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In his third of 3 laws, the late science fiction writer Sir Arthur Clarke once surmised 
that “any sufficiently advanced technology is indistinguishable from magic.”1 To 
those unfamiliar with the methods of machine learning (ML), it seems almost 

magical to see a computer interpret an ECG—a technique that, for a human, re-
quires many years of training, as well as continued practice—in less than a second. 
Yet, computers are the furthest thing from magical. Computers are machines—
machines that execute a script exactly as it is written by a human. They are ma-
chines that do not get bored, hungry, distracted, or sick and are more than capable 
of doing the same thing over and over again. One requires little imagination to see 
how a computer that is trained to replicate human skills in medical diagnosis could 
be useful in today’s fast-paced, high-volume world of health care. Yet, before we 
place our lives and livelihoods in the hands of a computer algorithm, how do we 
know we can trust it? What is the process for obtaining trust in a model?

In this week’s issue of Circulation, 2 exciting papers are presented that describe 
the magic of ML applied to ECG interpretation. Giudicessi et al developed and 
verified an algorithm to predict the QT interval at the same accuracy of an expert-
interpreted 12-lead ECG using only 2 leads.2 Raghunath et al developed and tested 
a model capable of predicting 1-year incident atrial fibrillation (AF) as well as AF-re-
lated strokes using a sinus rhythm ECG.3 Both approaches use a ML method called 
deep learning4 that involves multilayered convolutional neural networks applied 
to the pixels of an image to predict the outcome. Both report impressive accuracy 
of predictions on held-out testing samples, and both offer enormous potential to 
improve the efficiency of health care delivery. However, the 2 papers approach the 
application of ML to ECG interpretation from nearly opposite directions: one seeks 
to predict a well-known ECG parameter of future risk with greater accuracy, and 
the other attempts to predict future risk agnostic to any previously described ECG 
parameters—a contrast worth examining in more detail.

Although Giudicessi et al describe it as an example of artificial intelligence, 
the model the authors developed and reported performs quite a straightforward 
task: predicting a measurement, the heart rate–corrected QT interval, which is 
already provided by most computer-generated ECG programs. The caveat, of 
course, is that this model provides an accurate measure that is based on only 2 
ECG leads, rather than requiring a 12-lead ECG and concordance with expert hu-
man interpretation. This innovation is powerful in that many wearable and mo-
bile telemetry monitoring systems are based on 1- or 2-lead measurements, and 
thus integration with this algorithm could allow remote monitoring of patients 
at risk for QT prolongation. It is important to note that the authors demonstrated 
that the algorithm was most accurate at identifying QTc intervals >500 ms, where 
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risk of a lethal arrhythmia such as torsade de pointes 
is greatest, indicating that the custom loss function 
applied to train the model—a composite of linear re-
gression and binned integer classification—was well-
crafted to perform the task at hand. However, to state 
that this ML algorithm is a clear demonstration of the 
power of deep learning perhaps ignores the potential 
for even greater insights. The QT interval itself is not 
an outcome, but rather a biomarker for which per-
turbation, especially prolongation, is a well-known 
risk factor for risk of torsade de pointes and sudden 
cardiac death. Although an algorithm that can pre-
dict the QT interval accurately is of great use in clinical 
management, even more enlightening is an algorithm 
that can predict torsade de pointes itself. Would such 
an algorithm confirm that QT length itself was most 
important, or perhaps identify a specific T wave mor-
phology that can predict increased risk independent 
of duration? Or perhaps we are asking too much of 
a computer algorithm to uncover deeper biology, and 
we should be satisfied with the fact that this program 
will provide accurate QT interval measurements at a 
scale no human could achieve.

In contrast, the approach taken by Raghunath et al 
was to predict AF, an outcome for which, unlike the QT 
interval and torsade de pointes, there is no well-estab-
lished prognostic ECG metric. Leveraging the power of 
deep learning, the authors demonstrated that a model 
applied to 12-lead ECG images was capable of predict-
ing future AF within a year, with estimates on par with 
2 of the strongest clinical risk factors for AF, age and 
sex. The authors take the intriguing approach of exam-
ining the predicted risk of AF as one would study a nov-
el biomarker—demonstrating the relative hazard above 
and below a dichotomized level of prediction, model-
ing the time-to-event using Kaplan–Meier curves, and 
examining interactions with other known clinical risk 
factors. The results are indeed impressive, except for 
1 problem: We have no idea what the model is using 
to make these predictions. The model could be iden-
tifying some novel pattern in the P wave that reflects 
abnormal atrial signal propagation that increases risk 
of AF…or it could be picking up something as trivial as 
a lower resting heart rate, which could reflect medica-
tion already being used to treat previously undiagnosed 
or unrecognized AF. Interpretability is a challenging 
topic in model development, and one can argue that 
even in the inductive realm of basic science, biological 
mechanisms have a way of adapting to the stochastic 
results of clinical trials—or, put another way, the human 
brain is a black box and we seem to be fine trusting its 
decisions. However, it is not a given that we must ac-
cept that deep learning models are impenetrable black 
boxes; there are existing methods to examine the parts 
of convolutional neural networks that are contributing 
to a given prediction. For example, saliency maps allow 

one to directly map the weights of the network back 
onto an image, and visualize the part of the image that 
was used in the prediction.5 Ablation approaches, such 
as Local Interpretable Model-agnostic Explanations,6 
systematically remove parts of the model and examine 
the effect on predictive accuracy in order to identify 
which information is behind the prediction. No method 
is perfect, but if we are proposing to use a prediction 
model to dictate empirical use of anticoagulation, we 
would like to have some understanding of why that 
prediction is being made.

As a final point, it bears mention that the 2 ap-
proaches presented in this week’s issue are applying 
the most basic form of ML called supervised learn-
ing, which in essence only predicts a label that has 
already been assigned. There are ML methods that are 
far more sophisticated and dynamic to the point of 
being nearly indistinguishable from magic. Unsuper-
vised learning approaches, such as generative adver-
sarial networks and variational autoencoders,7,8 can 
learn the deeper structure of data, beyond what can 
be perceived by humans, in order to seamlessly modify 
a picture, change a person’s voice, or create an entire 
database of pictures of nonexistent, synthetic people. 
Reinforcement learning algorithms,9 which are argu-
ably the true manifestation of artificial intelligence, 
can learn to identify the optimum action to take in 
any situation to achieve a long-term goal and thereby 
achieve suprahuman performance, which has been 
demonstrated in video games10 and the board game 
Go.11,12 It is certain that we have only skimmed the 
surface of what is possible using computers and large 
amounts of data to guide clinical care. There may be 
a future in which computers make clinical decisions, 
provide tailored explanation and education to patients, 
perform procedures, and follow up on vital data be-
ing generated in the patient’s home 24 hours a day, 7 
days a week, without fatigue, burnout, or error. Books 
have been written and companies have been founded 
on such promises. However, before we can step into 
that brave new world of artificial intelligence, we must 
identify ways to interpret, understand, and trust the 
magic behind these incredibly accurate and efficient 
prediction algorithms. In that respect, we are still at 
the very beginning.
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