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Abstract

The role of physicians has always been to synthesize the data available to them to identify
diagnostic patterns that guide treatment and follow response. Today, increasingly sophisticated
machine learning algorithms may grow to support clinical experts in some of these tasks. Machine
learning has the potential to benefit patients and cardiologists, but only if clinicians take an active
role in bringing these new algorithms into practice. The aim of this review is to introduce
clinicians who are not data-science experts to key concepts in machine learning that will allow
them to better understand the field and evaluate new literature and developments. We then
summarize the current literature in machine learning for cardiovascular disease, using both a
bibliometric survey, with code publicly available to enable similar analysis for any research topic
of interest, and select case studies. Finally, we list several ways clinicians can and must be
involved in this emerging field.

Condensed Abstract

The aim of this review is to introduce clinicians who are not data-science experts to key concepts
in machine learning that will allow them to better understand the field and evaluate new literature
and developments. We then summarize the current literature in machine learning for
cardiovascular disease, using both a bibliometric survey, with code publicly available to enable
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similar analysis for any research topic of interest, and select case studies. Finally, we list several
ways clinicians can and must be involved in this emerging field.
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Introduction

Machine learning (ML)—the use of computer algorithms that can learn complex patterns
from data—has significant potential to impact cardiology due to the number of diagnostic
and management decisions that rely on digitized, patient-specific information such as ECGs,
echocardiograms and more (1); and due to the growing amount and complexity of medical
knowledge. The staggering volume of health care data—clinical notes, wearable and sensor
data, medication lists, imaging, and much more—continues to increase astronomically, with
two zettabytes (one zettabyte = one trillion gigabytes) estimated to be produced in 2020 (2).
Simply put, “the complexity of medicine now exceeds the capacity of the human mind.” (3)
As a result, our knowledge and interpretation of available data, our skills, and our practice
may vary from clinician to clinician, sometimes failing to leverage all of medical knowledge.
Designed, validated, and implemented appropriately, machine learning algorithms will help
in acquiring, interpreting, and synthesizing healthcare data from disparate sources and
putting it at our fingertips — as if we had an expert sub-specialist to call upon for every
patient and every clinical situation.

As machine learning algorithms permeate into clinical cardiology, they may be deployed in
multiple areas. Algorithms may help the front office schedule different patients with the
appropriate amount of time based on their EHR data, or help primary care physicians better
guide referrals to the cardiologist’s office. Machine learning will help in remote testing and
monitoring of patients, guiding the data acquisition that will be sent to a clinic or hospital.
Perhaps the computer-generated ECG reports will become more reliable, because machine
learning algorithms are analyzing the signal. Ultrasound, nuclear, CT and MRI images will
be better-protocolled and have less image noise or fewer artifacts. Automated cardiac
measurements from echocardiograms, CT scans, and MRIs may become more accurate and
reliable (4). Perhaps cardiac risk scores won’t be calculated from just a handful of variables,
but from every piece of data in the patient’s chart. Perhaps ML algorithms will help us
discover new and subtle patterns in data that may change how we care for our patients.
Perhaps clinical guidelines may recommend ML-enabled testing for patient diagnosis and
management. Taken together, these and other ML-based improvements may make for a
revolution in cardiology. Despite this potential, and a growing body of literature (detailed
below), machine learning’s real-world impact on clinical cardiologists and their patients has
been quite limited to date(1,5).

To borrow from American poet and musician Gil Scott-Heron, this revolution will not be
televised. By the time algorithms like those described above make it into the clinic, their
presence will be largely invisible to the practitioner. Cardiologists’ active involvement in
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machine learning before it reaches the clinic is critical in order to help it reach its full
potential for patient care. Cardiologists will be the ones to follow new developments in
medical machine learning, serve as peer reviewers, and evaluate whether new work is
impactful or incremental to patients and providers. Cardiologists will lead clinical trials
evaluating efficacy and safety of machine learning algorithms, just as they do for drugs or
medical devices. In the clinic, cardiologists will help decide, for example, whether to buy
new ML-powered software to improve clinical operations or diagnosis. When a machine
learning algorithm suggests an unusual result, cardiologists will have to decide whether that
result is spurious or a truly novel finding that a physician would not see on his or her own.
And they will have to explain their reliance on or rejection of ML-based test results to their
patients. For all of these reasons, even cardiologists who are not machine learning experts
can benefit from some basic tools and concepts with which to understand, evaluate, and,
when appropriate, champion the incorporation of evidence-based machine learning research
into their practice.

The goal of this review is to present these concepts for machine learning, to provide a way to
survey the ever-growing body of literature in machine learning for cardiology, and to provide
suggestions for how cardiologists who are not data science experts can participate in the
machine learning revolution.

Machine learning: key concepts for busy clinicians

In this section we will provide a brief overview of six machine learning concepts that
clinicians need to be familiar with to read clinical papers using machine learning methods,
and eventually to facilitate the use of novel machine learning algorithms inside the clinic.
Our goal is not to provide a comprehensive technical primer on machine learning
algorithms, already well covered in several excellent resources (4-11).

Artificial intelligence (Al), simply defined as a computer system that is able to perform tasks
that normally require human intelligence, is something cardiologists have been taking
advantage of for decades virtually every day as hundreds of millions of ECGs are interpreted
by computers worldwide every year (12,13). Here, we will use ECG analysis as a canonical
example to illustrate several concepts in machine learning, because it is clinically familiar
and has been well-studied by humans, by non-ML computer algorithms, and by ML
algorithms.

Concept 1. Traditional rules-based algorithms apply rules to data, while machine learning
algorithms learn patterns from data.

Computers can mimic human intelligence through rules-based algorithms, used in traditional
computerized ECG interpretation (12), or, through machine learning (ML) algorithms.
Rules-based algorithms make use of a set of rules explicitly programmed by humans to
mimic the knowledge a cardiologist might use in reading the ECG, for example: determining
the rate, identifying P-waves before every QRS, recognizing pathognomonic waveform
changes. In this case, the rules used that lead to a computer’s ECG diagnosis are well
understood.
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In contrast to rules-based algorithms, machine learning algorithms that learn rules and
patterns from the data fed to them, rather than having those rules explicitly programmed.
This fundamental difference is responsible for both the excitement about machine learning
algorithms’ potential to solve problems in cardiology beyond human capability—for
example, detecting patients with ejection fraction <35% or detecting patients with
hypoglycemia based on an ECG alone (14,15)—but it is also cause for the caution clinicians
must have in evaluating and eventually implementing ML solutions.

There are several types of machine learning algorithms, from decision trees and support
vector machines (SVMs), to highly complex, data-hungry algorithms called neural networks.
Neural networks are used in deep machine learning (deep learning, or DL), and their ability
to analyze large amounts of highly complex data—electronic health record (EHR) data, for
example, or the collection of pixels that make up medical images—are especially exciting
for cardiology applications. An ML algorithm is trained on data, yielding a trained ML
modelthat can then be evaluated on never-before-seen test data. Several excellent reviews
discuss different types of ML algorithms, including neural networks, in more detail (10,16—
18).

Concept 2. ML algorithms can learn patterns from labeled examples: supervised learning

Machine learning algorithms can learn patterns from data in two main ways. The first
approach is to provide data (e.g., a set of ECGs from patients visiting a clinic) along with a
corresponding label for what the algorithm is meant to learn (in this example, the label
would be the diagnosis for each single ECG). This approach is called supervised learning
(14,19-21). Based on the labeled examples alone, the algorithm learns for itself the most
important features of the ECG that drive its decision, and devises rules to exploit those
features for diagnosis of new ECGs never seen before.

Supervised learning algorithms have the advantage of having a clear goal: predicting the
label of interest. But the disadvantage of supervised ML algorithms is that their ability to
find interesting patterns in the data is also constrained by those labels. As any clinician who
has written question-and-answers for board prep or put together a self-assessment program
(SAP) knows, choosing the right data for training and deciding on the correct answer or
label is critically important to training and takes a lot of work. Similarly, a major challenge
in supervised machine learning is the availability of data sets of adequate size that have
correctly annotated labels of interest. This is not always straightforward. For example, data
scientists may trust that when a patient has a specific diagnostic code in their EHR, such as
acute venous thromboembolism (VTE), that the diagnostic code can serve as an accurate
clinical label for VTE. However, studies have founded that a VTE diagnosis in the EHR has
a positive predictive value as low a 31% for an outpatient diagnosis and 65% for an inpatient
diagnosis (22). Therefore, correct labelling of datasets requires active curation by
physicians, and will often require consensus from more than one physician.
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Concept 3. ML algorithms can learn patterns without labeled examples: unsupervised and
reinforcement learning

The second approach that can be used is unsupervised learning, designed to discover the
hidden patterns by analyzing data without a label. An unsupervised learning approach is
similar to a medical student that is given a huge number of ECGs without any diagnosis. The
student may not have been told what atrial fibrillation is or what a left bundle branch block
looks like, or that pericarditis can cause PR segment depression, but he can still classify the
examples in similar groups, selecting the most important ECG characteristics that he thinks
differentiate one example from another. He may learn on his own that the bumps and
squiggles in an ECG seem to follow a certain sequence and that they have different durations
and morphologies, or he may notice an entirely novel characteristic not typically taught in
the textbooks. In the same way, an algorithm can cluster available data in several groups, and
can learn the data features that are most relevant in differentiating the examples.

Unsupervised learning holds several advantages in machine learning: it allows the algorithm
to develop an understanding of the data that is unconstrained by labor-intensive and often
variable human labels, and it allows the algorithm to come up with novel groupings and
clusters of the data that a human being may not be aware of. These learned features as
groupings can also be exploited by a subsequent supervised learning step (23), just as the
medical student, having pre-digested the ECGs on his own, then has an easier time learning
that certain patterns correspond to sinus arrhythmia or hyperkalemia.

Unsupervised learning approaches are common in the analysis of EHR or genetic data to
automatically extract the most useful information (24) to identify distinct disease subgroups
—of type 2 diabetes, for example (25)—or to find a new set of biomarkers that may be better
predictors than standard biomarkers in defining distinct subsets of individuals with similar
health status (26). Clustering—dividing any type of data in groups of similar data points
based on the data’s characteristics—is indeed a successful application of unsupervised
learning to clinical data (27,28). As above, the clusters generated may lead to novel groups
of data points that may illuminate novel subgroups of disease, new biomarkers, or new
predictors of a clinical outcome of interest. However, clustering often represents only the
first step to group the data before a more insightful analysis. Importantly, clusters that may
suggest new groupings of disease or other novel insights must be validated clinically, as it
can be easy to set clustering parameters to create subgroups, or lump together groups that
should be separate.

In addition to supervised and unsupervised learning, a third category of learning methods,
reinforcement learning, is used when the ML algorithm is given iterative information about
the outcome of its predictions in the environment as feedback that helps guide its future
predictions. Imagine training an ML algorithm to dose intravenous heparin, for example. For
this task, neither a supervised approach, such as labeling different doses of heparin as ‘good’
or ‘bad,” nor an unsupervised approach (no label at all) would work well. Instead, in a
reinforcement learning approach, the algorithm would have a goal—optimize partial
thromboplastin time (PTT)—and would predict different heparin doses, receiving a positive
or negative reward depending on how close to the goal PTT it got. That reward would then
inform the algorithm’s next guess, and so forth. Reinforcement learning has been used with
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success to learn complex strategy games like Go (23), where the goals and the effect of the
algorithm’s decision on the environment is clear, and where the algorithm can play Go
millions of times, often losing the game until it learns. It has also been studied for some
clinical tasks, such as guiding dofetilide dosing or ventilator settings (29,30). However,
reinforcement learning may be of limited use in clinical tasks where the goal and the
environment’s possible response are much more complex, and where ‘losing the game’ in a
clinical setting during the learning phase of the algorithm is not ethically acceptable.

Concept 4. When ML algorithms learn rules that perform well on training data but fail on
test data, they have failed to learn rules that are generalizable

This problem, called overfitting, happens when there is mismatch between the complexity of
the ML algorithm and the size of the training dataset provided to it. Take for example a very
complex algorithm trained on a small dataset: the algorithm learns rules so tailored to the
specific training examples at hand that it has in effect “memorized” them instead of learning
the general rules behind them. This means the model performance will appear to be very
good, but then fail when deployed on larger datasets. The problem is even more severe in the
presence of class imbalance, i.e., when one subgroup of the training data has only very few
samples.

Overfitting is one of the most common problems encountered when using supervised
machine learning algorithms, and the main limitation to their application to real-life clinical
situations (31). Overfitting can happen to human learners as well, for example, the fellow
who has studied 10 ECGs very closely but then fails the board exam. To date, however, a
human learner is typically much better at generalizing knowledge from a small dataset than
an ML algorithm.

It is common to estimate the complexity of an ML model based on the number of parameters
in the trained model, which can be in the order of hundreds of millions for modern DL
architectures, even when trained on just a few thousand training examples (32). Methods to
mitigate overfitting include 1) reducing the model complexity, 2) increasing the number of
examples in the training set (although this is often not possible) 3) limiting the number of
iterations of the algorithm (i.e., training cycles) on the training data, 4) balancing the
parameters learned in the model (regularization) to obtain a simpler model that underfits on
the training data but generalizes better, and 5) using not one model but an ensemble of
separate models to come to the desired prediction so that various overfitting effects of each
singular model balance out (33).

Given the common and dangerous issue of overfitting, the performance of the trained model
must be tested on cases that are completely independent from the training examples, and
ideally, from test data from multiple external medical centers. In order to evaluate
performance of any ML algorithm on a clinical task, full information on the data and
methods used in training and testing must be reported (11).

Concept 5. Accuracy, interpretability and explainability of a machine learning algorithm

Simply put, diagnostic accuracy is defined by the proportion of correct predictions (true
positives and true negatives) in a given test dataset. Supervised machine learning models can
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be more accurate on a given diagnostic task than the average clinician, as shown by deep
learning algorithms matching the diagnostic accuracy of a team of 21 board-certified
practicing cardiologists in the classification of 12 heart rhythm types from single-lead ECGs
(19).

However accurate they may be, typically, the rules by which ML models have achieved their
performance are not clear — this is especially true for highly complex neural networks. This
lack of easy interpretability of the neural networks’ decision-making means that it can be
difficult to verify the learned rules have truly generalized to real-life clinical situations (34).

It can also be difficult to learn from novel features or patterns the ML algorithms may have
detected. Lack of interpretability raises some important questions for the clinician.

First, does it matter that we don’t know how a tool works, as long as we have validated that
it works very well? Second, what is the level of testing an ML must go through to be
considered safe for clinical situations, especially when we don’t know how it works?

While one would like an ML model to maximize both accuracy and interpretability, to date
there is a tradeoff between the two, especially when using neural networks (deep learning),
whose operations are often too complicated to analyze and interpret. As clinicians, we may
need to choose whether to take advantage of a “black-box” algorithm with proven 99%
accuracy, or an interpretable algorithm with recognizable features that lead to the model
decision, but has only 80% accuracy (35). The debate on this topic is still open and it is one
of the reasons for the slow adoption of current machine learning techniques in medicine.
Possible solutions to this dilemma are the use of interpretable models substituting the black
box algorithms (34), or the use of model-agnostic methods to explain the decision of the
black box with local (case specific) and global (model specific) explanations (36). Clinicians
will need to evaluate algorithms in clinical trials and incorporate their recommendations in
guidelines documents (Table 3). A more futuristic approach involves the redesign of Al
models towards a knowledge-driven reasoning-based approach, which may be extremely
valuable in medicine, but these methods are currently under investigation in the computer
science world, while their applicability in medicine is likely at least a decade away (37).

Concept 6. Machine learning algorithms can be re-trained to include more data or different

data types

Like a medical student can learn to interpret many different types of data—ECGs, chest X-
rays, lab values—with proper training, and can improve the more data they see, machine
learning algorithms are dynamic and can be re-trained with additional and/or different types
of labeled data with minimal or no human supervision. For example, the same deep learning
algorithms developed for classification of non-clinical images (dogs, cats, trees) have been
adapted and re-used to detect congenital heart disease, diabetic retinopathy, cardiac views,
skin lesions, and a host of other clinical tasks (20,38—40). This is quite important, as a
machine learning algorithm does not need to be fundamentally redesigned when facing a
new problem and dataset: the algorithms used to implement a classification task are
fundamentally similar whether the data is ECG, ultrasound, or nuclear imaging, the
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algorithms used to implement a segmentation task are similar whether it is on CT or MRI
data, and so forth.

A given neural network can be trained ‘from scratch’ on different datasets for different tasks,
or, it can be ‘pre-trained’ on a more general dataset and task to learn very basic data features
before being ‘fine-tuned’ on e.g. a cardiology-specific dataset and task (38,40-45). This
approach is called transfer learning, and it can be useful when the specialized medical data is
rare. Similarly, a model that was trained on a certain cohort of medical data can also be
further trained on additional medical data, for example from another hospital.

Finally, while ML algorithms can be used on different problems with very little tweaking
needed, a model trained on a particular data type still has difficulty generalizing knowledge
across different data types. For example, integrating the information about the left ventricle
from multiple data types like an ECG, an echocardiogram, a nuclear study, and a cardiac
catheterization is still a task that is much easier for a trained clinician than for a machine
learning model. Such cross-modal synthesis of knowledge from different data types is a task
where ML algorithms could have the potential to shine, and this is an active topic of research
in computer science.

Machine learning in cardiology: a computational survey of the literature

and case studies

With a conceptual framework for machine learning algorithms in place, we now present a
survey of the literature on machine learning in cardiology, highlighting several applications.
Because machine learning papers in cardiology are growing so quickly, we provide an open-
source semi-automated method to survey all machine learning papers in cardiology that can
be updated over time, as well as specific case studies to detail several use cases to date:
denoising and image enhancement, feature extraction and representation, improving
traditional algorithms with data repurposing, novel insights, and improving healthcare
systems.

Research landscape

To provide an informal survey of the research landscape, we retrieved bibliometric
information on all publications fitting search terms corresponding to machine learning and
cardiology. These publications were annotated according to whether they were original
research or reviews, editorials, or other commentary; as well as according to the machine
learning problem(s) addressed, the machine learning method(s) used, the cardiology
disease(s) studied, and the type(s) of medical data studied. These data were retrieved,
analyzed, and visualized using the Python programming language and application
programming interfaces (APIs) from NCBI PubMed (https://www.ncbi.nlm.nih.gov/
pubmed/) and preprint servers arXiv (https://arxiv.org/), bioRxiv (https://biorxiv.org), and
medRxiv (https://medrxiv.org). This approach allowed a method for surveying the literature
which can be easily updated and applied toward other search topics. Code is available at
https://github.com/ArnaoutLabUCSF/cardioML/JACC_2020 for use and adaptation by the
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research community. (Figures in the published version of this manuscript use data through
July 20, 2020.)

The past five years have seen over 3,000 papers on machine learning in cardiology published
in PubMed (about 80% original research) or posted on the popular preprint servers arXiv
and bioRxiv, where scientists are increasingly sharing their papers with each other and with
the public before, during, and sometimes as an alternative to, the peer review process (46)
(Figure 1). This represents tremendous growth, such that in 2020 nearly 1 in every 1,000
new papers in PubMed will be on artificial intelligence and/or machine learning in
cardiology. Despite this uptick in publications, there are still several areas that are open for
study. For peer-reviewed papers in PubMed, approximately two thirds involve
atherosclerosis (including dyslipidemia and cerebrovascular disease), heart failure, or
hypertension and other cardiac risk factors (Figure 2). Publications fairly evenly cover the
major data types: electronic health record (EHR) data, electrocardiography (ECG),
ultrasound (US), magnetic resonance imaging (MRI) and computed tomography (CT).
Omics is also a popular subject. The two least expensive data types, X-rays and laboratory
studies, have received less attention.

The vast majority of publications involving CT looked at atherosclerosis; most heart failure
studies used the EHR and US; and, predictably, most studies of arrhythmia used ECG data
(Figure 2). Three-quarters of these papers are about diagnosis, prediction, or classification,
with relatively less attention to object tracking and novel biomarker discovery. Consistent
with trends across artificial intelligence and machine learning, most cardiac AI/ML studies
use neural networks (or an ensemble of methods that usually include neural networks), with
a minority exclusively using more traditional techniques like linear models, SVMs, and
decision trees.

For papers published in PubMed, the leaders in research output in cardiac AI/ML are the
United States (especially California, Massachusetts, and New York) and the United
Kingdom, followed by China, Germany, and the Netherlands, with other developed countries
contributing materially as well (Figure 3). This work is very broadly distributed, with high
per-capita contributions from all the developed countries but also work across much of the
developing world. Collaborations in cardiac Al/ML span the globe and are similarly multi-
institutional within the United States.

Case studies of machine learning in action

In terms of disease topics and data modalities studied, the survey shows which have been
more and less studied. Building from the machine learning Concepts referenced above, we
developed a toolbox of questions and considerations when evaluating the impact and rigor of
machine learning studies (Table 1). With this in mind, we have noted several interesting
applications of machine learning to cardiology. Because of the largely “data-agnostic” nature
of machine learning algorithms (Concept 6), we organize these case studies by machine
learning use case, rather than by clinical data type or disease.

Denoising and image enhancement.—Across several modalities, machine learning
has been applied to the clinical problem of image post-processing and de-noising. In
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ultrasound (47,48), CT (49,50), MRI (51,52), and nuclear imaging (53,54) the complex
patterns of noise encountered in clinical imaging have lent themselves to neural network-
based denoising. In terms of clinical utility, machine learning has the potential to decrease
the time and labor involved in image post-processing, and to reduce inter-operator, inter-
vendor, and inter-institution differences in data processing. In the case of X-ray and CT
imaging, neural network-based image analysis may allow high-quality imaging with reduced
radiation dose compared to the current standard. Currently, most machine learning
approaches to denoising have taken a supervised learning approach, where models are being
trained to approximate proprietary denoising software as the ground-truth label (48), or are
trained by adding noise to input data. Several studies in the literature have been trained on
phantoms and relatively small amounts of clinical data. This means that current neural
network denoisers may still be learning relatively simple noise patterns rather than the true
extent of variability in clinical imaging. The performance of denoising networks has been
primarily measured in terms of comparing input images to their ground-truth labels, which is
a necessary and important performance metric; however, measuring changes in diagnostic
performance based on machine-learning-based image denoising is an important next step to
validating their utility in clinical practice. Some clinical trials are underway to test image
denoising on a larger scale (55,56)

Feature extraction and representation.—Supervised and unsupervised machine
learning is also being used to represent important features of clinical data into simpler, more
compact, more uniform formats: this process is called feature extraction. For example, free-
text clinical notes can be analyzed and represented by the list of diseases and procedures
mentioned; an ECG can be analyzed and represented by a small group of numbers that
summarize the intervals, axis, and QRS morphology; an ultrasound image can be
represented by the structures detected in that image. Machine learning algorithms can also
represent data in ways that are not intuitive to a human, but that are nevertheless simpler and
more useful to computers. The automatic extraction of these features via complex non-linear
combination of the input data is indeed the key for the superior classification performance of
modern deep learning algorithms (21,32). These extracted features can allow for comparing
data across institutions (data harmonization), and combining features extracted from
different data types can enable a multi-modal representation of a particular patient or
disease. Therefore, models that effectively extract important clinical features from different
data types in a scalable fashion are fundamentally important to powering larger and more
complex machine learning studies in the near future.

To date, features learned from neural networks and other ML algorithms have been used in
cardiology in myriad classification tasks, such as classifying cardiac views from different
imaging modalities (20,57) or classifying the presence or absence of disease from image,
ECG, text, ascultation, or lab data (58-61); segmentation of cardiac structures and/or
abnormalities (41,62,63) (Table 2), and tissue characterization (64—66) of imaging, text, and
ECG data. Several machine learning algorithms that have been cleared by the FDA, while
proprietary in nature, are likely based on classification and/or segmentation algorithms
(examples shown in Table 2). Training models to perform these foundational tasks has often
required considerable data labeling; therefore, this work will continue to benefit from
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parallel research on leveraging small datasets (20,67,68) as well as synthesizing larger
datasets from smaller ones (69,70).

Improving traditional algorithms and data repurposing for advanced insights.
—Machine learning is being used to improve upon traditional risk prediction algorithms
using available registry data (71-74). Machine learning can enable development of
biomarkers that otherwise would be highly labor-intensive to calculate or were not
consistently scores on retrospective imaging, such as the quantitation of epicardial adipose
tissue on imaging studies to improve risk prediction for myocardial infarction (75); this work
is now being studied in a clinical trial (76). Researchers are also using machine learning to
test whether advanced insights are possible from data types not typically used for those
insights: examples include using clinical data to predict genetic variants, predicting
pulmonary-to-systolic blood flow ratios from chest X-rays, fall risk prediction from
wearable home sensors, and calculating a calcium score from chest CTs or from perfusion
imaging (77-81). These studies benefit when a robust ground-truth label and clinical
performance benchmark are present from traditional sources (e.g. genetic sequencing, right
heart catheterization, clinical falls data, and standard calcium scores for the examples
mentioned here).

Novel insights.—In the above examples, the insights detected can be reasonably expected
to be found in the data type studied. For example, even though we use blood chemistry to
predict hyperkalemia precisely, we know that signs of electrolyte imbalance can be evident
on ECG. Researchers are using similar approaches to detect novel insight in unexpected data
types, finding patterns in data that are not evident to the trained clinician. For example,
studies have reported detecting adverse drug reactions from social media, detecting gender
from a fundoscopic retinal image, or detecting coronary microvascular resistance from
ocular vessel exam (82-84). Especially when initial studies are published from small
datasets, there is a possibility that the models are overfitting (Concept 4) rather than finding
a true insight. Such findings must be validated rigorously in multi-center datasets and
clinical trials, and computational experiments such as saliency and attention mapping must
be performed to help understand what data features the machine learning models are
detecting.

Healthcare systems.—Finally, researchers are putting machine learning to work on
systems-level problems in healthcare, including deployment of Al algorithms for
cardiovascular disease screening, and remote monitoring of patient medication adherence
and optimization (85-89). The former trial, still underway, studies how Al-derived ECG
results to screen for low ejection fraction are delivered to primary care physicians (89). A
combination of clinical and administrative data can be used to predict optimal patient
scheduling and procedure protocoling, as well as hospital readmission rates, transfer into
and out of the intensive care unit (ICU), and to reduce false alarms in the ICU (90-93).

The use cases above demonstrate how widely machine learning approaches may change the
practice of clinical cardiology. Publications to date still feature largely small and single-
center datasets and demonstrate often modest gains over standard-of-care clinical
performance, however, the quality and impact of machine learning in cardiology continues
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to gain ground, and as these proofs-of-concept mature, we may find them applied to clinical
cardiology in the near future.

Challenges and a call to action for clinicians

From the above, we see that there is an opportunity for advanced pattern-finding from
machine learning algorithms to help clinicians, especially as medical data is increasing in
amount and complexity. We see that in cardiology, machine learning research is already well
underway, with several interesting proofs-of-concept from the research community and some
proprietary solutions introduced by industry. We have also seen that several important
concepts in ML research design—including thoughtful selection of use cases and
performance metrics, meticulous annotation and curation of datasets, and broad testing and
validation to ensure generalizability of results—must be considered and implemented
carefully in order to solve real-world problems in clinical cardiology.

We believe that machine learning will become part of the clinician’s toolbox, at the point of
care (in electronic health records and risk calculator algorithms), ‘under the hood’ in
diagnostic and therapeutic devices (such as ECG, CT, pacemakers, insulin pumps), and in
scheduling and protocolling medical tests and appointments. While some cardiologists will
choose to specialize in machine learning and data science, cardiologists who are not
necessarily ML experts also have several important roles to play in the responsible
incorporation of machine learning into cardiology (Table 3) including participating in
annotation and curation of data as a clinical expert, advocating for ML solutions that solve
important clinical problems for our patients without racial, gender, or other forms of bias,
and running rigorous clinical trials of machine learning algorithms on large patient cohorts.
We hope that cardiologists as active participants and informed users will help ensure that
machine learning will live up to its potential to improve the field.
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Highlights

. Machine learning algorithms can find sophisticated patterns in medical data
and have the potential to improve cardiovascular care.

. Cardiologists must take an active role in shaping how machine learning is
used in cardiovascular practice and research.

. To empower cardiologists in this role, we provide a framework to help
critically evaluate developments in machine learning.

. We also provide an open-source bibliometric survey of the machine learning
in cardiology.
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Figure 1. Marked growth in cardiac AI/ML studies.
The plots in the first row show numbers of publications per year; red denotes original

research, while pink denotes non-original articles such as reviews and commentary. The
second row shows the total number of papers (any topic) added to each of the three
collections, while the third row presents the percentage of papers on cardiac AI/ML. The
insets for Pubmed in the first two rows show the cumulative number of papers across all
previous years, while in the third row it shows the cumulative percentages considering all
papers till that year. *2020 numbers are partial.

JAm Coll Cardiol. Author manuscript; available in PMC 2022 January 26.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Quer et al. Page 20

a. Diseases b. Data types

Atherosclerosis ECG

Ultrasound £ ¢ EHR

Heart failure
; . Labs
Congenital disease Omics J X-Ray
Valvular disease Nuclear
Hypertension Stroke Waveform
MRI
Arrhythmia cT
: £
c. Disease by data type S5 "
[T ¥]
VWV x azgS8TzE
BCE8S22%56

No. papers
Arrhythmia e

Heart failure
Hypertension

Congenital heart disease
Stroke

Valvular disease

d. Clinical goals e. AI/ML methods

: . Neural networks
Diagnosis

Prediction Ensemble

Discriminant
analysis

Gaussian
Nearest-neighbor
Clusterting

Cross modal integration
Object tracking

Sequence analysis
Biomarker discovery

Denoising/Quality control .
g/Quality Linear models

Classification Segmentation i

Figure 2. Content in cardiac AI/ML publications on PubMed.
(a) Distribution of publications by disease category. (b) Distribution of publications by data

modality. (c) Number of papers studying various cardiac disease categories by data type
(waveform data includes catheterization, arterial pulse waveforms, plethysmography, and
other waveform data but does not include ECG; atherosclerosis includes dyslipidemia,
peripheral vascular disease and cerebrovascular disease). (d) Distribution of publications by
goal. (e) Distribution of publications by machine learning method.
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Figure 3. An international and collaborative effort.
(a) Total publications on cardiac Al/ML in PubMed, worldwide and in the United States

(note log scale). (b) Publications per capita worldwide and in the United States (note log
scale). (c) Collaborations measured by author locations on each publication, presented
worldwide and statewide (for clarity, only top ten countries and/or states are labeled).
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Central Illustration. Marked growth in cardiac AlI/ML studies span several disease focus areas
and several data types.

Publications on machine learning in cardiology continue to grow (inset shows cumulative
number of cardiac Al/ML papers). Several disease categories and data modalities have been
studied in these publications, but several areas remain open for further exploration. Asterisk
indicates partial information for the year 2020.
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Table 1.

Considerations When Evaluating Machine Learning Manuscripts or Projects.

Questions to ask

What is the problem being
addressed? Is solving the problem
impactful for medicine?

What is the current state of the art
and how does it perform?

Does the problem need a machine
learning solution?

What benchmark is the machine
learning solution trying to beat?

If supervised learning is used,
what is the ground truth, or gold-
standard, label?

If unsupervised learning is used,
what methods will be used to
validate the patterns learned by the
model?

Is the training dataset appropriate
for the task at hand?

Avre the validation and test datasets
independent from the training
dataset?

Avre all datapoints being processed
or manipulated in the same
manner?

How is the clinical use case being
formulated?

Are methods clear and
reproducible?

Ave results reported both for the
algorithm output and for the
clinical problem of interest?

Examples

High value: An unrecognized or unsolved problem; a problem where clinical practice has been shown to
fall short. /ntermediate value. A solution exists, but the new solution provides much better accuracy,
reproducibility or time-efficiency, or can work in a different environment or patient group from the
current standard. Low value: A solution for something that is not a significant clinical problem, or, a
robust, well-benchmarked solution already exists.

Does a highly accurate, scalable, and efficient solution already exist? Is there no good current solution in
clinical practice?

Is it a problem of complex pattern finding in complex/nonlinear data? Will the use of machine learning
significantly improve the performance with respect to a standard rule-based algorithm?

High clinical impact: beating current standard of care (human expertise, prevailing risk prediction model),
or, no benchmark may exist for an entirely novel model. /ntermediate impact: a benchmark established by
a prior ML model. Low impact: benchmark exists but is not referenced.

Strong ground-truth label: a gold-standard diagnosis, such as pathologic diagnosis, as the basis for a
disease label. /ntermediate label: Blinded and/or independent votes from expert clinicians; electronic
health record data (depends on the quality of the EHR data). Weak /abel: ICD codes alone, or other
surrogates that are known to have poor sensitivity and specificity for the condition under study.

A common example of unsupervised learning is in clustering data into subgroups without a priori
knowledge of whether those subgroups are meaningful. In this case, clinically relevant methods of
sampling and measuring differences among the learned subgroups are important.

Classification problems typically need a large amount of training data to avoid overfitting; the only
method to verify that the model does not overfit the training data is to verify that the testing set is
completely independent than the training set, and that the model performs well in the testing set.

Examples of dependent features would include two QRS morphologies from two ECGs from the same
patient, two image slices from the same CT scan, or two blood glucose measurements from the same
patient. Putting one in the training dataset, and the other in the test set will make test set performance
falsely high. Instead, training and test datasets should be split in a manner that retains sample
independence.

Often, training data needs to be pre-processed in order to be ready for machine learning. However, it must
all be processed in the same way, or else the model runs the risk of learning the manipulations made to
one subgroup of data compared to another, rather than learning the meaningful patterns in the data.

Whether as a classification problem, a segmentation problem, a time series problem, or something else,
the machine learning formulation of the problem should be relevant to the clinical task.

All information on data preprocessing steps, machine learning algorithms used, and the parameters of
those algorithms, should be presented. Code can be included, but it must then be tested to run as
described.

Performance metrics from machine learning algorithms (precision, recall, Dice score, and others) are
important. However, results should also be reported in terms clinically relevant to the task (e.g. sensitivity,
specificity, number needed to treat, time to diagnosis, etc.). Often, the costs for a false positive or a false
negative error are quite different, so it is important to choose a working point that keeps into account
these different costs. Metrics should include confidence intervals and p values to demonstrate whether
they are statistically significantly different from the chosen benchmarks.
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Table 2.

Select FDA-cleared machine learning products for cardiology

Company
AliveCor
Apple

Arterys
Caption Health

Canon

Eko Devices

FitBit

PhysIQ

Qompium

Shenzhen Carewell Electronics

Subtle Medical

Ultromics

Zebra Medical Vision

Product

AliveCor Heart Monitor
Apple Watch

CardioDL

EchoMD AutoEF, Guidance

Advanced Intelligent Clear-1Q Engine (AiCE) *
Eko Analysis Software

ECG App

Heart Rhythm and Respiration Module (HRRM)
FibriCheck

AI-ECG Platform & Tracker

SubtlePET *, SubtleMR *

EchoGo Core
HealthCCS

Indication

atrial fibrillation detection

atrial fibrillation detection

cardiac MRI measurement

echocardiogram LVEF measurement, guidance

general biomedical image denoising

audiogram interpretation

atrial fibrillation detection

ECG, vital signs, cardiac function
atrial fibrillation detection

ECG interpretation

general biomedical image denoising

echocardiogram measurements

coronary calcium score

*
these products are not specifically cardiovascular, but provide general tools for image denoising
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Table 3.

Roles for the non-ML expert in machine learning for cardiology

Being an informed consumer of the literature and of cardiac ML research project

Collaborating with machine learning and data science experts to innovate clinical practice

Beta-testing Al-enabled products in the clinical setting

Advising one’s medical center, clinic, or institution on investments in data science and ML tools
Advocating for responsible data sharing at one’s institution and via professional societies

Advocating for harmonization and standardization of data formats and data processing across institutions
Ensuring that algorithms have been trained from data that adequately represents patients, acquisition methods and equipment, and other factors.
Participating in annotation of datasets as the clinical expert

Participating in validating model predictions as the clinical expert

Testing Al-enabled clinical products and/or novel insights in randomized controlled trials

Evaluating and incorporating Al-based decision making in updated clinical guidelines documents

Creating and promoting training opportunities (courses, fellowships) in data science for cardiology trainees and in clinical science for data
scientists

Evaluating and updating cardiology training — what core competencies will remain a requirement, and what will be replaced by ML?
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