI 
remains a goal, and studies focussed on STEMI alone may 
result in utility, a paradigm shift to identification of occlusion 
myocardial infarction (OMI) is possible [4]. This would mean 
a change of primary outcome for future machine learning 
studies. We would also encourage those studies to have as 
outcomes risk stratification into those very unlikely to have 
MI, highly likely to have MI, and an intermediate risk group 
that requires further work-up. This paradigm is familiar to 
most who utilise accelerated diagnostic pathways (ADPs) for 
assessment of patients with possible ACS.

Zworth and colleagues deliberately excluded studies in 
which ECG was embedded within a diagnostic pathway which 
had other components including cardiac biomarkers. For 
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cohorts where STEMI has been excluded troponin is by far 
the strongest diagnostic component of risk scores like HEART 
or accelerated diagnostic pathways like EDACS-ADP. In this 
context, machine learning has created safe and effective mod-
els without ECG [5] or with a simple clinical judgment of 
whether the ECG displays evidence or not of ischaemia [6, 
7]. It may be a fruitful area of study to establish if in statis-
tical or machine learning algorithms the considerable data 
from an ECG actually contributes to the risk stratification and 
diagnosis of patients who are non-STEMI (or non-OMI). If 
not, then it may be time to to accept we are not there yet and 
wait for some considerable improvement in technology or AI.
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